
 

 

 
 

 
 
 

 

 
Industrial Sensors Online Monitoring and 

Calibration Through Hidden Markov Models 
 
 
 

Alexandre Daniel Batista Martins 
 
 
 

Tese para obtenção do Grau de Doutor em 

Engenharia e Gestão Industrial 
(3º Ciclo de Estudos) 

 
 
 
 

Orientador: Professor António João Marques Cardoso 
Co-Orientador: Professor José Manuel Torres Farinha 

 
 
 
 
 
 
 
 
 
 

Janeiro de 2024 
  



 ii 

 

 

 

 

 

 

 

 

 

 

 

 

  



 iii 

 

 
 

 
 
 

 

 
Industrial Sensors Online Monitoring and 

Calibration Through Hidden Markov Models 
 
 
 

Alexandre Daniel Batista Martins 
 
 
 

Tese para obtenção do Grau de Doutor em 

Engenharia e Gestão Industrial 
(3º Ciclo de Estudos) 

 
 
 

Orientador: Professor António João Marques Cardoso 
Co-Orientador: Professor José Manuel Torres Farinha 

 
Provas de Doutoramento: 22 de dezembro de 2023  

Júri: 
PRESIDENTE:  

Prof. Doutor Joaquim Mateus Paulo Serra  
 

VOGAIS: 
Prof. Doutor António João Marques Cardoso 

Prof. Doutor Diego Galar 
Prof. Doutor Jorge Manuel dos Reis Gama 

Prof. Doutora Isabel da Silva Lopes 
Prof. Doutor Mateus Daniel Almeida Mendes 

 
 

Janeiro de 2024 



 iv 

 
  



 v 

Declaração de Integridade 

Eu, Alexandre Daniel Batista Martins, que abaixo assino, estudante com o número de 

inscrição D2738 de/o Engenharia e Gestão Industrial da Faculdade da Engenharia, declaro 

ter desenvolvido o presente trabalho e elaborado o presente texto em total consonância com 

o Código de Integridades da Universidade da Beira Interior. 

Mais concretamente afirmo não ter incorrido em qualquer das variedades de Fraude 

Académica, e que aqui declaro conhecer, que em particular atendi à exigida referenciação 

de frases, extratos, imagens e outras formas de trabalho intelectual, e assumindo assim na 

íntegra as responsabilidades da autoria. 

Universidade da Beira Interior, Covilhã ___/___/2024 

 

 

 

 

(assinatura conforme Cartão de Cidadão ou preferencialmente assinatura digital no 

documento original se naquele mesmo formato) 

  



 vi 

 

 

 

 

 

 

 

 

 

 

 

  



 vii 

Dedication 

The completion of this PhD was one of the most challenging, remarkable, and rewarding 

stages in my life. As such, it is with great desire that I want to leave a few words of thanks to 

all those who participated in it.  

I start by thanking my family, especially my parents and sister who were with me and 

supported me in my journey, allowing all this to be possible. 

I thank the University of Beira Interior and my supervisors for the training and support 

provided during this journey.  

First, my thanks to Professor António João Marques Cardoso, for accepting the challenge of 

guiding me in this academic journey. It is with enormous appreciation that I express my 

gratitude for his support and for all the help he gave me in my development as an academic.  

A special thanks to my co-supervisor Professor José Torres Farinha, for believing in me and 

giving me the opportunity to perform this PhD. I thank him for all his unconditional 

support, which greatly contributed to my scientific and personal training. Through his 

optimism, it was possible to reinforce the stimulus to the achievement of the defined 

objectives. 

I would also like to thank Professor Inácio Fonseca for his friendship, intelligence, 

encouragement, suggestions, and advice regarding the conceptualisation of the 

methodology developed during the course of this PhD.  

I want to thank my doctoral colleagues who accompanied me on this journey, from which I 

can highlight Balduíno Mateus, Edmundo Pais, and João Rodrigues. The group's help and 

cooperation allowed this path to be followed in a safer way. 

I also thank the Universidade Lusófona de Humanidades e Tecnologias, and especially 

Professor Oliveira Santos. Without his management capacity and trust in me, none of this 

would be accomplished. As such, a special thanks. 

  



 viii 

 

 

 

 

 

 

 

 

 

 

 

  



 ix 

Resumo 

Esta tese visa demonstrar uma metodologia capaz de diagnosticar, através do Modelo 

Oculto de Markov (HMM, Hidden Markov Models), o estado de saúde de equipamento de 

produção, bem como o estado de calibração dos sensores acoplados ao equipamento. 

Através de uma metodologia bem definida, as observações recolhidas pelos sensores são 

otimizadas para dar entrada num HMM. Após o treino, as observações são traduzidas em 

estados ocultos, que representam o diagnóstico do equipamento em estudo, sendo: Estado 

1 - "Bom funcionamento"; Estado 2 - "Alerta"; Estado 3 - "Avaria/Descalibrado". 

Após a recolha dos dados, estes passam por um processo de limpeza que irá melhorar a sua 

qualidade e integridade. Em seguida, é realizada uma fase de geração de características. 

Esta fase é extremamente importante porque a informação pode ser gerida para o 

equipamento desejado. É através desta fase que se pode distinguir o diagnóstico entre o 

equipamento de produção e o dispositivo de leitura (sensores). Em seguida é realizada uma 

redução dimensional dos dados, através da Análise de Componentes Principais (PCA, 

Principal Components Analysis) e uma extração de novas características que, embora em 

quantidades menores, cada uma tem mais informação. Em seguida, a nova matriz de dados 

é aplicada a um Clustering, realizado por K-means, com o objetivo de agrupar dados 

semelhantes dentro do mesmo grupo. Isto fará com que dados de bom funcionamento 

fiquem num cluster e dados de mau funcionamento fiquem num cluster diferente. Estes 

clusters serão os estados observáveis otimizados. Subsequentemente, o HMM traduz os 

estados observáveis numa sequência de estados ocultos que representam o diagnóstico do 

equipamento. 

Além da metodologia disponível para detetar diferentes tipos de informação do mesmo 

conjunto de dados, esta tem mais capacidades, tais como: imputar valores em séries 

temporais com poucas amostras através dos métodos da Rede Neural Profunda (DNN, Deep 

Neural Network), nomeadamente o modelo Multi-Layer Perceptron (MLP), bem como 

realizar o prognóstico do estado de saúde do equipamento através da DNN, Gated Recurrent 

Unit (GRU). 
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Resumo Alargado 

O fluxo contínuo de produção sem desperdícios e sem stock é o objetivo de qualquer 

empresa. Isto requer, entre outras coisas, um plano de manutenção eficaz do equipamento 

de produção, que atue antes que ocorra uma falha. Desta forma, é possível evitar paragens 

inesperadas e, consequentemente, aumentar a disponibilidade do equipamento. Quando se 

fala de equipamento de alta criticidade, a sua disponibilidade é essencial para o fluxo de 

produção. Em certas indústrias, as paragens inesperadas do equipamento de produção 

podem conduzir a perdas monetárias muito elevadas. Para este tipo de equipamento é vital 

utilizar manutenção baseada em condições (CBM, Condition Based Maintenance) e mesmo 

manutenção preditiva (PdM, Predictive Maintenance). Para estes tipos de manutenção é 

necessário ligar sensores ao equipamento de produção. Os sensores serão responsáveis pela 

tradução do estado de "saúde" (condição) do equipamento. Ou seja, os sensores são 

responsáveis pela tradução dos estados físicos em sinais elétricos mensuráveis. Desta 

forma, é possível obter dados que, se estudados e manipulados da forma correta, podem dar 

uma visão de apoio à manutenção CBM e PdM. Para extrair informação fiável é necessário 

confiar nos dados recolhidos. Para isso, é necessário que os sensores estejam calibrados. A 

calibração dos sensores é da responsabilidade da metrologia, nomeadamente da metrologia 

industrial. Através de sucessivas calibrações, efetuadas por uma sucessão hierárquica de 

padrões metrológicos, é possível garantir a fiabilidade de um sensor industrial. Portanto, a 

metrologia industrial tem um papel muito importante no que diz respeito à manutenção 

baseada nas condições do equipamento. Pode dizer-se que a metrologia industrial é a base 

da manutenção CBM e PdM. Assim, para ter uma boa estratégia de manutenção em 

equipamentos de alta criticidade, é também necessário ter uma boa estratégia de calibração 

de sensores. Para isso é necessário parar de efetuar calibrações de forma periódica. Este tipo 

de estratégia pode levar a um excesso de calibrações, a um elevado custo de mão-de-obra e, 

mesmo a não efetuar calibrações quando realmente necessário. Por conseguinte, é essencial 

adquirir uma estratégia de Monitorização de Calibração Online (OLM, Online Monitoring). 

Com esta abordagem, os sensores só são removidos do equipamento de produção para 

serem calibrados quando é realmente necessário. Além disso, este tipo de estratégia pode 

ser alargado para estudar as perspetivas de manutenção do equipamento de produção. Isto 

porque os dados utilizados para detetar avarias nos sensores são os mesmos que são 

utilizados para detetar avarias nos equipamentos de produção. 

Esta tese visa desenvolver uma metodologia OLM capaz de detetar o estado de calibração 

dos sensores para assegurar a qualidade dos dados a serem utilizados nas estratégias de 
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manutenção CBM e PdM. Além disso, a metodologia desenvolvida é também utilizada para 

diagnosticar o estado de saúde dos equipamentos de produção. Uma vez que a metodologia 

utiliza uma fase de geração de características, é possível separar o tipo de informação 

desejada relativamente ao equipamento a ser estudado. Além disso, o objetivo desta tese foi 

desenvolver uma metodologia que utiliza o Modelo de Markov Oculto (HMM, Hidden 

Markov Model) como ferramenta para classificar o estado de saúde dos equipamentos. 

Assim, a metodologia desenvolvida mostrou ser capaz de classificar, através do mesmo 

conjunto de dados, o estado de saúde do equipamento de produção, bem como o estado de 

calibração dos sensores. Além disso, é uma metodologia genérica que pode ser utilizada em 

diferentes tipos de equipamentos com diferentes tipos de sensores. Pode funcionar em 

modo online, permitindo insights em tempo real para evitar falhas inesperadas. É também 

uma metodologia que funciona sem informação prévia sobre o comportamento do 

equipamento e sem conhecimentos técnicos sobre o mesmo. A metodologia tem três estados 

de classificação do equipamento, provenientes do HMM: Estado 1 - "Bom Funcionamento"; 

Estado 2 - "Alerta"; Estado 3 - "Falha / Fora de Calibração". Através destes estados, a 

metodologia é capaz, de forma autónoma, diagnosticar o estado de saúde do equipamento, 

quer o de produção quer os dispositivos de leitura (sensores). 
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Abstract 

This thesis aims to demonstrate a methodology able to diagnosis, through the Hidden 

Markov Model (HMM), the health state of production equipment, as well as the calibration 

state of sensors reading equipment. Through a well-defined methodology, the observations 

collected by the sensors are optimised to give input into a HMM, that are translated into 

hidden states, which represent the diagnosis of the equipment under study, being: State 1 - 

"Good working"; State 2 - "Warning"; State 3 - "Fault/Uncalibrated". 

After collecting the data, it goes through a cleaning process that will improve its quality and 

integrity. Then, a feature generation phase is performed. This phase is extremely important 

because the information can be managed for the desired equipment. It is through this stage 

that we can distinguish the diagnosis between the production equipment and the reading 

equipment. Next, a dimensional reduction of the data is performed, through Principal 

Component Analysis (PCA) and an extraction of new features that, although in smaller 

amounts, have more information each one. Then, the new data matrix is applied to a 

Clustering, performed by K-means, with the objective of grouping similar data within the 

same group. This will cause good working data to be in one cluster and bad working data to 

be in a different cluster. These clusters will be the optimized observable states that give 

input to the HMM. Subsequently, the HMM translates the observable states into a sequence 

of hidden states that represent the diagnosis of the equipment. 

Besides the methodology available to detect different types of information from the same 

data set, it has more capabilities, such as: imputing values in time series with few samples 

through Deep Neural Network (DNN) methods, namely the Multi-Layer Perceptron (MLP) 

model; performing the equipment health status prognosis through the Deep Neural 

Network (DNN), the Gated Recurrent Unit (GRU).  
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Chapter 1 

Introduction 

1.1 Background 

To maintain a good production flow in any industrial process, companies must achieve a 

good performance of their assets to reduce equipment wear and, consequently, avoid 

production stoppages and costs of economic development, inherent to non-production 

and loss of product quality. To achieve this goal, maintenance is a strategic tool. 

According to Campbell & Jardine “Smart organizations know they can no longer afford 

to see maintenance as just an expense. Used wisely, it provides essential support to 

sustain productivity and fuel growth, while driving down unneeded and unforeseen 

overall expenses” [1]. Maintenance evolved from a conventional idea, where it was seen 

as a necessary evil inducing high costs. Nowadays, it is different, being considered a 

strategic tool that allows the optimization of production and the business performance. 

Additionally, it is a tool that cannot be seen independently of the production area, as it 

generates value for manufacturers [2]. Better maintenance, aided by information 

systems, helps increase the life cycle of assets, reducing effluent emissions and energy 

consumption [3]. Therefore, it is essential to identify the best maintenance strategies that 

optimize the maintenance production, logistics and related areas, aiming to maximize 

the company’s incomes. 

As is well known, the industrial sector has developed considerably along time. As 

explained by Xu et al. [4] and Oztemel & Gursev [5], the industrial revolutions began at 

the end of the 17th century, with significant differentiation in the way of producing and 

operating in the industries, increasing productivity and, in turn, benefiting the entire 

value chain added to economic development. The first industrial revolution came from 

steam engines, which alleviated manual labour. In the 20th century, the second 

industrial revolution began, where electricity was introduced into industrial systems, 

allowing mass production and division of work. We are currently finishing the third 

industrial revolution that started in the 1970s. This revolution is characterized by 

electronics and Information Technology (IT), improving, and automating production 

[6]. We are now moving towards the evolution of the fourth industrial revolution, called 

Industry 4.0. It is like the third industrial revolution, but with a more significant 

extension of the digital paradigm, causing a wide range of economic and social 
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disruptions through digital transformation, such as new products and services and 

complex and unpredictable jobs and wellbeing [7]. We are evolved from an industrialized 

society to a post-industrialized community based on knowledge, services, and 

information. Industry 4.0 provides the connection of all means of production that allows 

real-time interaction between them, achieving greater operational efficiency, 

productivity gains, growth, and greater competitiveness, in addition to the development 

of new business models, services and products [6]. 

Then, these smart factories, made up of sensors, computers, and networked assets, can 

adapt to unexpected changes such as product characteristics or even asset failures. The 

factory's ability to communicate with its users in real-time makes production processes 

whole monitored, reducing breakage rates, and thus contributing to continuous 

improvement. According to Smit et al., “(…) the information thus generated can be 

analysed with big data and cloud computing processes which allows detecting and 

addressing invisible issues such as machine degradation, component wear, etc., in the 

factory floor” [8]. 

So, we are faced to another scenario in which every society depends on information 

everywhere and always. Therefore, new technologies, processes, and skills were added to 

the information and the people who use them. Market evolution requires organizations 

to find new ways to improve their products and services to satisfy their customers. To 

achieve these goals, it is of utmost importance to analyse colossal amounts of data. It is 

necessary to acquire the ability to transform the collected data into products to allow the 

industry's development and growth. The importance of data storage and its study 

emerged to provide reliable and well-founded answers to doubts about a given topic, 

based on information from the past and in real-time. The data itself is a raw element that 

can exist somewhere, whether useful or not, because it has no meaning. Data is simply a 

value, a measure, which only has some meaning that can be contextualized [9], [10]. 

Thus, when the relationship and connection between the data are present, information 

emerges, giving meaning to the data, and the information is structured following a 

cognitive process, and its validation generates knowledge. According to Wodecki, “(…) 

data is the perception of reality through signals from “sensors” (human senses as well as 

devices)” [10]. 

The world has become a digital place, with technological advances and the emergence of 

various types of sensors, the internet and Information and Communication Technologies 

(ICT), generating a large volume of information flow (Big Data) [11], [12]. According to 

Zhu [13], Big Data is defined as an information asset characterized by large volumes, 
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speeds, and varieties, striving for specific technologies and methods to transform this 

data into valuable information. Big Data works with heterogeneous data sets: structured, 

semi-structured, and unstructured. There is an opportunity to define ideas about new 

types of data and their content, presenting the challenge for companies of how to act with 

the increase in data volume, processing speed, and data diversity; storing and analysing 

this data requires new techniques tools. Thus, the business has the possibility to become 

more agile and enable conscious decision-making, which were not within the scope of 

the company [11], [14]–[21]  

Due to this availability of data, greater computational power, and more robust 

algorithms, it becomes evident the interest around Artificial Intelligence (AI) [22], [23]. 

John McCarthy was the founder of the concept of Artificial Intelligence (AI) in mid-1955, 

describing it as a process where a machine behaves intelligently if it is equal to human 

behaviour. Currently, there are several proposals to define this term, each with its 

purpose. Still, most focus on the concept of creating computer programs or machines 

with behaviours considered intelligent and comparable to humans. That is, it is a branch 

of science, usually associated with informatics, which helps to find solutions to complex 

problems in a more humane way [22], [24], [25]. The engineering community has widely 

used computers to optimize and/or automate numerous tasks. With its development, the 

increase in data, and more accurate algorithms, assistance methods are improved and 

made AI capable of functions such as structured and unstructured data classification, 

pattern detection, optimization, and predictive modelling. According to Lee et al. [26], 

“(…) Industrial AI is a systematic discipline, which focuses on developing, validating and 

deploying various machine learning algorithms for industrial applications with 

sustainable performance.” 

Machine Learning (ML), a subarea of AI, discusses the study and construction of 

algorithms responsible for making the computer learn without being explicitly 

programmed. They can learn from their mistakes and make predictions based on the 

data. Rather than simply following programmed instructions, these algorithms can build 

a model from sample inputs to make predictions or decisions using available data. It 

allows machines to learn and make predictions by recognizing patterns. 

Predictive Data Analytics covers business processes and data computational models that 

allow a company to make data-driven decisions [27]. ML can essentially represent or 

overlap with Predictive Modelling, a tool for Predictive Data Analysis (Figure 1). 
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Figure 1 - Scheme of how a Machine Learning approach works. 

 

With the development of ML methods, the detection and monitoring of shop floor 

processes can be simplified, making the decision driven by data augmentation easier. 

The possibility of real-time communication between humans, machines, and sensors, 

allows for fewer stops, detection of production defects, and improvement in the supply 

chain. This real-time communication allowed self-improvement and learning from 

experience [28], [29]. 

Through the data augmentation based on intelligent sensors, many opportunities for 

informed decision-making have been created. ML models have contributed to 

implementing Big Data technologies in several applications [30]. Based on this, ML has 

gained popularity, and companies have changed their decision-making processes in 

manufacturing applications such as predictive maintenance, fault diagnosis, schedule 

optimization, and product quality inspection. This introduction and implementation of 

ML in maintenance processes has changed the traditional predictive approaches to 

support decision-making processes [31], [32]. 

1.2 Problem description 

When we talk about AI and Big Data, we must be aware that in the industrial 

environment industrial sensors are the largest source of data used in Condition-Based 

Maintenance (CBM), since this type of maintenance is based on the state of the 

equipment. According to Farinha [3], “Condition-Based maintenance is the maintenance 

planning that involves monitoring the equipment condition (Condition Monitoring - 

CM), usually predicting equipment failure”. It is necessary to make constant 

measurements to assess the health of the equipment, with the sensors being responsible 

for continuously interpreting the condition of the equipment. In this way, it is imperative 

to use reliable data, so that the information obtained is as accurate as possible with 

reality. This is guaranteed through the Science of Measurement, i.e., the Metrology. 
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Metrology is responsible for ensuring the reliability of the data provided by the sensors. 

The objective of Metrology is to guarantee the effectiveness and precision of the 

measurements made by the measuring instruments. Guedes [33] characterizes 

Metrology as the science of measurement that comprises all aspects, theoretical and 

practical, related to measurement. The metrology guarantees the traceability of reading 

equipment, and, in turn, the reliability of data collection is the calibration. 

The calibration of reading instruments is an essential part of the asset management 

strategy. Companies invest a lot of money acquiring this type of equipment. For this 

reason, uncalibrated devices, providing wrong values, can imply that companies spend a 

lot of money, namely due to production stoppages, safety problems, production of 

inferior products, etc. [34]. By ensuring that reading instruments are calibrated, the 

company can confirm that the product meets customer requirements [35], [36]. Thus, 

calibration is one of the measurement instrument metrology services, which is a 

fundamental tool to ensure measurement traceability. According to Eren [34], 

calibration provides consistency in readings and reduces errors, validating 

measurements universally. According to Khosrow-Pour [16], “Data veracity is about the 

certainty of data meaning. This feature expresses whether data reflect properly the reality 

or not. It depends on the way in which data is collected. It is strongly linked to the 

credibility of sources. For example, the veracity of the data collected from sensors 

depends on the calibration of sensors”. Then, the calibration can be considered the alkyl 

skin of the prediction [37]. 

For this reason, it is essential to address this topic, demonstrating the importance of 

calibration in supporting CBM and how it can be planned. Davies [38] refers a 

fundamental monitoring rule: “the instrumentation must be more reliable than the 

equipment being monitored”. The same author also explains that the calibration must be 

valid for long periods or the integration of the calibration verification procedures about 

a reference standard as an integral element of the process because, although the sensors 

are pre-calibrated, some manipulations can affect their measurements [39]. 

Through frequent calibration, it is possible to minimize instrument error. Therefore, 

calibration shall be performed periodically according to the type of instrument and its 

stability characteristics, using adequate and traceable standards. 

The importance of using calibrated equipment in a CBM strategy, according to Grous 

[40], is: 

• To plan and trade with confidence; 
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• To optimize resources to be competitive; 

• To ensure compatibility of measurements at different locations, at different times, 

but under the same conditions, thus justifying the adequacy of repeatability. 

Through the industrial revolution and the emergence of I4.0., it began to increase the 

number of sensors in industrial processes, who could find a vast field of measurement 

for the equipment used. For this reason, it became necessary to acquire calibration 

management strategies. Shagluf et al. [41] explained that a complete calibration, 

performed on large or complex machines, can take several days. Therefore, it is necessary 

to define the best sensor calibration strategy depending on each situation. 

There are two types of calibration strategies: Time-based preventive calibration 

strategies, which are performed at regular intervals, with calibration cycles not exceeding 

the time required for the sensor to exceed its tolerance; Predictive Calibration (PdC) 

strategy, that can have periodic checks of sensors, using relatively non-invasive methods, 

thus allowing calibration to be scheduled through a more informed process. Another 

form of PdC strategy is done by monitoring equipment conditions, called On-Line 

Monitoring (OLM). According to Hines et al. [42], it can be implemented for instrument 

monitoring, equipment monitoring, or operation monitoring; however, the acronym 

OLM is commonly used for extending sensor calibration intervals. OLMs are designed to 

monitor and diagnose sensors with online measurements during their measurements. 

According to Hoffmann [43], the OLM system offers an alternative approach to 

traditional time-directed calibration and opens the possibility of a calibration strategy 

based on sensor conditions. In this way, there may be an elimination or reduction of 

unnecessary field calibrations, reducing the associated labour costs and the health risks 

of personnel that may arise from the removal of the sensors (for example, if it is in oil or 

nuclear energy companies), and reduce the potential for calibration failure. Also, through 

this strategy, a sensor that requires calibration is not ignored, leading to unexpected 

downtime of production equipment and safety risks. Therefore, it is essential to define 

OLM strategies and models to support maintenance methodologies based on equipment 

conditions and sensor data collection. 

1.3 Purpose and objectives 

The objective of this research is to propose a modelling approach for a monitoring system 

that is generic to any type of equipment and sensors, without the need for prior 

information on equipment failures. The main tool used is the Hidden Markov Model 

(HMM), with the objective of classifying the state of a production equipment and the 
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need for calibration of a reading equipment, using only the data collected by the reading 

equipment. 

The research has the following specific objectives: 

1. To study modelling strategies, identifying possible improvements and propose a 

model capable of classifying the equipment health status; 

2. To develop a model integrating several ML methods that optimize and improve the 

classification made by the HMM; 

3. To define the performance improvement models to make predictions for the 

equipment health status in the time ahead; 

4. To validate the modelling approach for classifying the equipment failure and the 

need for sensor calibration, as well as its prediction for the future, using real data. 

1.4 Research questions 

The following research questions (RQs) are answered in this work: 

RQ 1: How important is metrology in supporting condition maintenance strategies? 

RQ 2: How to diagnose the health status of a production equipment using the HMM? 

RQ 3: How to use the health status diagnosis methodology of health equipment for a 

 small data set? 

RQ 4: How to predict the fault diagnosis for the time ahead? 

RQ 5: How to diagnose the calibration status of a measuring equipment and the health 

state of a production equipment through the HMM? 

The five attached papers address the five RQs, as is shown in Table 1. 

TABLE 1 - RELATIONSHIP BETWEEN RQS AND APPENDED PAPERS 

RQ Paper I 

(Appendix A) 

Paper II 

(Appendix B) 

Paper III 

(Appendix C) 

Paper IV 

(Appendix D) 

Paper V 

(Appendix E) 

RQ 1 X     

RQ 2  X X X X 

RQ 3   X   

RQ 4    X  

RQ 5     X 

1.5 Scope and limitation 

The research explores how, through data collected by sensors, it is possible to classify the 

state of health of a production equipment and the state of calibration of the reading 
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equipment, proposing a model of several ML tools and a classification made by the 

HMM. 

It validates the modelling approach for two diagnostic processes, the health status of a 

production equipment and the calibration status of the reading equipment, as well as a 

diagnostic prediction for the future. 

Research limitations include the following: 

• Since the model predicts fault diagnosis and calibration status without previous 

information, there is no way to check the reliability of the developed models, since the 

study carried out in the company does not have enough time; 

• The study is designed to use the classification made by HMM, thus restricting the 

diagnosis only to this method; 

• The production equipment diagnosis mode indicates that there is a fault in the 

equipment but does not specify which type of fault or which component. 

Future works will be oriented to solve these limitations. 

1.6 Authorship of appended papers 

Table 2 summarizes each author's contribution to the attached articles. The contribution 

is divided in the following tasks: 

1. Conception and design study; 

2. Data collection; 

3. Data analysis and interpretation; 

4. Writing the article; 

5. Critical analysis of the article. 

TABLE 2 - CONTRIBUTION OF EACH AUTHOR TO THE APPENDED PAPERS 

Author Paper I Paper II Paper III Paper IV Paper V 

Alexandre 

Martins 
1,4,5 1,3,4,5 1,3,4,5 1,3,4,5 1,3,4,5 

Inácio Fonseca  3,5 3,5 3,5 3,5 

José Torres 

Farinha 
5 2,5 2,5 2,5 2,5 

Balduíno Mateus    3  

João Reis  5 5 5 5 

António João 

Marques Cardoso 
5 5 5 5 5 
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1.7 Outline of the thesis 

The thesis consists of six chapters. The first chapter describes the problem and 

establishes the research objectives. Chapter 2 presents the theoretical background. 

Chapters 3 and 4 describe the research methodology and summarize the attached 

documents, respectively. Chapter 5 offers the results and discussion. Chapter 6 presents 

the conclusions and suggests future work. Finally, they are attached the papers referred 

in Chapter 1. 
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Chapter 2 

Theoretical framework 

2.1 Maintenance 

Industrial maintenance appears to solve and minimize problems inherent to the 

performance of a company's production physical assets, aiming to reduce wear and tear 

and equipment failures and, consequently, production downtimes and the 

corresponding high costs to guarantee their competitiveness. Maintenance is, therefore, 

an integral part of a company and, according to Leturiondo [44], it is composed of a set 

of actions that are being developed to ensure the proper functioning of equipment and 

facilities. Pinto [45] adds that maintenance is a set of activities through a combination of 

management, technical and economic interventions. On the other hand, Ferreira [46] 

defines maintenance as a set of actions that preserve or restore equipment in a specific 

state, guaranteeing a particular service at a minimum global cost. Through the 

maintenance terminology standard, NP EN 13306:2017 [47], maintenance can be 

defined as “the combination of all technical, administrative and management actions, 

during the life cycle of an asset, aimed at maintaining it or restoring it to a state of in 

which it can perform the required function”. 

Maintenance is a set of procedures that aims to maximize equipment operation in its 

lifetime, preventing or correcting failures or wear and tear. To mention the difference 

between the useful life and economic life of equipment, Conceição [48] explains that the 

useful life of equipment refers to the time between the acquisition of the equipment until 

its end of life. The economic life is the period, from the entry of new equipment to the 

moment when the costs incurred in the use of that equipment are minimized. 

Consequently, it is essential to identify the best maintenance strategies related to 

production logistics, aiming to maximize the assets’ availability. How much more this 

organizational strategy is effective, more consolidates the maintenance policy adopted. 

Proper maintenance provides companies’ rational budgets and improved benefits, 

improving the operational flow. 

According to Conceição [48], Barbosa [49], Faria [50] and Calvão [51], maintenance has 

the following objectives: to guarantee optimal operating conditions; to maximize the 
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utilization of maintenance resources; to prolong the equipment life cycle; to minimize 

the parts inventory; to speed up the ability to react; to record and archive the historical 

data of each equipment to facilitate the detection of possible problems in the future; to 

increase safety and productive output; to reduce the number of emergencies and the 

number of breakdowns; to increase the reliability of equipment; to get maximum 

productivity with minimum costs; to have a good level of organization and operation 

from an integrated management perspective; to actively interact with other company 

functions; to lower manufacturing costs; to reach a better product quality; to increase 

flexibility; to speed up response to orders; to shorten delivery times; to increase clients 

satisfaction. So, maintenance is essential and plays a vital role in improving a company's 

entire manufacturing process. 

The mission of a maintenance organization, according to Ferreira [46], both in industry 

and the services provision, is summarized in three points: to safety people and goods 

(namely the environment); to ensure the quality levels; to secure the cost of the product 

or service. “Effective maintenance aligns a company’s needs for increasingly efficient 

maintenance effort, realistic resources, doing the right thing by the employees and the 

environment” [52]. 

For cost-efficiency, they are necessary two components of the maintenance costs: the 

cost of maintenance resources and the cost of consequences related to the maintenance 

level [44]. If there is low maintenance, little money is spent in the short term; that is, the 

cost of maintenance resources is low. But, if this situation, in first time, reduces the 

average time between breakdowns, in times ahead, it will imply an increase in the 

average repair time, an increase in production losses, and, consequently, delays in 

deliveries, which causes customer dissatisfaction. In this way, the money saved, initially, 

on maintenance, will cost more for the company in the long run. By contrast, if 

maintenance is excessive, there will be few failures, but very high use of resources, 

implying a high cost. Thus, it becomes necessary to define the best maintenance strategy 

to be used depending on the company's needs and the criticality of the equipment (Figure 

2). 

In summary, and citing Pinto [45], we can say that companies that prioritize good 

management over the maintenance function are likely to be winning companies. 

To explain the theory regarding maintenance, all types of existing maintenance will be 

briefly described, to later address in more depth the Condition Based Maintenance. 
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Figure 2 - Definition of maintenance needs and strategies to optimize cost. 

There are several strategies for determining when maintenance should occur on a given 

asset. However, each strategy has associated shortcomings and advantages that make it 

suitable for every use [53]. 

Cabral [54] refers that there are two essential types of maintenance, namely, planned 

maintenance and unplanned maintenance (Figure 3). 

 

Figure 3 - Maintenance strategies. 
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2.1.1 Unplanned Maintenance (Corrective Maintenance) 

This type of maintenance is done, as the name implies, without any planning. When there 

is a failure of equipment that leads to its stopping without any previous warning, it 

becomes necessary to carry out an emergency maintenance intervention (unplanned 

corrective maintenance). There is no plan, analysis, or preparation of any kind. 

As Raposo [55] explains, unplanned maintenance corresponds to a policy in which 

interventions seek to recover the equipment to reach its normal operating state after the 

failure has occurred. Unplanned maintenance is the simplest and most primary form of 

intervention, being a management option, usually costly when evaluated economically 

from the point of view of the system operation. 

Corrective maintenance includes identifying a broken component and repairing or 

replacing it to bring it to a state where the item can perform its required function, thus 

restoring equipment reliability [44]. It is reactive maintenance, where the consequences 

of its use can be: the reduction of the useful life of the equipment and, consequently, the 

production flow; the maintenance stop at unexpected and inopportune time, which may 

result in high costs to the company; the increased number of parts in stock for 

maintenance; to oblige frequent recourse to overtime; the lengthening downtime and 

also preventing the planning of machine downtime; to decrease the useful life of 

equipment; the high labour, parts, and service costs; the potential accidents or damages 

to the environment [54]–[57]. 

Since this maintenance is carried out, only when there is a failure in the equipment, there 

are no associated costs inherent to the planned maintenance. So, this type of 

maintenance can, and should be, reserved for equipment of minor importance for 

production (where the equipment availability is of little significance) and whose annual 

repair cost, as well as unexpected breakdowns, are acceptable. The choice of the 

corrective maintenance method is justified by the fact that the indirect costs of the 

damage are minimal, there are no safety problems, and there is equipment in which 

eventual failures do not critically affect the production or service [57], [58]. 

Regardless of the nature and level of maintenance adopted, there will always be residual 

the failures/breakdowns where corrective measures will be necessary. Thus, no matter 

how well planned and scheduled the maintenance is, it is impossible to have complete 

control over the operation of the machine; so, it is necessary, in certain situations, to take 

emergency action with a corrective nature [49]. 
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2.1.2 Planned Maintenance 

This type of maintenance is made in advance regarding the interventions to be carried 

out, considering the spare parts stocks, spare parts delivery times, and equipment 

availability. 

It is maintenance that brings more significant economic benefits to the company and 

prolongs the equipment useful life and its availability for production. There is greater 

control over the equipment. It is a proactive maintenance policy that tries to avoid 

failures, increasing the safety and reliability of critical components. This approach 

requires an investment of time, technology, resources, and personnel [53]. 

According to Farinha [3], in planned maintenance the interventions follow an well-

established program: 

• To prevent failures or malfunctions and balance the maintenance workload; 

• To tailor interventions to the asset production schedule; 

• To prepare resources in advance to make interventions more cost-effective. 

Planned maintenance, in turn, can be divided into two essential aspects, namely, 

corrective planned maintenance and preventive planned maintenance, which will be 

explained. 

2.1.3 Corrective Planned Maintenance 

This type of maintenance, where the intervention is carried out in a planned way, is used 

in two situations: the first, when there is a failure in the equipment and maintenance is 

not urgent and can be scheduled; the second is when the failure does not affect the 

operation of the equipment and, therefore, can be planned. This is only when there are 

no security problems, and production is not affected [56], [59]. 

2.1.4 Preventive Maintenance 

According to NP EN 13306:2017[47], the preventive maintenance strategy is carried out 

at predetermined intervals or according to previously established criteria and is intended 

to reduce the probability of failure or degradation of the functioning of an asset. 

As the chance of unexpected failures is reduced with preventive maintenance and, 

consequently, interruptions to the production program are minimized, the cost can be 

lower than corrective maintenance [44]. This maintenance carries out all actions 

performed before an equipment failure occurs. It is done in a revised, prepared and 
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planned way, where knowledge of the likely failure modes is necessary, being the key to 

this strategy to select the intervention period [44]. Its function is to prevent unplanned 

stops and premature damage to equipment, which, if not repaired, would result in 

corrective activities. This maintenance is based on the state of the equipment, 

installation location, data provided by the manufacturer, among others [48]. It is used to 

avoid serious consequences caused by asset failures, such as preventive maintenance 

policies, and conduct maintenance activities before an asset fails [60]. 

The objectives of this type of maintenance are: the reduction of corrective interventions; 

the increase of equipment reliability; the increase of the useful life and the effective life 

of the equipment; the improvement of work planning; the regularization of workloads; 

the improvement of the safety (fewer unplanned stops); the increasing of the production 

rate; the increasing of the equipment availability; the better management of spare parts 

stocks; the reduction of the general production costs; the better quality of the final 

product; the better conservation and durability of the equipment; the reduction of failure 

rate and unexpected failures; the decrease of secondary failures, reducing the cost of 

repairs; the ease of establishing a maintenance plan; the reduction of inventory costs 

[56], [58], [59], [61]. 

Its disadvantages include: excessive and unnecessary maintenance; an overly optimistic 

estimate implies a risk of system failure; some failures may occur despite the 

implementation of this strategy; maintenance is usually performed when the machine is 

still operating in acceptable condition; variations in operating conditions must be 

considered due to their influence on the estimation of the component failure time [44]. 

According to Higgins & Mobley [57], “a literal interpretation of the term is a maintenance 

program that is committed to the elimination or prevention of corrective and breakdown 

maintenance tasks”. 

2.1.5 Systematic Preventive Maintenance 

This type of maintenance is carried out in a planned manner and works according to a 

defined time interval or other control variable according to the equipment specificity. 

For every kind of equipment, the types of inspections that must be carried out are 

defined, thus designing the operations to be carried out in each scheduled visit [54]. 

Raposo [55] explained that periodic preventive maintenance consists of a methodology 

for preventing defects subject to stoppage or low performance of equipment or 

production systems. The existing interventions run a systematic program, with intervals 

measured in a given unit of time or using another parameter that reflects the equipment 

operation [3]. 
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This periodicity is defined based on data provided by the manufacturer (optimal 

operating conditions, lubrication points, periodicity, etc.) [62], [63]. It is a type of 

maintenance that has higher costs due to the several interruptions of the equipment and, 

sometimes, for the unnecessary replacement of components in an excessive way. Also, in 

this type of maintenance strategy performed at predetermined intervals, unnecessary 

replacement of components can expose the asset to a fault classification (inadequate 

assembly of components, improper installation, malfunction of components, improper 

storage procedures of components, etc.) [59]. 

2.1.6 Preventive Condition Based Maintenance 

Regarding preventive Condition-Based Maintenance (CBM), one of the focuses of the 

doctoral program study analyses the operating condition of the equipment through non-

destructive tests or condition evaluations carried out periodically, aiming to reduce the 

probability of failure. It evaluates several performance parameters of the equipment, 

indicating the need for intervention, thus allowing more extended machine operating 

time without maintenance interventions [56], [63], [64], [65]. The real health state of the 

systems is analysed, made through measurements of analysed physical parameters 

(vibration, noise, temperature, …), to detect failures early and to support decisions based 

on real data. This leads to problems being detected, analysed, and corrected before they 

lead to equipment failure [66]. In CBM, the useful life of the equipment is monitored 

through its operating condition, with 99% of equipment failures being preceded by 

certain signs, conditions, or indications that a failure may occur [61], making the 

maintenance model necessary for better equipment integrity management, lower life 

cycle cost, prevention of catastrophic failures, etc. In general, the main objective of CBM 

is to make a real-time assessment of the condition of the equipment to support 

maintenance decisions, thus reducing unnecessary maintenance and associated costs 

[67]. This type of maintenance leads to low expenses when already implemented, given 

the reduced need for permanent labour, the increase in the facilities' availability and 

productivity, and the reduction of fixed assets in spare parts and other materials. 

However, implementing this method requires a well-organized maintenance system, 

which implies to have a specific measuring equipment, sometimes expensive, and 

specialized training to carry out the diagnosis [54]. CBM is typically used to reduce 

maintenance costs by avoiding unnecessary maintenance activities based on condition 

monitoring information, requiring maintenance action on an asset when the evidence of 

abnormality is represented in the condition monitored data [60]. Quatrini et al. [68] 

stated that a CBM strategy is considered optimal to be adopted when a failure or 

degradation process can cause critical economic losses. 
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According to several authors, from which may be highlighted Lin & Banjevic [62], Goyal 

& Pabla [67], Prajapati et al. [69], Florian et al. [70], there are two types of approaches 

in CBM: Diagnostics, where further analysis of the event, deals with fault detection, 

isolation and identification when an abnormality occurs and prognostics; Prognosis, 

which deals with the prediction of failures and degradation before they occur, that is, it 

is the process of predicting the future failure, analysing the current and previous history 

of the operating conditions. The prognosis is seen as predictive Condition Based 

Maintenance. As the NP EN 13306:2017 [47] indicates, predictive maintenance is seen 

as conditioned maintenance performed according to the extrapolated forecasts of the 

analysis and evaluation of significant degradation parameters of the equipment. Farinha 

[3] explains that, it is part of the conditional maintenance “carried out in accordance with 

the extrapolated forecasts of the analysis and evaluation of significant parameters of the 

asset degradation”. Goyal & Pabla [67] state that prognostics are much more efficient 

than diagnostics to achieve zero downtime performance. Diagnosis, however, is required 

when the prediction of prognostic failure fails, and a failure occurs [62]. In this way, 

equipment monitoring requires tools based on historical data and statistical inference 

methods to define the system's health status and early detection of pending failures with 

timely pre-failure actions [70]. So, CBM has its main process in the Condition 

Monitoring (CM), where signals are continuously monitored using certain types of 

sensors and/or other indicators, causing maintenance activities to be carried out only 

when necessary, before a failure occurs [71], [72]. So, CM is responsible for observing the 

condition of the equipment. Guo et al. [60], Ahmad & Kamaruddin [61] explained that 

the CM process has several ways to act. It has two objectives: to collect equipment 

condition data; to increase knowledge about the causes and effects of equipment failures 

and deterioration patterns. It can be performed in two ways: online, performed during 

the equipment's operating state; offline, performed when the equipment is not operating. 

It can also be carried out: periodically, which is carried out at specific intervals, such as 

an observation collection every hour or at the end of each work shift, with the aid of 

portable indicators; continuously, where the collection of observations is, as the name 

implies, carried out continuously and automatically based on measuring equipment, 

such as sensors. Therefore, as explained by Allenby [64], it is necessary to select the most 

suitable measurement equipment to configure systems and routines to respond to the 

individual needs of the equipment to be monitored in CBM. Technical advances in 

Condition Monitoring techniques have provided a way to achieve high availability and 

reducing downtime [65]; as the author says, there is a wide and growing variety of 

condition monitoring techniques for machine CBM and fault diagnosis. Understanding 
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the nature of each CM technique and the type of information measured will undoubtedly 

support a decision model. 

Mobley [73] says that CM is much more than a maintenance scheduling tool and should 

not be restricted to maintenance management. It can be used to improve production 

capacity, product quality, and the overall effectiveness of factories. In this way, the 

author considers the CM as a management technique that uses the regular assessment of 

the actual operating condition of the plant's equipment, production systems, and plant 

management functions to optimize the total plant operation, being able to identify the 

most, if not all, of the factors that limit the effectiveness and efficiency of the entire plant. 

The working principle of condition monitoring makes observations available, which need 

to be interpreted to take appropriate actions accordingly. There are, generally, two stages 

in Condition-Based Maintenance [65]: the first one is related to the acquisition of 

condition monitoring data and their technical interpretations; the second stage is the 

maintenance decision making, that is, what to do now, once information data about 

conditions and their interpretations are available. According to Jardine [62], a CBM 

program consists of three main steps, which can be seen in Figure 4: 

1. Data acquisition to obtain relevant observations to take information about the 

health equipment; 

2. Data processing, to process and analyse the data or signals collected in step 1 to 

better understand and interpret the data. It is possible to forecast anomalies and 

prognostics for the future, that is, the diagnosis of the health status of the 

equipment; 

3. Decision-making to support efficient maintenance policies. 

 

Figure 4 - Condition-Based Maintenance steps. 
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Through artificial intelligence processes, there is a development of powerful reasoning 

algorithms and forecasting techniques, which play an essential role in predicting the 

equipment life and to become one of the critical components for the success of CBM [69]. 

The same author also says that AI also focuses on machine learning algorithms. The 

purpose of these algorithms is to identify the complexity pattern of sensory data received 

from the operation or system under test and then create the smart decisions to be 

supported based on these data sets. This has a direct relationship with the CBM system 

because the purpose of this is to make the decision based on the data received from the 

system throughout its life cycle. 

To understand the advantages of a CBM strategy over other maintenance methods, 

Leturiondo [44] highlights the following: lower failure rate and, consequently, more 

excellent reliability and machine safety; increased availability of equipment; repairs can 

be better planned; stocks can be reduced; provides enough data to improve knowledge 

about the equipment. The author also highlights the disadvantages: the need for 

necessary knowledge and the cost of resources; CBM requires knowledge of CM 

techniques, and high investment is required for data measurement tools and databases. 

2.2 Sensors 

Industrial sensors are the most significant source of data used in Condition Maintenance 

since this type of maintenance is done through the evaluation of the equipment health 

state made by this reading equipment. It is necessary to make periodic measurements, 

being this data systematically analysed to evaluate the condition of the equipment under 

study. The sensors are the responsible devices for translating the condition of the 

equipment at each moment. This is a topic that will be developed in a more detail in the 

next sections, including its operation and characteristics. 

2.2.1 Predictive maintenance and sensors 

Through the measurements performed by the sensors, where there is a collection of 

reliable and repeatable data, it is possible to monitor the condition of equipment. The 

information obtained from these data allows effective maintenance to be carried out and, 

consequently, to optimize machine performance. This type of maintenance is only 

possible through sensors, which are integrated into a machine or manufacturing 

equipment to provide the necessary information about the current condition of the 

system. This maintenance method has some advantages over others that are also used. 

According to Wild [71], using sensors, it is possible to evaluate the equipment even when 

they are running without having to stop production. The same author also says that 
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maintenance actions can be conveniently planned for the equipment and the production 

team. It is a maintenance method that allows for informed decision-making. 

The equipment health conditions can be monitored and predicted through information 

acquired by the sensors. Optimal maintenance actions can be scheduled to avoid 

equipment breakdown, minimizing the total costs of operation and maintenance. CBM 

is a type of maintenance that, after its implementation, it is easy to follow. It is complex 

to implement since this type of maintenance requires the implementation of 

technological devices and tools to monitor production equipment [74]. Emmanouilidis 

& Pistofidis [72] refer that equipment condition monitoring involves analysing and 

processing samples from high-resolution sensors, using intelligent, statistical, and 

pattern recognition techniques to estimate a component's condition state machine or 

system. Then, a condition monitoring system will allow implementing CBM strategies, 

with decision supported on real condition of the monitored assets. 

To perform a momentary diagnosis of the machine, keeping the necessary information 

for maintenance up to date, several types of sensors and analysis help in this data 

collection process. Wild [71] presents some of the forms of diagnosis: 

• Vibration analysis - probably the most common and universally acceptable 

technique for monitoring condition in rotating machinery. Martins et al. [75] refer 

that vibration analysis is one of the most used techniques, adapting to both rotating 

and alternative equipment, allowing the identification of a high number of 

anomalies and influencing equipment availability; 

• Temperature monitoring - by taking regular readings of the temperature of the 

machine components, it is possible to plan for deterioration due to temperature 

rise; 

• Flow and Pressure Analysis of Hydraulic and Coolant Circuits - to perform 

condition monitoring on some hydraulic and refrigeration equipment, it is 

necessary to monitor flow and pressure performance. These two variables need 

carefully be monitored by sensors from which all flow and pressure readings can 

be taken over a period. Decreased flow indicates that the health of the system is in 

trouble - for example, worn impellers in pumps or leaks or broken seals; 

• Oil analysis - is one of the most popular and straightforward methods for condition 

monitoring in the industry. The main objective is to detect early signs of debris in 

the oil. According to Smith & Mobley [76], the oil spectrometric analysis process is 

helpful for any mechanical device that uses oil for lubrication. It tests for the 
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presence of metals, water, glycol, fuel dilution, viscosity, solid particles, among 

other variables; 

• Acoustic emission – it is a well-used technique for pressure vessels gaining 

popularity in other industrial areas; 

• Thermography – it has been used to measure hot spots on electrical panels without 

removing covers or disconnecting power. 

2.2.2 Industrial Sensors 

According to Iniewski [77], sensor technologies have proliferated in several areas such 

as: science; product design; electronics; photonics; mechanics; chemistry, and biology. 

Sensors are used in the person's daily life, as well as in companies, and are responsible 

for detecting various signals such as sound, movement, optical or magnetic signals. The 

ability to have many small devices that transmit real-time data physically distributed 

close to detected objects brings new opportunities to observe and act in the world, 

bringing significant benefits to humanity [77]. 

The words sensor and transducer are both used in the context of measurement systems 

and often interchangeably. McGrath & Scanaill [78] refer that, there are no differences 

between them, and that the transducer is more used in the United States, while the 

sensor is more prevalent in Europe. 

So, the sensors are responsible for directly connect a physical phenomenon and the data 

acquisition system, converting signals from mechanical quantities into electrical signals. 

They can convert the information received from a mechanical phenomenon, 

transforming it to be possible to read it (Figure 5). 

 

Figure 5 - Basic diagram of the operation of a transducer. 

So, setting aside the various nuances of domain and application, a sensor measures 

something of interest and provides an output that can do something useful [78]. 
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According to McGrath & Scanaill [78], the first sensor appeared in 1883 was a 

thermostat. From that date, several other sensors emerged; the first were simple devices, 

measuring a quantity of interest and producing some form of the mechanical, electrical, 

or optical output signal. Then, the advancement of technology, namely computing, 

widespread communications, connectivity through the Web, smart mobile devices, and 

cloud integration, led to an increase in sensors. This evolution is illustrated in Figure 6. 

 

Figure 6 - Time evolution of sensors. 

Sensors convert a mechanical phenomenon into a measurable electrical signal. Some 

sensors do not respond naturally to changes in mechanical phenomena, requiring signal 

conditioning. Before digitizing the sensor output, the signal may need other components 

and circuits to produce a signal that can take full advantage of the measurement 

hardware to reduce the noise effects from external interference [79]. Wilson [80] adds 

that sensors do not operate alone; they require a more extensive system consisting of 

signal conditioners and various analogue or digital signal processing circuits. For 

example, the system can be a measurement system, a data acquisition system, or a 

process control system. The same author also refers that sensors and their associated 

circuits measure various physical properties, such as: temperature, force, pressure, flow, 

position, light intensity, etc. These properties act as a stimulus to the sensor, and the 

sensor output is conditioned and processed to provide the corresponding measure of the 

physical property. 
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Wild [71] refers that the sensors can be used alone or together to monitor a specific 

situation, such as: 

• Manufacturing operations; 

• Health equipment condition; 

• Inventory control; 

• Working in progress; 

• Identification of parts, tools, pallets, etc. 

Sensors are a vital instrument in this subject of study because, through the data collected 

continuously from the manufacturing system, it is possible to analyse and determine the 

condition of the systems and the trends of how the conditions have changed since the 

previous analysis. This, along with technical training of parts and machines, can be used 

to "predict" when equipment may fail [71]. Today, the sensing of a factory can be 

considered more efficient, done with less supervision, and in unmanned manufacturing. 

Sensors can be used to control the manufacturing process, and their measurements allow 

a better understanding of the process, generating improvements [81]. The connection 

between profit and process measurement is illustrated in Figure 7. 

 

Figure 7 - Process measurement benefits for manufacturing operation and profits [81]. 

2.2.3 Type of sensors 

According to Farinha [3], “there are many types of sensors, according to each type of 

condition variable. The reasons to choose a sensor are diverse, as are the type of output 

signal, the range of output values, the environmental conditions, the physical 

dimensions, and so on”. The same author also states that the sensor signals can be digital 

or analogue, and the digital sensors can have an interface to communicate with other 



 

 25 

devices. In turn, analogue sensors no longer have this capability, so an analogue to digital 

converter is needed to enable communication with other devices. 

Another way for characterizing the sensors is by measuring the factors of interest. We 

can describe the sensors as active (with contact) and passive (without contact). According 

to Wilson [80], McGrath & Scanaill [82] and Keysight Technologies [83], active sensors 

need an external source of excitation. They generate an electric current when the external 

physical environment changes. It requires physical contact with the factor to be 

measured, disturbing its state. The same authors explain that passive sensors generate 

their electrical output signal without external voltages or currents. They change their 

resistive, capacitive, or inductive characteristics along with their physical parameters. An 

external power source is required to induce an electrical output. It does not require direct 

contact with the factor to be measured, which will not imply a disturbance. 

In Table 3, can be seen some examples of sensors and their characteristics. 

TABLE 3 - TYPICAL SENSOR AND THEIR OUTPUTS [80] 

Property Sensor Active/Passive Output 

Temperature Thermocouple Passive Voltage 

 Silicon Active Voltage/Current 

 RTD Active Resistance 

 Thermistor Active Resistance 

Force/Pressure Strain Gage Active Resistance 

 Piezoelectric Passive Voltage 

Acceleration Accelerometer Active Capacitance 

Position LVDT Active AC Voltage 

Light Intensity Photodiode Passive Current 

In both active and passive sensors, most reading outputs are made at relatively small 

voltages, currents, or resistance changes, requiring some signal conditioning. For this 

reason, the entire class of signal conditioning circuits has evolved. Amplification, level 

translation, galvanic isolation, impedance transformation, linearization, and filtering are 

fundamental signal conditioning functions that may be required [80]. 

Currently, there are sensors capable of making measurements of practically all existing 

physical quantities. For example, for temperature measurement, there are 

thermocouples, resistance thermometers, thermistors, and semiconductor junctions, 

which convert the temperature of the medium that are in contact with into a proportional 

analogue signal; for flow measurement, there are, among others, turbine flow meters, 

which generate a rectangular wave signal whose frequency depends on the flow velocity; 



 

 26 

load cells are available for measuring through voltages; for pressure measurement, there 

are several types of pressure transducers; etc. [84]–[86] 

2.2.4 Smart Sensors 

The increase in industrial data has led to the increase use of data collectors. Currently, 

smart sensors are widely used in industrial production and, because of it, they arise many 

opportunities and challenges for supported decision-making [30]. The task of 

conventional sensors for measuring the equipment condition is to measure parameters 

and transmit, usually by wire, the measurements to the data acquisition unit, which are 

then treated and processed. Nowadays, it becomes possible to "transfer" intelligent 

behaviour to the sensor, being possible to process the data signal before transmitting. 

This is possible through hardware and software components (microcontrollers, memory, 

and basic processing software) added to the sensor [72]. 

Bolton [87] says that smart sensors can be programmed for specific requirements, such 

as processing raw input data, correcting items such as nonlinearities, and then sending 

the processed data to a base station; sending a warning signal when the measured 

parameter reaches some critical value. A smart sensor is a concept that represents 

sophisticated sensor functionality. They are defined in the IEEE 1451 family of standards, 

which describes a set of open communication interfaces, where smart transducers have 

features for self-identification, self-description, self-diagnosis, self-calibration, location 

recognition, time recognition, data processing, reasoning, data fusion, alert notification 

(report signal), standard-based data formats, and communication protocols, supported 

by the so-called TEDS (Transducer Electronic Data Sheet) [81], [87], [88]. The key 

feature of these standards is the definition of TEDS, corresponding to storage, identify 

the transducer, calibration, correction data, measurement range, manufacturing-related 

information, etc. These sensors moved from sensing endpoints to "sensor nodes", and 

the device-level architecture evolved rapidly [72]. Zanjireh & Larijani [84] explain that a 

sensor node corresponds a sensor network capable of performing some processing, 

collecting sensory information, and communicating with other nodes connected in the 

network. This makes it possible to support sensor intelligence for condition monitoring 

systems. Smart sensor behaviour can range from simple signal amplification to advanced 

data modelling techniques for condition monitoring. The characteristics and 

functionalities of an intelligent sensor, according to Emmanouilidis & Pistofidis [72], are: 

• Processing capacity and software routines suitable for processing data locally; 
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• Make efficient use of network infrastructure through complex protocols and 

distributed communication standards, implementing policies that improve 

network robustness and flexibility and lessen the load on centralized nodes; 

• Can support the execution of advanced distributed processes such as collective 

decisions, node task allocation, and network-wide workflow management; 

• Classify data according to its criticality to avoid unnecessary data processing 

during a critical stage of the monitoring item; 

• Self-diagnosis and self-calibration capability and periodically request coordination 

sensors to collect and process network statistics; 

• Can be reprogrammed, facilitating the network to receive remote software updates. 

Additional processing techniques can be downloaded to a smart sensor. 

The same authors also report that typical sensor node nowadays designs provide 

software capable of responding to a specific monitoring need, thus allowing wireless 

modules to perform: 

• Smart Detection – able to decide when to send machine parameters, locally 

assessing their novelty, significance, and confidence to get the first decision; 

• Smart sustainable monitoring tools - constant monitoring of the sensor network 

and adapting its topology and operation to new parameters, conditions and events 

(i.e., node failure). Network self-diagnosis and calibration can now be placed inside 

the tool (sensor nodes) and is no longer the responsibility of the instrumentation 

technician; 

• Smart Diagnostics - Critical/Warning level measurements automatically invoke 

the local execution of simple or complex diagnostic procedures. 

It is possible to fulfil different condition monitoring tasks through intelligent sensor 

networks. In this way, it is possible to create a flexible, programmable, customized tool 

that supports sustainable machine operation. According to Emmanouilidis & Pistofidis 

[72], “a collective of smart sensors can more than adequately fulfil the processing needs 

of most condition monitoring processes. The need for pre-scheduled visual inspections, 

maintenance actions and data readings is reduced when a group of smart sensors is able 

to identify critical events from fused novel data and automatically produce reports that 

can drive the scheduling of maintenance tasks.” 

The integration of smart sensors allows for more excellent reliability and performance 

and can reduce production test costs. But it is also necessary for companies to measure 

the initial development costs, which can be significant [78]. 
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Another important concept about smart sensors is the Internet of Things (IoT). It is a 

network of electronic devices of low cost and low energy consumption, where 

communications occur without human intervention (in this case, we are talking about 

smart sensors). All devices are connected, and each device acts as a "smart node" in the 

network, gathering information and performing low-level signal processing to filter out 

noise signals and reduce the bandwidth required for communications. The nodes are 

connected to the internet and send information to the "cloud", securely to protect, store 

and process data [87], [89]–[94] 

According to Addepalli et al. [90], IoT promises an increase in smart wireless sensors, 

cheap and low power consumption, increasing the volume of data. In this way, it is 

possible to understand the product life cycles detailed in a few minutes. The same author 

also refers that with smart sensors and IoT technologies, such as Radio Frequency 

Identification (RFID) and MTConnect, data acquisition becomes increasingly 

economical and widespread. He also explains the importance of connecting sensors to 

machines or connecting machines to each other for quick decision making. 

Through the progress of sensors and IoT technology, it is possible to acquire condition 

data much more efficiently and cost-effectively, allowing CBM to become a more 

attractive aspect. Lai et al. [91] enunciate the advantages of adopting IoT for CBM: an 

opportunity for more cost-effective remote monitoring in real-time; rapid data analysis 

capability, which enables faster and better maintenance decisions based on real-time 

information on equipment conditions provided by advanced cloud computing; allows 

companies to promote integrated operations of products and services, such as WSNs or 

remote monitoring systems, that consist of distributed autonomous devices equipped 

with sensors that monitor physical or environmental conditions and can cooperate with 

internal systems to monitor the status in real-time of a product or equipment. 

At least, an in-depth analysis is required, using artificial intelligence methods, to gain 

insights and competitive advantages in manufacturing systems. 

2.3 Metrology 

As referred above, smart sensors can perform various tasks, but their acquisition is still 

expensive. As such, it may be more advantageous to carry out in-depth analyses using 

conventional sensor data, using artificial intelligence methods to obtain insights and 

competitive advantages in manufacturing systems. Furthermore, no matter how 

expensive or sophisticated, an instrument should never be trusted 100%. An anomalous 

reading should not be disregarded, and costly actions should not be taken based on 
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unconfirmed evidence from a single instrument. Another aspect to consider concerns the 

reliability of the data collected by the sensors, which is only guaranteed through 

metrology, and the calibration of the sensors carried out by accredited laboratories. At 

this stage, it makes sense to introduce the term metrology and explain its role in ensuring 

the reliability of the data provided by the sensors, which are then worked on and studied 

for use in CBM. As Shagluf et al. [41] refer, modern metrology introduces vital factors 

such as downtime and product quality when measuring maintenance effectiveness. 

According to Rabinovich [92], “the true value of a measurand is the value of the 

measured physical quantity, which, being known, would ideally reflect, both qualitatively 

and quantitatively, the corresponding property of the object. Measuring instruments are 

created by humans, and every measurement on the whole is an experimental procedure. 

Therefore, results of measurements cannot be accurate. This unavoidable imperfection 

of measurements is expressed in their inaccuracy. Quantitatively the measurement 

inaccuracy is characterized by the notion of either limits of error or uncertainty”. 

Grous [40] refers that, in applied science, measurements are not accurate, as they are 

always subject to errors due to various human and material causes. Qualifying an error 

to subsequently quantify an uncertainty proves that the validity of the measurement 

result is in doubt. Therefore, evaluating measurement uncertainties generating errors is 

a very complex task. 

For these metrics to exist, measuring instruments must prove that measurements are 

always the same, at any time and in any part of the world. 

Therefore, the objective of Metrology is to ensure the effectiveness and accuracy of 

measurements performed by these measuring instruments [79]. According to the 

Portuguese Quality Institute (IPQ)1 website, Metrology, as a science of measurement, 

provides reliable material support for the measurement system, essential in the sectors 

of the economy, health, safety, and the environment, constituting a critical infrastructure 

technology in modern societies. As in practically everything in people's daily lives, 

especially in the field of Engineering, there must be a metric; good use of Metrology is 

essential to ensure universal uniformity. 

The Meter Convention, the treaty that created the International Bureau of Weights and 

Measures (BIPM), an intergovernmental organization under the authority of the General 

Conference on Weights and Measures (CGPM), with oversight by the International 

Committee for Weights and Measures (CIPM), was signed in Paris on May 20, 1875, by 

 
1 http://www1.ipq.pt/pt/metrologia/apresentacao/Pages/Metrologia.aspx (Accessed on 14/01/2022) 
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representatives of seventeen nations. In addition to founding the BIPM and establishing 

how the activities of the BIPM are to be financed and administered, the Meter 

Convention established a permanent organizational structure for member governments 

to act in concert on all matters relating to units of measurement [95], [96]. 

One of the CGPM's competencies is to discuss and examine the work carried out by the 

National Metrology Laboratories (NML); in turn, the BIPM makes recommendations on 

new determinations of fundamental Metrology in the remaining fields of Metrology. 

Currently, the BIPM comprises 56 Member States, including the most industrialized 

countries [97]. 

In the European panorama of the quality and sustainable development system, we can 

see, through Figure 8, its regional organizations. 

 

Figure 8 - European Regional Organizations of the quality system and sustainable development. 

Regarding the European metrology regulators, according to the official website of the 

European Union2, the global harmonization of measuring instruments is very advanced 

and, to achieve greater efficiency in this aspect, the European Association of National 

Metrology Institutes (EURAMET) was created. This is the Regional Metrological 

Organization that represents the national metrological organizations of the European 

Union (EU) and European Free Trade Association (EFTA) countries, coordinating the 

activities of its members. In the case of legal metrology, the European regional metrology 

organization is WELMEC. The members of this organization are the national authorities 

responsible for legal metrology in EU and EFTA countries: 

 
2 https://ec.europa.eu/growth/single-market/goods/building-blocks/legal-metrology/support-organisations_en 
[Accessed on 14/01/2022] 
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• EURAMET3 - is the Regional Organization for Standardization (ROS) in Europe, 

responsible for the coordination and cooperation of the National Institutes of 

Metrology (NIM) in several areas, such as: metrology research; traceability of 

measurements to IS units; international recognition of national measurement 

standards; related calibration and measurement features. EURAMET facilitates 

the development of national metrological infrastructures through knowledge 

transfer and cooperation between members. Its mission is to develop and 

disseminate an integrated, economic, and internationally competitive 

measurement infrastructure for Europe, always considering the needs of industry, 

companies, and governments. One of the organization's main objectives is to 

increase the benefits of metrology to society. There are two main tools to achieve 

these goals: The European Metrology Research Program (EMRP) and the 

European Metrology Program for Innovation and Research (EMPIR), with more 

than 100 joint research projects to date. 

• WELMEC4 - WELMEC is the European Cooperation in Legal Metrology. It was 

founded on June 8, 1990, and its committee comprises three categories of entities: 

Members; Associate Members; and Observer Organizations. It also corresponds to 

various European trade associations and other regional metrology organizations. 

The main objective of WELMEC is to determine a harmonized and firm approach 

to European legal metrology. It is concerned with establishing, maintaining, and 

improving communication channels among its members and associate members, 

aiming to develop mutual trust through participation in shared activities. In 

addition, it also actively develops links with other regional and international bodies 

that have an interest in European metrology. WELMEC's work is carried out by 

their working groups, which later make guidance documents (WELMEC guides) 

available on its website. 

Portugal can now be framed in this context once the European regulatory framework in 

the scope of quality and sustainable development has been defined. 

Portugal has the Sistema Português da Qualidade (SPQ), which, according to Decree-

Law No. Nº140/2004, assumes itself as a structure of national scope, which includes, in 

an integrated way, the entities that bring together efforts for the promotion of quality in 

Portugal and that ensures the coordination of the three subsystems: standardization; 

qualification; and metrology. In this ambit, the SPQ assumes the objective of 

 
3 https://www.euramet.org/about-euramet/ [Accessed on 14/01/2022] 
4 https://www.welmec.org/welmec/welmec-tour/welmec-information/ [Accessed on 06/07/2020] 
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guaranteeing and developing quality through all entities that, voluntarily or inherently, 

intervene in the various sectors of society. There are the three pillars of quality 

represented by Portuguese national bodies within this system, which will be mentioned 

later. 

According to the CEN5 website, a National Standardization Organization (NSO) is a one-

stop-shop for all interested parties and is the main focal point of access to the concerted 

system, which comprises regional and international standardization. It has the 

responsibility of the national members of CEN to implement European standards as 

national standards. 

Through the CEN-CENELEC6 website, it can be verified that there are 34 NSOs, where 

Portugal is included through the Instituto Português da Qualidade (IPQ). Figure 9 

illustrates some of the logos used by the NSOs in Europe. 

 

Figure 9 - National Standardization Organizations of Europe belonging to CEN/CENELEC7. 

IPQ, in addition to other activities related to quality and sustainable development, 

manages the Central Metrology Laboratory and the Legal Metrology Service. It 

coordinates other primary laboratories, looks after the hierarchical chains of standards, 

ensures national scientific and industrial metrology representation, and installs the 

metrology museum. 

 
5 https://standards.cen.eu/dyn/www/f?p=CENWEB:5 [Accessed on 08/07/2020] 
6 https://www.cencenelec.eu/aboutus/Communities/Pages/default.aspx [Accessed on 08/07/2020] 
7 
https://www.anacom.pt/streaming/Modulo2_Normalizacao_Portugal.pdf?contentId=1347372&field=ATTACHED_F

ILE [Accessed on 27/01/2022] 
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2.3.1 Concepts 

Metrology is the science of measurement, whose main objective is to ensure that 

measurement equipment reproduces values of specific reproducible and similar 

quantities internationally [79]. According to Sousa [98], Metrology is responsible for 

everything related to practical and theoretical aspects of measurement. Guedes [33] 

characterizes Metrology as the science of measurement that comprises all aspects, both 

theoretical and practical, related to measurement, whatever their uncertainty and the 

domain of science and technology to which they refer, relating processes to each other, 

the instruments, the place, the metrologist, etc. The main goal of metrologists is to find 

ways to measure various physical quantities as accurately as possible. Atom sensors, such 

as atom interferometers and atomic clocks, are examples of a class of instruments that 

can measure these quantities with very high precision [99]. In practical terms, Metrology 

comprises diverse aspects (for example, procedures, uncertainties, errors, standards, 

etc.) [95]. It includes all aspects, theoretical and practical, related to measurement, 

regardless of their uncertainty and the domain of science and technology to which they 

refer [100], [101]. Grous [40] explains that uncertainty reflects how a quantity is 

measured and the confidence given to a result. Instruments in measurement involve 

calibrations and manipulations, requiring appropriate procedures and calculations, a 

subject that will be discussed later. 

To frame the different sets of terms related to Metrology, the International Vocabulary 

of Metrology (VIM)8 was taken as a reference, which appears in the context of world 

metrology and seeks international harmonization of terminologies and definitions used 

in the fields of Metrology and instrumentation. This document is considered as a 

reference for metrologists, standardizing the terminologies, being divided into five parts: 

1. Quantities and units; 

2. Measurements; 

3. Measuring devices; 

4. Properties of measuring devices; 

5. Measurement standards. 

2.3.2 Practice areas 

Metrology can be divided into three fundamental areas of activity [33], [79], [92], [94], 

[100], [102], [103], as can be seen in Figure 10. 

 
8 http://www1.ipq.pt/pt/metrologia/documents/vim_ipq_inmetro_2012.pdf (Accessed on 14/01/2022) 
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Figure 10 - Fundamental areas of metrology. 

In the area of knowledge, we can say that metrology has the following objectives: 

• Definition and maintenance of measurement units; 

• Definition and maintenance of measurement standards at the highest metrological 

quality. 

It is related to measurement units and international standards to maintain metrological 

quality. It is an area that operates with the highest accuracy and uncertainty, 

independent of other entities regarding traceability. Santos [103] refers that, in Portugal, 

Scientific Metrology is the responsibility of the IPQ, which intervenes through the 

Metrology Services Directorate, being its main objectives the following ones: 

• The realization and maintenance of national standards; 

• Participate in critical BIPM comparisons; 

• Traceability of reference standards; 

• Calibration of standards and measuring instruments; 

• Organization of interlaboratory comparisons; 

• Participation in the national accreditation system. 

Regarding the Legal aspect, it is essential to emphasize the following: 

• Commercial, fiscal, environmental protection, energy conservation, health and 

safety applications regulated by each State; 
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• Responsible for acting in the field of Legislation, with metrological control 

regarding the most diverse existing measuring instruments, concerning technical 

and legal regulatory requirements. 

Neto [101] explains that it is the part of Metrology related to activities resulting from 

mandatory requirements, referring to measurements, measurement units, measuring 

instruments, and measurement methods developed by competent bodies. 

According to Grous [40], it “is the intervention of the government to ensure the quality 

of measuring instruments or measuring operations affecting the public interest: safety of 

people, health and environmental protection, and fair transactions. The International 

Organization of Legal Metrology (OIML), gathering together government agencies 

analogous to the Sub-Directorate of Metrology, is responsible for establishing 

international guidelines on measuring instruments.” 

Concerning the technical or industrial aspect, the following stands out: 

• Scientific and Industrial Metrology is a fundamental tool for growth and 

technological innovation, promoting competitiveness and creating a favourable 

environment for scientific and industrial development in any country. It is 

responsible for Proficiency Tests, a set of technical procedures for determining the 

performance of calibration or testing laboratories, through interlaboratory 

comparisons [101]. It is therefore essentially related to productive activity, exerting 

a specific control over processes and products that require an integration of 

metrological means at the level of companies and laboratories; it considers a 

hierarchical chain of standards, existing in laboratories or 

companies/organizations, which are also traceable by primary standards that can 

be national or international [104], [105]. 

2.3.3 Traceability 

To have international metric coherence, there must be a traceability chain. That is an 

uninterrupted set of comparisons that ensure the result of a measurement or the value 

of a standard. It relates to the highest-level references, ending at the lowest level. Thus, 

it is guaranteed that the importance of the standard, even being of lower level, will agree 

with the higher ones. The traceability aspect operates in the applied area. 

According to the VIM, traceability is the property of a measurement result whereby that 

result can be related to a reference through an uninterrupted and documented chain of 

calibrations, each contributing to the measurement uncertainty. 
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In the context of Metrology, metrological traceability is represented by a pyramidal level 

[33], [101], [106], as can be seen in Figure 11.  

 

Figure 11 - Pyramidal traceability. 

Wiemann et al. [106] argue that quality reliability is closely linked to the traceability 

chain and the availability of measurement standards. It also says that measurement 

standards are needed to establish an appropriate traceability chain traced back to the 

meter. Through traceability, it is possible to know the changes in the equipment, 

facilitating the management of several aspects [40], such as: 

• Varied use and proper adjustment of equipment in the workplace; 

• Selection of equipment among others offered by different suppliers; 

• More or less accurate detection (based on records). 

The author also adds that good traceability is necessary for a good analysis, defining the 

periodicity of traceability, classifying, archiving, and writing a procedure that describes 

the details of the instrument's way of life and keeps it up to date. 

At the manufacturing level, Skliarov et al. [107] show that ensuring traceability of 

measurement results during the production process guarantees quality improvement. 

Pires [94] adds that the traceability of measurement must be guaranteed, allowing the 

necessary conclusions to be drawn about its metrological quality. Likewise, it is essential 

to carry out the most relevant actions to ensure the correct indication of the measuring 

instruments, which are the regular calibration of the measuring instruments (industrial 

metrology) and the periodic verification of the measuring instruments following legal 
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regulations (legal metrology). Verification is legal, based on regulations, standards, or 

decrees. 

Any customer can require traceability in a contract or by standards such as ISO 9000-

9004 and ISO 14253. This requirement is made to guarantee the quality of the 

measurement and for the protection of the buyer. Consequently, any tool or equipment 

used in production must ensure its measuring track [100]. 

In Europe, accredited European laboratories ensure traceability at the highest level. In 

the United States of America (USA), traceability is provided at the highest level directly 

by the National Institute of Standards and Technology (NIST) [98]. 

2.3.4 Calibration 

According to Singhal et al. [108], “the veracity of big data requires careful design of data-

acquisition and calibration strategies and of feature-extraction and selection strategies 

so that decision makers have clean, valid, and reliable inputs to use in making decisions.” 

According to Sousa [98], one of the services of applied metrology is the calibration of 

measuring instruments, an essential tool to ensure the traceability of measurement. To 

establish a traceability chain, measurement standards traced back to the meter are used. 

This traceability is done through calibrations. The calibrated values and related 

measurement uncertainties of these high-level standards make that accredited 

calibration laboratories offer calibration services to work standards [106]. 

Calibration is the process of comparing an "unknown" element to an equivalent or better 

standard. It involves the determination of the metrological characteristics of an 

instrument, which is achieved through a direct comparison with standards, from which 

we can obtain the calibration curve. The calibration curve is specific for each device and 

converts the raw measurement into the corrected measurement [40]. It is obtained by 

subjecting the instrument to a real value of the quantity to be measured, which is 

supplied with a standard instrument and accurately reads the raw measurement 

provided. 

Finally, a calibration corresponds to an issuing calibration certificate and placing a label. 

Based on this information, a user can decide whether the instrument is suitable for the 

application in question. 

According to Smith & Mobley [76], and Mobley [104], the objective of a calibration 

system is to avoid the unreliability of the measurement tool through an immediate 

detection of deficiencies. 
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The main reasons for using calibrated instruments, according to Martins [79], are: 

• Ensuring that an instrument's readings are consistent with other measurements; 

• Determine the accuracy of instrument readings; 

• Establish the feasibility of the instrument. 

Through calibration, it is possible [95]: 

• To assign the measured values to the indications; 

• To determine the corrections related to indications; 

• To determine other metrological properties. 

Calibration is responsible for comparing a measuring instrument with a higher-level 

standard to determine the measurement error. Knowing this measurement error, it can 

evaluate the exact value of the metric to be measured. 

2.3.5 Calibration certificate 

Calibration is responsible for establishing the relationship between the value of the 

quantity produced and the value applied, and, through this process, its results are 

documented in a Calibration Certificate (CC). A current CC is a historical document, 

which only should be considered a baseline control, not guaranteeing that the meter is 

accurate at measurement. This is just a statement at the moment, under certain 

conditions, about the deviation between device indications and a reference standard 

[38], [40]. 

Therefore, before making potentially costly decisions based on a transducer or 

instrument reading, it is recommended to obtain a calibration check before and after the 

critical measurement. In this way, it will be possible to avoid stopping an equipment in 

good condition based on a sudden drop in performance, but conversely, it will support 

the decision to react if circumstances require [38]. 

ISO 17025:20059, General requirements for the competence of testing and calibration 

laboratories, describes the specific points that CC for measuring instruments must 

contain measurement results, including measurement uncertainty and/or a statement of 

compliance with a specification of identified metrology. Therefore, an indication of 

submission of the calibrated measuring instrument with established metrological 

requirements or different metrological characteristics for the CC is required. It is 

necessary to assess the conformity of the object with the specified requirements; the 

 
9 https://www.iso.org/obp/ui/#iso:std:iso-iec:17025:ed-3:v1:en [Accessed in 14/01/2022] 
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main requirement of these documents need to consider the uncertainty of the 

measurements during the conformity assessment [109]. 

According to Grous [40] and Zakharov & Neyezhmakov [109], the CC of an instrument 

provides the deviation, being the uncertainty in this deviation called calibration 

uncertainty. The sensor must consider the calculation parameters measurement 

uncertainty, which includes: 

• uncertainty about the calibration performed during traceability; 

• uncertainty due to device accuracy if not corrected; 

• uncertainty related to instrument deviation (fatigue) between two calibrations; 

• uncertainty linked to instrument characteristics (readability, repeatability, etc.); 

• uncertainty linked to the environment if conditions are different during 

calibration; 

• instrumental uncertainty of the standard, its instability, changes in operating 

conditions, mutual influence of the standard and the sensor to be calibrated; 

• the observed variation in the calibrated sensor readings. 

Grous [40] explains that the measurement uncertainties are parameters that portray the 

dispersion values during the measurement. In this way, the study of uncertainties aims 

to determine the capabilities of the measurement means. Uncertainty is determined by 

various components, particularly mounting patterns, instruments involved, and 

environmental factors.  

2.3.6 Standards 

Calibration is used to keep the measuring and control instruments within the specified 

limits, and for this, a standard is used to calibrate the equipment [83], [110]. It is 

necessary to have standards to be able to make a comparison between this and the 

equipment to be calibrated. 

According to Wiemann et al. [106], "the reliability of quality assurance is closely 

connected with the traceability chain and the availability of measurement standards."  

The units of physical quantities are reproducible with the help of reference standards and 

measuring devices, so these instruments play a vital role in the measurement unit. [92] 

According to the VIM, standards are defined as a realization of the definition of a given 

quantity, with a determined value and associated measurement uncertainty, used as a 

reference. 
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Flores & Marques [95] define a measurement standard as an artefact, a measuring 

instrument, a reference material, or a measurement system intended to define, perform, 

conserve or reproduce a unit of one or more values of a quantity to serve as a reference. 

There is a hierarchical structure of reference standards (Figure 12) and their calibrations 

(Figure 13): International Standards; Primary Standards; Secondary Standards; and 

Work Standards. Through this structure and consecutive calibrations, it is possible to 

guarantee measurements from the primary standard to the working standard. The 

standards that rank higher in the hierarchy have greater quality and accuracy in 

measurements. That's why higher-level standards are used to calibrate lower-level ones. 

 

Figure 12 - Measurement Standards Hierarchy. 

 

 

Figure 13 - Standard hierarchy and calibration. 

Measurement standards traced back to the meter are used to establish a reliable 

traceability chain. Accredited calibration laboratories are responsible for offering 

calibration to working standards. This process involves a loss of precision at each step. 

To guarantee the production of the part within the required tolerances at the end of the 
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chain, the National Institutes of Metrology need to calibrate as accurately as possible 

[106]. 

2.3.7 International Standards 

An international standard is a basis for recognizing a quantity that, later, sets standard 

values in the traceability chain. They are periodically evaluated and tested through 

absolute measurements of fundamental units. These standards are maintained at the 

Bureau International des Poids et Measures (BIPM) and are not available to the normal 

user for calibration [33], [40], [101], [111]. This Paris-based organization is responsible 

for: 

• establish the standards of fundamental quantities and the scales of the main 

physical quantities, as well as to maintain international standards; 

• compare national and international standards; 

• ensure the coordination of the corresponding measurement techniques; 

• carry out and coordinate the determinations regarding the physical constants 

involved in the activities (temperature conditions, humidity, etc.). 

The BIPM ensures these powers through the authority of the Metro Convention, to which 

55 nations belong, including Portugal. 

According to Guedes [33], the international standard is recognized by an international 

agreement to serve as a basis, among several countries, for setting the values of other 

standards of magnitude to which it respects. 

2.3.8 Primary Standards 

A primary standard is a measurement standard with the highest accuracy in a country 

[92]. 

It has the highest metrological qualities, and the value is determined without reference 

to other standards of the same magnitude. Standard with the highest precision order 

calibrates a lower-level standard [40]. 

They possess the highest metrological qualities and whose value is accepted without 

reference by other standards of the same magnitude. In Portugal, the person responsible 

for these standards is the IPQ, which ensures the maintenance of primary standards and 

the accreditation of the Calibration Laboratories. These are standards for exclusive use 

in national laboratories, whose main function is to calibrate secondary standards. These 
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laboratories issue calibration certificates for the secondary standards, usually 

maintained by accredited calibration laboratories [84], [111]. 

According to Guedes [33], these standards have as their main function the traceability 

and calibration of secondary standards, not being made available for use outside the 

national laboratories. 

The same author also explains that the quality of these standards is guaranteed by their 

traceability to the BIPM and by interlaboratory comparison programs with other 

reference laboratories. 

2.3.9 Secondary Standards 

A secondary standard is a measuring element of measurement that takes the value of one 

unit from the primary standard [40], [95]. 

These are considered reference standards used by accredited laboratories and are, 

usually, maintained by companies. These standards are periodically sent to national 

laboratories for calibration and comparison with primary standards [36], [84]. 

2.3.10 Working Standards 

In addition to primary or national standards and secondary standards, the working 

standard is a reference standard generally used in companies' Metrology laboratories, 

mainly in tests and calibrations of other instruments used in the laboratory or another 

area of activity. These standards are periodically screened in accreditation laboratories 

for calibration and comparison with secondary standards [40], [101]. 

These working standards are commonly used in testing and calibrating other laboratory 

instruments or industrial applications. 

It is a standard used routinely to calibrate or verify measurements of material, measuring 

equipment, or reference materials [33], [40], [95], [105], [112]. 

The calibrated values and related measurement uncertainties of high-level secondary 

standards that permit accredited calibration laboratories offer calibration services to 

working standards. These standards are like products and set the basis for the 

manufacturing industry to prove its measurement procedures and, ultimately, its quality 

control [33], [113]. 

A high-accuracy resistor manufacturer, for example, may use a standard resistor in the 

quality control department to check resistor testing equipment. In this case, the 
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manufacturer must verify that this industrial company processes according to the pre-

established limits of accuracy [114]. 

2.3.11 Calibration strategies in a CBM methodology 

According to Khosrow-Pour [16], “data veracity is about the certainty of data meaning. 

This feature expresses whether data reflect properly the reality or not. It depends on the 

way in which data are collected. It is strongly linked to the credibility of sources. For 

example, the veracity of the data collected from sensors depends on the calibration of 

sensors.” 

As Shah et al. [37] refer, “calibration can be considered the alkyl heel of prediction. For 

this reason, it is essential to approach this issue, demonstrating the importance of 

calibration in CBM and how it can be planned”. 

Davies [38] explains that there is a fundamental rule of monitoring; the instrumentation 

must be more reliable than the equipment to be monitored. This guarantee of the data 

provided is achieved through calibration. The same author also explains that there must 

be a calibration validity for long periods, or else the integration of calibration verification 

procedures against a reference standard that is an integral element of the process. 

Although the sensors are pre-calibrated, some manipulations can affect their 

measurements [39]. 

Through frequent calibration, it is possible to combat instrument error. Therefore, 

calibration should be done periodically related to the instrument type and its stability 

characteristics, using adequately maintained and traceable standards. Records of each 

instrument, tests used, traced test standards used, and any adjustments made must be 

kept. Due to the high price of traceable standards, it may be more economical to use 

specialized instrument calibration services. In this way, it is unnecessary to keep all the 

standards, except the most frequently used ones internally [38]. 

With the increase of sensors in the industrial process, there has also been a vast field of 

measurement of the equipment used. For this reason, it became necessary to acquire 

calibration management strategies. Shagluf et al. [41] explained that a complete 

calibration performed on large or complex machines could take several days. In this way, 

it is necessary to define a strategy for the calibration of the sensors to maximize the 

stoppings of the equipment in a programmed manner. 

Essentially, there are two types of sensor calibration strategies: a preventive approach, 

based on time, where the sensors are forced to be calibrated periodically, which happens 
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practically only when there is a stop in the production; a strategy based on the condition 

of the reading equipment, where it is led to calibrate when necessary. Figure 14 shows, 

on a time basis, a type of preventive calibration done at regular intervals. These 

calibration cycles must not exceed the time required for the sensor to exceed its 

tolerance. This strategy is not adequate for large or complex machines due to the time 

needed for their calibration, as this is done more frequently and regularly. 

 

Figure 14 – Preventive Calibration by time. 

Equipment that does not have specific calibration intervals must be examined at least 

every six months and calibrated at intervals of at least one year. Sensor calibrations 

should be done, where a minimum of 95% of equipment or standards of the same type 

must be within tolerance when subject to regularly scheduled recalibration. That is, if 

more than 5% of a specific kind of equipment is out of tolerance at the end of its range, 

the range should be reduced until less than 5% is defective. 

The Predictive Calibration (PdC) strategy, which can be considered a subset of a correctly 

implemented Predictive Maintenance (PdM) strategy, can reduce unnecessary downtime 

for calibration and maintain sensor accuracy (Figure 15). In this type of approach, there 

are two action strategies: when periodic check is carried out with redundant instruments 

to determine the condition of the reading equipment (Figure 15); through online 

monitoring strategies, which is one of the focuses of this study (presented in more detail 

in the following sections). Periodic checks, together with the application of the necessary 

technical knowledge, management strategies, and decision-making skills, allowing to 

schedule a calibration through a more informed process. It is vital to establish a 

secondary Key Performance Indicators (KPIs) associated to the measurement method to 

indicate poor sensor accuracy performance. It is also necessary to define appropriate 

tolerances for the verifications carried out, thus stimulating more interventions [41]. 
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According to Smith & Mobley [76] and Mobley [104], the check interval can be performed 

in terms of time (hourly, weekly, monthly), based on the amount of usage or each batch. 

It should be based on stability, purpose, and degree of use. 

 

Figure 15 – Predictive calibration with periodic check. 

The introduction of this strategy will bring new costs to the company. Therefore, it 

becomes essential that these are offset by optimizing operational efficiency and reducing 

the total cost of downtime related to the sensor's unexpected and unplanned quality 

problems. It will also allow for the reduction of the overall downtime of a manufacturing 

facility. It can eliminate the sensor as the root cause of any later failure in the production 

process [41]. 

Interaction of the instrument and its installation can generate false readings in several 

ways, so permanent instrument mounting should always allow for simple removal for 

calibration or built-in installations to permit calibration and reinstallation without the 

risk of disturbing any factors that may affect the readings [41]. 

2.4 Online monitoring to determinate the sensors 

calibration status 

As we referred in previous sections, one of the predictive calibration strategies based on 

equipment conditions can be done through online monitoring. Since this is one of the 

main focuses of this thesis, this section will provide a general framework on the subject. 

In several industries, the strategy used for maintenance is traditionally based on the 

validation of sensors, involving their calibrations periodically. As we referred above, this 

causes the reading instrument to be turned off and removed to be calibrated, causing, in 

some cases, very high costs. To suppress these problems, some companies use faulty 

sensors, ignoring their data. This will cause wrong decisions to be made that can later 
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lead to more significant problems and, consequently, to unexpected and higher expenses 

than those previously avoided by calibrating or repairing the sensors. 

Condition monitoring allows early detection of faults, as an essential issue in surveillance 

and diagnostics. This type of monitoring is called OnLine Monitoring (OLM) which, 

according to Hines et al. [42], can be implemented for instrument monitoring, 

equipment monitoring, or operation monitoring. However, the acronym OLM is 

commonly used to represent monitoring the calibration status of readout instruments. 

Online monitoring systems, designed to monitor and diagnose sensors with online 

measurements during their measurements, were developed by researchers at Nuclear 

Power Plants (NPP). The Nuclear Regulatory Commission (NRC), from July 24, 2000, 

provided generic online monitoring approval to reduce process instrumentation 

calibration. In this way, it was verified that it is possible to extend the calibration periods 

of the sensors, what can improve the economic activity of the NPP's, with the value added 

about the failures that could occur during the calibration process, which can be avoided 

[42], [43], [115], [116]. 

According to Hoffmann [43], the OLM system offers an alternative approach to 

traditional time-driven calibration and opens the possibility of a calibration strategy 

based on sensor conditions, providing an assessment of instrument performance and a 

basis for determining when adjustments are needed. The elimination or reduction of 

unnecessary calibrations will commute to a decrease of associated labour costs, among 

others. 

According to Hines [117], “On-line monitoring evaluates the deviation of an instrument 

with reference to its process parameter estimate as determined by one of the predictive 

algorithms”. 

So, OLM, according to Boechat et al. [118], consists of estimating correct measurements 

that the sensors must have read and constantly monitoring the difference between the 

estimated values and the values read by the sensors. OLM is a non-invasive approach 

that provides a more frequent assessment of instrument calibration in the real operating 

environment. It has the potential to alleviate problems with current calibration practices, 

allowing the identification of sensors that have deviated from tolerance limits to direct 

calibration activities during interruptions [110]. It evaluates the instrument channel 

performance and, according to the experience of Hoffmann [43], in several factories, he 

demonstrates that this general approach is very effective in identifying instrument 

channels that have poor performance characteristics. 
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Schiff [113], Hines [117], and Hines & Seibert [119] explain that a typical OLM system 

collects data from the reading instruments and processes them on an off-line computer, 

which later makes a graphical representation of the individual deviation of the sensor 

channel from the estimation of the process channel as a function of time. The term online 

is used because data collection is done during the operation, not necessarily meaning 

that monitoring is carried out in real-time. OLM evaluates the deviation of a sensor 

concerning the estimation of process parameters, as determined by one of the predictive 

algorithms. Regardless of the algorithm used, the online monitoring technique will 

evaluate the sensor deviation about the estimated process parameters as determined by 

one of the monitoring systems. Then, to evaluate the sensor performance, the residual 

between the OLM model process estimates and the sensor output is used [119]. Most 

OLM software is automated, but this does not imply that human interaction is not 

required, as OLM predictions should never be trusted without a trained employee 

reviewing and interpreting the data [117]. OLM systems can also be used, not only to 

detect sensor deviations but also to detect anomalies or process failures, as the data 

collected has valuable information about factory operations and their dynamics [117]. So, 

the data collected in OLM systems can be used in reliability and production diagnostics, 

but this should not affect the acceptance of this system for sensor calibration extension. 

To explain a basic monitoring system, we can use Figure 16 as an example. We have a 

vector of sensor measurements (𝑥) inserted into a prediction model, calculating the best 

estimates of the sensors (𝑥′). Then, these estimates are compared to the measured values, 

allowing the calculation of differences called residuals (𝑟). Subsequently, a decision logic 

module determines whether the residuals are statistically different from zero, 

establishing the performance of each sensor. This module can also use predictive 

uncertainty values and deviation limits to assess the instrument channel condition [42], 

[120]. 

 

Figure 16 - Simple online monitoring system for OLM. 

The difference between expected (modelled) and actual (measured) behaviour, called the 

residual, characterizes the deviations of the system from normal behaviour and can be 

used to determine whether the sensor or system is operating in an abnormal state [121]. 
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Hines et al. [42] state that the OLM reduces the number of unnecessary calibrations and, 

consequently, reduces the interruption time. The OLM system can also provide faster 

problem discovery and allow for more timely and convenient corrective actions than 

traditional calibration. Periodic sensor calibration is expensive, time-consuming, and 

unnecessary maintenance actions can damage sensors. For example, when a sensor 

requires calibration, this can be skipped simply because the calibration interval has not 

passed, even if the sensor needs maintenance, which can lead to unexpected downtime 

and safety hazards. Another example, and a significant concern with periodic 

calibrations, is that performing maintenance on components that are working correctly 

can cause a failure when entering the system [42], [43]. On the other hand, OLM systems 

monitor the condition of the sensor channel, identifying those that have been degraded 

to the point of justifying their calibration. So, according to Hines et al. [42], online 

methods can help reduce maintenance costs, reduce the potential for calibration errors, 

increase instrument reliability and, consequently, reduce equipment downtime. To 

reinforce this idea, Hoffmann [43] refers that much of the conventional calibration effort 

is currently carried out in the verification of sensors that do not need maintenance and 

gives an example based on a case where it was verified that 646 sensors were calibrated 

and only three had deviated and required maintenance. Considering that an average 

calibration takes around 8-10 hours to perform, the potential for savings is clear, and a 

shorter refill interruption duration suggests that a different approach to instrument 

calibration is needed. 

Dwivedi et al. [116] refer that “an essential component for quality control is a low cost 

recalibration system which can be applied on-line during the production cycles (…).” 

According to Schiff [113], the advantages of online monitoring claimed by the Electric 

Power Research Institute in the topic report 104965 are as follows: 

• Comparing to traditional calibration processes, online monitoring is non-intrusive, 

more frequent, and will result in a reduced number of field calibrations; 

• Online monitoring can be ongoing and will identify calibration issues when they 

occur; 

• Eliminating unnecessary field calibration, it will reduce associated labour costs, 

personnel radiation exposure, and the potential for calibration errors; 

• Online monitoring allows instrument performance evaluation under normal 

operating operation, while routine calibration usually occurs during plant 

shutdown; 
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• By reducing the time spent on typical calibration, refuelling interruptions will be 

shorter; 

• Long-term trends in instrument performance developed using online monitoring 

can be used for predictive maintenance planning. 

An OLM system consists of several components, the most common being: an off-line 

computer, where there is a monitoring system; a communication hardware and software 

tools for collecting process data; a history of process data; an OLM software, responsible 

for performing the analysis and presenting the results of the sensor calibration 

performance [119]. Thus, the author explains that the first step in implementing online 

monitoring is installing, testing, and verifying the data acquisition system responsible 

for acquiring and storing the historical data files. The data acquisition system usually 

receives the instrument data in the form of a voltage output, which is converted to a 

digital signal. Data transfer between the data acquisition system and the OLM software 

can occur in batch mode or real-time. The term batch mode means that the data files are 

stored somewhere and accessed by online monitoring at discrete time intervals [119]. In 

Figure 17, we can verify the functioning of a generic OLM system. 

 

Figure 17 – OLM system setup. 

According to Coble et al. [111] and Ramuhalli et al. [115], OLM typically involves two 

steps: modelling the expected detected values and evaluating the difference between the 

expected and actual behaviour for failures. In OLM, sensor calibration is assessed by 

comparing the measured data with the expected value of the sensor. The expected value 

can be measured using various models, including physics-based models, neural 

networks, non-parametric models, etc. [110]. Hines & Seibert [119] and Ramuhalli et al. 

[115] explain several empirical modelling techniques for online monitoring of instrument 

channel performance and say that these can be divided into two main categories: 

redundant and non-redundant. Hines & Seibert [119] refer that redundant modelling 

techniques only use measurements from a group of redundant instrument channels to 
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obtain parameter estimates, such as the simple average. On the other hand, non-

redundant modelling techniques use a group of correlated but not truly redundant 

instrument channels to obtain the parameter estimation. 

A comparison of the instrument readings is performed for redundant equipment to 

distinguish between process deviation and instrument deviation. According to Hines et 

al. [42], redundant modelling techniques are the ones that only use measurements from 

a group of redundant instrument channels to obtain the parameter estimation. The 

author explains that "redundant" describes instrument channels that measure the same 

process parameter in a similar operating range. Redundant techniques are generally 

considered more intuitive and easier to troubleshoot than non-redundant techniques. 

They cannot detect failures in common mode and can also be more affected by spillover, 

which is when a faulty sensor input occurs, what impairs the predictions of the other 

sensors in the group. Due to these problems and disadvantages of redundant models, 

non-redundant models have become the most used technique for OLM. Coble et al. [111] 

and Ramuhalli et al. [115] refer that redundant sensors can be paired with other related 

measurements, and the complete set can be monitored through non-redundant sensor 

modelling methods. Using redundant hardware to detect faulty sensors can be very 

expensive and not so useful when they oscillate in the same direction. Furthermore, 

Boechat et al. [118] give an example that these components in the oil industry can occupy 

valuable and limited space and consume precious energy. Empirical models, developed 

with historical data, are created by training the model. This, through the analysis of 

faultless training data, was obtained during normal operations. 

For non-redundant instruments, we have the empirical modelling of the process. This 

estimate is updated frequently and compared with the output of the corresponding 

instruments to detect any deviation in the instrument's output. Coble et al. [111] and 

Ramuhalli et al. [115] also say that non-redundant sensors require sensors in a single 

model to contain related information (e.g., temperature and pressure of a gas), typically 

identified by linear correlations or a physical understanding of measurement 

relationships. 

Several modelling methods are proposed to evaluate sensor performance of redundant 

and non-redundant sensor groups, which are presented by Coble et al. [111]. 

Empirical instrument channel calibration monitoring methods use historical data to 

build predictive models, which, after their completion, are put into monitoring mode to 

provide the best estimates of process variables for previously unseen data [119]. Hines 
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[117] tells that there must be a clear scheduling method and adequate documentation for 

an OLM system to succeed. 

According to Hines & Seibert [119], for a modelling technique to be considered suitable 

for OLM, the model must: 

• produce accurate results; 

• produce repeatable and robust results; 

• have a method for estimating the uncertainty of forecasts. 

In this sequence, according to Hines & Seibert [119], a list of the basic steps for the 

development and implementation of the model is as follows: 

1. Acquire "good" data 

• This first step must ensure that the data collected is carefully reviewed and that 

its quality is guaranteed. 

2. Group sensors into ideal models 

• Here the sensors to be used in each model must be selected, and this choice is 

complicated, depending on whether sensors are used for redundant or non-

redundant techniques. 

3. Select training data 

• This step divides the data into training, verification, and validation datasets. 

The model uses the training datasets to learn the relationship among the 

sensors. The verification data optimize the model parameters to reduce 

predictive uncertainty. Validation data is used to quantify the model's 

performance measures. 

4. Build and optimize predictive models 

• In this step, the models are optimized to minimize the predictive uncertainty, 

ensuring that they have a complexity corresponding to the complexity of the 

relationships to be modelled. 

5. Evaluate the model 

• Here the model should be evaluated using criteria-based validation data. The 

following must be considered: accuracy, which is a measure of how well the 

model outputs correspond to the sensor data; robustness, which is a measure 

of how well a sensor prediction tracks the actual plant parameter when the 

sensor is drifting; overflow, which is a measure of how a drift sensor input 

affects the prediction of other sensor values; and predictive uncertainty of the 

model. 
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6. Uncertainty analysis 

• This step is performed after the model is developed and optimized, and thus its 

uncertainty needs to be quantified. 

7. Transition to online mode 

• After the above six steps have been taken, the OLM system can be implemented 

in an online or batch monitoring mode. At this stage, it may be necessary to 

retrain the models with more up-to-date training data when changes in 

operational or environmental states are encountered. 

A perfect model, as explained by Hines et al. [42], would be a model that would make 

sensor predictions, not be significantly affected by degraded inputs, and would be able 

to detect minor faults and anomalies in the sensor. But, as with any modelling paradigm, 

the predictions made have some level of uncertainty associated with them. 

Understanding and quantifying this uncertainty, it is an essential need in developing an 

OLM system for monitoring sensor performance [115]. 

The sources of uncertainty, according to Ramuhalli et al. [115] and Hines et al. [42], in 

OLM can be categorized as: 

• process noise, which is the result of the normal fluctuation of physical process 

parameters (e.g., temperature, flow, pressure) over the true process value; 

• measurement uncertainty, that occurs due to several factors, including sensor 

accuracy, calibration accuracy (e.g., calibration offset, error in converting sensor 

units to engineering units), environmental effects (due to temperature, vibration, 

pressure, etc.). These sources of uncertainty apply to the sensor; 

• electronic noise, where the transmission of measurements through the 

instrumentation line can induce additional noise, along with the analogue to digital 

conversion at the computer input; 

• modelling uncertainty, which arises from input uncertainty (related to process 

noise, measurement uncertainty, and electronic noise described above) and 

modelling error (resulting from model selection, model training, input selection, 

etc.). 

The uncertainty inherent in model predictions affects the size of the flaw that can be 

reliably detected [42]. 

In short, we have the conclusions of the NRC on online monitoring systems [113]: 
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• The generic concept of an online monitoring technique is acceptable for online 

tracking of instrument performance; 

• Online monitoring has several advantages, including timely detection of degraded 

instrumentation; 

• Online monitoring can provide information about the direction in which 

instrument performance is going and, in this role, can be helpful in preventive 

maintenance activities; 

• Although the proposed online monitoring technique, compared to the traditional 

calibration process, renders the results with less precision, it is considered 

acceptable that the precision provided by the estimation of the process parameters 

is sufficient to assess the operability of the instrument; 

• Compared to the traditional calibration, the online monitoring technique offers 

greater assurance of instrument operability throughout the plant's operating cycle 

when used as a whole. 

2.5 Hidden Markov Model - HMM 

After being described the importance and necessity of using reliable data collected by 

sensors and how to guarantee it through OLM processes, next, it will be synthesised the 

Hidden Markov Model. This is the model used to classify the health state of equipment 

and to define the calibration status of the sensors used to collect data in CBM. 

Markov Models are the result of the study carried on by the mathematician Andrei 

Andreyevich Markov. This scientist was born in Russia in 1856 and studied subjects 

associated with number theory, approximation theory, and continued fractions for a long 

time. At a certain stage of his life, Markov applied the method of continued fractions to 

probability theory, starting the study from which, he is known until today: Markov chains 

[122]. Hidden Markov Models (HMM) began to be developed in the late 60’s and early 

70's by Baum & Petrie [120], [123], [124]. Its application in word recognition began to be 

used in the mid-1970’s by Baker [121], developed in his thesis to obtain a degree of Doctor 

of Philosophy in Speech and Computer Science. During last few years, HMM models have 

been used in several areas, ranging from speech recognition [125], language modelling, 

handwritten word recognition, online signature verification, human action learning, and 

detection of equipment failures. The study of Markov Models and their applications are 

very relevant for decision-making support systems. They start from a series of 

probabilities from which we can know which is the most likely choice or path that offers 

more significant guarantees when studying the projection of a given problem. 
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The Hidden Markov Model is a variant of the Markov chains. In addition to the 

probability distribution function associated with the states, there is a probability 

distribution function for the observations that can be perceivable in each state. It consists 

of a doubly stochastic process composed of a hidden (unobservable) process, which 

manifests itself through another stochastic process that produces the sequence of 

observed symbols. The two types of variables that a Hidden Markov Model is associated 

with are: 

• Probabilities of emission of visible symbols; 

• Hidden state transition probabilities. 

These models have an excellent aptitude for solving problems based on the theory of 

stochastic processes, with numerous applications in various fields of scientific research, 

such as cell biology, bioinformatics, artificial intelligence, economics, meteorology, etc. 

There are three problems related to the Hidden Markov Models, which have solutions 

through the Forward, Backward, Viterbi, and Baum Welch algorithms (these algorithms 

will be detailed in the following section). 

Explaining, in general, the processes in the real-world, it produces signals or sequences 

of observations, which can be modelled using deterministic or statistical techniques, 

where statistical models, such as the HMM, only seek to characterize the statistical 

properties of the signal. In a regular Markov model, the health status of a system is 

directly visible to the observer, and, consequently, the transition probabilities between 

each one are easily determined. In HMM models, the state is not now visible, but the 

variables influenced by the state are visible or measurable. For example, in production 

equipment working in a state of good functioning, the observable conditions measured 

will be different from the observable states measured for moments of its malfunction. 

Thus, each state presents a probability distribution on the possible observable outcomes 

produced. Consequently, once the sequence of results produced is known, the HMM can 

yield information regarding the sequence of hidden states. Since the state is not directly 

visible, it corresponds to an unknown variable. Then, this approach considers that each 

hidden state, represented by unobservable events, is correlated with observable events 

through a probability distribution of occurrence [122]. The challenge lies in determining 

the value of hidden variables from knowing the value of visible variables. 

One of the objectives of this type of study is to characterize real-world signals through 

signal models collected by sensors, which can be modelled through predictive models 

that explain the respective condition of the system or equipment. Models that describe 

the behaviour of signals (emissions) can provide the basis for a theoretical description of 
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how the calibration states of a sensor can be found, allowing effective management 

decisions to be made about the calibration of these devices. HMM incorporate a dual 

stochastic process, with a stochastic process not visible, as it is not directly measurable 

(hence, the designation of “hidden”), but which can be correlated with indicators 

corresponding to another stochastic process, which produces a sequence of observations. 

The hidden processes consist of a group of states interconnected by transition 

probabilities between them. On the other hand, observable processes consist of a group 

of possible outputs or observations interconnected in a probabilistic way of the hidden 

states. 

2.5.1 Elements of a Hidden Markov Model 

An HMM translates to a more complex problem than the problem described by Markov 

chains. Each hidden state corresponds to an unobservable event; each hidden state is 

linked to a group of possible observable events, according to a probability distribution 

function. It becomes necessary to define a more general statistical model, the Bayesian 

model [122]: 

• A set of random variables, 𝑋 =  (𝑊, 𝑌), where the set W corresponds to hidden 

variables and Y represents a set of observed signals that describes events or 

attributes correlated with 𝑊; 

• An HMM model is characterized by the parameters 𝜆 = {𝐴, 𝐵, 𝜋}, corresponding to 

the stochastic model that best describes the class of symptoms of pathologies that 

are sought to be decoded, which are conditions that occur in the domains of the 

hidden variables 𝑊. 

An HMM model is represented by the following notations [122], [124], [125], [126]: 

• N – Number of elements in the system's hidden state set. It translates the finite set 

of possible individual states identified by 𝑄 = {𝑞1; 𝑞2; 𝑞3; … ; 𝑞𝑁}, which is supported 

in classes defined in the domains of variables W. The state at instant t is specified 

by 𝑆𝑡, so, the sequence of states at the instants 𝑡 = 1, 𝑡 = 2, 𝑡 = 3, … , 𝑡 = 𝑇 will be 

𝑆 = {𝑆1; 𝑆2; 𝑆3; … ; 𝑆𝑇}; 

• M - Number associated with the distinct observation classes for the different states. 

Individual classes symbols are specified by the set 𝑉 = {𝑉1; 𝑉2; 𝑉3; … ; 𝑉𝑀} and are 

supported in classes defined in the domains of the variables Y. The sequence of 

symbols or observations at the instants 𝑡 = 1, 𝑡 = 2, 𝑡 = 3, … , 𝑡 = 𝑇 will be 𝑂 =

{𝑂1; 𝑂2; 𝑂3; … ; 𝑂𝑇}; 
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• A - The probability distribution of the state transition is represented by 𝐴 = {𝑎𝑖𝑗}, 

where 𝑎𝑖𝑗 = 𝑃[𝑆𝑡+1 = 𝑞𝑗|𝑆𝑡 = 𝑞𝑖], 1 ≤ 𝑖, 𝑗 ≤ 𝑁 is an array of non-negative real 

numbers, between 0 and 1, indexed by 𝑁 ∗ 𝑁. This comes from one or several 

periodic sequences of characterization of health states for one or several elements 

of the same series of an equipment. According to Simões [122], when a complete 

background of the same equipment or system is not known, covering a time 

interval of sufficient dimension to guarantee the monitoring of the condition of all 

the different phases of the life cycle, the option is the monitoring of different 

equipment at different stages of its life cycle. For new equipment, life cycle curves 

of equipment or systems with greater technical and functional similarities can be 

used. The parameters A can be estimated through the following expression: 

 
𝑎𝑖𝑗 = 𝑃[𝑆𝑡+1 = 𝑞𝑗|𝑆𝑡 = 𝑞𝑖] =

𝑛º 𝑜𝑓 𝑡𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝑞𝑖 𝑡𝑜 𝑞𝑗

𝑛º 𝑜𝑓 𝑡𝑖𝑚𝑒 𝑖𝑛 𝑠𝑡𝑎𝑡𝑒 𝑞𝑖
 Eq. (1) 

• B - The probability distribution for the set of emission classes or combinations of 

emission observations, coded by 𝐵 = {𝑏𝑗(𝑘)}, defines the probabilities with which 

the different emission classes occur for each of the hidden states 𝑗, with 𝑗 =

1,2,3, … , 𝑁, where 𝑏𝑗(𝑘) = 𝑃[𝑂𝑡 = 𝑉𝑘|𝑆𝑡 = 𝑞𝑗], 1 ≤ 𝑘 ≤ 𝑀. It is a matrix of non-

negative real numbers, between 0 and 1, indexed by 𝑀 ∗ 𝑁. This matrix comes from 

one or several periodic sequences to characterize the classes or combinations of 

emissions for one or several elements of the same series of an asset or equipment. 

Likewise, Simões [122] explains that when a complete background of the same 

equipment or system is not known, covering a time interval of sufficient dimension 

to guarantee the monitoring of all classes or combinations for the different phases 

of the life cycle, the option is to monitor different equipment at different stages of 

its life cycle. The calculation of the emission parameters is done through the 

following expression: 

 
𝑏𝑗(𝑘) =

𝑛º 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠 𝑖𝑛 𝑠𝑡𝑎𝑡𝑒 𝑞𝑗 𝑤𝑖𝑡ℎ 𝑡ℎ𝑒 𝑠𝑦𝑚𝑏𝑙𝑒 𝑣𝑘

𝑛º 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠 𝑖𝑛 𝑠𝑡𝑎𝑡𝑒 𝑞𝑗
 Eq. (2) 

• 𝜋 - The initial state distribution is represented by 𝜋 = {𝜋𝑖} equivalent to 𝜋 =

{𝜋1, 𝜋2, 𝜋3, … , 𝜋𝑁}, where 𝜋𝑖 = 𝑃[𝑆1 = 𝑞𝑖], 1 ≤ 𝑖 ≤ 𝑁 is, by consequence, the vector 

of the initial probability distribution of the different states. It represents the 

occurrence probability of each state in the initial instant of a new chronological 

sequence that is intended to be known. It translates the estimated probability of 

the class of states qi  before starting a new sequence. The expression determines 

the values of 𝜋𝑖: 
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 𝜋𝑖 = 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠 𝑖𝑛 𝑠𝑡𝑎𝑡𝑒 𝑖 𝑖𝑛 𝑖𝑛𝑠𝑡𝑎𝑛𝑡 𝑡 = 1 Eq. (3) 

For convenience, the compact notation, 𝜆 = (𝑁, 𝑀, 𝐴, 𝐵, 𝜋) or, in a more reduced form, 

𝜆 = (𝐴, 𝐵, 𝜋) is used to specify the complete set of model variables. 

The characterization of the classes' hidden states and observable states, as well as the 

parameters of the matrices associated with them, can be intuitively analysed through 

Figure 18. 

 

Figure 18 – Nomenclature of a HMM with 3 hidden states and two observables states. 

The characterization of 𝑁 hidden states and 𝑀 observable states represented along a 

sequence of times 𝑡 = 1, 𝑡 = 2, 𝑡 = 3, … , 𝑡 = 𝑇 can be represented by Figure 19. 
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Figure 19 - N hidden states and M observable states represented along a sequence of times 𝑡 = 1, 𝑡 = 2, 𝑡 =

3, … , 𝑡 = 𝑇. 

2.5.2 The three problems solved by HMM model 

Three fundamental problems must be solved, so that an HMM can be used in real-world 

applications, as in the case under study: 

• Problem 1 - It is an evaluation problem; given a sequence of observations 𝑂 =

{𝑂1; 𝑂2; 𝑂3; … ; 𝑂𝑇} and the model 𝜆 = (𝐴, 𝐵, 𝜋), how to efficiently calculate the 

associated probability to the emission sequence 𝑃(𝑂|𝜆)? 

• Problem 2 - It is a decoding problem, which consists of finding the most likely 

sequence of hidden states, given the sequence of observed emissions 𝑂 =

{𝑂1; 𝑂2; 𝑂3; … ; 𝑂𝑇} and the 𝜆 model. That is, how to find a corresponding sequence 

of states 𝑆 = {𝑆1; 𝑆2; 𝑆3; … ; 𝑆𝑇}? 

• Problem 3 – It is a model calibration problem, that seeks to maximize the 

likelihood, given that the states have already occurred. Given a sequence of 

emissions, or even a set of such sequences, how can the strongest correlation be 

found between the set of transition states and the measured observations of 

emissions? In other words, with a database of emission sequences known, how to 

adjust the model parameters 𝜆 = (𝐴, 𝐵, 𝜋) to maximize 𝑃(𝑂|𝜆)? 
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2.5.3 Problem 1 

The evaluation problem referred to as problem 1 can be seen from how a given model 

corresponds and adjusts to a given sequence of observations of emissions. The most 

direct way to calculate the probability that a sequence of observations 𝑂 =

{𝑂1; 𝑂2; 𝑂3; … ; 𝑂𝑇} will fit a given model 𝜆 = (𝐴, 𝐵, 𝜋) is by enumerating all possible 

sequences of states of size T (the number of inspection instants), through the following 

expression: 

 𝑃(𝑂|𝜆)

= ∑ 𝜋𝑆1

𝑆1,𝑆2,…,𝑆𝑇

𝑏𝑆1
(𝑂1)𝑎𝑆1𝑆2

𝑏𝑆2
(𝑂2)𝑎𝑆2𝑆3

𝑏𝑆3
(𝑂3) … 𝑎𝑆𝑇−𝑡𝑆𝑇

𝑏𝑆𝑇
(𝑂𝑇) 

Eq. (4) 

The expression involves 2𝑇 ∗ 𝑁𝑇 − 1 calculations, making its application unfeasible even 

with powerful computing resources. For 𝑁 = 5 and 𝑇 = 43, the calculations involve about 

1032 multiplications. For this reason, the forward-backward procedure is used [124], 

[125]. The forward variable, 𝛼𝑡(𝑖), corresponds to the probability of occurrence of a 

sequence of emissions 𝑂1; 𝑂2; 𝑂3; … ; 𝑂𝑡 (input signals to be recognized) associated with a 

symbol library, 𝑉1; 𝑉2; 𝑉3; … ; 𝑉𝑀 that, at time t, have state 𝑖, given the model 𝜆, where: 

 𝛼𝑡(𝑖) = 𝑃(𝑂1; 𝑂2; 𝑂3; … ; 𝑂𝑡 , 𝑆𝑡 = 𝑞𝑖|𝜆) Eq. (5) 

Consequently, it results: 

 𝛼𝑇(𝑖) = 𝑃(𝑂1; 𝑂2; 𝑂3; … ; 𝑂𝑇 , 𝑆𝑇 = 𝑞𝑖|𝜆) Eq. (6) 

In this model, the emission observations correspond to symptoms that, in turn, are 

associated with the probable values of the status indicators. This correlation makes it 

possible to calibrate the model and generate the probabilistic function of states that 

estimates the symptom–state mapping 𝑝(𝑆𝑡 = 𝑞𝑖|𝑂𝑡) at the inspection instants. 

The algorithm initialization is done randomly. After implementing the model, assuming 

conditional dependence assumptions, 𝑝(𝑆𝑡 = 𝑞𝑖|𝑂1; 𝑂2; 𝑂3; … ; 𝑂𝑇), it can be estimated 

without explicitly providing the values of the indicators 𝑂1; 𝑂2; 𝑂3; … ; 𝑂𝑇 as direct entries 

in the classification model, as they are embedded in the matrices. 

2.5.3.1 Algorithm forward 

In general, it is possible to estimate and assess the probability of occurrence of the 

emission data observed up to instant 𝑇 + 1, based on the knowledge of the HMM 

implementation parameters, previously calculated and assumed to be unchanged at 
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instant 1. Such parameters are designated generically by 𝜆. Such probability can be 

calculated through the expression: 

 𝑃(𝑂|𝜆) = 𝑝[(𝑂(𝑇 + 1), 𝑂(𝑇), 𝑂(𝑇 − ∆𝑡), … , 𝑂(1))|𝜆] Eq. (7) 

For this calculation, it is convenient to work with an intermediate variable α, called the 

Forward variable, where, 𝛼𝑇+1(𝑗) = 𝑝(𝑆𝑇+1 = 𝑞𝑗, 𝜆). 

To find the corresponding a posteriori probability, given a given model, 𝜆, it is sufficient 

to calculate the 𝛼𝑠 for any instant t by applying Bayes' rule: 

 
𝑝(𝑆𝑡+1 = 𝑞𝑗|𝜆) =

𝑝(𝑆𝑡+1 = 𝑞𝑗, 𝜆)

𝑝(𝜆)
=

𝛼𝑡+1(𝑗)

𝑝(𝜆)
=

𝛼𝑡+1(𝑗)

∑ 𝛼𝑡+1(𝑗)𝑁
𝑗=1

 Eq. (8) 

The estimate of 𝛼𝑡+1(𝑗) is obtained recursively. The deduction has some constraints, 

since 𝑃[𝐴𝐵] = 𝑃[𝐴]. 𝑃[𝐵] only holds when A and B are independent. 

𝛼𝑡+1(𝑗) = 𝑃(𝑂1, … , 𝑂𝑡 , 𝑂𝑡+1, 𝑆𝑡+1 = 𝑞𝑗|𝜆) = 

∑ 𝑃[𝑂1, … , 𝑂𝑡 , 𝑂𝑡+1, 𝑆𝑡+1 = 𝑞𝑗|𝑆𝑡 = 𝑞𝑖, 𝜆]. 𝑃[𝑆𝑡 = 𝑞𝑖|𝜆]

𝑁

𝑖=1

= 

∑ 𝑃[𝑂1, … , 𝑂𝑡|𝑆𝑡 = 𝑞𝑖, 𝜆]. 𝑃[𝑆𝑡 = 𝑞𝑖|𝜆]. 𝑃[𝑂𝑡+1, 𝑆𝑡+1 = 𝑞𝑗|𝑆𝑡 = 𝑞𝑖, 𝜆]

𝑁

𝑖=1

= 

∑ 𝑃[𝑂1, … , 𝑂𝑡 , 𝑆𝑡 = 𝑞𝑖|𝜆]. 𝑃[𝑂𝑡+1|𝑆𝑡+1 = 𝑞𝑗, 𝑆𝑡 = 𝑞𝑖, 𝜆]. 𝑃[𝑆𝑡+1 = 𝑞𝑖|𝑆𝑡 = 𝑞𝑖, 𝜆]

𝑁

𝑖=1

= 

𝑏𝑗(𝑂𝑡+1)[∑ 𝛼𝑡(𝑖)𝑎𝑖𝑗

𝑁

𝑖=1

] 

There is another way to reach the same algorithm, as is presented below. 

𝛼𝑡+1(𝑗) = ∑ 𝑝(𝑆𝑡+1 = 𝑞𝑗, 𝜆, 𝑆𝑡 = 𝑞𝑖)

𝑁

𝑖=1

 

= ∑ 𝑝(𝑆𝑡+1 = 𝑞𝑗, 𝑂𝑡+1, 𝜆, 𝑆𝑡 = 𝑞𝑖)

𝑁

𝑖=1

 

= ∑ 𝑝(𝑆𝑡+1 = 𝑞𝑗, 𝑂𝑡+1|(𝜆, 𝑆𝑡 = 𝑞𝑖))𝑝(𝜆, 𝑆𝑡 = 𝑞𝑖)

𝑁

𝑖=1
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Considering the definition of 𝛼: 

𝛼𝑡+1(𝑗) = ∑(𝑝 (𝑆𝑡+1 = 𝑞𝑗, 𝑂𝑡+1|(𝜆, 𝑆𝑡 = 𝑞𝑖))) 𝛼𝑡(𝑖)

𝑁

𝑖=1

= ∑ (𝑝(𝑂𝑡+1|𝑆𝑡+1 = 𝑞𝑗, 𝑆𝑡 = 𝑞𝑖)𝑝 (𝑆𝑡+1 = 𝑞𝑗|(𝜆, 𝑆𝑡 = 𝑞𝑖)))

𝑁

𝑖=1

𝛼𝑡(𝑖) 

Assuming that 𝑂𝑡+1 is independent of past observations and previous states, but only of 

the present state, we have: 

𝛼𝑡+1(𝑗) = ∑ 𝑝(𝑂𝑡+1|𝑆𝑡+1 = 𝑞𝑗)𝑝(𝑆𝑡+1 = 𝑞𝑗|(𝜆, 𝑆𝑡 = 𝑞𝑖)))

𝑁

𝑖=1

𝛼𝑖(𝑡) 

𝛼𝑡+1(𝑗) = ∑ 𝑝(𝑂𝑡+1|𝑆𝑡+1 = 𝑞𝑗)𝑝(𝑆𝑡+1 = 𝑞𝑗|𝑆𝑡 = 𝑞𝑖))

𝑁

𝑖=1

𝛼𝑖(𝑡) 

Assuming that 𝑆𝑡+1 is independent of past observations, but only of the previous state 𝑆𝑡, 

will come: 

 
𝛼𝑡+1(𝑗) =  𝑝(𝑂𝑡+1|𝑆𝑡+1 = 𝑞𝑗) ∑ 𝑎𝑖𝑗𝛼𝑡(𝑖)

𝑁

𝑖=1

 Eq. (9) 

This equation establishes a basic recursive relationship to estimate the probabilities of a 

state occurring at any time 𝑡 + 1. From this equation, the most practical recursive 

estimate is deduced as follows: First, the term 𝑝(𝑂𝑡+1|𝑆𝑡+1 = 𝑞𝑗), which, as mentioned 

before, is represented by 𝑏𝑗(𝑂𝑡+1) is replaced by 𝑝(𝑆𝑡+1 = 𝑞𝑗|𝑂𝑡+1)|𝑝(𝑆𝑡 = 𝑞𝑖). 

The summation term of Equation 9 is a linear combination of the 𝛼𝑠 from the previous 

model. The terms 𝛼𝑡(𝑖) are replaced by 𝑝(𝑆𝑡 = 𝑞𝑖|𝜆). 

These two substitutions are equivalent, dividing both sides of the equation by 𝑝(𝜆), which 

leads to the following equivalent recursive relation: 

 
𝑝(𝑆𝑡 = 𝑞𝑖|𝜆) =

𝑝(𝑆𝑡 = 𝑞𝑖|𝑂𝑡+1).

𝑝(𝑆𝑡+1 = 𝑞𝑗)
∑ 𝑎𝑖𝑗𝑝(𝑆𝑡 = 𝑞𝑖|𝜆)

𝑁

𝑖=1

 Eq. (10) 

Thus, in the determination of 𝛼𝑡(𝑖), the following inductive expressions must be used: 

1. Initialization: 𝛼1(𝑖) = 𝜋𝑖𝑏𝑖(𝑂1), 1 ≤ 𝑖 ≤ 𝑁 Eq. (11) 
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2. Induction: 𝛼𝑡+1(𝑗) = [∑ 𝛼𝑖(𝑖)𝛼𝑖𝑗

𝑁

𝑖=1

] 𝑏𝑗(𝑂𝑡+1), 1 ≤ 𝑡 ≤ 𝑇 − 1 𝑒 1 ≤ 𝑗 ≤ 𝑁 Eq. (12) 

3. Finishing: 
𝑃(𝑂|𝜆) = ∑ 𝛼𝑇(𝑖)

𝑁

𝑖=1

 Eq. (13) 

 

This procedure drastically reduces the number of calculations required. This method of 

calculating 𝑃(𝑂/𝜆) involves 𝑁2𝑇 multiplications. For the values 𝑁 = 5 and 𝑇 = 25, the 

calculations involve 625 multiplications. 

2.5.3.2 Algorithm backward 

Backward algorithm is defined by the variable 𝛽𝑡(𝑖) as the probability of occurrence of 

the sequence of classes of observations, from the instant 𝑡 + 1 to the instant 𝑇, given the 

occurrence of the state 𝑞𝑖 at the instant t given the model 𝜆, where: 

 𝛽𝑡(𝑖) = 𝑃(𝑂𝑡+1, 𝑂𝑡+2, 𝑂𝑡+3, … , 𝑂𝑇|𝑆𝑡 =  𝑞𝑖 , 𝜆) Eq. (14) 

 

Again, a solution for 𝛽𝑡(𝑖) can be obtained using the following inductive (recursive) 

expressions: 

1. Initialization: 𝛽𝑡(𝑖) = 1, 1 ≤ 𝑖 ≤ 𝑁 Eq. (15) 

2. Induction: 𝛽𝑡(𝑖) =  ∑ 𝑎𝑖𝑗𝑏𝑗

𝑁

𝑗=1

(𝑂𝑡+1)𝛽𝑡+1(𝑗), 𝑡 = 𝑇 − 1, 𝑇 − 2, … 1 𝑒 1 ≤ 𝑖 ≤ 𝑁 Eq. (16) 

3. Finalization: 𝑃(𝑂|𝜆) =  ∑ 𝜋𝑖𝑏𝑖(𝑂1)𝛽1(𝑖)

𝑁

𝑖=1

 Eq. (17) 

 

Also, this method of calculating 𝑃(𝑂|𝜆) involves 𝑁2𝑇 multiplications. 

2.5.4 Problem 2 

In solving problem 2, the algorithm will determine the sequence of states 𝑆 =

(𝑆1, 𝑆2, 𝑆3, … , 𝑆𝑇), so that the probability 𝑃(𝑆|𝑂, 𝜆) is maximized. It thus allows the 

estimation of the most probable sequence of states, i.e., the 𝑚á𝑥{𝑝(𝑆(𝑇) =  𝑞𝑗, … , 𝑆(1) =

 𝑞𝑖|𝜆)}. Problem 2 seeks a more expeditious way to discover the hidden part of the model, 

that is, to find the correct sequence of hidden states. This problem is normally solved 

using an optimal procedure. The Viterbi algorithm, based on dynamic programming, 

looks for the best sequence of states 𝑆 = (𝑆1, 𝑆2, 𝑆3, … , 𝑆𝑇) for a given sequence of 

observations, 𝑂 = (𝑂1, 𝑂2, 𝑂3, … , 𝑂𝑇), given the model λ = {𝐴, 𝐵, 𝜋}. 
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2.5.4.1 Algorithm Viterbi  

Corresponds to finding 𝑆∗ = arg max
𝑠

𝑃(𝑆|𝑂, 𝜆), since it turns out that P 𝑃(𝑆|𝑂, 𝜆) =

 
𝑃(𝑆,𝑂|𝜆)

𝑃(𝑂|𝜆)
 and since 𝑃(𝑂|𝜆) is constant concerning a sequence of states S, it is enough to 

calculate 𝑆∗ = arg max
𝑠

𝑃(𝑆|𝑂, 𝜆). This is because it is from the sequence of observations 

(fixed) that the sequence of states is intended to be calculated. 

For this purpose, the auxiliary variable 𝛿𝑡(𝑖) is defined as: 

 𝛿𝑡(𝑖) =  max
𝑆1,𝑆2,𝑆3,…,𝑆𝑡−1

𝑃(𝑆1, 𝑆2, 𝑆3, … , 𝑆𝑡−1, 𝑆𝑡 =  𝑞𝑖 , 𝑂1, 𝑂2, 𝑂3, … , 𝑂𝑡|𝜆) Eq. (18) 

𝛿𝑡(𝑖) corresponds to the maximum result, agreeing to the sequence of recorded 

observations, given that at the time 𝑡, at the end of the sequence, the state coincides with 

𝑞𝑖. 

By induction, we have: 

 𝛿𝑡+1(𝑗) =  [max
𝑖

𝛿𝑡(𝑖)𝑎𝑖𝑗]𝑏𝑗(𝑂𝑡+1) Eq. (19) 

When predicting the sequence of states, it is necessary to extract the arguments that 

maximize the previous expression for each 𝑡 and 𝑗, creating the vector 𝜓𝑡(𝑗). In summary, 

the complete procedure to find the best sequence of states is as follows: 

The Initialization algorithm corresponds to the starting state, 𝑆1: 

 𝛿1 = 𝑃[𝑆1 =  𝑞𝑖 , 𝑂1|𝜆] =  𝜋𝑖𝑏𝑖(𝑂1), 1 ≤ 𝑖 ≤ 𝑁 Eq. (20) 

𝜓1(𝑖) = 0 

The index 1 corresponds to the observation at instant 𝑡 = 1. 

The Recursion to calculate the states corresponding to the sequence 𝑂 =

 {𝑂1, 𝑂2, 𝑂3, … , 𝑂𝑇}, identified in moments following the evaluation of the present or 

initial state, corresponds to the instant 𝑡 = 1: 

 𝛿𝑡(𝑗) =  max
1≤𝑖≤𝑁

[𝛿𝑡−1(𝑖)𝑎𝑖𝑗]𝑏𝑗(𝑂𝑡), 2 ≤ 𝑡 ≤ 𝑇 𝑒 1 ≤ 𝑗 ≤ 𝑁   Eq. (21) 

 𝜓𝑡(𝑗) =  𝑎𝑟𝑔 max
1≤𝑖≤𝑁

[𝛿𝑡−1(𝑖)𝑎𝑖𝑗], 2 ≤ 𝑡 ≤ 𝑇 𝑒 1 ≤ 𝑗 ≤ 𝑁 Eq. (22) 

The Finalization, at the end the value of max
1≤𝑖≤𝑁

𝑃[𝑆, 𝑂|𝜆]  can be calculated through the 

following expression: 

 𝑃∗ =  max
1≤𝑖≤𝑁

𝑃[𝑆, 𝑂|𝜆] =  max
1≤𝑖≤𝑁

 𝛿𝑇(𝑞𝑖) =  max
1≤𝑖≤𝑁

 𝛿𝑇(𝑖) Eq. (23) 

This results in knowledge of the most likely state at the end of the sequence (instant T). 

 𝑆𝑇
∗ =  max

1≤𝑖≤𝑁
 𝛿𝑇(𝑞𝑖) Eq. (24) 
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The path or sequence of states, using an end to the beginning assessment (backtracking), 

taking the reverse-path or back. 

 𝑆𝑡
∗ =  𝜓𝑡+1(𝑆∗

𝑡+1), 𝑡 = 𝑇 − 1, 𝑇 − 2, … , 1 Eq. (25) 
 

Or, 

 𝑆𝑡
∗ =  𝑎𝑟𝑔 max

1≤𝑖≤𝑁
[𝛿𝑡(𝑖)𝑎𝑖𝑆𝑡+1

∗ ] Eq. (26) 

 

Generate the sequence, 𝑆1, 𝑆2, 𝑆3, … , 𝑆𝑡−1, 𝑆𝑇 . 

The Viterbi algorithm and the forward procedure have the same implementation except 

for the backtracking step. The only difference between them lies in the fact that the 

maximization in the Viterbi algorithm replaces the sum of the forward process. 

2.5.5 Problem 3 

Problem 3 is the most difficult to solve. The answer is to define a method capable of 

adjusting the model parameters, λ = {𝐴, 𝐵, 𝜋}, to satisfy a specific criterion of 

optimization. The criterion used maximizes the probability 𝑃 = (𝑂|𝜆). The calibration of 

a stochastic model is not, in general, a simple problem. The existence of an efficient 

algorithm for this problem is a fundamental condition for the applicability of this 

statistical model [43]. The sequence of observations used to adjust the model parameters 

is called the training sequence; therefore, it trains the HMM. There is no known 

analytical process for finding the set of model parameters that maximize the probability 

of the sequence of observations. However, we can choose the model λ = {𝐴, 𝐵, 𝜋} to 

calibrate it so, the probability 𝑃 = (𝑂|𝜆) is locally maximized. For this purpose, an 

iterative procedure is used, such as the Baum-Welch method, a particular case of the EM 

(Expectation-Maximization) algorithm. The algorithm's E (Expectation) component 

corresponds to calculating the expected value mathematically of the hidden variables, 

given 𝜆. The 𝑀 component (Maximization) corresponds to calculating 𝜆∗ so, 𝑃(𝑂|𝜆∗) is 

maximized, assuming the values of the hidden variables in step 𝐸. It translates into an 

iterative process that ends with a new value of parameters in the 𝜆 model. 

Therefore, the training of the HMM is done with the Baum-Welch algorithm, which gives 

the optimal parameters, 𝜆∗. The model after calibration corresponds to 𝜆∗ =

 𝑎𝑟𝑔 max 
𝜆

𝑃(𝐿|𝜆), where 𝐿 corresponds to the sequence of measured emissions, which is 

the model associated to a particular equipment health status. 
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2.5.5.1 Algorithm Baum-Welch 

It integrates several steps: 

1. Step 𝐸 (Expectation) - Step 𝐸 of the EM algorithm, solved by an HMM, that 

corresponds to the calculation or prediction of the expected mathematical values 

and respective sequences for each model variable. It includes the following 

projections: number of times the model detects the different classes of states, 

number of times the model detects transitions from state 𝑖 to state 𝑗, number of 

times in state 𝑖 that the model associates to the emission symbol 𝑣𝑘, and number 

of times the model starts the algorithm from state 𝑖, that is, the number of times 

the model assigns state i at instant 𝑡 = 1 to each one of the time series. 

2. Step 𝑀 (Maximization) - Calculates the new parameters 𝜆̂ so, 𝑃(𝑂|𝜆̂) is maximized, 

starting from the values of the hidden variables defined in step E, and compares 

them with the real values. When such hidden state values (obtained in step 𝐸) are 

known, calculating the model parameters 𝜆 so, 𝑃 = (𝑂|𝜆) is maximum, what 

becomes simple. 

3. Iteration - If 𝑃(𝑂|𝜆̂) − 𝑃(𝑂|𝜆) is greater than a fixed value, then go to step 𝐸 (with 

the new parameters 𝜆̂); if not, terminate the execution and resume the new 

parameters 𝜆̂. 

It can be proved that 𝑃(𝑂|𝜆̂) ≥ 𝑃(𝑂|𝜆) and the sequence of models 𝜆̂𝑖 obtained with the 

EM algorithm converges to 𝜆∗, a local maximum of variable 𝑎𝑟𝑔 max
𝜆

 𝑃(𝑂|𝜆). The Baum-

Welch algorithm is fast and, generally gives a good local maximum. The constraints 

imposed on the model calibration lead to the imposition of several iterations while the 

difference between two successive iterations is greater than 105. Alternatively, as the 

Baum-Welch algorithm only guarantees local maximization, it is usual practice to make 

five attempts to select the one that gives the highest probability value [122]. 

In summary, the algorithm aims to answer the following question: 

• Which are the parameters of an HMM, 𝜆 = (𝐴, 𝐵, 𝜋), that maximize 𝑃 = (𝑂|𝜆)? 

That is, which 𝑎𝑟𝑔 max
𝜆

 𝑃(𝑂|𝜆)? 

It corresponds to a continuous optimization problem of 𝑁2 + 𝑁𝑀 + 𝑁 parameters. This 

is the number of free parameters of the Markov model corresponding to a 𝑁2 matrix A, 

plus 𝑁𝑀 referring to matrix 𝐵 and 𝑁 corresponding to vector 𝜋. Therefore, if 𝑁 is too 

large, the determination with a high degree of precision and reliability of the matrix 𝐴 
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and 𝐵 parameters can become complicated when the number of training data is reduced 

[122]. 

To describe the procedure for re-estimating the HMM parameters, at the level of iterative 

updating with successive improvements in prediction efficiency, two auxiliary variables 

are defined: 

• 𝛾𝑡(𝑖) – Probability of the system to be in state 𝑞𝑖 at time 𝑡, when the entire sequence 

of observations and the model are known. 

 𝛾𝑡(𝑖) = 𝑃(𝑆𝑡 = 𝑞𝑖|𝑂, 𝜆) Eq. (27) 
 

• 𝜉𝑡(𝑖, 𝑗) – Probability of the system to be in state 𝑞𝑖 at time 𝑡 and state 𝑞𝑗 at time 𝑡 +

1, given the model and the sequence of observed emissions. 

 𝜉𝑡(𝑖, 𝑗) = 𝑃(𝑆𝑡 = 𝑞𝑖 , 𝑆𝑡 = 𝑞𝑗|𝑂, 𝜆) Eq. (28) 
 

Note that ∑ 𝛾𝑡
𝑇−1
𝑖=1 (𝑖) corresponds to the expected number of times in state 𝑞𝑖 or the 

expected number of transitions from state 𝑞𝑖 and ∑ 𝜉𝑡
𝑇−1
𝑖=1 (𝑖, 𝑗) represents the expected 

number of transitions from state 𝑞𝑖 to state 𝑞𝑗. Under these conditions, it becomes 

possible to relate 𝛾𝑡(𝑖) and 𝜉𝑡(𝑖, 𝑗) through the sum of the values referring to the 

successive 𝑗, resulting in: 

 
𝛾𝑡(𝑖) = ∑ 𝜉𝑡(𝑖, 𝑗)

𝑁

𝑗=1

𝑡 = 1 … 𝑇 Eq. (29) 

 

Therefore, the method of calculating the HMM re-estimation parameters, referenced by 

the 𝜋, 𝐴, and 𝐵 matrices of the HMM, which are translated by the Baum-welch formulas, 

is made using the following expressions: 

• Expected frequency or number of times spent in state 𝑞𝑖 at the instant (𝑡 = 1) of 

the new sequence of application of the model: 

 𝜋̂𝑖 = 𝛾𝑡(𝑖) Eq. (30) 

• Number of transitions from state 𝑞𝑖 to state 𝑞𝐽 divided by the expected number of 

transitions from state 𝑞𝑖: 

 
𝑎̂𝑖𝑗 =

∑ 𝜉𝑡(𝑖, 𝑗)𝑇−1
𝑡=1

∑ 𝛾𝑡(𝑖, 𝑗)𝑇−1
𝑡=1

 Eq. (31) 
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• Expected number of times that the system is in state 𝑞𝑗 and, at the same time, the 

symbol 𝑣𝑘 is divided by the expected number of times in which state 𝑞𝑗 is verified: 

 

𝑏̂𝑖𝑗 =

∑ 𝛾𝑡(𝑗)𝑇
𝑡=1

𝑓𝑜𝑟 𝑂𝑡 = 𝑣𝑘

∑ 𝛾𝑡(𝑗)𝑇
𝑡=1

 
Eq. (32) 

 

The expression 𝛾𝑡(𝑖) can be worked from the HMM parameters and from the forward 

and backward variables. 

 
𝛾𝑡(𝑖) = 𝑃(𝑆𝑡 = 𝑞𝑖|𝑂, 𝜆) =

𝑃[𝑆𝑡 = 𝑞𝑖 , 𝑂|𝜆]

𝑃[𝑂|𝜆]
 Eq. (33) 

Given the laws of probability: 

𝑃[𝑆𝑡 = 𝑞𝑖, 𝑂|𝜆] = 𝑃[𝑂|𝑆𝑡 = 𝑞𝑖, 𝜆]. 𝑃[𝑆𝑡 = 𝑞𝑖|𝜆] = 

𝑃[𝑂1, 𝑂2, … , 𝑂𝑡 , 𝑂𝑡+1, … , 𝑂𝑇|𝑆𝑡 = 𝑞𝑖, 𝜆]. 𝑃[𝑆𝑡 = 𝑞𝑖|𝜆] = 

𝑃[𝑂1, 𝑂2, … , 𝑂𝑡|𝑆𝑡 = 𝑞𝑖, 𝜆]. 𝑃[𝑆𝑡 = 𝑞𝑖, 𝜆]. 𝑃[𝑆𝑡 = 𝑂𝑡+1, … , 𝑂𝑇|𝑆𝑡 = 𝑞𝑖, 𝜆] = 

𝑃[𝑂1, 𝑂2, … , 𝑂𝑡 , 𝑆𝑡 = 𝑞𝑖, 𝜆|𝜆]. 𝑃[𝑂𝑡+1, … , 𝑂𝑇|𝑆𝑡 = 𝑞𝑖, 𝜆] = 𝑆𝑡 = 𝛼𝑡(𝑖). 𝑆𝑡 = 𝛽𝑡(𝑖) 

Since the sequence 𝑂1, 𝑂2, … , 𝑂𝑡 is independent of the sequence 𝑂𝑡+1, … , 𝑂𝑇. 

In this way, the variable 𝛾𝑡(𝑖) can be written from the HMM parameters and the forward 

and backward variables in the form: 

 
𝛾𝑡(𝑖) = 𝑃(𝑆𝑡 = 𝑞𝑖|𝑂, 𝜆) =

𝑃[𝑆𝑡 = 𝑞𝑖 , 𝑂|𝜆]

𝑃[𝑂|𝜆]
=

𝛽𝑡(𝑖)𝛼𝑡(𝑖)

𝑃[𝑂|𝜆]
 Eq. (34) 

Also, 𝜉𝑡(𝑖, 𝑗) expression can be worked from the HMM parameters and the forward and 

backward variables. 

 
𝜉𝑡(𝑖, 𝑗) = 𝑃(𝑆𝑡 = 𝑞𝑖 , 𝑆𝑡 = 𝑞𝑗|𝑂, 𝜆) =

𝑃[𝑆𝑡 = 𝑞𝑖 , 𝑆𝑡+1 = 𝑞𝑗 , 𝑂|𝜆]

𝑃[𝑂|𝜆]
= Eq. (35) 

Complying with the laws of probability: 

𝑃[𝑆𝑡 = 𝑞𝑖, 𝑆𝑡+1 = 𝑞𝑗, 𝑂|𝜆] = 𝑃[𝑆𝑡+1 = 𝑞𝑗, 𝑂|𝑆𝑡 = 𝑞𝑖, 𝜆]. 𝑃[𝑆𝑡 = 𝑞𝑖|𝜆] = 

= 𝑃[𝑂1, 𝑂2, … , 𝑂𝑡 , 𝑂𝑡+1, … , 𝑂𝑇 , 𝑆𝑡+1 = 𝑞𝑗|𝑆𝑡 = 𝑞𝑖, 𝜆]. 𝑃[𝑆𝑡 = 𝑞𝑖|𝜆] = 

= 𝑃[𝑂1, 𝑂2, … , 𝑂𝑡|𝑆𝑡 = 𝑞𝑖, 𝜆]. 𝑃[𝑆𝑡 = 𝑞𝑖|𝜆]. 𝑃[𝑂𝑡+1, … , 𝑂𝑇 , 𝑆𝑡+1 = 𝑞𝑗|𝑆𝑡 = 𝑞𝑖, 𝜆] = 
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= 𝛼𝑡(𝑖). 𝑃[𝑂𝑡+2, … , 𝑂𝑇|𝑂𝑡+1, 𝑆𝑡+1 = 𝑞𝑗, 𝑆𝑡 = 𝑞𝑖, 𝜆]. 𝑃[𝑂𝑡+1|𝑆𝑡+1 = 𝑆𝑡 = 𝑞𝑖, 𝜆]. 𝑃[𝑆𝑡+1 = 𝑞𝑗|𝑆𝑡 = 𝑞𝑖 , 𝜆]

= 

= 𝛼𝑡(𝑖)𝑎𝑖𝑗𝑏𝑗(𝑂𝑡+1)𝛽𝑡+1(𝑗) 

Since 𝑃[𝐴𝐵𝐶|𝐷] = 𝑃[𝐴|𝐵𝐶𝐷]. 𝑃[𝐵|𝐶𝐷]. 𝑃[𝐶|𝐷], it follows that 𝑂𝑡+2, … , 𝑂𝑇 is independent 

of 𝑂𝑡+1 and of 𝑆𝑡 and the even that 𝑂𝑡+1 is independent of 𝑆𝑡. 

Consequently, 

 
𝜉𝑡(𝑖, 𝑗) =

𝛼𝑡(𝑖)𝑎𝑖𝑗𝑏𝑗(𝑂𝑡+1)𝛽𝑡+1(𝑗)

𝑃(𝑂|𝜆)
 Eq. (36) 

Finally: 

 
𝜉𝑡(𝑖, 𝑗) =

𝛼𝑡(𝑖)𝑎𝑖𝑗𝑏𝑗(𝑂𝑡+1)𝛽𝑡+1(𝑗)

∑ ∑ 𝛼𝑡(𝑖)𝑎𝑖𝑗𝑏𝑗(𝑂𝑡+1)𝛽𝑡+1(𝑗)𝑁
𝑗=1

𝑁
1=1

 Eq. (37) 

Where the numerator term corresponds precisely to 𝑃(𝑆𝑡 = 𝑞𝑖, 𝑆𝑡+1 = 𝑞𝑗, 𝑂|𝜆) and 

division by 𝑃(𝑂|𝜆) allows obtaining the desired probability measure. 

Note further that ∑ 𝛾𝑡(𝑖)𝑇−1
𝑡=1  encompasses the expected number of transitions from 𝑞𝑖 and 

∑ 𝜉𝑡(𝑖, 𝑗)𝑇−1
𝑡=1  fits the expected number of transitions from 𝑞𝑖 to 𝑞𝑗. 

It is also possible to characterize this variable through: 

 
𝛾𝑡(𝑖) = ∑ 𝜉𝑡(𝑖, 𝑗)

𝑇−1

𝑡=1

 Eq. (38) 

From the deductions presented, the final formulas of the Baum-welch algorithm result: 

 
𝜋̂𝑖 =

𝛼1(𝑖). 𝛽1(𝑖)

𝑃[𝑂|𝜆]
 Eq. (39) 

 
𝑎̂𝑖𝑗 =

∑ 𝛼𝑡(𝑖)𝑎𝑖𝑗𝑏𝑗(𝑂𝑡+1)𝛽𝑡+1(𝑗)𝑇−1
𝑡=1

∑ 𝛼𝑡(𝑖)𝛽𝑡(𝑖)𝑇−1
𝑡=1

 Eq. (40) 

 
𝑏̂𝑗(𝑘) =

∑ 𝛼𝑡(𝑗)𝛽𝑡(𝑗)𝑇
𝑡=1

𝑂𝑡=𝑘

∑ 𝛼𝑡(𝑗)𝛽𝑡(𝑗)𝑇
𝑡=1

 Eq. (41) 

Starting from an initial model, defined as 𝜆 = (𝐴, 𝐵, 𝜋), the respective reestimated model 

is defined as 𝜆̂ = 𝐴̂, 𝐵̂, 𝜋̂, calculated through the three expressions immediately above. As 

the Baum-Welch algorithm is a particular case of EM, one has 𝑃[𝑂|𝜆̂] ≥ 𝑃[𝑂|𝜆] being the 

sequence of models 𝜆̂𝑖 obtained in this method converging to 𝜆∗ in such a way 𝑃[𝑂|𝜆∗] is 

a local maximum. Baum proved that, if the initial model, 𝜆, is at a point of zero gradients 

of the likelihood function, which was given the designation of the critical point, this 

corresponds to 𝜆̂ = 𝜆. Otherwise, the 𝜆̂ model is more promising than the 𝜆 model, in the 
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sense that 𝑃[𝑂|𝜆̂] > 𝑃[𝑂|𝜆], that is, a new model 𝜆̂ was found, in which the sequence of 

observations are more likely to have occurred. 

The Baum-Welch algorithm locally converges to a maximum, which is a fast process and, 

generally, the local maximum is typically a good maximum of the function. An essential 

aspect in the re-estimation process is related to the stochastic constraints of the HMM 

parameters, namely: 

 
∑ 𝜋̂𝑖 = 1

𝑁

𝑖=1

 Eq. (42) 

 
∑ 𝑎̂𝑖𝑗 = 1

𝑁

𝑖=1

, 1 ≤ 𝑖 ≤ 𝑁 Eq. (43) 

 
∑ 𝑏̂𝑗(𝑘) = 1

𝑁

𝑖=1

, 1 ≤ 𝑗 ≤ 𝑁 Eq. (44) 

 

The probabilistic nature of an HMM can be seen in Figure 18, above, where the 

correlation between three hidden states and two observable states is established. 

Based on this procedure, 𝜆̂ will be used iteratively in place of 𝜆. The reestimation 

calculation is repeated, thus improving the probability of the observations being 

reproduced by the model. 

The method gains consistency with the integrated calculation of probabilities for each of 

the states of the current sampling interval referring to the posterior probability of the 

system being in each of the possible states, allowing for the assessment of eventual 

changes. 
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Chapter 3 

Methodology 

This section aims to provide knowledge on the literature review of the topics addressed 

in the methodologies presented in this thesis, namely, the data preparation, whose 

objective is to increase the model prediction quality. The feature generation is an 

essential process to select the type of information that wants to obtain from the data set. 

All the processes used for the "optimization" of the observable states, such as the 

dimensional reduction, are performed by the Principal Analysis Components (PCA) and 

the Clustering done by K-means. The HMM used to diagnose the health state of the 

equipment and, then a type of Deep Neural Network (DNN) named Gated recurrent unit 

(GRU) is used to perform the prognosis. Another DNN, Multi-Layer Perceptron (MLP), 

is also presented to perform value imputation on a small data set. 

3.1 Data Preparation 

3.1.1 Why is data pre-processed? 

According to Yin et al. [127], it is since the early 1980s that more attention has been paid 

to Data Mining as a means of obtaining knowledge. Nowadays, with the abundance of 

raw data generated from various sources, Big Data has becoming a prominent approach 

in acquiring, processing, and analyzing large amounts of heterogeneous data to originate 

valuable information. The size, speed and formats in which the data is generated and 

processed affect the overall quality of the information. Therefore, Big Data Quality has 

become an important factor to ensure that data ownership is maintained at all stages of 

processing [128]. 

When we talk about predictive modelling, one of the main steps is data preparation. The 

raw data should be processed so that it can be analyzed as accurately as possible. Pre-

processing aims to provide a structural, reliable, and integrated data source and is a very 

critical and complex step, which, if performed in the right way, it allows the success of 

the pattern discovery [129]. Kuhn & Johnson [130] explain that data preparation can 

impair the predictive ability of a model and, by consequence, well-executed 

transformations can improve modelling performance. Banhatti & Deka [131] refer that 

depending on the goal of the data analysis, pre-processing transformations should be 
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adapted to ensure a better quality of the analysis. To find meaningful information from 

Big Data, it is essential to perform data pre-processing [132]. Rinnan, Norgaard & Berg 

[133] say that this pre-processing step is extremely important to ensure reasonable 

results, whether the analysis is related to data exploration, classification or building a 

good and robust predictive model. To design an effective model, the input data must be 

provided in the appropriate quantity, structure, and format into the algorithm [134]. 

Kuhn & Johnson [130] refer that preprocessing techniques are responsible for adding, 

deleting, or transforming data to solve the problems that need to be fixed. Abdallah and 

Webb [135] add that to be able to do data analysis, it must go through a preparation 

process through manipulation and organization. This is done through an iterative 

process of manipulating raw data which, usually, appears poorly structured and 

confusing. Data preparation consists of several major activities including data 

characterization, data cleaning, eliminating duplication, compression, filtering, and 

format conversion [128], [135]. 

3.1.2 Importance of Data Pre-Processing 

According to Banhatti & Deka [131], pre-processing techniques facilitate the stabilization 

of the mean and variance; these authors refer that data processing will eliminate 

irregularities in order to build effective computational models. Data pre-processing, 

according to these authors, refers to the analysis and transformation of input and output 

variables, with the aim of detecting trends, minimizing noise, highlighting important 

relationships, and leveling the distribution of variables. In this way, through analysis and 

transformation, it is possible to "help" the model learn relevant patterns. 

Taleb, Dsouli & Serhani [128] also refer that to monitor the relevance of data, as well as 

the impact of its pre-processing, a concept of data quality is required. The authors define 

data quality in quality management as fitness for use or meeting user needs. They also 

state that the quality of the worked data always depends on the quality of the source data. 

For predictive models to have useful value, there must be high quality and volume of 

data. Data is often one of the biggest reasons why AI models fail [136]. Moreover, data 

quality is an aspect to be considered, as data in automated data collection processes may 

have some errors. This will cause a collection of inaccurate or incorrect data. Under this 

perspective, the reliability of the data transmitted by the measuring instruments will also 

be considered. This topic is very well explained in paper [137]. 

According to Zhang et al. [138], data cleaning and preparation consumes approximately 

80% of the total data engineering effort. Nisbet et al. [134] also state this assumption, 
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emphasizing that 60% -90% of project time can be saved on data preparation activities. 

Abdallah & Webb [135] say that this is a process that may need many transformations 

and is repeated several times. In this way, data preparation can be considered the 

"bottleneck" in performing data analysis, especially in Big Data. Therefore, we can see 

that this phase of data pre-processing is a task of great importance to make a quality 

study, ensuring that the observable states given as input in the algorithms that do not 

contain missing or incorrect values. As Zhang et al. [138] state, this leads to: 

i. distinguishing useful patterns that are hidden in the data; 

ii. poor performance; 

iii. poor quality results. 

3.1.3 Data Quality Problems 

According to Roadidea [139], the errors existing in the dataset are generated during the 

process. Since the purpose of the generated data is to describe reality, it is good to obtain 

data with a "one-to-one" correlation with that part of reality. When reality is converted 

into a signal through a sensor, transmission, and finally stored, it can be corrupted for 

various reasons. Common data quality problems (anomalies) include inconsistent data 

conventions between sources, data entry errors, inconsistent data formats, missing, 

incomplete, outdated or incorrect attribute values, data duplication, and irrelevant data 

[140]. Data anomalies are considered as a property of the data that misrepresent the 

actual "measurements". Therefore, anomaly can be characterized as duplication, 

inconsistency, missing values, outliers, noisy data, or any kind of distortion that can 

cause imperfections in the data [135]. According to Roadidea [139], some types of errors 

that can occur in data are: 

• Measurement error 

This is the first type of error that appears; always there will be a deviation between the 

actual value and the one obtained, due to imperfections in the measuring device (Figure 

20). 
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Figure 20 – Example of inconsistent values in a measurement. 

• Inconsistent Data 

Inconsistent data can be of various types; when an error is detected in the data 

acquisition chain, it is necessary to locate its source and to ensure that it never appears 

in future collection sessions. 

• Duplicate data 

When data is transmitted and stored, sometimes duplicate records appear for different 

reasons (Figure 21). The solution is to remove the cloned data, except for one of the 

records. 

 

Figure 21 – Example of duplicate data in a measurement. 
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• Outliers 

Outliers are values that do not follow the background pattern and are very rare or 

unlikely values (Figure 22) [139]. According to Abdallah & Webb [135], outliers are data 

that do not conform to the general data distribution. That is a type of data anomaly that 

also needs attention in the cleaning process. 

 

Figure 22 -Example of an outlier value in a measurement. 

Kuhn & Johnson [130] define outliers as samples that are very distant from the main 

data stream. According to the authors, they can sometimes be difficult to define, even 

with a good knowledge of the data. As such, the first thing to do when suspecting outliers 

is to check that the value is scientifically valid and that there was no recording error. 

Outlier values may also represent a special part of the study population and are not 

considered abnormal. Sakr & Zomaya [141] say that outliers can be identified in 

visualizations and using statistical routines. 

According to Nisbet et al. [134], Abdallah & Webb [135] and Roadidea [139], outliers can 

be classified into two different subgroups: natural outliers, of interest to the study, which 

contribute and improve the subsequent analysis or model building; outliers caused by 

faulty instruments, which contribute errors that make information extraction less 

accurate. 

3.1.4 Data cleaning 

Data cleaning is the first step performed in data preprocessing. Through a good data 

cleaning, it is possible to improve its performance and quality [129]. According to Ganti 

& Sarma [142], data cleaning is a term used to refer a variety of tasks aimed at improving 
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data quality. These tasks may need to be performed by joining several operations. 

According to Do et al. [143], it deals with the detection and removal of data errors and 

inconsistencies to improve data quality. The need for data cleaning increases when 

multiple data sources need to be integrated, for example, in data warehouses. As such, to 

obtain a quality database, it is necessary to consolidate different data representations 

and eliminate duplicate information. Noise must be eliminated from the data, since 

duplicate or missing values will produce incorrect or misleading statistics. According to 

Do et al. [143], data cleaning must satisfy several requirements, such as: detecting and 

removing all important errors and inconsistencies in individual data sources and when 

integrating multiple sources. This approach should be supported by tools to limit manual 

inspection and programming effort; it should not be done in isolation, but in conjunction 

with schema-related data transformations based on comprehensive metadata. According 

to Van Den Broeck, Cunningham & Herbst [144], data cleaning should be based on 

knowledge of technical errors and expected ranges of normal values. 

According to Do et al. [143], data cleaning involves the following phases: 

• Data analysis - to detect which types of errors and inconsistencies should be 

removed; 

• Definition of transformation workflow and mapping rules - a database with 

different sources will increase data heterogeneity and data noise so, there should 

be a high number of transformation and cleaning steps; 

• Verification - within the transformation workflow, testing on its accuracy and 

effectiveness should be done at this stage; 

• Transformation - execution of the transformation steps by implementing the 

workflow to load and update a data warehouse. 

According to Chen & Zhang [145], data cleansing consists of four actions: 

i. Detect and eliminate data anomalies; 

ii. Detect and delete duplicate records; 

iii. Integrate data issues; 

iv. Specify areas of data cleaning where particular application of clean procedure 

preparation is required. 
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3.1.5 Dealing with missing values 

Many variables may contain values or blanks that damage the dataset, which must be 

excluded. This should be done as their use would damage the modelling and decrease its 

predictive ability. Missing values are one of the problems in data collection, then, it is 

important to detect them and ensure that appropriate measures are taken to enable 

learning systems modelling. This phase is essential for the data cleaning and conversion 

process [135]. Missing values are errors that will impair the quality of the data, and this 

occurs when the value is not stored for a variable. Roy et al. [146] say that missing values 

can occur due to several technical reasons, such as: 

• Malfunction or physical limitations of the measurement equipment; 

• Some missing values may not have seemed important during the data collection 

phase, and corrective action may not have been taken at a later stage to determine 

them; 

• Some values may have been removed due to inconsistency with other recorded 

data. 

Missing values can be quickly identified by the programmer and then deleted or replaced. 

According to Sakr & Zomaya [141], users can remove these data, or perform interpolation 

or imputation, depending on the analysis required. Similarly, outliers can also be 

removed or replaced with an imputed quantity, depending on the objectives of the 

analysis. The process of replacing missing data values is called imputation values. We 

should use the technique very carefully because, although imputed values are good for 

aggregate analysis, no individual imputed value can be reliable (because it is an estimate) 

[147]. According to Nisbet et al. [134], when data for a variable are missing, they should 

be replaced by some intuitive data if possible. This action consists of replacing the 

missing data with estimated values, using the information about the measured values. 

Although it may not provide the best prediction for the missing values, it can increase 

the integrity of the dataset [146]. 

3.2 Features Generation 

The principle of Feature Generation (FG) prediction is to maximize the exploitation of 

information generated exclusively from time and process data [148]. According to Silva 

& Leong [149], Machine Learning (ML) algorithms can be seen as techniques to derive 

one or more hypotheses from a set of observations so, one of the ways to improve the 

input (observations) and output (hypothesis) is to select features that maximize the 

performance of an ML architecture [149]. 
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FG is of paramount importance in any pattern recognition task, since given a set of 

measurements, the goal is to discover compact and informative representations [150]. 

FG is also known as construction, feature extraction, or feature engineering. There are 

different interpretations of the terms FG, construction, extraction, and feature 

engineering [151]. It enriches the observation language with additional constructed and 

derived features [149]. A good FG framework should have the inherent ability to scan 

this large feature space to extract the best results. 

Feature Selection (FS) is important in ML tasks as it can significantly improve 

performance by eliminating redundant and irrelevant features, while speeding up the 

learning task [149], [151], [152]. Thus, FS helps to improve both dimensionality and the 

learning task. In a typical ML problem, there is usually an optimal number of features 

that provide the least error (highest accuracy) [149]. Feature irrelevance is the problem 

that some features are simply not correlated with the dependent feature. These features 

can even have a negative effect on the performance of a model [151]. This means that 

most of the classification-related information is "compressed" into a relatively small 

number of features, leading to a reduction in the required size of the feature space. We 

sometimes refer to these processing tasks as dimensionality reduction techniques [150], 

as will be discussed further below. 

FG is of paramount importance in any pattern recognition task. Given a set of 

measurements, the goal is to discover compact and informative representations of the 

obtained data [150]; these authors also say that, if the transformation is chosen correctly, 

the features in the transformation domain can exhibit high information packing 

properties compared to the original input samples. The chosen transformation can 

exploit and remove information redundancies, which usually exist in the set of samples 

obtained by the measurement devices. With compact and useful representations, FG is 

used to maximize the exploitation of the information created from the data [153].  

Then, FG is necessary for feature creation of the dataset to gain more information about 

the data collected from the equipment under study, since the continuous and time-

varying features can provide a prediction of possible failures [154]. FG aims to acquire 

more and better information that improves the accuracy of the performance evaluation 

by comparing with the original signal [155]. To make a feature generation and, 

consequently, a dimensional reduction of the data, a time window processing method is 

used [154]. Here, time windows are created with different intervals depending on the 

study to be performed. Each time window will be represented by a certain number of 

samples that will be used to extract several features. In this thesis, the methods of feature 
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generation are performed in the time domain and frequency domain, where several 

features are created in each of the time windows created. The statistical features chosen 

for the characterization of the equipment behaviour, according to the papers [153], [156], 

were chosen, whose show that they relate well to the detection of equipment performance 

deviations. 

To better understand the degradation process of a component using vibration signals, 

the features should be generated from the raw vibration signal [157], which can build 

multiple features in both time and frequency domains [158]. Frequency analysis has 

become a fundamental tool for vibration signal processing [159]. To perform FG in the 

frequency domain, the Fast Fourier Transform (FFT) is usually used, which, as explained 

in paper [157], it is one of the most widely used techniques in signal frequency domain 

analysis being responsible for converting the monitoring signal into a frequency 

spectrum. 

3.3 Standardization 

Data formats can be transformed so, they can meet the assumptions of a statistical 

inference procedure or to improve interoperability [146]. Sakr & Zomaya [141] say that 

data should undergo corrective transformations or be standardized  as necessary in order 

to ensure data quality. Data transformations are necessary to support any changes in the 

structure, representation, or content of the data. These transformations become 

necessary in many situations; for example, to deal with schema evolution, migration 

from an old system to a new information system, or when multiple data sources to be 

integrated [143]. 

Abdallah & Webb [135] state that it is sometimes necessary to transform data from one 

representation to another, and explain that many of the reasons for this may be: 

• To generate symmetric distributions instead of the original skewed distributions; 

• To improve the visualisation of data that may be tightly clustered with respect to 

some outliers; 

• To achieve better interoperability; 

• To improve the compatibility of the data with the assumptions underlying a 

modelling process. 

Data transformation can be done by standardizing the data, where a transformation 

function is used to change the domains of the data. Roy et al. [146] say that the term 

standardization means applying a transformation so, the transformed data are normally 
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distributed. Abdallah & Webb [135] and Roy et al. [146] show different types of 

transformation, explaining the purpose of each technique, which will depend on the 

nature of the data. Each technique used has its own purpose and depends on the nature 

of the data. 

Data standardization is the process of transforming raw data values into another format 

with properties more suitable for modelling and analysis. The standardization process 

focuses on scaling the data in terms of range and distribution, for a variable 𝑋 

represented by a vector {x1, x2, x3, …, xn}.  

In this thesis, the approach used to perform standardization is the Z-Score. It is a 

standardization method that transforms, not only the magnitude of the data, but also its 

dispersion. It will convert a range of variables with some mathematical heuristics, 

allowing all variables to have the same range. This standardization of values is not 

essential in machine learning algorithms but, it can make patterns in the data more 

visible [134]. Approaches, such as Linear Discriminant Analysis (LDA), PCA, and Kernel 

Principal Component Analysis require features to be on the same scale to find directions 

that maximize variance (under the constraints that in the case of PCA, the principal 

components are orthogonal). Z-score standardization overcomes the problem of 

variables with different units as it transforms the variables, so they are centred at 0 with 

a standard deviation of 1 [135]. This method transforms the values of the variables based 

on their mean and standard deviation. In other words, through standardization, the 

amplitude of the initial continuous variables also contributes to the analysis. The features 

with larger amplitudes do not overlap over the features with smaller amplitudes, not 

leading to one-sided results [160]. So, the data are first transformed to comparable 

scales. This is done using Z-score standardization, where the mean is subtracted and 

divided by the standard deviation for each value of each feature, aiming that all features 

be standardized to 0 mean and 1 standard deviation (Eq. 45). 

 
𝑍𝑆𝑐𝑜𝑟𝑒 =  

𝑥𝑖 − 𝑋̅

𝑠𝑡𝑑𝑑𝑒𝑣(𝑋)
 Eq. (45) 

 

Where:  

 𝒙𝒊  is the Z-score value of 𝑥;  

 𝒙̅ is the line mean of 𝑥;  

 𝒔𝒕𝒅 is the standard deviation. 
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3.4 Dimensional Reduction 

Dimensional reduction techniques are classified into two major categories: those based 

on attribute selection "Feature selection", which retain only the attributes considered 

useful, according to some functional evaluation; and those based on attribute extraction 

"Features Generation" (discussed in the previous section), which creates new attributes, 

either by combinations or transformations from the original attributes [152]. 

There are some ML systems that have difficulty to be processed and are slow in 

processing when deal with high dimensional data so, it is advisable to design the data 

into a lower dimensional space. According to Merola & Abraham [161], dimension 

reduction methods were initially used in data analysis as a purely descriptive 

(exploratory) tool, useful for isolating and, possibly, visualizing selected features from a 

set of variables in fewer dimensions. The same authors explain that the representation 

of multivariate data in a two or three dimensional graph makes it easier to "see" trends, 

clusters, and relationships in data, otherwise hidden or scattered by high dimensionality. 

To overcome the poor performance of ML algorithms with high dimensional datasets, 

dimension reduction is vital. Thus, Dimension Reduction is a technique for taking a high 

dimensional dataset (data objects with many features), replacing it with a much smaller 

dimensional dataset, preserving the similarities between the data objects, being useful 

for reducing the memory requirements for storing a dataset, as well as for speeding up 

algorithms [141]. Data reduction techniques are another class of predictor 

transformation. These methods reduce data by generating a smaller set of predictors that 

seek to capture most of the information in the original variables [130]. 

Dimension Reduction, according to Roy et al. [146], is simply the removal of unnecessary 

or insignificant attributes. The presence of irrelevant attributes in the dataset can make 

the problem intractable and mislead the analysis, which is often called the 

Dimensionality Curse. The same author also says that dimensionality reduction should 

be carried out in such a way that, as far as possible, the information content of the 

original data remains unchanged and, using the reduced dataset, does not change the 

result. Dimension reduction can be achieved by selecting only the relevant attributes and 

ignoring the remaining. 

Then, according to Anowar et al. [162], dimensionality reduction algorithms aim to solve 

the curse of dimensionality, with the goal of improving data quality by reducing the data 

complexity.; according the same authors and Kacprzyk [152], dimensionality reduction 

methods bring several benefits, including: 
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• Identifying the relevant factors; 

• Reducing the storage space required; 

• Improving ML performance through less misleading and redundant features; 

• Avoiding overfitting through fewer resources; 

• Reducing computation time; 

• Easily visualise and interpret the data. 

There are several techniques to determine which variables are unnecessary for the model 

before training it. In the case of this thesis, we will only use PCA, which is the approach 

used in the methodologies presented below. 

3.4.1 Principal Components Analysis (PCA) 

Principal components were first found by Pearson [163] and were considered by the 

statistical community when Hotelling [164] proposed them as the estimates of linear 

combinations of a set of random variables that retained the highest possible variance. It 

is an unsupervised learning method of feature extraction and dimensionality reduction 

(moving p-dimensional data to a lower dimensional linear subspace of m-

dimensionality) in ML, which retains the original features of the data and selects the 

main properties of the dataset [154], [162], [165]–[167]. It analyses a data table in which 

observations are described by several inter-correlated quantitative dependent variables 

and is widely used due to its ability to extract interpretable information by efficiently 

removing redundancies [160], [168]. It is used to project feature vectors in orthogonal 

space for robustness and computing efficiency [169]. That is, it is responsible for doing a 

dimensional reduction to replace a high dimensional dataset (with large features), with 

a much smaller dimensional dataset with only a few Principal Components (PCs) [153]. 

PCA is a statistical unsupervised linear transformation procedure, commonly used to do 

dimensional reduction of large sets of time series observations [170], which uses an 

orthogonal transformation to map a set of observations of possibly correlated variables 

into a set of values of linearly uncorrelated variables called Principal Components [146], 

[162], [171]. In this way, they preserve the highest percentage of information [168], [172], 

[173], and the original data are mapped into a much smaller number of dimensions. In 

other words, it is a method of projecting large dimensional measurements towards a 

space of minimum dimension and preserving maximum variance [174], compressing 

sensory data according to their spatial and temporal correlations [175]. 
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PCA is a classical multivariate statistical technique used to reduce data, in which the first 

few PCs account for most of the variability in the original data [171]. When this is done, 

the original variables are replaced by the first several principal components. The higher 

the degree of correlation between the original variables, the fewer the number of new 

variables needed [176]. Thus, PCA is a method that seeks to find linear combinations of 

predictors, the PCs, that capture the greatest possible variance [130]. The extracted PCs 

refer to variables that can explain the maximum variance (variance) in all the data. 

Linear combinations of the original variables are produced to generate new axes, the PCs. 

The number of PCs is equal to the number of original variables, but the number of 

significant PCs becomes smaller. That is, the transformation is defined such that the first 

principal component has as high a variance as possible, possessing the greatest 

variability of the data, and each following component, in turn, has the greatest possible 

variance under the constraint that it is not correlated with the previous components 

[160], [172]. Then, the first Principal Component (𝑃𝐶1) is removed to have the most 

significant variability of all possible linear combination data and is of the highest 

importance. The second Principal Component (𝑃𝐶2) is extracted in an orthogonal link to 

the existing PC to reflect data variations that 𝑃𝐶1 was not able to fully explain and so on 

[177]. According to the author, the minimum number of CPs is based on 85% or more of 

the cumulative contribution rate. Mathematically, the 𝑗𝑡ℎ PC can be written as [130] (Eq. 

46): 

 𝑃𝐶𝑗 = (𝑎𝑗1 ∗ 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟1) + (𝑎𝑗2 ∗ 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟2) + ⋯ + (𝑎𝑗𝑝 ∗ 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟𝑃) Eq. (46) 
 

Where: 

𝑃 is the number of predictors; 

The coefficients 𝑎𝑗1, 𝑎𝑗2, … , 𝑎𝑗𝑝 are called the component weights, helping to understand 

which predictors are most important for each PC. 

PCA draws the high-dimensional dataset into a new subspace where the orthogonal axes, 

or PCs, are considered as the directions of maximum variation of the data [162]. 

PCA is one of the most widely used techniques for reducing dimensionality because it is 

the oldest and, therefore the most studied method. It is relatively easy to calculate and, 

above all, it is the solution to a number of different problems involving the dimensional 

reduction of a set of variables [146], [161], [162], [178]. The main advantage of PCA, and 

the reason why it has maintained its popularity as a data reduction method, is that it 

creates uncorrelated components, which improves the numerical stability of the model 

[130]. 
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Briefly, PCA is mathematically defined as a linear transformation that converts the data 

into a new coordinate system so, the first PC is, in the coordinate system, the one that 

has the highest variance per projection of the data; the second PC is in the coordinate 

with the second highest variance, and so on [160]. The PCA algorithm is implemented in 

five steps, as shown in Table 4, [153], [162], [177]. 

TABLE 4 - STEPS OF THE ALGORITHM PCA 

Input: 𝑿 𝝐 𝑹𝒏∗𝒅 

1 – Calculate the correlation of data sets (𝑿. 𝑿𝑻); 

2 - Calculate eigenvectors and eigenvalues applying Linear Eigen 

decomposition 𝑿. (𝑿𝑻); 

3 – Sort Eigen Values in decreasing order to sort Eigen Vectors; 

4 – Build a Matrix 𝑾(𝑫 ∗ 𝒌) with KTop Eigen Vectors; 

5 – Transform 𝑿 using 𝑾 to obtain the new subspace 𝒀 = 𝑿. 𝑾; 

Output: 𝑿 𝝐 𝑹𝒏∗𝒌 

3.5 Clustering 

As the volume of data has increased, the application of Clustering algorithms has begun 

to expand [179]. Clustering is a fundamental Data Mining technique that is used in a wide 

variety of areas for data analysis [180]. It is a widely used unsupervised classification 

application in data mining. Clustering analysis represents a collection of multivariate 

statistical methods whose goal is to identify groupings of objects within data, in which 

each given object is assigned to a cluster based on similarity or distance measures [181]; 

the authors add that, since the assignment of group membership, it is not known in 

advance, and the algorithm cannot learn the characteristics of the clusters, making these 

learning algorithms unsupervised: "Clustering, like unsupervised learning, provides for 

labels of unknown data by exploring the latent structure of the data" [182]. 

Clustering is an unsupervised data mining technique used in a wide range of data 

analysis areas where multivariate statistical methods allow clustering analysis. It is a 

technique that divides data into meaningful groups and the main goal is to reduce the 

amount of input data by grouping similar data items [176]. It is especially suitable for 

datasets where many features are highly similar to each other because these features are 

grouped and reduced [183]. Having several observations, clustering aims to design a 

classification scheme to group objects into several classes so, the instances within a class 

are similar in some aspects but distinct from those in other classes. Thus, it is possible to 

identify a finite set of categories to describe a given data set, maximizing the homogeneity 

within each grouping and the heterogeneity between different groupings; that is, a 

method to explore data in order to find groups of objects that are similar but different 
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from objects in other groups [131], [153], [164], [178], [180]–[182], [184]. It aims to 

minimize intra-class similarity while maximizing inter-class dissimilarity [185]. These 

goals of homogeneity within groups and heterogeneity among groups are usually 

achieved according to a traditional approach based on some distance measures 

(dissimilarity), or by assessing the underlying density of the data [186]. In short, 

clustering is a procedure that aims to explore relationships and patterns in data by 

grouping objects according to their similarity; that is, similar objects will belong to the 

same cluster [187], [188]. 

Clustering methods can be categorised according to the need for prior knowledge of the 

data [176]. There are many clustering methods available, and each one can provide 

different groups of datasets [185]. There are two groups of Clustering: partition 

clustering; and hierarchical clustering. In this case, we will talk about a type of clustering 

belonging to the partition clustering group, called K-means, which is the model used in 

this thesis. 

3.5.1  K-means 

The k-means algorithm was first proposed by Stuart Lloyd, in 1957, as a modulation 

technique, with a more efficient version being proposed and published in Fortran by 

Hartigan & Wong in 1975/79, and Subbalakshmi et al. [189], [185]. K-means is a popular 

method in partition clustering techniques, widely used due to its simplicity and 

efficiency. It is a Clustering, non-hierarchical, unsupervised ML method from the branch 

of multivariate statistical analysis, where the number of clusters k is determined and the 

observations closest to the centre of the cluster are included in it [185], [189]–[194]. K-

means is used to perform classification of unlabeled data in which the specific response 

variables are unknown [195]. To achieve optimal clusters, the variance in the distance 

difference between each cluster and the observations within that cluster should be 

minimized [196]. In this process, the similarity between observations in the same cluster 

increases and the similarity with data from other clusters decreases [196], [197]. 

The algorithm divides the 𝑛 observations into 𝑘 clusters in which the observation belongs 

to the cluster with the closest mean [185]. It is an algorithm used to group data into k 

clusters [197], usually comparing the data using Euclidean distance (which is the one also 

used in this thesis) [198], [199]. In other words, it can perform clustering based on the 

spatial position of each object to be grouped [191]. 

This k-means analysis manages each observation in the data with a location in space and 

finding a partition in which the objects within each cluster are located as close as possible 
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to each other and as far as possible from objects in other clusters [189], [200]. These 

authors also explains that each cluster in the partition is defined by its member objects 

and its centroid; the centroid being the point at which the sum of the distances of all 

objects in that cluster is minimized [189]. Thus, the clustering process consists of the 

initial definition of centroids and the assignment of events that are inserted as input into 

the cluster with the nearest centroid [187]. As objects are inserted and assigned to the 

clusters, the centroids are updated until they have little or no change, reaching the 

convergence condition [187], [184]. Then, K-means is an iterative algorithm that 

minimizes the sum of the distances from each object to its cluster centroid, across all 

clusters, moving objects between clusters, until the sum can be further reduced; the 

result is a set of clusters as compact and well-separated as possible. The process of 

estimating data belonging to a given cluster is executed iteratively until the convergence 

condition is satisfied [179]. That is, given an initial set of centres (usually started 

randomly), the K-means algorithm alternates the two steps: (1) for each centre it 

identifies the subset of points that is closer to it than any other centre; (2) the averages 

of each feature for the data points in each cluster are computed, and this average vector 

becomes the new centre for that cluster. These two steps are iterated until convergence 

to stabilize the data assignments to clusters [195], [201]. K-means has a sufficiently fast 

convergence speed and does not require large computational resources; it is an easy 

algorithm to implement and apply even on large dataset. It is an appropriate algorithm 

for continuous data due to its simplicity and efficiency [189]. 

The main goal of Clustering is to group similar data points and discover the underlying 

pattern [202]. For this purpose, k-means requires a fixed number of clusters (𝑘). Each of 

the clusters is assigned a centroid, which is a location of the centre of the cluster. After 𝑘 

is chosen, each data point is allocated to the nearest cluster by summing the squared 

distances of the Euclidean distances between the items and the centroid (Eq. 47), 

minimizing intracluster variation [202]. 

 𝑊(𝐶𝑘) = ∑ (𝑥𝑖 − 𝜇𝑘)2

𝑥𝑖∈𝐶𝑘

 Eq. (47) 

 

Here, 𝑥𝑖 is the 𝑖𝑡ℎ data point of cluster 𝑘(𝐶𝑘) and 𝜇𝑘 is the mean value of the points in 

cluster 𝑘. The total variation within the cluster is defined as Equation 48. The total Sum 

of Square Error (SSE) within the cluster measures the quality of the clustering, which 

increases as the sum of squares measures decrease [203]. 

 
𝑇𝑜𝑡𝑎𝑙 𝑤𝑖𝑡ℎ𝑖𝑛 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑣𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 = ∑ 𝑊(𝐶𝑘)

𝑘

𝑘=1

 Eq. (48) 
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Then, as Borlea et al. [204] and Peng et al. [205] explain, K-means is used to process a 

dataset 𝐷 = {𝑥1, 𝑥2, … , 𝑥𝑛} ∈ ℜ𝑑, where 𝑥 is a dataset record defined as 𝑋𝑖 =

[𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑑]𝑇 ∈ ℜ𝑑 , 𝑖 = 1 … 𝑛, 𝑑 is the dimension of a dataset record and 𝑇 stands for 

matrix transpose. The algorithm divides the dataset 𝐷 into a set of 𝑘 predefined numbers 

of clusters 𝐶𝑗, 𝑗 = 1 … 𝑘. Each cluster 𝐶𝑗 is composed of a centre of mass called centroid 

and defined as 𝐶𝑗 = [𝐶𝑗1, 𝐶𝑗2, … , 𝐶𝑗𝑑]𝑇 ∈ ℜ𝑑 , 𝑗 = 1 … 𝑘. The total number of points assigned 

to each cluster, with the notation is 𝑛, with the cluster expression 𝐶𝑗 = (𝑐𝑗, 𝑛𝐶𝑗
). The 

centroid array is defined as 𝑐 = [𝑐1
𝑇 , 𝑐2

𝑇 , … , 𝑐𝑘
𝑇]𝑇 ∈ ℜ𝑑𝑘, which represents the centroids of 

all existing clusters. The main objective of the algorithm is to minimize the intracluster 

variance (Eq. 49): 

 

𝑐∗ = 𝑎𝑟𝑔 min
𝑐∈ℜ𝑑𝑘

𝑉(𝑐), 𝑉(𝑐) =
∑ ∑‖𝑥𝑖 − 𝑐𝑗‖

𝑛𝑐𝑗

𝑖=1

𝑘

𝑗=1

𝑥𝑖 ∈ 𝐶𝑗

 Eq. (49) 

 

where 𝑐𝑗 is the centroid of the cluster 𝐶𝑗, 𝑗 = 1 … 𝑘, 𝑉 is the objective function or the 

criterion, and 𝑐∗ is the optimal arrangement of centroids. 

The K-means clustering process has the following steps [185], [202]–[204], [206]–

[208]: 

• Step 1 - Create k initial clusters, choosing k as the number of random data points; 

• Step 2 - Calculate the arithmetic mean of each cluster formed, randomly selecting 

𝑘 data points as initial centroids; 

• Step 3 - Each record is assigned to the closest cluster, finding the similarity between 

the points using the formula, i.e., assigns the data set 𝑥𝑖 to the nearest centroid 𝑐𝑗,  

using the Euclidean distance (Eq. 50): 

 𝑑𝑥𝑖,𝑐𝑗
= ‖𝑥𝑖 − 𝑐𝑗‖ = √(𝑥𝑖1 − 𝑐𝑗1)2 + (𝑥𝑖2 − 𝑐𝑗2)2 + ⋯ + (𝑥𝑖𝑑 − 𝑐𝑗𝑑)2 Eq. (50) 

 

• Step 4 - Reassign each record to the most similar cluster and recalculate the 

arithmetic mean of all clusters in the data set; 

• Step 5 - The process continues from step 3 until no data points are reassigned and 

the k-means procedure is completed. 
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Since the initial cluster centre, and the similarity measure clustering criterion, function 

easily converges to the local minimum, selecting different initial clustering centres that 

will lead to different clustering results [209]. 

K-means requires the number of k clusters to be set in advance; according to Tang & 

Miyamoto [210], the clustering results based on this algorithm are severely affected by 

the setting of the initial parameters. The optimal number of clusters is a fundamental 

problem in cluster partitioning in the K-means method, being necessary to know it in 

advance to obtain a good result [197]. The inappropriate value of k will affect the 

clustering effect, the number of iterations of the algorithm, and the accuracy and 

complexity of the algorithm [190], [191], [196]. 

The task of estimating the correct number of natural clusters for a dataset is, in general, 

difficult. One of the reasons for this limitation is that in most cases these are samples 

from a population, and it is necessary to estimate the number of actual conglomerates in 

the population [180]. There are several types of methods that can help us to decide about 

the optimal number of conglomerates [202]. Subbalakshmi et al. [189] present some of 

them: the general rule; the cross-validation; the elbow method; the information criterion 

approach; the kernel matrix; the silhouette analysis. The authors also tell us that most of 

the methods need to perform the clustering process to decide the right number of 

clusters. In this thesis, we will only talk about the silhouette analysis method and the 

elbow method which are the ones used in the created methodologies. 

Many of the methods used to define the number of clusters are based on some measure 

of distance between objects and clusters. According to Menardi [186], an exploratory tool 

that relies on this idea is the Silhouette analysis. The author also says that the diagnostics 

used to evaluate the quality of a partition should be consistent with the clustering method 

adopted to produce that partition. In particular, the diagnostic-based distance is 

inadequate to evaluate the identified clusters using a technique based on density 

estimation. As such, silhouette analysis is a method that matches well with the k-means 

Clustering algorithm. K-means is designed to minimise the sum of the distances between 

instances and their nearest centroids [211]. As with the Silhouette criterion, good 

partitions are also obtained when this minimisation is performed correctly, as well as 

when the clusters are well separated, and there is a symbiosis between k-means and the 

Silhouette criterion. Silhouette information evaluates the quality of the partition 

detected by a clustering technique, since it is based on a measure of distance between the 

clustered observations; its standard formulation is not suitable when a density-based 

clustering technique is used [186]. Thus, as stated by Nidheesh [180], the Silhouette 
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index has been a widely used technique to determine the number of natural clusters for 

the k-means algorithm. 

Silhouette analysis method for the validation of cluster analysis can be consulted for an 

in-depth explanation, as can be seen in [180], [186], [212]. In summary, the Silhouette 

Index (SI) is calculated for each feature and measures through the ratio between 𝑎(𝑘) 

and 𝑏(𝑘), the intra-cluster disparity, respectively, as shown in Equation 51, generating a 

value between -1 and 1 [183]. This measure ranges from +1, indicating points that are far 

away from neighbouring clusters, to 0, indicating points that are not distinctly in one 

cluster or another, to - 1, indicating points that are likely to be assigned to the wrong 

cluster [200]. 

 
𝑆(𝑘) =  

𝑏(𝑘) − 𝑎(𝑘)

max {𝑎(𝑘), 𝑏(𝑘)}
 Eq. (51) 

 

The Sum of Squared Error (SSE), or elbow method as it is known from the graph it forms, 

is one of the most popular cluster evaluation criteria [203], where the cost function is 

calculated when a different number of 𝑘 clusters are formed during Clustering [192]. We 

use different numbers of 𝑘 and calculate the total of them within the sum of squares for 

each value of 𝑘 and plot, where k is represented in the graph at a kink (elbow) location - 

we consider this the optimal number 𝑘. Then, for better optimisation, the number of 

clusters can be identified using Equation 52 of the elbow method [213]: 

 
𝐸𝑘 = ∑

1

𝑛𝑟
𝐷𝑟

𝑘

𝑟=1
 Eq. (52) 

 

Where: 

𝑘 - denotes the size of the cluster; 

𝑛𝑟 - represents the number of data points in the cluster; 

𝐷𝑟 - is the sum of the distances among all points within the cluster. 

The elbow method is comprised of four steps [214]: 

• To run a centroid-based clustering variance of each clustering result, e.g., sum-of-

squares-errors algorithm, e.g., k-means, for each 𝑘 ∈  𝑁; 

• To calculate the (SSE) for k-means; 

• To plot the results on a graph; 

• To select the elbow curve in the graph. 
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𝑘 ∈  𝑁 is plotted on the 𝑥-axis and the corresponding graph shows it visually, after which 

makes the reduction of the SSE, becoming negligible when increasing the value of 𝑘. 

3.6 Deep Neural Network (DNN) 

3.6.1 Multi-Layer Perceptron (MLP) 

The Multi-Layer Perceptron (MLP) is a supervised learning method that works with 

nonlinear problems thanks to its multilayer construction. It is one of the most useful 

feedforward networks [215], [216]. MLP is divided into three layers: input layer; hidden 

layer; and output layer, having the same structure as a single-layer neural network but 

with more hidden layers [217]. Each neuron is fully connected, and each neuron has 

weights that are used to calculate whether the input data has the information we need by 

adjusting the weights between the elements [215], [218], [219]. Thus, the MLP has an 

input layer of neurons that act as receivers, one or more hidden layers of neurons that 

calculate the data and undergo iterations, and the output layer that predicts the output 

[220]. Each hidden layer is composed of several artificial neurons, and the output of an 

artificial neuron is obtained using Equation 57 [177], [221], [222], [223]: 

 
𝑓 (∑(𝑊𝑖𝑋𝑖 + 𝑏)

𝑝

𝑖=1

) Eq. (53) 

 

Where: 

• 𝑓 is the activation function (e.g., sigmoidal function, exponential linear unit, 

hyperbolic tangent function, or rectified linear unit); 

• 𝑝 is the number of inputs; 

• 𝑊 is the input weight; 

• 𝑋 it's the input; 

• 𝑏 represents the polarization value. 

During the training phase, weights and biases are calibrated using accessible input-

output datasets. During training, two operations occur: activation propagation 

(feedforward), sending the information forward, and error propagation 

(backpropagation) [224]. During the first step, each neuron generates an output signal 

based on Equation 57 that is compared with the target, and errors are propagated back 

through the network during the second step. The weights and variances are adjusted 

based on an optimization algorithm selected to minimize the predefined loss function 

[224]. The same author also explains that several iterations are required during the 
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training process until a convergence criterion is satisfied [224]. Hyperparameters 

regarding the model structure, such as the number of inputs, layers, number of neurons 

per layer, activation function, etc., should be carefully selected and changed since they 

have a significant impact on the training efficiency and performance. "(...) a good choice 

of hyperparameters is usually necessary to make them work well on real-world problems, 

and tricks are often used to make the most efficient use of these methods and to extend 

their capabilities" [225]. In Figure 24, we can see a scheme of an MLP model. 

 

Figure 23 - Schematic of the operation of a MPL neural network. 

 

3.6.2 Gated Recurrent Unit (GRU) 

There are some improvements in the Recurrent Neural Network (RNN) model that can 

address the shortcomings of the application of the long-term sequence of this model 

[226]. Long Short-Term Memory (LSTM) can overcome the deficiencies of RNN that 

cannot handle well the long-distance dependency, while GRU can make the model 

structure simpler and more efficient while maintaining the effect of LSTM [226]. Both 
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LSTM and GRU have the uniform goal of tracking long-term dependencies, while 

alleviating the vanishing gradient problems that often occur in the training phase of 

model RNNs [227]. LSTM and GRU are the two improved versions of RNN, which are 

the most widely used and found in the literature [228]. As the author explains, LSTM 

and the GRU are called gated RNNs, since both rely on different types of gates to regulate 

the flow of data within their units. LSTM was initially introduced by [229] in 1997 and 

its unit consists of two gates: the input gate is used to control the input of information 

(the degree of input of new information); the output gate is used to control the degree of 

the current state of the unit is filtered (information filtering) [226]. In turn, the GRU, 

which was introduced by [230], subsequently proposed based on the LSTM, with a 

relatively simple structure that requires fewer parameters for training, having only two 

ports (Figure 23) [226]–[228], [231]–[234]: reset port, that can help to encrypt the 

model to determine how much past information can be forgotten; update port, which 

combines the input port and forgets the LSTM to determine the degree of the previous 

hidden state that will be used to update the current state. Both reset port and update port 

are used to solve the leakage gradient problem, which are two vectors that can 

manipulate the information in networks/layers that flow to the desired output [231]. As 

the author explains, the two gates can be trained to maintain long-term memories 

without removing relevant information that is meaningful for future predictions. 

 

Figure 24 – Example of Gated Recurrent Unit (GRU). 
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GRU has an update port 𝑧 and a reset port 𝑟 to simplify the memory block structure of 

the original LSTM network (Figure 23). The input of GRU network being 𝑥𝑡, the formula 

to calculate the next output and state value in GRU is [228], [226], [231], [232], [235], 

[236]: 

1- The algorithm starts with the calculation of the update port 𝑧𝑡 for time step t (Eq. 

53); 

 𝑧𝑡 = 𝜎(𝑊𝑧 . [ℎ𝑡−1, 𝑥𝑡]) Eq. (54) 

When 𝑥𝑡 is connected to the network unit, it is multiplied by its own weight 𝑊𝑧. The same 

applies to ℎ𝑡−1 which holds the information of the previous 𝑡 − 1 units. Both results are 

summed, and a sigmoid activation function is applied standardizing the result between 

0 and 1. 

2- The reset port uses the model to decide how much of the passed information is 

forgotten (Eq. 54); 

 𝑟𝑟 = 𝜎(𝑊𝑟 . [ℎ𝑡−1, 𝑥𝑡]) Eq. (55) 

3- Here, a new memory content is introduced, which will use the reset port to store 

the most important information of the past. After getting the switch signal, it uses 

the switch reset function, get the reset data, then it combines it with the 𝑡𝑎𝑛ℎ 

activation function to get ℎ̃𝑡 (Eq. 55). 

 ℎ̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊ℎ. [𝑟𝑡 ∗ ℎ𝑡−1, 𝑥𝑡]) Eq. (56) 

 

𝑡𝑎𝑛ℎ can control the range of values between - 1 and 1. It can be seen that the input data 

is included, and the hidden information is controlled. 

4- Finally, it is necessary to calculate the vector ℎ𝑡 that holds the information of the 

current unit and transmits it to the network, which determines what to collect from 

the previous steps ℎ𝑡−1 (Eq. 56): 

 ℎ𝑡 = (1 − 𝑧𝑡) ∗ ℎ𝑡−1 + 𝑧𝑡 ∗ ℎ̃𝑡 Eq. (57) 

It can be extracted from the forward training that the state of the reset port 𝑟𝑡 controls 

the combination of the input 𝑥𝑡 and the previous time state ℎ𝑡−1. The update port 𝑧𝑡 

determines the use of the information from the current phase to the previous phase. 
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Chapter 4 

Results of the Methodology 

This chapter presents all the studies carried out and the implementation of the 

methodology developed. Each study presented here gave rise a paper that was submitted 

to international journals Scopus of Q1 or Q2. 

4.1 Methodology and results to diagnose the behaviour 

patterns in equipment 

This methodology gave origin to a paper submitted to the Applied Science journal, 

indexed Scopus, evaluation Q2, with DOI: 10.3390/app11167685 (Appendix B). It 

focuses on the determination of the fault diagnosis status of equipment, more 

specifically, of a pulp drying press used in a Portuguese paper industry. The objective is 

to use the data collected by the sensors attached to the equipment, to diagnose its state 

of health, to determine whether it is in "Good Functioning", "Alert State", or "Fault 

State". The specificity of this methodology adds value to the evaluation of the 

equipment's diagnosis, in particular, because it does not require prior knowledge of the 

fault conditions. The study was carried out using MatLab software and its features. 

4.1.1 Methodology 

Real-world Processes usually create observable outputs that can be classified as signals 

[125]. In the case of this methodology, the observations collected by the sensors will be 

sent to the HMM model, which will provide the hidden states that will correspond to the 

status of the equipment. A series of approaches are used to perform the "optimization" 

of the observable states, to improve these inputs into the HMM model (Figure 25). 
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Figure 25 - Methodology for optimising observations for input to the HMM health state classifier. 

Figure 25 shows how the sensor data will be changed to improve the efficiency of the 

algorithm in terms of computation time and overall prediction performance. 

The sensors are first used to collect data over time, which are then processed aiming to 

improve the observable states. The data preparation is done during the pre-processing 

stage, which follows the data collection, with the objective of raising its quality. 

After the data preparation stage, a data grouping into time periods, to create appropriate 

statistical values for each time window, is done. Thus, using this feature generation, more 

information can be extracted from the original data, since statistical features based on 

the time domain perform well in identifying patterns and changes in the data [237]. 

After generating time domain features, the data are standardization and incorporated 

into a dimensional reduction model, Principal Components Analysis (PCA). An 

important step in pre-processing the features is to standardize them to a conventional 

normal distribution of mean 0 and standard deviation 1, using Z-Score standardization 

for this purpose. Since we are interested in the PCs that maximise the variance of the 

data, it is crucial to perform the PCA approach using Z-Score standardization. If one 
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feature varies less than another due to their respective scales, the PCA method defines 

the direction of the maximum variance that is closest to the axis, which varies more if 

these features are not standardized. To make the algorithm more sensitive to changes 

that may take place in various metrics, it is crucial to standardize the data. 

standardization is necessary in this methodology because this model needs features on 

the same scale to determine the directions that will maximise the variation in the data. 

Only the principal components (PCs) needed for the investigation and to reduce the 

dimensionality of the dataset will be obtained during the dimensional reduction phase. 

The axes are redefined using the PCs instead of the original variables, and the 

observations are now described in a new orthogonal space. In order to decrease the 

computational burden, the new Features, the PCs, characterised by PCA will be used. The 

PCA method was used for this research since it is a relatively simplified and user-friendly 

technique. It is an unsupervised method that finds stronger features with a higher 

percentage of information using a more meaningful coordinate system of the dataset. 

Moreover, it is fast, effectively eliminates overfitting, and can be applied as a method for 

noise removal and data compression [146], [161], [162], [178]. It eliminates a significant 

part of the experimental noise, because the noise results in random errors that are not 

related to the information in the data matrix, which enhances the numerical stability of 

the model [130]. 

After the PCA, the K-means clustering is performed, where the data will be differentiated 

through clusters. In other words, clustering will group observations as heterogeneously 

as possible between clusters and as homogeneously as possible within each cluster. Well-

functioning observations will be gathered in one cluster, while observations of failing 

equipment will be grouped in a different cluster. Each cluster created will be used as an 

observable state and will be fed into the HMM. K-means is a clustering method that uses 

the Euclidean Distance metric and is simple to implement and use, even on large datasets 

[162], [164]. It is a model that uses the unsupervised learning method, has a sufficiently 

fast convergence speed, and does not need many CPU resources. It is a method that can 

be applied after reorienting the source data of the central metric structure on the cloud, 

in a process done by PCA. That is, placing the data centred with respect to an origin, 

approximately equidistant from the centre and positioned in the different quadrants of 

the Rp space (p being the Principal Components of the PCA), allows the k-means 

algorithm to work well. 

Finally, after obtaining the observable states from the k-means method, the HMM is 

applied revealing the diagnosis of the equipment through its hidden states. 
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4.1.2 Results  

4.1.2.1 Data Preparation 

For the application of the developed methodology, six sensors have been used that 

measure respectively: current intensity; hydraulic unit level; torque; VAT pressure; 

rotation speed; hydraulic unit temperature. These sensors collect an observation every 

minute, being the data collected between August 2017 and October 2020. Consequently, 

the data were collected over a period of three years and three months (Table 5). 

TABLE 5 - QUANTITY OF OBSERVATIONS COLLECTED BY EACH OF THE SENSORS FOR THE DRYING PRESS UNDER STUDY 

Equipment Sensors Metric 

Nº of data by 

day (each 

sensor) 

Nº of data by 

year (each 

sensor) 

Total of data 

(each sensor) 

D
ry

in
g

 P
re

ss
 

Sensor 1 Hydraulic unit 

temperature 

 

 

1440 

 

 

1440 ∗ 365

= 525600 

 

(1440 ∗ 153)

+ (525600 ∗ 3)

= 1710720 

Sensor 2 Hydraulic unit level 

Sensor 3 Rotation Speed Press 

Sensor 4 Torque Press 

Sensor 5 Current intensity 

Sensor 6 VAT Pressure 

As can be seen from Table 5, there is a dataset of 10,264,320 samples. However, as 

already explained, there are occasional errors in sensor data collection so, not all the 

information contained in this dataset is reliable and has quality. Data cleaning should be 

based on an understanding of technical errors and expected ranges of normal values 

[144]. Thus, for this dataset, the quality of the data obtained may be determined by 

applying a confidence index to the data collection. This confidence index protects the 

data collection system by indicating the quality of data collection using only two 

numbers, 0 or 100: where 100 represents well-collected data that was valid for collecting 

information; 0 represents bad data collection and the data is classified as "rubbish". 

Thus, it was decided to eliminate from the data set all the values that had been collected 

with a confidence index equal to 0. To eliminate the equipment stoppages throughout 

the study time, it was decided to replace by the average all the values that were in the 

time period whose values of intensity, torque, VAT pressure, and rotation speed were 

below a certain threshold. This ensures that the downtime of the equipment will not 

affect the HMM prediction. 

According to the most frequently cited sources in the literature, such as references [134], 

[147], [150], the imputation of values by their mean, it is the most generally accepted 

procedure when the data of a variable are missing. Based on this methodology, the 
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imputation of the values was exercised respecting some criteria: when a slice of one of 

the signals was replaced, the others were all replaced by their corresponding averages. 

We can visually examine the original data set with the data after its preparation (Figure 

26). 

 

Figure 26 - Observations collected by the sensors before and after data pre-preparation. 

A set of 1,640,880 data was left after 69,840 samples were removed using the confidence 

index. Regarding the equipment disconnections, they were replaced by the average of the 

signal, thus maintaining the value of 1,640,880 data. It is common knowledge that 

outliers can be divided into two groups: those that are faulty, and those that are caused 

by faulty equipment [134], [135], [139]. Thus, no additional filtering was done since 

outliers may not be considered outliers but observations that add value to the prediction. 

Furthermore, the following data processing models complement the noise "filtering" of 

the data set so, no additional data cleaning is required. 

4.1.2.2 Features Generation 

To Generate Features, in this study it was decided to create temporal windows of 6 hours, 

whose objective is to cover 4 shifts of the working day. To this end, 4,558 windows were 

formed, with 360 samples in each one of them. Once the temporal windows had been 

created, statistical characteristics were generated in the time domain with the objective 

of obtaining a greater amount of information in the detection of patterns of the signals 

under study. Then, 10 statistical features were chosen to better characterize the signals: 

1. mean; 2. standard deviation; 3. variance; 4. kurtosis; 5. skewness; 6. coefficient of 
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variation; 7. maximum; 8. minimum; 9. mode; 10. median. These 10 features are 

probabilistic representations capable of explaining the frequency of occurrence of events, 

thus making it possible to absorb more information about the equipment's behaviour 

and, consequently make its diagnosis. As there are no vibration signals, no analysis is 

performed on the frequency spectrum. Furthermore, statistical features based on the 

time domain provide high performance to characterize trends and changes in the signals 

[237]. All the features used can be found in the papers [237], [238]. To get a better 

understanding of the information that each feature provides, we can see on Figure 27 its 

behaviour for all signals over the study time. 

After generating the 10 features for each sensor in each time window, we have a matrix 

with a dimension of 4.558*60. For better understanding, in the first-time window, we 

get the average of all sensors, the standard deviation of all sensors and so on. 

 

Figure 27 - representation of each of the features for each of the sensors over time. 

4.1.2.3 PCA 

Through the PCA a feature extraction is done, whose objective is to create new features 

with greater amount of information and, consequently, to make a dimensional reduction 

of the matrix created in the previous section. Applying the PCA, the matrix of 4.558*60 

now has only 10 features with a dimension of 4.558*10. As it was described in the 

theoretical framework, the first PCs are the ones that have bigger data variance and, by 

consequence, the biggest percentage of information. With that, through the Table 6, we 

can verify the percentage variability that each one of the PCs has. 
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TABLE 6 - PERCENTAGE OF VARIABILITY EXPLAINED BY EACH MAIN PC. 

PRINCIPAL COMPONENTS % OF PRESERVED DATA 

1 

2 

3 

4 

5 

(…) 

26,8299362662924 

11,3444018431582 

10,5209646496898 

7,43400606597570 

6,75048105033166 

(…) 

As can be seen, the 1𝑠𝑡 PC has the most data variability, the 2𝑛𝑑 PC has the second most 

and so on. With this, adding up the amount of percentage of preserved data, we find that 

10 PCs have ≈82% of the data. Through the Pareto diagram (Figure 28) it is possible to 

verify this. 

 

Figure 28 - Pareto diagram to explain the percentage of information preserved in each of the PCs. 

In order to complement the study of this stage, the features that contribute the most to 

each of the PCs were identified. To this end, a heatmap matrix was made (Figure 29) 

which, through the coefficients of the principal components, shows which variables more 

contribute to the study. 
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Figure 29 - Contribution of each of the features in each of the PC. 

In Figure 29, the columns represent the PCs that are arranged in decreasing order of 

component variance, the rows represent the 60 features, generated in the second step, 

where the first 10 rows represent the features generated for the first sensor and so on, 

respecting the order of the sensors and features described above. Through this 

complementary study, it is possible to verify, through the darkest blue colour, which 

variables have greater contribution in each one of the PCs. Being the 1𝑠𝑡 PC the one that 

has more data variance, it can be inferred that the features that have more influence are 

the ones that contribute more to this principal component. 

4.1.2.4 Clustering 

Once the PCA is done, now the Clustering is performed, which aims to group the data in 

the most homogeneous way possible inside each cluster and heterogeneous between 

clusters. Each cluster will be identified with an observable state that has a set of points 

that identify each other and, consequently, a condition of the production equipment. In 

other words, data on good equipment functioning will be within the same cluster while 

the data referring to bad functioning will remain in a different cluster. Each cluster will 

be an observable state and each observation represents a good working state or a failed 

state; this will be decoded later by the HMM. 

Then K-means will be used to do the clustering of the data coming from the PCA. For 

this, it is necessary to first determine which number of clusters best suits this data set. 

For that we used the silhouette analysis where, through the silhouette criterion it is 
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possible to evaluate which the 𝑘 clusters quantity is ideal. Based on Figure 30, it was 

determined for this set of data that 𝑘 = 3 is the ideal value. 

 

Figure 30 - Silhouette index to determine ideal number of clusters. 

As each cluster is considered an observable state and they were sorted in descending 

order. Thus, it is possible to ensure that the 1𝑠𝑡 Cluster is the one with the most data, the 

2𝑛𝑑 Cluster is the second with most data and so on. In this case, the 3𝑟𝑑 cluster is the one 

that has less amount of data and, consequently, the one that is observed less during the 

study. In this case, the third cluster is the one that has the least amount of data and, 

therefore the one that is observed the fewest times during the study. This will be proven 

further, in the classification stage of the diagnosis of the equipment made by the HMM. 

Once the number of clusters is chosen, the Clustering can be done, and each cluster 

represented over time. In Figure 31 it is possible to verify the development of clusters 

(observable states) over time. 
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Figure 31 - Sequence of observable states over time. 

To understand if Clustering performed by k-means makes sense, a check can be made 

through a comparison with the original signal. As can be seen in Figure 31, cluster 3, 

considered the rarest observable state, appears at the same time as the original 

observations run away from the common patterns of operation. This means that K-

means did a good clustering of the data. 

4.1.2.5 HMM - Equipment Diagnosis 

In this section, we will use the previously defined clusters as observable states to give 

input into the HMM. With this, it will be possible to determine the hidden states that will 

be the condition of the health state of the equipment. For this purpose, 3 hidden states 

were chosen, namely: 1𝑠𝑡 hidden state - represents the equipment's good operation; 2𝑛𝑑 

hidden state - represents the alert state; 3𝑟𝑑 hidden state - represents the equipment's 

bad operation. 

To determine the accuracy of the HMM model, the amount of correctly validated 

estimates for the types of state classes of a system is checked, divided by the total 

monitoring of the condition of a system [239]. Then, the clusters coming from the K-

means are divided into training data, with 70%, and test data with 30%. This aims to 

validate the HMM model. The percentages chosen to represent these values in ML 

models are the common practice. Since the data are time series, the division of the 

clusters into training and test data is also done, respecting the temporal epoch. The first 

70% of the data will be used for training and 30% of the remaining data will be used for 

testing. 
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Once this is done, through the training data it is possible to do the Baum-Welch 

algorithm to determine the parameters, 𝜆, of the HMM model. The transition and 

emission matrices obtained with training are shown below: 

Transition matrix: 

[

𝑆𝑡𝑎𝑔𝑒 𝑆𝑡𝑎𝑡𝑒 1 𝑆𝑡𝑎𝑡𝑒 2 𝑆𝑡𝑎𝑡𝑒 3
𝑆𝑡𝑎𝑡𝑒 1
𝑆𝑡𝑎𝑡𝑒 2
𝑆𝑡𝑎𝑡𝑒 3

0.9113
0.5080
0.0615

0.0857
0.4627
0.3291

0.0031
0.0294
0.6094

] 

Emission Matrix: 

[

𝑆𝑡𝑎𝑔𝑒 𝑂𝑏𝑠 1 𝑂𝑏𝑠 2 𝑂𝑏𝑠 3
𝑆𝑡𝑎𝑡𝑒 1
𝑆𝑡𝑎𝑡𝑒 2
𝑆𝑡𝑎𝑡𝑒 3

0.9892
0.3133
0.0000

0.0108
0.6431
0.0000

0.0000
0.0436
1.0000

] 

The data was split in a temporal manner, where 70% of the training data runs from 

August 2017 to mid-October 2019, and the remainder for the 30% of the test data. A 

metric was done to understand if this way of data splitting was correct. A comparison 

was made between the matrices trained with just the training data and the matrices 

trained with the full data. The metric used was the Root Mean Square Error (RMSE), 

represented in Equation 58.  

 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑎𝐷𝑎𝑡𝑎_𝑇𝑜𝑡𝑎𝑙(𝑖, 𝑗) − 𝑎Data_Train70%(𝑖, 𝑗))2

𝑛

𝑖𝑗

 Eq. (58) 

 

The results obtained were: 

𝑅𝑀𝑆𝐸Transition matrix =  0.0709 

𝑅𝑀𝑆𝐸Emission matrix =  0.0289 

Using the RMSE, we verify that the temporal split performed meets its objective and the 

model does not need all the data to be trained. 

Having obtained the model parameters through training, it is now possible to generate 

observable states. This will generate, through the training matrices, a sequence of 

observable states with the same amount of 30% of the test data. Thus it is possible to 

make a comparison between the real test data, coming out of the clustering, and the data 

generated by the HMM, making it possible to calculate the probability, y, of such 

sequences overlapping [122]. It is possible to determine whether the observable states 
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generated by the training matrices correspond to the real data and to infer the prediction 

quality of the HMM model. This may be done using Equation 59.  

 𝑦 = (𝑠𝑢𝑚(𝐻𝑀𝑀_𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 ==  𝐷𝑎𝑡𝑎_𝑇𝑒𝑠𝑡)/𝑛) ∗ 100 Eq. (59) 
 

Since the HMM is a statistical probability model, the set of observable states generated 

can vary. As such, 10,000 sequences of observable states were generated, and accuracy 

was performed with the test data to determine an average. With this, the accuracy of the 

HMM model was equal to 78.05%. 

After creating the model and validating its predictive ability, it is now possible to make a 

graphical scheme of it, as shown in Figure 32. In the scheme, we can verify the observable 

states and the hidden states as well as the transition probabilities between hidden states 

and the emission probabilities of the hidden states for the observable states. 

 

Figure 32 - Schematic of the HMM model with observable and hidden states and respective emission and 

transition probabilities. 

Having trained the model and validated its predictive ability, we can now run the Viterbi 

algorithm to determine the most probable sequence of hidden states over the study time 

and thus determine the diagnosis of the health state of the equipment. 
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Figure 33 shows the evolution of the equipment's states over time. 

The observable states extrapolated from the set and the "raw" signal of each sensor is 

also represented in Figure 33 to help understand the evolution of the hidden states. 

 

Figure 33 - Hidden states over time compared with optimised observable states and the original signal. 

4.2 Methodology and results to diagnose behaviour 

patterns through vibration data and data imputation 

through MLP 

This methodology gave rise to a paper that is currently under review in the journal 

Applied Soft Computing, indexed Scopus, evaluation Q1. It is already in pre-print in a 

journal indexed at Applied Soft Computing, with DOI:10.2139/ssrn.4194601 (Appendix 

C). The objective of this section is to demonstrate that, through observations collected by 

vibration sensors, it is possible to characterise the operating state of a component of 

production equipment, namely a compression roller of a drying press. It also 

demonstrates how it is possible to perform data imputation using a Deep Neural 

Network, Multi-Layer Perceptron (MLP), for a dataset with few samples. It is based on 

determining the health status of a pressure roller of a drying press, using values collected 

by vibration sensors over a period of about one year (Start date: 2020-11-05 and End 

date: 2021-08-21). Based on this, the objective will be to classify, during the study period, 

the state of the equipment through a "traffic light" classification, having three states: 

1. Good working condition, shown by green colour; 

2. Warning states, shown by yellow colour; 

3. Malfunctioning states, shown by red colour. 
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4.2.1 Methodology  

For this case, the methodology developed for the diagnosis of the production equipment 

component status goes through three main stages (Figure 34). Each stage is composed 

by different approaches that complement each other in obtaining the desired 

information in the context of Condition Based Maintenance (CBM). 

 

Figure 34 - Schematic of the general methodology for equipment diagnosis through a small dataset. 

Phase 1 

This first phase is responsible for imputing values in a dataset collected by a set of 

sensors. That is, the goal will be to impute vibration observations into a collection made 

over time. This is necessary since the observations were collected in widely spaced 

periods creating a relatively small dataset for the CBM study. Since in the same 

equipment there are other sensors that make data collection in a shorter period of time, 

it is possible, through multivariate MLP analysis (Figure 35), to perform a data 

imputation in the vibration dataset. Thus, it is possible to fill the missing temporal 

spaces, converting the vibration dataset into a vector with the same number of samples 

as the other sensors. 

 

Figure 35 - Schematic diagram of how the MLP method works. 
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So, to use MLP, we start by resampling the multivariate sensors data to put them with 

the same sample size as the vibration sensors. This is done with the goal of being able to 

train the MLP network and get through the multivariate sensors, the vibration vectors. 

As Shaik et al. refer [217], MLP is one of the most widely used networks for most tasks 

among the numerous categories of Neural Networks (NN). It has several advantages over 

other more sophisticated models, such as ease of implementation, short training period 

and creates high-quality models [215]. 

In all NNs, one of the main problems is to determine which Hyperparameters to use and 

which network architecture to use [240]. For this, in this methodology, a library in 

Python called KerasTuner is used that will help to choose the best Hyperparameters and 

the best network architecture. KerasTuner is a scalable and user-friendly 

Hyperparameter optimization Python library [241]. It has three search optimization 

algorithms, Bayesian Optimization, Hyperband, and Random Search, which help to find 

the best Hyperparameter values for the models. Thus, in this methodology, the 

Hyperparameters of the network are chosen through the library, thus obtaining more 

confidence in the MLP model. After obtaining an architecture with low errors, the model 

is used to generate a vibration vector that has the same set of samples as the dataset of 

the multivariate signals before resampling. Based on this, it is possible to assign new 

vibration observations and significantly increase the set of samples in the dataset. 

Phase 2 

Subsequently, using the new vibration observations, it is possible to initialise phase 2 of 

the methodology. This phase consists of optimizing the observations from the vibration 

sensors. It is composed of a sequence of methods (Figure 36), whose objective is to 

reduce the number of observations that will enter phase 3. Based on this, the 

computational capacity and prediction quality will be increased since new features with 

a greater amount of information will be used. Briefly, phase 1 is responsible for increasing 

the number of temporal observations on the x-axis (time) and phase 2 is responsible for 

decreasing the number of observations on the y-axis (amplitude), which is where the 

information about the health status of the component will be collected. So, through these 

two phases, we will have more information for more periods of time. 
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Figure 36 - Optimization scheme of observable states using FG in time and frequency domain. 

Phase 1 is essential to increase the integrity of phase 2 since it starts by creating temporal 

windows, where each window will have 𝑥𝑛 for each block, where 𝑛 =  1, 2, . . . , 𝑁, and 𝑁 is 

the number of signal samples. That is, for a vector with more samples, a one-hour time 

window will have more samples than for a vector with few samples. Thus, by increasing 

the number of samples through the MLP network, we will increase the number of 

samples per window and, consequently obtain more reliable information. This happens 

because in each temporal block we will generate statistical features in the time domain 

and in the frequency domain. If the time window has more samples, the statics generated 

will be more reliable. So, it is possible to better characterize the signal over time, 

obtaining more critical information. A vibration signal in the time and frequency domain 

is usually used by the analyst to detect faults in a system [238]. As Cheng et al. [157] 

explained, the time domain degradation characteristic is one of the simplest and most 

effective methods of vibration signal analysis, using calculations by statistical analysis of 

the vibration signal. The vibration signal frequency analysis is also widely used to 
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diagnose equipment faults [67]. For rotational components, as is the case of the 

component under study, the vibration signal in the frequency domain is obtained using 

Fast Fourier Transform (FFT) analysis. This is the most frequently used approach that 

converts the temporal waveform data into frequency components [60]. 

Then, to generate static parameters in the time domain and in the frequency domain 

were used the features represented in Tables 7 and 8. Table 7 shows the mathematical 

equations corresponding to the statistical features generated in the time domain, where 

𝑥𝑛 is the series of signals of the time domain occupied in each time block. Table 8 shows 

the features generated in the frequency domain, where 𝑦𝑚 is the Fourier transform for 

𝑚 =  1,2, . , 𝑀, where 𝑀 is the number of lines in the spectrum and 𝑓𝑚 is the frequency 

value of the 𝑚𝑡ℎ line of the spectrum. 

These features were chosen based on equipment fault diagnostics [169], [237], [238], 

[242]. 

TABLE 7 - FEATURES USED FOR TIME DOMAIN 

Parameter Mathematical Equation Parameter Mathematical Equation 

Mean 𝑇1 =
∑ 𝑥(𝑛)𝑁

𝑛=1

𝑁
 A Factor 𝑇12 =

𝑇5

𝑇2. 𝑇3
 

Standard 
Deviation 

𝑇2 = √
∑ (𝑥(𝑛) − 𝑇1)2𝑁

𝑛=1

𝑁 − 1
 B Factor 

𝑇13 =
𝑇7. 𝑇8

𝑇2
 

Variance 𝑇3 = (
∑ √|𝑥(𝑛)|𝑁

𝑛=1

𝑁
)

2

 SRM 𝑇14 =  (
∑ √𝑥(𝑛)𝑁

𝑛=1

𝑁
)

2

 

RMS 𝑇4 =  √
∑ (𝑥(𝑛))𝑁

𝑛=1
2

𝑁
 SRM Shape Factor 

𝑇15 =
𝑇14

𝑇1
 

Absolute 
Maximum 

𝑇5 = max |𝑥(𝑛)| Latitude Factor 𝑇16 =
𝑇5

𝑇14
 

Coefficient of 
Skewness 

𝑇6 =  √
∑ (𝑥(𝑛) − 𝑇1)𝑁

𝑛=1
3

(𝑁 − 1)𝑇2
3  Fifth Moment 𝑇17 = √

∑ (𝑥(𝑛) − 𝑇1)𝑁
𝑛=1

5

(𝑁 − 1)𝑇2
5  

Kurtosis 𝑇7 = √
∑ (𝑥(𝑛) − 𝑇1)𝑁

𝑛=1
4

(𝑁 − 1)𝑇2
4  Sixth Moment 𝑇18 = √

∑ (𝑥(𝑛) − 𝑇1)𝑁
𝑛=1

6

(𝑁 − 1)𝑇2
6  

Crest Factor 𝑇8 =
𝑇5

𝑇4
 Median 

𝑇19 = 𝑚𝑒𝑎𝑑𝑖𝑎𝑛 𝑥(𝑛) 

Margin Factor 𝑇9 =
𝑇5

𝑇3
 Mode 

𝑇20 = 𝑚𝑜𝑑𝑒 𝑥(𝑛) 

RMS Shape Factor 
𝑇10 =

𝑇4

1
𝑁

∑ |𝑥(𝑛)|𝑁
𝑛=1

 
Minimum 

𝑇21 = min 𝑥(𝑛) 

Impulse Factor 
𝑇11 =

𝑇5

1
𝑁

∑ |𝑥(𝑛)|𝑁
𝑛=1
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TABLE 8 - FEATURES USED FOR FREQUENCY DOMAIN 

Parameter Mathematical Equation Parameter Mathematical Equation 

Mean 
𝐹1 =

∑ 𝑦(𝑚)𝑀
𝑚=1

𝑀
 

D Factor 

𝐹8 = √
∑ 𝑓𝑚

4𝑦(𝑚)𝑀
𝑚=1

∑ 𝑓𝑚
2𝑦(𝑚)𝑀

𝑚=1

 

Variance 
𝐹2 =

∑ (𝑦(𝑚) − 𝐹1)2𝑀
𝑚=1

(𝑀 − 1)
 

E Factor 
𝐹9 =

∑ 𝑓𝑚
2𝑦(𝑚)𝑀

𝑚=1

√∑ 𝑦(𝑚) ∑ 𝑓𝑚
4𝑦(𝑚)𝑀

𝑚=1
𝑀
𝑚=1

 

Third 

Moment 
𝐹3 =

∑ (𝑦(𝑚) − 𝐹1)3𝑀
𝑚=1

𝑀(√𝐹2)3
 

G Factor 
𝐹10 =

𝐹6

𝐹5
 

Forth 

Moment 
𝐹4 =

∑ (𝑦(𝑚) − 𝐹1)4𝑀
𝑚=1

𝑀(𝐹2)2  
Third 

Moment 1 
𝐹11 =

∑ (𝑓𝑚 − 𝐹5)3𝑦(𝑚)𝑀
𝑚=1

𝑀𝐹6
3  

Grand Mean 
𝐹5 =

∑ 𝑓𝑚𝑦(𝑚)𝑀
𝑚=1

∑ 𝑦(𝑚)𝑀
𝑚=1

 
Forth 

Moment 1 
𝐹12 =

∑ (𝑓𝑚 − 𝐹5)4𝑦(𝑚)𝑀
𝑚=1

𝑀𝐹6
4  

Standard 

Deviation 1 𝐹6 = √
∑ (𝑓𝑚 − 𝐹5)2𝑦(𝑚)𝑀

𝑚=1

𝑀
 

J Factor r  

𝐹13 = (𝐹7 + 𝐹8)/𝐹1 

C Factor 

𝐹7 = √
∑ 𝑓𝑚

2𝑦(𝑚)𝑀
𝑚=1

∑ 𝑦(𝑚)𝑀
𝑚=1

 

  

Having done feature generation in the time domain and frequency domain, it is now 

necessary to perform a standardization of the data. Since data clustering is based on the 

difference between value points, it is essential to have all features on the same scale; 

otherwise high values will be clustered regardless of their defaults [198]. This is achieved 

by using the Z-Score method which will remove the volume difference in the data, this 

being a key step of data pre-processing. It allows scaling the features through normal 

distribution with a mean of 0 and a standard deviation of 1. Also, because we will use the 

PCA method, which gives us the components that maximize the variance, 

standardization is essential. We assume that one feature varies less than the other due to 

scale differences. In that case, PCA defines the direction of the maximum variance that 

is closest to the axis, which varies the most if these features are not scaled [153]. Thus, 

standardization is essential for the PCA method to be more responsive to changes in 

different measurements. PCA "imposes" that the features are at the same scale, to better 

detect the directions that maximize the variation of the data. 

Then, the dimensional reduction, performed by PCA, will be responsible for extracting 

new features, called Principal Components (PCs). The data starts to be distributed in a 

new space, where the new axes are represented by the PCs instead of the features 

generated in the previous step. PCA is responsible for identifying the coordinate system 

that best detects the variance of the data to find new features with the most information. 

It is a simple to use, very simple and fast method that minimizes overfitting efficiency. It 

can also be used to do dimensional and noise reduction in the dataset [153], [162], [178]. 
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With the completion of the PCA method, the various features were reduced in a few PCs, 

which allowed to minimize a large part of the experimental noise, which could create 

random errors unrelated to the information contained in the data matrix, thus increasing 

the numerical stability of the model [153]. 

Now, the new features extracted through the PCs will go through a clustering phase. This 

is a most important unsupervised learning method, being the beginning to obtain 

knowledge that deals with the partitioning of databases under unexpected conditions 

[187]. It aims to group similar data in the same cluster that will be distinct from data in 

other clusters. The observations within each cluster will be homogeneous and 

heterogeneous across clusters, which will cause well-functioning data to be in the same 

cluster while poorly functioning data to be in a distinct cluster. Thus, each cluster can be 

seen as an observable state, where the cluster with the highest amount of data will be the 

observation corresponding to the good functioning of the equipment. In this way, the 

clusters are ordered in descending order so, the first cluster is the one with the most data 

and the last one contains the least amount of data. This will enable the last cluster to 

represent the observation of equipment malfunction since it is the one that occurs least 

frequently. So, this methodology will be used for clustering the K-means method that 

uses the Euclidean metric. This is an algorithm well regarded by the scientific 

community, easy to implement, unsupervised, with fast convergence speed and that does 

not require large computational resources [187]. For everything else, it is an algorithm 

that works well in conjunction with PCA, since it can be applied after reorienting the data 

source from the metric frame of the point cloud core. In other words, k-means works 

better since the data are centred with respect to an origin, being relatively equidistant 

from the centre and placed in the different quadrants of the space 𝑅𝑝; where 𝑝 represents 

the principal components of PCA [153]. 

Phase 3 

After phase two, which aimed to optimize the observations that enter the HMM, we now 

begin phase three. This phase is the classification of the health status of the production 

equipment component. For this, the HMM method will be used which, through the 

observable states that come out from the clustering will classify them into hidden states 

that represent the operating status of the component. We can verify in Figure 37 how the 

HMM works in this phase. 
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Figure 37 - Operation of the HMM algorithm in the diagnostic classification phase. 

The observable states from k-means will be divided into training data (70%) and test data 

(30%). With the training observations, the model will be trained using the Baum-Welch 

algorithm to obtain the HMM model parameters, 𝜆 =  {𝐴, 𝐵, 𝜋}. After obtaining the 

transition and emission probability matrices, it is now possible to generate a sequence of 

observable states and compare it with the sequence of observable states from the 

clustering test data. Being able to obtain the Accuracy through the equation shown in 

Figure 37, we will now run the Viterbi algorithm which aims to determine, through the 

observable states and the model parameters, which is the best path to the hidden states 

over time. These hidden states represent the state of health of the equipment and, for 

this study three states were defined: State 1- Good Operation; State 2 - Alert; State 3- 

Failure. 

4.2.2 Results 

4.2.2.1 Data Preparation 

For this study, 4 different types of vibration sensors were used: vibra-m acc; vibra-m op 

acc; vibra-facc; vibra-f op acc. The sensors collect data at each 4 hours (Figure 38), 
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which corresponded to 6 observations per day. To create one-day time windows and 

generate features, 6 observations correspond to a low amount of data. To solve this 

problem, observations of other sensors were used, also attached to the same equipment, 

which collect samples every 5 min. These complementary sensors were composed by 6 

different variables (Figure 39): Electric current; Hydraulic unit level; Torque pressure; 

VAT pressure; Press rotation speed; Hydraulic unit temperature. 

 

Figure 38 - Four vibration sensors with data collected every four hours. 

 

Figure 39 - Six complementary sensors with data collected every five minutes. 

To improve the integrity of the dataset, both vibration and complementary sensors, some 

preparations were made on the data, namely, to replace the incoherent values 

(+𝑖𝑛𝑓; −𝑖𝑛𝑓; −𝑖𝑛𝑓;  𝑁𝑎𝑛) with the average of the respective signal. Equipment 

shutdowns were also detected. It was considered that whenever Current Intensity, 

Torque Pressure, VAT Pressure, and Rotation Speed were below a certain value all at the 

same time this would be considered as a shutdown of the equipment (Figure 40). These 

shutdown periods were also replaced by the respective average of each signal, for all 
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signals. In this way, it is prevented the equipment shutdowns affect the prediction of the 

adopted methodology. 

 

Figure 40 – Representation of equipment shutdowns. 

No additional treatment was added to the data since here we consider the unusual values 

as something that could add value to the prediction and not outliers. Furthermore, the 

methodology used in phase 2 makes all the filtering and reduces the noise in the data set. 

4.2.2.2 Data imputation using MLP 

After increasing the integrity of the data in the dataset preparation, the values of the 

complementary sensors were resized to have a vector of the same size as the vibration 

sensors (Figure 41). Thus, we now have a dataset with values collected only every 4 hours 

that can be used to create an MLP model that can predict the observations of the 

vibration sensors. After creating the MLP model, it is possible, using the original data 

from the complementary sensors (collected every 5 minutes), to generate vibration signal 

data with observations every five minutes. 

The six complementary sensors were used as input variables for each of the vibration 

signals used as the output of the MLP model. After the rescaling of the complementary 

sensors, the data were divided into training data (70%) and test data (30%). Using the 

KerasTuner library and random search, the best architectures with the best 

Hyperparameters were chosen for each of the MLP models (for each of the vibration 

signals), which obtained the lowest Mean Absolute Error (MAE). Using KerasTuner the 

following were determined: Number of layers; Number of neurons per layer; Activation 

function; Learning rate. 
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Figure 41 - Six complementary variables with resizing to values each four hours. 

Through Table 9 it is possible to see which structures were determined by KerasTuner 

for each of the MLP models created to obtain each of the vibration signals. 

TABLE 9 – MLP NETWORK STRUCTURE FOR EACH VIBRATION SIGNAL 

Hyperparameters vibra-m acc vibra-m op acc vibra-f acc vibra-f op acc 

Number of Layers:  8 9 3 4 

1st Layers 288 Neurons 128 352 Neurons 160 Neurons 

Activation function tanh tanh tanh relu 

2nd Layer  160 Neurons 160 160 Neurons 160 Neurons 

Activation function tanh tanh relu tanh 

3rd Layer  320 Neurons 192 384 Neurons 192 Neurons 

Activation function tanh tanh tanh relu 

4th Layer  416 Neurons 64  352 Neurons 

Activation function relu tanh relu 

5th Layer  128 Neurons 384  

Activation function tanh relu 

6th Layer  448 Neurons 256 

Activation function relu relu 

7th Layer  224 Neurons 384 

Activation function  relu tanh 

8th Layer 352 Neurons 512 

Activation function   relu 

9th Layer 32 

Activation function  relu 

Learning rate 0.0001 0.001 0.001 0.001 

Score - MAE  1.8357 0.9170 2.9033 2.5250 

After choosing the best architecture for each one of the MLP models, the predictions were 

made for each of the vibration signals. Through Figures 42-46, it is possible to verify the 
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comparison between the original vibration data and the data predicted by the MLP 

models. 

 

Figure 42 - MLP prediction versus Actual values for the Vibra-m acc signal. 

 

Figure 43 - MLP prediction versus Actual values for the Vibra-m op acc signal. 

 

Figure 44 - MLP prediction versus Actual values for the Vibra-f acc signal. 
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Figure 45 - MLP prediction versus Actual values for the Vibra-f op acc signal. 

 

Figure 46 - All Actual Vibration Data versus MLP Predicted Vibration Data. 

As we can see in Figures 42-46, the MLP models created were able to make good 

predictions of the vibration sensors. Therefore, we can use these models to create 

vibration signals with observations every 5 minutes. For this, the created models and the 

original complementary sensors were used with collections made every 5 minutes. Based 

on this, the vibration signals were created with observations every 5 minutes (Figure 47) 

which will be the data used for the continuation of the study of the health diagnosis of 

the pressure roller of the drying press. 
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Figure 47 - Five-minute vibration data predicted by MLP. 

4.2.2.3 Features Generation 

Having a dataset with a large set of observations, it is possible to create one-day time 

windows. With observations every 5 minutes the dataset will have 83,329 samples. Thus, 

each one-day time window will have a set of 288 observations per chunk with a total of 

290 chunks. Through phase 1, we no longer have 6 samples per time window, but 288 

samples. In this way it is possible to create features for a more considerable number of 

observations. Statistical features will be created in the time domain and frequency 

domain, described in Tables 7 and 8. In this way, for each sensor, 21 statistical features 

were created in the time domain and 13 in the frequency domain, thus obtaining a 290 ∗

140 matrix. After generated the matrix of the features, it is necessary to return to 

standardization to remove the difference in volume of the data. Because of this the Z-

Score method was used, where the data assume a conventional normal distribution, 

having a mean of 0 and a standard deviation of 1. We can verify, through Figure 48, the 

behaviour of the features generated, standardized along the study time. 

 

Figure 48 – Standardized generated features values over time. 
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4.2.2.4 Principal Components Analysis (PCA)  

Now the PCA method is used with the objective of making a dimensional reduction of the 

matrix coming from the generation of characteristics and the extraction of new variables 

with a greater amount of information. So, through this step, we go from a 290 ∗ 140 

matrix to a 290 ∗ 10 matrix. Thus, we no longer have the 140 characteristics generated, 

but only 10 PCs. This was the number of PCs chosen since it preserves about ≅ 85% of 

the variability of the data. This can be seen through a Pareto analysis in Figure 49. 

Through this method, a considerable dimensional reduction was made and most of the 

percentage of information stored in the data was kept. 

 

Figure 49 - Pareto diagram with the percentage of data variability for each PC. 

PCA can also be used to get a better visualization of the data. As we saw above in the 

theoretical framework, the first PCs are the ones with higher data variation. As such, in 

Figure 50 we can see in 3D how the data from the first 3 PCs are distributed and what is 

the variability percentage of each one of them. 
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Figure 50 - Distribution of data in the first three PCs. 

4.2.2.5 K-means 

After orthogonal redistribution and the creation of new variables, the PCs, the data will 

be clustered in the matrix resulting from the previous step. Here, data will be grouped 

into different clusters, where each cluster will correspond to an observable state that will 

be entered later in phase 3. As the method defined to be used here was the K-means, it is 

necessary to determine, a priori, the number of clusters k. K-means is the most popular 

clustering method for minimizing the Sum of Squared Error (SSE) [243]. Therefore, the 

elbow method was the method for determining the k clusters chosen for this study. This 

is one of the most widely used methods, which serves to measure the quality of a 

clustering structure and uses a graph where the SSE versus number of clusters is plotted 

(Figure 51) [244]. 
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Figure 51 - SSE vs 𝑘 Clusters – Elbow method. 

As we can see from the graph, the elbow is formed with 𝑘 = 7. From that number of 

clusters, the SSE value starts to decrease more slowly. This leads us to believe that from 

that point, the clusters formed are smaller clusters formed from the ones chosen 

previously and do not add improvements to the SSE [245]. Thus, the number of clusters 

chosen for this study is 7. Based on Figure 52 it is demonstrated how the clusters are 

divided in the first three variables coming from the PCA. 

 

Figure 52 – Each Clusters represented in the first 3 Principal Components. 

Then, we have 7 observable states that are ordered in descending order, where the first 

cluster has a larger amount of data and the last cluster has the least amount. This aims 

to ensure that observable state 7 is the rarest to happen and observation 1 the one that 
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happens more often. This could mean that the first observable states are related to the 

good functioning of the component while the last states could represent the bad 

functioning. This will be subsequently classified by the HMM method. Now, the clusters 

are defined, being represented in a temporal form, as can be seen in Figure 53. 

 

Figure 53 - Time series of clusters over study time. 

4.2.2.6 Hidden Markov Models (HMM) 

In this last phase, the observable states are classified and converted into hidden states 

through the HMM method. For this purpose, three hidden states were chosen, 

corresponding to the diagnosis of the component under study and representing 

respectively: 1𝑠𝑡 State of Good Operation; 2𝑛𝑑 State of Warning; 3𝑟𝑑 the State of Bad 

Operation. 

First, the HMM model must be trained, using the Baum-Welch algorithm, to determine 

their 𝜆 parameters. After training, it is possible to determine which hidden state sequence 

best represents the observable states over time. For this, the Viterbi algorithm is used. 

Starting with training, as we saw in the description of the methodology, it is necessary to 

divide the observable states into training data and test data. As is common practice in 

ML, for the training data 70% of the data is used and for the test 30%. Then, after 

performing the training of the HMM model with the training observations it is possible 

to generate, through the λ parameters, a sequence of observations with the same size as 

the sequence of observations of the test data. Thus, as explained in the methodology, it 

is possible to determine the accuracy of the model by dividing the number of successfully 

validated estimates for all types of events or state classes of a system by the entire 

condition monitoring of a system [126], [153]. To determine the sequence, it is necessary 

to overlap of the observable states created by the HMM model with the actual 30% 
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observable states from clustering and determine the accuracy of the model, the following 

equation is used (Eq. 60): 

 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  (∑

(𝐻𝑀𝑀𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 = 𝐷𝑎𝑡𝑎𝑇𝑒𝑠𝑡)

𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠

) ∗ 100 Eq. (60) 

 

As the HMM parameters, 𝜆, are based on probabilities, each sequence of observations 

can be different. As such, 10,000 sequences of observations were created, and the 

respective accuracy was calculated for each of them. Then, the model's accuracy was 

averaged. For this model, with seven observable states and three hidden states, the model 

only obtained an accuracy of 32.26%. 

To understand the low evaluation of the model, some tests were made with other HMM 

models, where the number of hidden states was varied and the order of the signal of 

observable states was modified. That is, the signal was divided into 40%, 30% and 30% 

temporal blocks. After that, the 30% temporal blocks were changed, leaving the signal 

altered as is shown in Figure 54. 

 

Figure 54 - Original Observations and Modified Observations. 

Once the signal order is switched, all observations are now in the training data. So, here 

the goal is to understand if the signal size has an impact on the accuracy of the model. 

The HMM is a model that needs that all observations to have occurred in the training 

phase for it to perform well, whose results are presented in Table 10. 
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TABLE 10 – ACCURACY AND LOG-LIKELIHOOD FOR EACH SEQUENCE OF OBSERVATIONS AND DIFFERENT NUMBER OF 

HIDDEN STATES 

 Real Observation from K-means Changed Signal 

Nº. of Hidden States 3 

Accuracy 0.32264367816091954 0.48747126436781607 

Log-Likelihood -248.86347140364788 -285.5781288565171 

Nº. of Hidden States 4 

Accuracy 0.2695402298850575 0.6603448275862069 

Log-Likelihood -245.69196936616808 -282.9993414180359 

Nº. of Hidden States 5 

Accuracy 0.27206896551724136 0.7096551724137931 

Log-Likelihood -244.29181521910746 -278.9731023761346 

Nº. of Hidden States 6 

Accuracy 0.37091954022988505 0.7295402298850575 

Log-Likelihood -242.7765380922869 -278.67744793543966 

Nº. of Hidden States 7 

Accuracy 0.3671264367816092 0.7045977011494253 

Log-Likelihood -242.77622604230996 -278.7458634574436 

As can be seen in the results obtained in Table 10, there is an improvement in the model 

evaluation when we change the sign of observable states and put all observations in the 

training data. Based on this, it can be inferred that model has a more complete training 

when the Baum-Welch algorithm uses all observations coming from clustering. Together 

with Accuracy, it was also calculated the logarithmic probability, which is responsible for 

characterizing the ability of the model to adapt to the observations and, consequently, to 

use the Viterbi algorithm. The log-likelihood is calculated to verify that each data 

sequence fits the model [246]. We can verify from Table 10 that the log-likelihood values 

are all in the same order of magnitude. This means that although the model does not 

have good Accuracy, because the sequence of observations is short and there are no cycles 

of repetitions of observations, it is able to adapt to the observations and make a good 

classification of the hidden states. The model would have better accuracy if the sequence 

of observable states was longer, collected over a longer period, where there was already, 

at least, one cycle of observations represented in the training data. 

Once we have verified that the algorithm performs well in the classification of hidden 

states, we can now apply the Viterbi algorithm to the original set of observable states with 

the training parameters defined by the Baum-Welch algorithm. Based on this, we obtain 

the sequence of hidden states demonstrated in Figure 55. The traffic light method was 

applied where the green colour is represented for state 1, yellow represents state 2 and 

red colour state 3. 
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Figure 55 - Health status of the equipment over time with traffic light signalling for each of the states. 

4.3 Methodology and results to prognostic 7 days ahead in 

the equipment patterns 

This methodology gave origin to a paper submitted to the Energies journal, indexed 

Scopus, evaluation Q1, with DOI: 10.3390/en16062651 (Appendix D). Aims to 

demonstrate a methodology for diagnosis and prognosis of production equipment, 

namely a drying press used in the paper industry, using several unsupervised ML and 

DNN tools. Through the generation of features in time windows and the use of several 

ML tools, such as dimensional reduction and clustering, it is possible, through HMM, to 

classify the health state of the equipment. To perform the prognosis and predict in a 

period of 7 days ahead, the state of health of the equipment used the GRU tool, that 

directly manages the Inputs and Outputs of the HMM. With this, 3 hidden states are 

classified, resulting from the HMM, representing the status of the equipment: State 1 - 

Good Operation; State 2 - Alert; State 3 - Bad Operation. 

4.3.1 Methodology 

To better explain the methodology used in this study, we can return to the diagram 

represented in Figure 56, where the whole process is schematised. 
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Figure 56 - Methodology used to perform the diagnosis and prognosis of the state of health of a production 

equipment. 

The methodology starts by collecting data over time, through several different sensors, 

𝑋𝑝(𝑡), attached to the production equipment. After collecting the data, it goes through a 

cleaning stage. Here, the goal is to eliminate or replace incoherent data that reduce the 

integrity of the dataset and, consequently the predictive capacity of the methodology 

created. Next, a phase of optimization of the observations collected by the sensors is 

performed, called the optimization phase of observable states. The goal is to improve the 

observations collected by the sensors to give input to the HMM algorithm, which will 

then map into hidden states. Therefore, the optimization of observable states will start 

by a Features Generation (FG) step in the time domain. In this way, it will be possible to 

obtain more information about the data, since continuous and time-varying features can 

predict possible failures [154]. This step allows, through the created features to acquire 

more and better information, enhancing the prediction performance compared to the 
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original signals [155]. To create the features, it is first necessary to use a temporal window 

processing method [154]. Thus, temporal windows can be created with variable time 

intervals, depending on the study that is being performed. The method is used in the time 

domain, where several features are generated that can obtain more information about 

the health status of the equipment. For this purpose they were used characteristics 

collected from the following papers: [153], [156], [237], [238]. 

By creating features in the time domain, the number of variables has increased. It is 

necessary to make a feature selection and, consequently a dimensional reduction. For 

that, it is used the PCA method. This method is responsible for creating new features, the 

PCs, which retain more data variance and, therefore more information. In this way, it is 

possible to work with more valuable features and, at the same time, to solve the curse of 

dimensionality and increase computational capacity. PCA is among the most widely used 

dimensional reduction and data compression methods, demonstrating superior 

performance in terms of reconstruction error [175]. The decision-making process is 

accelerated from the perspective of equipment health diagnosis due to the reduction of 

class representation [174]. Furthermore, PCA is applied to remove the highly correlated 

features based on the correlation matrix. Since highly correlated features lead to 

overfitting, this step will increase the prediction accuracy of the model [247]. The data is 

transformed into uncorrelated features that help in converting data from a high-

dimensional space to a low-dimensional one, retaining as much information as possible 

[248]. It also considers the potential correlations between the response variables without 

increasing the computational complexity [249]. To improve the input of the variables in 

the PCA method, since they have large differences in amplitudes, it is necessary to use 

standardization of the data. In this way, the amplitude of the initial continuous variables 

will contribute equally to the analysis. We thus guarantee that variables of higher 

amplitudes will not overlap with features of lower amplitudes, and not cause one-sided 

results [160]. Therefore, to transform the data into comparable scales, the Z-Score 

standardization (Eq. 61) is used, being each feature value subtracted from the mean and 

divided by the standard deviation. This ensures that all features are standardised to a 

mean of 0 and standard deviation of 1. 

 
𝑍𝑠𝑐𝑜𝑟𝑒 =  

𝑥𝑖 − 𝑋̅

𝑠𝑡𝑑𝑑𝑒𝑣(𝑋)
 Eq. (61) 

After passing through a standardization, the data enter into the PCA algorithm which 

will be responsible for reorienting the orthogonal axes moving them in the direction of 

the biggest variability of the data. These new axes will be called Principal Components 

and contribute to improving data visualization and evaluation so, the differences 
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between observations are more visible. The original data are mapped to a new vector, 

transforming the original response variables into uncorrelated principal components 

[249]. PCA is also a method that matches very well when clustering is needed later, as is 

the case with this methodology [156]. PCA uses techniques of projecting high-

dimensional spaces to lower-dimensional subspaces, trying to retain all relevant 

information [250]. 

After creating the new variables, the PCs will feed into the clustering process. This is a 

multivariate analysis technique used to understand the degree of similarity between data 

and their classification into different clusters [190], [201]. Clustering is performed in a 

temporal manner to understand which clusters are forming over time. They are ordered 

in a decreasing order relative to the amount of data they have. In this way, cluster 1 is the 

one with the most data and the last cluster has the least amount of data. Cluster one will 

be the one that appears most frequently over time and the last cluster, since it has less 

data, is the one that appears most rarely. The clustering in this methodology is performed 

by the K-means algorithm. This is an unsupervised learning algorithm, used to highlight 

the intrinsic properties and laws of the data [199]. This algorithm was chosen because it 

is [199], [251]: easy to use; easy to implement; has fast convergence; has strong 

interpretation ability; has ability to handle large amounts of data effectively. K-means is 

among the most fruitful methods for data mining, summarization probability density 

estimation and many other essential tasks [252]. It is among the most widely used 

algorithms in data analysis due to the conciseness of its results and its high scalability 

[253]. It is suitable for large-scale original failure scenario reduction [254]. To start the 

algorithm, it is first necessary to choose the number of clusters, k. It aims to minimize 

the Sum of Squared Error (SSE) of the distances between the data points and the centroid 

of the assigned cluster. The distance between the data points and the centroid of the 

cluster is calculated allowing the data to be assigned to the closest cluster. These 

calculations are repeated several times until convergence [201]. Once the clusters are 

created, they can now be managed as observable states where each cluster represents an 

observation - these will be the new inputs to the HMM. Through the observable states, 

created by k-means, the HMM will be able to train and, subsequently map the 

observations into hidden states, which will represent the diagnosis of the equipment. 

Since the HMM has a hidden layer and an observable layer, it fits well with the detection 

procedure whose spectrum states are unknown, but the receiver can be obtained [255]. 

In this case, the collected and processed observations come from the sensors and the 

hidden states that represent the health state of the equipment. Then, the HMM aims to 

determine the best sequence of hidden states applied to the sequence of observable states 

over time. For this methodology, three hidden states are defined, corresponding to the 
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health state of the equipment. Namely: State 1 represents the "Well-Functioning State"; 

state 2 represents the "Warning State"; state 3 represents the "Failure State". Then, the 

first step of the HMM is to determine, through the observable states, which are the best 

λ parameters for the model [256]. For this, the Baum-Welch algorithm is used, which 

will determine which model parameters can best justify the sequence of observable 

states. Mathematically explained, 𝜆 is determined, such that the probability, 𝑃(𝑂|𝜆), of 

the observation sequence O, given the model 𝜆, is maximized [257]. Baum-Welch 

determines the maximum probability of the model parameters based on the observed 

state sequence [258]. Having obtained the model parameters, it is possible to perform 

the diagnosis of the equipment through the hidden states. To determine which hidden 

states best apply over time, the Viterbi algorithm is used. This algorithm uses dynamic 

programming to find the maximum likelihood path and, finally to perform a prediction 

of the HMM [258]. The most likely sequence of hidden states, called the Viterbi path, 

results in a sequence of observed events [259]. HMM can then be used to perform 

diagnosis classification of equipment since it is a suitable model for continuous dynamic 

signals under processing [260]. The function of HMM is to determine the most probable 

sequence of hidden states (equipment diagnosis), using for this the sequence of 

observable states (clusters coming from the K-means). In statistical learning theory, the 

HMM is most efficient in pattern recognition processing [260], and has often been used 

for: recognising changing behaviours of dynamic features of a system [256]; modelling 

time series-based phenomena, due to their computational efficiency and, because they 

can be used to build data-driven models that provide characteristic indicators [257]; 

modelling non-stationary and complex random physical processes of machine condition 

deterioration, being able to perform both monitoring and diagnosis [261]. 

After performing the diagnosis with the HMM method, the equipment's prognosis can 

follow. That is, to predict the health state of the equipment in the future. For this, a DNN 

method is used for time series prediction. DNN is one of the most active and promising 

areas of research, being the most used algorithms [236]: the Recurrent Neural Network 

(RNN), the Long Short Term Memory (LSTM), the Convolution Neural Network (CNN), 

and the Gated Recurrent Unit (GRU). For the methodology developed in this thesis, the 

GRU Network is going to be used since it is a simplification of the LSTM architecture, 

able to avoid gradient problems and to train faster due to fewer tuning parameters [262]. 

According to recent studies, recurrent units tend to become simpler, requiring the use of 

RNNs with fewer memory requirements and less demanding training algorithms. GRU 

can solve the escape gradient problem of a standard RNN because it uses the so-called 

update and reset gate, which are the two vectors that decide what information should be 
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passed to the output [236]. The GRU network, as the author explains, has as special 

feature the fact that it can be trained to keep long-term information without forgetting 

information or removing information that is irrelevant to the prediction. Therefore, GRU 

is the neural network used in this methodology to make the prediction of a few days 

ahead of both the observable and hidden states. This is done to figure out which of the 

cases will get better results in the GRU model. This GRU network is also a good option 

for this type of analysis, since both in the observable and hidden states, the amount of 

data is smaller. GRU shows better results on smaller and less frequent datasets [263], 

[264]. This is one of the advantages compared to the LSTM architecture. GRU has as 

powerful cells as the cells of LSTM, even for smaller datasets [264]. 

4.3.2 Results 

4.3.2.1 Data preparation 

The data used for this study were collected in a paper industry company, taken from 

sensors placed in a pulp drying press. The purpose of this equipment is to remove the 

moisture from the pulp, being an important process regarding the production flow to the 

finished product. This makes that this equipment needs a PdM maintenance. To perform 

this type of maintenance, 6 sensors were attached to the equipment, which collects data 

every 5 minutes. To perform multivariate analysis, each sensor collects data of different 

magnitudes, namely: Current; Hydraulic Level; Torque; Pressure; Rotation Speed; 

Temperature. Through multivariate analysis, it is possible to obtain a better picture of 

the state of health of the equipment. The data supplied by the company has a history of 

approximately one year, containing 83,329 data collected by each of the sensors (Figure 

57). 
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Figure 57 - Data collected by the sensors. 

Since the process of data collection is done in an automated way there may be some 

weaknesses, then it is necessary to perform a data preparation. The aim here is to 

improve the quality and integrity of the data set, because inaccurate or incorrect values 

decrease the quality of diagnosis and prognosis of the equipment. To find meaningful 

information from big data, it is essential to perform data pre-processing. This step is of 

utmost importance to ensure reasonable results, aiming the analysis with exploratory 

data mining, classification or building a good and robust prediction model [132]. In this 

way, a data cleaning was performed to remove all inconsistencies and increase its quality. 

All duplicate data, non-existent data and zeros were replaced by the mean of the 

respective signal. No filter was added because it could remove values that would not be 

outliers, but values that could represent equipment malfunction. So, these values were 

kept to increase and add value to the prediction. The equipment downtimes were also 

replaced by the respective average of each signal. This was done because the stops could 

be confused with equipment malfunction and, consequently reduce the model 

prediction. To detect equipment downtimes an algorithm was created which, when the 

current, torque, pressure and speed were below a certain threshold at the same time, it 

is seen as an equipment downtime (Figure 58). After all this preparation, the data used 

for the study are shown in Figure 59. 
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Figure 58 - equipment stoppage over time. 

 

Figure 59 - data after cleaning and preparation. 

4.3.2.2 Feature Generation 

In this phase, the data prepared in the previous phase are used and divided into temporal 

windows. The objective is to make a feature generation for each one of the temporal 

windows. For that, the features are represented in Table 11. 
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TABLE 11 - TIME DOMAIN FEATURES 

Parameter Mathematical Equation Parameter Mathematical Equation 

Mean 
𝑇1 =

∑ 𝑥(𝑛)𝑁
𝑛=1

𝑁
 

A Factor 
𝑇12 =

𝑇5

𝑇2. 𝑇3
 

Standard 

Deviation 𝑇2 = √
∑ (𝑥(𝑛) − 𝑇1)2𝑁

𝑛=1

𝑁 − 1
 

B Factor 
𝑇13 =

𝑇7. 𝑇8

𝑇2
 

Variance 

𝑇3 = (
∑ √|𝑥(𝑛)|𝑁

𝑛=1

𝑁
)

2

 

SRM 

𝑇14 =  (
∑ √𝑥(𝑛)𝑁

𝑛=1

𝑁
)

2

 

RMS 

𝑇4 =  √∑ (𝑥(𝑛))𝑁
𝑛=1

2

𝑁
 

SRM Shape 

Factor 
𝑇15 =

𝑇14

𝑇1
 

Absolute 

Maximum 

𝑇5 = max |𝑥(𝑛)| Latitude 

Factor 
𝑇16 =

𝑇5

𝑇14
 

Coefficient of 

Skewness 

𝑇6

=  √
∑ (𝑥(𝑛) − 𝑇1)𝑁

𝑛=1
3

(𝑁 − 1)𝑇2
3  

Fifth Moment 𝑇17

= √
∑ (𝑥(𝑛) − 𝑇1)𝑁

𝑛=1
5

(𝑁 − 1)𝑇2
5  

Kurtosis 

𝑇7 = √
∑ (𝑥(𝑛) − 𝑇1)𝑁

𝑛=1
4

(𝑁 − 1)𝑇2
4  

Sixth 

Moment 

𝑇18

= √
∑ (𝑥(𝑛) − 𝑇1)𝑁

𝑛=1
6

(𝑁 − 1)𝑇2
6  

Crest Factor 
𝑇8 =

𝑇5

𝑇4
 

Median 𝑇19 = 𝑚𝑒𝑎𝑑𝑖𝑎𝑛 𝑥(𝑛) 

Margin Factor 
𝑇9 =

𝑇5

𝑇3
 

Mode 𝑇20 = 𝑚𝑜𝑑𝑒 𝑥(𝑛) 

RMS Shape 

Factor 
𝑇10 =

𝑇4

1
𝑁

∑ |𝑥(𝑛)|𝑁
𝑛=1

 
Minimum 𝑇21 = min 𝑥(𝑛) 

Impulse 

Factor 
𝑇11 =

𝑇5

1
𝑁

∑ |𝑥(𝑛)|𝑁
𝑛=1

 
  

Time windows of 6h were created to cover 4 daily operation shifts. For each time window 

there is a set of 72 data for a total of 1158 windows. Since 21 features are generated for 

each one of the 6 sensors, a matrix of 1158*126 is created. 

4.3.2.3 PCA 

Now, the 1158*126 matrix from the previous step, it will go through the PCA method. 

Here, a dimensional reduction will be done where new characteristics will be created, the 

PCs. In this way it will be obtained a new matrix with a lower dimension that, later will 
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be input to the K-means. The goal of this step is to increase computational speed and use 

more important features for prediction. The PCs created will be oriented in the direction 

of greater data variability so, the first PCs contain most of the information of the entire 

data set. 

Since the data coming from the FG are very scattered, possessing different amplitudes, 

first it is necessary to restart a Z-Score standardization (Figure 60). 

 

Figure 60 - Features standardized over study time. 

After the standardization, the features enter the PCA. Through the study of eigenvectors 

and eigenvalues, we can verify that 10 PCs preserve about 85% of the data variance. This 

can be verified, in Figure 61, through the Pareto chart created. 

 

Figure 61 - Percentage distribution of data variability by each PC. 
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In this way, the initial matrix of 1158*126 becomes an inferior representation with 

dimension 1158*10. 

4.3.2.4 K-means 

The PCs now go through a clustering process whose goal is to group the data by similarity 

gathering in the same cluster the data are most identified. The k-means is the algorithm 

responsible for clustering the data, with the following procedures [190], [213], [251], 

[253], [265]: 

• Choose the initial number of clusters 𝑘.  

• Randomly select the k initial centroids 𝑐𝑗,   𝑗 = 1,2, … , 𝑘 in the observations. 

• Calculate the distance between observation and the initial centroid and assign the 

observed object to the cluster closest to the result (Eq. 62). 

 

𝑑𝑖𝑠𝑡(𝑥𝑖 , 𝑐𝑗) = √∑(𝑥𝑖,𝑑 − 𝑐𝑗,𝑑)2

𝑑

𝑗=1

 Eq. (62) 

• Define a new centroid based on the average of the group variables (Eq. 63). 

 𝑐𝑗 =
1

𝑁𝑗

∑ 𝑥𝑖

𝑥𝑖∈𝑆𝑗

 Eq. (63) 

• Repeat Step 3 using the new centroid until the observed objects are not relocated 

to another group.  

This process is iterated, moving the centroids to minimise the total variance within the 

cluster [195]. There are two conditions to terminate the iteration [192], [199], [251]: the 

specified number of iterations is reached; there are no further changes to the centroid of 

the cluster. For this study, the second form is used. 

To start the K-means algorithm it begins choosing the number of clusters that best fit 

this dataset. The Elbow method is used to support the decision of choosing the number 

of clusters. This is one of the most used methods that uses Sum of Squares Error (SSE) 

versus 𝑘 Clusters (Figure 62). 
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Figure 62 - Elbow method for choosing the ideal cluster number. 

As can be seen from the graph created, the elbow is created between the values of 𝑘 = 4 

until 𝑘 = 6. It is from these values that SSE decreases more slowly, which means that 

from 𝑘 = 6 no more worthwhile clusters are created. To help deciding which k value to 

choose between 4 and 6, a silhouette study was also done (Figure 63) to help deciding 

the optimal k choice. Through the silhouette graph (Figure 63) we can verify that, among 

𝑘 = 4, 𝑘 = 5 or 𝑘 = 6, 𝑘 = 4 is the one with the highest silhouette index. Thus, K-means 

will group the data for a set of 4 clusters. 

 

Figure 63 - Silhouette method to define the optimal number of clusters. 
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The silhouette index is also a widely used method for determining the number of clusters 

in the K-means algorithm. It takes into consideration measures of coherence and 

separation of events in a cluster [187]. According to the author, the silhouette function 

calculates the average silhouette coefficient of all samples based on the average Intra 

cluster distance and the average distance of the nearest cluster for each sample, and its 

index varies between [−1,1] [187]. Higher index values represent good solutions for 

clustering. 

Once cluster number is chosen and clustering is done, where the clusters are sorted in 

descending order, we can see their representation in temporal form (Figure 64). Cluster 

1 is the one with the most points, then it is the one that appears most often. On the 

contrary, cluster 4 is the one that happens more rarely. 

 

Figure 64 - Clusters movement over time. 

4.3.2.5 HMM 

We now begin the classification phase which aims to make the diagnosis of the health 

state (condition) of the equipment. For this purpose, three hidden states are defined for 

the HMM model: Hidden State 1 represents the "good working state; State 2 represents 

the "alert state"; State 3 is the "bad working state". The HMM is a doubly stochastic 

model where there are probabilities of emission from each observable state (Clusters 

coming from the HMM) to each hidden state (equipment diagnosis) and probabilities of 

transition between the hidden states. 



 

 140 

First, the observable states are used to train the HMM model. For this purpose, the 

Baum-Welch algorithm is used to maximize the expectation to find local maxima of 

P(O|λ) [257]. Thus, we obtain the best possible parameters for the selected sequence of 

observations which, in this case, is a sequence of clusters over time. The training 

algorithm is then responsible for determining: the transition probability between hidden 

states 𝐴 = 𝑎𝑖𝑗; the probability of emission of observable states into hidden states 𝐵 = 𝑏𝑗𝑘; 

the probability of the initially hidden state 𝜋𝑖. 

After obtaining the parameters of the trained model, the model is evaluated by 

calculating Accuracy. To do this, initially the sequence of observable states is temporally 

divided into training data (70%) and test data (30%). After training the model with 70% 

of the training data and obtaining the model parameters, it is possible to create a 

sequence of observations with the same number of samples as the test data. Once this is 

done you can determine the Accuracy by determining the number of times the observable 

states generated coincide with the real ones (Eq. 64). 

 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

∑(𝐻𝑀𝑀𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 = 𝐷𝑎𝑡𝑎𝑇𝑒𝑠𝑡)

𝑛𝑆𝑎𝑚𝑝𝑙𝑒𝑠

∗ 100 Eq. (64) 

Since the HMM parameters represent probity matrices and the generated sequences are 

not always equal, 10000 sequences were generated, and the Accuracy was calculated for 

each one of them. After that, it was made the average of all Accuracy, having been 

obtained the value of approximately 72%. This represents a good Accuracy value showing 

that the model was well-trained and that it can now proceed to the determination of the 

sequence of hidden states. Using the observable states and the trained model parameters, 

the Viterbi algorithm can be used to determine the most likely sequence of hidden states. 

Figure 65 shows the evolution of the hidden states and the respective diagnosis of the 

equipment throughout the study period. 
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Figure 65 - Hidden states movement over time. 

4.3.2.6 Prognostic with GRU model  

Once the diagnosis has been completed, we can now proceed to a prognosis about the 

equipment health state. To do so, the GRU tool will be used. The network is prepared for 

both the observable states and the hidden states of the HMM to make a prediction of a 7 

day ahead. Using the recurrent neural networks with the encoder and decoder structure, 

a prediction of the observable states in a period of 7 days forward, which corresponds to 

one week, was performed. A GRU recurrent neural network of 5 units was created with a 

delay window of 3 days, which corresponds a prediction of 7 days for the observable 

states, as is shown in Figure 66. The net structure presents a Relu activation function in 

both the first and second layers. After the prediction is made by the GRU net, it is 

necessary to use the Equation 65 to scale the predicted data to the scale of the observable 

states. That is, the goal is to scale the predicted data, 𝑥𝑛, to the same values of the 

observable states, as is shown in Figure 67. 

 𝑆𝑐𝑎𝑙𝑒𝑉𝑎𝑙𝑢𝑒𝑠 = 𝑟𝑜𝑢𝑛𝑑 ([𝑥𝑛 − min(𝑥𝑛)] ∗ [
𝑛𝑆𝑡𝑎𝑡𝑒𝑠 − 1

max (𝑥𝑛 − min (𝑥𝑛))
]) + 1 Eq. (65) 
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Figure 66 - Prediction made by the GRU network for the sequence of observable states. 

 

Figure 67 - Prediction performed by the GRU network with predicted values scaled to the sequence of 

observable states. 

To validate the model, the following evaluation methods were used: Mean Absolute 

Percentage Error (𝑀𝐴𝑃𝐸) (Eq. 66); Root Mean Square Error (R𝑀𝑆𝐸) (Eq.67); Mean 

Absolute Error (𝑀𝐴𝐸) (Eq.68); 𝑅2 (Eq.69). 

 
𝑀𝐴𝑃𝐸 =  

1

𝑛
∑

|𝑥𝑖 − 𝑦𝑖|

𝑥𝑖

𝑛

𝑖=1

 Eq. (66) 
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𝑅𝑀𝑆𝐸 = √

∑ (𝑦𝑖 − 𝑥𝑖)2𝑛
𝑖=1

𝑛
 Eq. (67) 

 
𝑀𝐴𝐸 =

1

𝑛
∑ |𝑥𝑖 − 𝑦𝑖|

𝑛

𝑖=1

 Eq. (68) 

 
𝑅2 = 1 − ∑

(𝑥𝑖 − 𝑦𝑖)
2

(𝑥𝑖 − 𝑦̅𝑖)
2

𝑛

𝑖=1

 Eq. (69) 

 

Where:  

𝑥𝑖 – is the actual value; 

𝑦𝑖 – is the value predicted by the model; 

𝑛 – is the total number of observations. 

For each preceding evaluation method, the following values were obtained, respectively: 

5.49, 0.33, 0.086 and 0.68. Through the observation of these values, it is possible to 

conclude that the model had a good evaluation. 

The same network with the same architecture was used to make the 7 day ahead 

prediction in the hidden states, i.e., directly in the designation of the equipment health 

state. Only the activation function of the last layer was changed from Relu to sigmoid. 

The 7-day prediction was performed resulting as is shown in Figure 68. The same scaling 

process is performed for the predicted values to be at the measure of the hidden states 

(Figure 69). Also, applying the same evaluation method through the error calculations of 

𝑀𝐴𝑃𝐸, 𝑅𝑀𝑆𝐸, 𝑀𝐴𝐸 and 𝑅2, the following values were obtained, respectively: 2.79, 0.22, 

0.035 and 0.71. 
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Figure 68 - Prediction made by the GRU network for the sequence of hidden states. 

 

Figure 69 - Prediction performed by the GRU network with predicted values scaled to the sequence of 

hidden states. 

4.4 Methodology to diagnose the equipment condition 

and reading devices status 

This methodology gave origin to a paper submitted to the Sensors journal, indexed 

Scopus, evaluation Q1, with DOI: 10.3390/s23052402 (Appendix E). Aims to 

demonstrate how the health status of production equipment and reading devices can be 

detected. In other words, through the same set of data, a methodology that can extract 
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two different pieces of information is explained. Through feature generation, it is 

possible to obtain distinct information from the same data set. First, through temporal 

correlations is determined the health state of the production equipment. After that, an 

HMM filter is made where all the values of the original signal that occur during periods 

of malfunction of the production equipment are eliminated. Thus, only remain the errors 

due to deviations in the sensors. To demonstrate this methodology, it was simulated a 

signal with equipment error and a deviation in one of the sensors. 

4.4.1 Methodology and simulated signal results 

4.4.1.1 Signal Simulation 

To explain the methodology developed, a multivariate signal was created with 4 non-

redundant sensors (Figure 70). Each sensor is responsible for measuring a different 

physical phenomenon. Two different types of failure were simulated to the signal, one 

being a failure assigned to the production equipment and another to the reading 

equipment. The first failure simulates a fault of the production equipment where all 

sensors react to changes in the equipment’s behaviour. After performing maintenance, 

the sensors returned to the normal operational functioning in the production equipment. 

The second fault simulates the error of one of the sensors, who is the only one that had a 

deviation in the data collection. Since no other sensor had a measurement deviation 

reaction in that period of time, this leads that it is an error of the reading equipment and 

not of the production equipment. 
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Figure 70 - Simulated signal with production equipment error and deviation in one of the sensors. 

For the operation of this methodology, it is necessary to group the sensors based on their 

correlation in the occurrence of equipment failure. That is, it is necessary to choose a 

group of sensors that react to the failure of the production equipment since the model 

performance is based on the correlation among the sensors [266]. Modelling methods 

developed for non-redundant sensor groups require that the sensors in a single model 

contain related information (e.g., temperature and pressure of a gas), usually identified 

by linear correlations or a physical understanding of the measurement relationships 

[267]. In multivariate analyses with a heterogeneous sensor set, where there are two or 

more sensors, there is always the possibility that two or more variables are correlated 

[268]. Methodologies developed for non-redundant sensor groups will, usually, work 

well on a redundant sensor set. Heterogeneous sensor data tends to exhibit a robust 

correlation in space and time, improving the anomaly detection problem [269]. 

Therefore, the use of multiple sensors can improve the performance of any individual 

sensor [270]. 

When analysing the correlations of the simulated signal sensors (Figure 71), the 

correlation is only high when there is a change in the behaviour (fault) of the production 

equipment. During the rest of the time, the correlation among sensors is practically zero, 

even when there is a deviation in one of the readings devices. 
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Figure 71 - Correlations presented in each one of the phases of the simulated signal. 

4.4.1.2 Generation of Correlation Features 

Feature generation and selection, depending on the problem at hand, are among the first 

steps to be performed in any Machine Learning (ML) modelling [271]. In this case, the 

goal is to create correlation values over time to determine nonsense correlations and 

detect production equipment failures. To do this, it is necessary to join a dataset in blocks 

[271]. Time windows are created, where depending on the length of each window it will 

have a certain set of samples. After creating the temporal windows, it is possible to 

determine the correlations for the defined time period. To increase the relationship 

between all the sensors, first, the subtraction and ratio between all of them were done. 

The methodology was tested without this step without obtaining such good results. Then, 

after increasing the ratio between the variables, the temporal windows were created, with 

𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑛}, where n represents the number of samples per window. In this 

simulation, temporal windows with 288 samples were chosen. Based on this, we 

obtained 833 temporal windows since the simulated data set had a size of 24000 

observations (Table 12). If the data were collected every 5 min, this would mean that the 

time windows were one day. 

  



 

 148 

TABLE 12 - TIME WINDOWS WITH DATA SUBTRACTED AND RATIOS BETWEEN EACH SENSOR PAIR 

 Col 1 

Sensor1-Sensor 2 

Col 2 

Sensor 1 - Sensor 3 

(…) Col 24 

Sensor 4 / Sensor 3 

 

𝟏𝒔𝒕 Chunk 

60.633244195683154 

59.64240130685382 

(…) 

59.262459386540584 

79.78937757904451 

79.86135304565789 

(…) 

79.87646380056816 

(…) 3.0538616746523806 

3.062736422782496 

(…) 

3.4567110848650304 

 

𝟐𝒏𝒅 Chunk 

59.82199978785137 

60.19302454746067 

(…) 

60.122575793590606 

78.56797868615018 

78.74172104561583 (…) 

80.59289809317407 

(…) 3.0538616746523806 

3.062736422782496 (…) 

3.4567110848650304 

(…) (…) (…) (…) (…) 

 

𝟖𝟑𝟒𝒕𝒉 Chunk 

100.12391557061736 

99.36665172104591 

(…) 

100.67188973084929 

119.97019459713032 

119.88307859672575 

(…) 

120.40164877024282 

(…) 3.210611636252731 

3.3163521246018797 

(…) 

3.2317746352961993 

After creating the temporal windows, we can now generate the correlation features 

between each of the columns (Table 13). In the case of multiple sensors, performance can 

be improved by performing a cross-correlation between all paired sensor combinations 

[270]. Correlation is a mathematical operation that allows portraying how two or more 

variables fluctuate together [272]. A Spatial-temporal correlation exists to define several 

physical phenomena. Spatial correlation is responsible for mapping the correlation 

among two or more variables in time 𝑡 [273], [274]. There are several correlation 

measures that can support expressing the fluctuation between variables. As the 

preceding authors explain, correlation can be defined as a degree of linearity between the 

variables 𝑋 and 𝑌. The level of correlation between the two positions is demonstrated by 

the degree of correlation, which also represents the association of structural response 

data between the two positions. Through the intervals ranging from -1 to 1, it is possible 

to determine how correlated the two variables are. The closer the correlation value is to 

1, the more correlated the two variables are. If the correlation value approaches zero, it 

means that more weakly the two variables are correlated [275], [276]. 
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Three types of correlation were used in this methodology, namely: 

Pearson Correlation 

This technique is a covariance measure of the degree of correlation between two input 

set estimates [276], and has been widely used in some research related to trait selection 

[277]. Pearson correlation between two variables 𝑋 and 𝑌 is defined as (Eq.70) [268], 

[275], [273]: 

 
𝐶𝑜𝑜[𝑋, 𝑌] =

𝐶𝑜𝑣[𝑋, 𝑌]

√𝑣𝑎𝑟[𝑋], 𝑣𝑎𝑟[𝑌]
 Eq. (70) 

 

Where:  

𝑐𝑜𝑣[𝑋, 𝑌] - is the covariance of 𝑋 and 𝑌; 

𝑣𝑎𝑟[𝑋] - is the variance of the random variable 𝑋.  

Spearman Correlation 

Unlike Pearson's correlation, which evaluates linear relationships, Spearman's 

correlation evaluates monotone relationships, whether linear or non-linear. It is a 

variant correlation measure of Pearson correlation, where observations are 

corresponding 𝑟𝑔(𝑋𝑖) and 𝑟𝑔(𝑌𝑖) ranks instead of the actual random transport values 

[268], [278]. 

It can be represented by the Equation 71: 

 
𝑟𝑠 =

cov(𝑟𝑔(𝑋), 𝑟𝑔(𝑌))

𝜎𝑟𝑔(𝑋)𝜎𝑟𝑔(𝑌)

 Eq. (71) 

 

Where: 

cov(𝑟𝑔(𝑋), 𝑟𝑔(𝑌)) – is the covariance of the variables in ranks; 

𝜎𝑟𝑔(𝑋) 𝑒 𝜎𝑟𝑔(𝑌) – are the standard deviations of the variables in ranks. 

Another popular formula for representing spearman correlation is (Eq. 72): 

 
𝑟𝑠 = 1 −

6 ∑ 𝑑1
2𝑛

𝑖=1

𝑛(𝑛2 − 1)
 Eq. (72) 

 

Where: 

𝑑𝑖 = 𝑟𝑔(𝑋𝑖) − 𝑟𝑔(𝑌𝑖); 

𝑛 – is the number of observations. 
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Kendall Correlation 

Any pair of observations (𝑥𝑖, 𝑦𝑖) and (𝑥𝑗, 𝑦𝑗), where 𝑖 ≠ 𝑗, are concordant if the ratings of 

both elements agree with each other, i.e., if 𝑥𝑖 > 𝑥𝑗 and 𝑦𝑖 > 𝑦𝑗. They are discordant if 

𝑥𝑖 > 𝑥𝑗 and 𝑦𝑖 < 𝑦𝑗 or if 𝑥𝑖 < 𝑥𝑗 and 𝑦𝑖 > 𝑦𝑗. If 𝑥𝑖 = 𝑥𝑗 or 𝑦𝑖 = 𝑦𝑗, the pair is neither 

concordant nor discordant. Kendall's coefficient τ is defined as (Eq. 73) [268]: 

 𝜏 =
𝑛1 − 𝑛2

𝑛(𝑛 − 1)/2
 Eq. (73) 

 

After generating all correlations among all columns of the Table 13, we can see how the 

features are represented over time (Figure 72). We can also see how the correlations are 

represented in tabular form (Table 13). 

TABLE 13 - CORRELATIONS BETWEEN EACH PAIR OF SENSORS IN EACH OF THE TIME WINDOWS 

 Col 1 

Corr. Pearson Col1-

Col2 

Col 2 

Corr. Pearson Col1-

Col3 

(…) Col 1656 

Corr. Kendall Col24-

Col23 

𝟏𝒔𝒕 Chunk 0.5382026016598894 0.5620274177793831 (…) 0.08560782036391794 

𝟐𝒏𝒅 Chunk 0.495471883817057 0.4213862868717626 (…) 0.1498741773132017 

(…) (…) (…) (…) (…) 

𝟖𝟑𝟒𝒕𝒉 Chunk 0.43642132554147606 0.5029634629836655 (…) 0.0557017543859649 

 

 

Figure 72 - Correlations between each sensor pair over signal time. 

  



 

 151 

4.4.1.3 Standardization 

As can be seen in Figure 72, it is necessary to perform a standardization of the data to 

ensure better prediction results [279]. It is necessary to convert the magnitude and time 

scale more uniformly [269]. Standardization is a method that is usually required in ML 

models to obtain better and more consistent results [280]. For this methodology, the 

standardization process using the Z-Score method was used to obtain a mean of 0 and a 

standard deviation of 1, i.e., 𝑍~𝑁(0,1). This method not only converts the amplitude of 

the data but also transforms its dispersion [153]. This author also explains that this 

method converts a range of variables with some mathematical heuristics, allowing all 

variables to have the same range, and can make the patterns in the data more visible. 

By applying standardization to the data, all initial continuous variables will contribute 

equally to the study. Features with larger amplitudes will not overlap with the others, 

creating inequitable results [280]. The authors also explain that it is recommended to 

scale features to the same range of values as this will also increase the speed of training. 

Standardization is one of several data transformation techniques, which has the effect of 

reducing the parameters to a common range, providing a measure that allows the relative 

importance of any factor or interaction to be more clearly identified [113]. 

After performing standardization, it is possible to better understand the behaviour of the 

data as is verified in Figure 73. In addition to all this, standardization will also allow the 

k-means clustering algorithm [281], which will be used later in the methodology, to work 

better. 

 

Figure 73 - Correlation features standardized by Z-Score over study time. 
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4.4.1.4 Dimensional Reduction through PCA 

Now, a dimensional reduction technique will be used, namely Principal Components 

Analysis (PCA). This is a fault detection method based on statistical analysis [282]. It is 

one of the most widely used methods to do feature extraction and dimensional reduction 

in ML [154], [277], [283]. It also ends up doing noise removal from the data through 

dimensional reduction [205], which will also help to improve the quality and integrity of 

the data that will be used in prediction. Feature extraction and dimensional reduction 

are done by rotating the orthogonal axes of the coordinate system. The axes are oriented 

in the direction of the greatest variability of the data. Since new features, called Principal 

Components (PCs), will be extracted, containing more information, and the processing 

speed increases. So, we will also improve the prediction ability. PCA is a statistical 

method, responsible for converting several potentially correlated variables into a new 

group of uncorrelated variables, the PCs. The number of PCs is equal to the number of 

original variables, with the first PCs having most of the information [284]. This allows 

one to choose only a few of the initial PCs to be able to extract all the desired information 

from the total data set. PCA finds a new coordinate system of the dataset centred on the 

cloud mean, with the axes being perpendicular and having maximum variance in 

descending order [285]. This means that 𝑃𝐶1 is the one with the highest variance of the 

data, 𝑃𝐶2 is the second one with the highest possible variance, under the constraint that 

it is orthogonal to the previous PC and succinctly [283]. The process of the PCA algorithm 

can be described as follows [286]: In the scaled feature space of dimension N, a direction 

that maximizes the variance of the data can be found. After that, this direction is used as 

the first principal direction and projects the dataset into a space of dimension 𝑁 − 1 by 

removing the first principal direction. The process is repeated 𝑀 times, where 𝑀 ≤  𝑁, 

and we obtain a transformed dataset in the principal dimensions. 

The new features extracted by PCA, the PCs, are generated as columns in the matrix 𝑋′. 

This new matrix 𝑋′ becomes m×n' in dimension. To keep the information of the original 

features, the default number of the desired dimension of the lower dimensional space 

𝑛′ = 𝑛 −  1, where n represents the dimensions of the original dimensional space. 

The variances of each PC are accumulated sequentially to assess the proportion of the 

original information contained in the features in different dimensions. As shown in 

Figure 74, after the cumulative variance calculation, the first 10 PCs contain about 95% 

of the variance.  
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Figure 74 - Pareto chart with the percentage of information for each PC. 

Thus, using the first 10 PCs, it is possible to preserve about 95% of the information of the 

original data. Thus, it is possible to decrease the matrix from 𝑋 = [𝑥𝑖𝑗]834∗1656 to the 

matrix 𝑋’ = [𝑥′𝑖𝑗]834∗10. 

In Figure 75 it can also be observed the movements of the new data set over the study 

time. It is already possible to identify more clearly the areas that deviate from the normal 

operating patterns of the equipment. 

 

Figure 75 - Data movement of the first 10 PCs processed by PCA. 
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4.4.1.5 Clustering through K-means 

For a high feature set, i.e., a high dimensional data set, usually, a preliminary PCA is 

performed and then, a clustering for the first few PCs [287]. Once the PCA is performed, 

then the clustering of the data is done. The goal of clustering is to [288]: 

• investigate the underlying structure of the data; 

• do classification, to determine the degree of similarity between data points; 

• do reduction, to organize and summarize data into comprehensible groups. 

For this study, the clustering algorithm used is K-means. In this algorithm, data are 

clustered based on similarity characteristics [207], [205]. Thus, well-functioning data of 

the equipment will be in the same cluster and malfunctioning data will remain in a 

different cluster. This is one of the first algorithms to be proposed and assumes that each 

data has a connection to only a single cluster and is assigned to the closest cluster [289]. 

It is an unsupervised algorithm and is popular for identifying similarities between points 

based on distance vectors [288]. One of the most used clustering methods has the 

following main advantages [203], [206], [214], [288]: brevity; simplicity; efficiency; 

speed; less computational power. Its main goal is to group similar data to detect 

underlying patterns [202]. It is necessary to initially determine a fixed number of clusters 

(k). For each k cluster, there is a centroid, which is located at the centre of the cluster. 

After defining the number of clusters, each piece of data in the dataset is assigned to the 

nearest cluster. This is done by summing the squared distances of the Euclidean 

distances between the items and the centroid (Eq. 74), minimizing the Intra cluster 

variance [202]. 

 𝑊(𝐶𝑘) = ∑ (𝑥𝑖 − 𝜇𝑘)2

𝑥𝑖∈𝐶𝑘

 Eq. (74) 

Where: 

𝑥𝑖 is the 𝑖𝑡ℎ data point of cluster 𝑘(𝐶𝑘); 

𝜇𝑘 is the mean value of the points in cluster 𝑘. 

The Total Within Cluster Variation is defined by Equation 75, with the total Sum of 

Square Error (SSE) within the cluster measuring the quality of the clustering, which 

increases as the sum of squares measures decreases [203]. 

 
𝑇𝑜𝑡𝑎𝑙 𝑤𝑖𝑡ℎ𝑖𝑛 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑣𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 = ∑ 𝑊(𝐶𝑘)

𝑘

𝑘=1

 Eq. (75) 

Therefore, according to Borlea et al. [204] and Peng et al. [205], K-means processes a 

dataset 𝐷 = {𝑥1, 𝑥2, … , 𝑥𝑛} ∈ ℜ𝑑, where 𝑥 is a dataset record defined as 𝑋𝑖 =



 

 155 

[𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑑]𝑇 ∈ ℜ𝑑 , 𝑖 = 1 … 𝑛. 𝑑 is the dimension of a dataset record and 𝑇 stands for 

matrix transpose. The algorithm divides the dataset 𝐷 into a set of k predefined numbers 

of clusters 𝐶𝑗, 𝑗 = 1 … 𝑘. Each cluster 𝐶𝑗 is composed by a centre of mass called centroid 

and defined as 𝐶𝑗 = [𝐶𝑗1, 𝐶𝑗2, … , 𝐶𝑗𝑑]𝑇 ∈ ℜ𝑑 , 𝑗 = 1 … 𝑘. The total number of points assigned 

to each cluster with the notation is n, with the cluster expression 𝐶𝑗 = (𝑐𝑗, 𝑛𝐶𝑗
). The 

centroid array defined as 𝑐 = [𝑐1
𝑇 , 𝑐2

𝑇 , … , 𝑐𝑘
𝑇]𝑇 ∈ ℜ𝑑𝑘, which represents the centroids of all 

existing clusters. The main objective of the algorithm is to minimize the intracluster 

variance (Eq. 76): 

 

𝑐∗ = 𝑎𝑟𝑔 min
𝑐∈ℜ𝑑𝑘

𝑉(𝑐), 𝑉(𝑐) =
∑ ∑‖𝑥𝑖 − 𝑐𝑗‖

𝑛𝑐𝑗

𝑖=1

𝑘

𝑗=1

𝑥𝑖 ∈ 𝐶𝑗

 Eq. (76) 

Where: 

𝑐𝑗 is the centroid of the cluster 𝐶𝑗, 𝑗 = 1 … 𝑘; 

𝑉 is the objective function or the criterion; 

𝑐∗ is the optimal arrangement of centroids. 

The K-means Clustering sequence has the following steps [202]-[204], [206]-[208]: 

• Specify the number of clusters (k); 

• Randomly select 𝑘 data points as initial centroids; 

• Assign the data set 𝑥𝑖 to the nearest centroid 𝑐𝑗, using the Euclidean distance (Eq. 

77); 

 𝑑𝑥𝑖,𝑐𝑗
= ‖𝑥𝑖 − 𝑐𝑗‖ = √(𝑥𝑖1 − 𝑐𝑗1)2 + (𝑥𝑖2 − 𝑐𝑗2)2 + ⋯ + (𝑥𝑖𝑑 − 𝑐𝑗𝑑)2 Eq. (77) 

• Then, all data points are redistributed according to the previous method to obtain 

the second clusters. Continuing in the same way, the K-means clustering algorithm 

stops until the points in each cluster do not change. 

Since the initial cluster centre, the similarity measure clustering criterion function easily 

converges to the local minimum; selecting different initial clustering centres it will lead 

to different Clustering results [209]. Thus, as this author explains, the correct selection 

of the initial clustering centre in the K-means algorithm has a great influence on the 

quality of the clustering results. To choose the optimal number of k clusters, there are 

different methods, as explained by Wickramasinghe et al. [202]. For this methodology, 

the SSE method, or elbow method, as it is better known, will be used. This is one of the 

most widely used methods for choosing cluster numbers [203]. It is necessary to use 

several k clusters and calculate the SSE for each of them. This is done by plotting the 
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graph, as represented in Figure 76, where an elbow-shaped kink is detected, that is where 

the optimal k is considered. So, this method can be performed in 4 stages [214]: 

• To run a centroid-based clustering variance of each clustering result, e.g., sum-of-

squares-errors algorithm, e.g., k-Means, for each k ∈ R; 

• To calculate the (SSE) for k -Means; 

• To plot the results on a graph; 

• To select the elbow curve in the graph. 

From the formed graphic (Figure 76), the attempt to minimize SSE stops having so much 

expression from 𝑘 = 4, and the clusters from this value will reduce the sum of squares in 

small values. In this way the number of clusters chosen was 𝑘 = 4.  

 

Figure 76 - SSE Analysis to determine the number of Clusters. 

Once the number of clusters is chosen, it is possible to proceed with the k-means 

algorithm. This algorithm will run following all the steps explained above. Once the data 

is grouped in its respective clusters, each cluster, 𝐶𝑗 , will be represented over time, as 

shown in Figure 77. The clusters 𝐶1, 𝐶2 , 𝐶3 , 𝐶4 will be considered in the new observable 

states, which were optimized from the original data through this ML tools methodology. 

The clusters formed are also sorted in descending order by the amount of data, 𝑛𝐶1
>

𝑛𝐶2
> 𝑛𝐶3

> 𝑛𝐶4
. In this way, it is possible to ensure that 𝐶1 appears most often over time 

and 𝐶4 the rarest to occur. 
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Figure 77 - Cluster (Optimal Observable States) over study time. 

4.4.1.6 Classification of production equipment behaviour through 

the HMM 

To classify the optimised observable states into equipment health states, the Hidden 

Markov Model (HMM) algorithm is used. This is a doubly stochastic process that has 

both observable and hidden states [255]. We can now use the clustering formed by k-

means, which integrate multivariate data from sensors attached to the equipment, as 

observable states to give input to the HMM model. The observable states represented at 

time instant 𝑡 are represented by 𝑂𝑡  ∈ 𝐶, = {𝐶1, 𝐶2, 𝐶3, 𝐶4}. The hidden states, which 

represent the health state of the production equipment, are represented at time instant 

𝑡 by 𝑞𝑡  ∈ 𝑆, 𝑆 = {𝑆1, 𝑆2, … , 𝑆𝑁}. As stated, HMM is a doubly stochastic process that comes 

from Markov Chains where there are only transition probabilities between states. The 

hidden states of HMM are a Markov chain, which is obtained through the observable 

states by the emission probability matrix. That is, through the observable states, it is 

possible to determine which hidden states best represent each of the observations that 

occurs at a certain time 𝑡 and thus deduce the diagnosis of the equipment. For this 

purpose, three hidden states are defined in this methodology, 𝑆 = {𝑆1, 𝑆2, 𝑆3}, to represent 

the state of health of the production equipment. Also, the hidden states will be ordered 

by several points, 𝑛𝑆1
> 𝑛𝑆2

> 𝑛𝑆3
. In this way, it is guaranteed that S1 is the one that 

happens less often and 𝑆3 the rarest to happen. This means that 𝑆1 represents the good 

working state of the equipment and 𝑆2 and 𝑆3 as they happen less, often represent the 

alert and failure states of the equipment. 
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To use the HMM and do the intended classification, the model has three basic problems 

that need to be determined [126], [153], [255]: 

• Evaluation - via the forward-backwards algorithm, calculates the probability of the 

observed fusion outcome sequence 𝑂 = {𝑂1, 𝑂2, … , 𝑂𝑇}, given the model 𝜆 =

(𝜋, 𝐴, 𝐵); 

• Training – is done using the Baum-Welch algorithm, adjusts the model 

parameters, 𝜆 = (𝜋, 𝐴, 𝐵), to maximise the probability of the observed sequence. 

That is, given a chain of observable states, which model λ best fits, 𝑃(𝑂|𝜆); 

• Prediction - solved by Viterbi's algorithm, it calculates the most likely hidden state 

sequence according to the observable sequence and the model parameters. Using 

the model, 𝜆, and the observation sequence, 𝑂, it is possible to detect the best-

hidden state sequence, 𝑆. 

So, firstly the HMM model is trained, through the Baum-Welch algorithm, using the 

observable states coming from the clusters formed by K-means. In this way, it is possible 

to obtain the parameters of the 𝜆 HMM. Using the trained parameters and the observable 

states it is possible to determine the best sequence of hidden states by using the Viterbi 

algorithm. Figure 78 illustrates the behaviour of the hidden states over time.  

 

Figure 78 - Hidden States (health states of the production equipment) over the study time. 

4.4.1.7 HMM Filter 

It is possible to verify that the developed methodology works well. The HMM was able to 

detect non-zero hidden states at the same time that the production equipment 

malfunction was simulated, having ignored the sensor malfunction. This proves that, by 
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using a correct sensor group, it is possible to detect only the behaviour of the production 

equipment. It starts with hidden state 2 due to problems with the initialization of the 

Viterbi algorithm and these initial values can be ignored. 

After determining the periods of the malfunctioning production equipment, it is possible 

to eliminate them in the original signal. For this, an "HMM Filter" is used, which uses 

the values of the hidden states over time. Then, the periods where the hidden states are 

𝑆1 or 𝑆2 are saved to, later in the original data, eliminate the data that are in the same 

epoch. To illustrate the "HMM Filter", the hidden states of the HMM were placed in the 

original data (Figure 79). In this figure is possible to verify that the HMM really detects 

only the behaviours of the production equipment. After eliminating the errors of the 

production equipment in the original signal, we left the data as is represented in Figure 

80. 

 

Figure 79 - Original signal with the HMM states overlaid. 
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Figure 80 - Original signal after HMM filter. 

4.4.1.8 Classification of sensor behaviour 

The sensor deviations are not correlated with each other, despite the correlation among 

the process variables [290]. This is verified by the methodology developed. Now, only the 

values that can contain the sensor errors are used for the study. Therefore, it is necessary 

to study individually each of the sensors to understand if they present deviations and, 

consequently need to be calibrated. The same methodology that was used above, and will 

be used with a difference in the generation of features. Now the features generated will 

be statistical features of the time domain and the methodology will be used from sensor 

to sensor. The statistical features based on the time domain provide a good basis for 

performance to characterize patterns and changes in behaviour in equipment [237]. The 

features used are represented in Table 14 and were taken from another paper that made 

detection of patterns of equipment behaviour over time [153], [156], [238]. In this way, 

we will understand the behaviour of each sensor individually since we no longer need 

their merged information. 

TABLE 14 - TIME DOMAIN STATISTICAL FEATURES USED TO DETECT SENSOR BEHAVIOUR 

Parameter Mathematical Equation Parameter Mathematical Equation 

Mean 
𝑇1 =

∑ 𝑥(𝑛)𝑁
𝑛=1

𝑁
 

A Factor 
𝑇12 =

𝑇5

𝑇2. 𝑇3
 

Standard 

Deviation 𝑇2 = √
∑ (𝑥(𝑛) − 𝑇1)2𝑁

𝑛=1

𝑁 − 1
 

B Factor 
𝑇13 =

𝑇7. 𝑇8

𝑇2
 

Variance 

𝑇3 = (
∑ √|𝑥(𝑛)|𝑁

𝑛=1

𝑁
)

2

 

SRM 
𝑇14 =  (

∑ √𝑥(𝑛)𝑁
𝑛=1

𝑁
)

2
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RMS 

𝑇4 =  √
∑ (𝑥(𝑛))𝑁

𝑛=1
2

𝑁
 

SRM Shape 

Factor 
𝑇15 =

𝑇14

𝑇1
 

Absolute 

Maximum 

𝑇5 = max |𝑥(𝑛)| Latitude 

Factor 
𝑇16 =

𝑇5

𝑇14
 

Coefficient of 

Skewness 𝑇6 =  √
∑ (𝑥(𝑛) − 𝑇1)𝑁

𝑛=1
3

(𝑁 − 1)𝑇2
3  

Fifth Moment 

𝑇17 = √
∑ (𝑥(𝑛) − 𝑇1)𝑁

𝑛=1
5

(𝑁 − 1)𝑇2
5  

Kurtosis 

𝑇7 = √
∑ (𝑥(𝑛) − 𝑇1)𝑁

𝑛=1
4

(𝑁 − 1)𝑇2
4  

Sixth 

Moment 𝑇18 = √
∑ (𝑥(𝑛) − 𝑇1)𝑁

𝑛=1
6

(𝑁 − 1)𝑇2
6  

Crest Factor 
𝑇8 =

𝑇5

𝑇4
 

Median 𝑇19 = 𝑚𝑒𝑎𝑑𝑖𝑎𝑛 𝑥(𝑛) 

Margin Factor 
𝑇9 =

𝑇5

𝑇3
 

Mode 𝑇20 = 𝑚𝑜𝑑𝑒 𝑥(𝑛) 

RMS Shape 

Factor 
𝑇10 =

𝑇4

1
𝑁

∑ |𝑥(𝑛)|𝑁
𝑛=1

 
Minimum 𝑇21 = min 𝑥(𝑛) 

Impulse 

Factor 
𝑇11 =

𝑇5

1
𝑁

∑ |𝑥(𝑛)|𝑁
𝑛=1

 
  

Applying the whole methodology individually and with the features in the time domain, 

it was possible to obtain the result represented in Figure 81. Through the hidden states 

of the HMM, we verified that only the first sensor presents significant errors, which leads 

to the need for calibration. 

 

Figure 81 - Methodology used to detect sensor errors individually.  
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Chapter 5 

Discussion 

5.1 Main results and methodology development 

The tests developed were aimed at demonstrating methodologies to determine the 

behaviour of equipment patterns. It was a gradual evolution with the objective of creating 

a unique methodology using the HMM as a classifier model of the health status of 

production equipment and reading equipment using for that the same data set. 

In the first study, a method of creating optimised observable states was developed to give 

input to the HMM. In this methodology, only 10 features were used in the time domain 

and, through the HMM, the health state of a drying press of the paper industry was 

determined. The results obtained show that the developed methodology is capable of 

detecting the health status of the equipment throughout the study time. In addition, it is 

also possible to perceive that this methodology can work online mode, on any type of 

equipment with any type of sensors. In addition, to being a generic, unsupervised 

methodology, it also detects equipment operating patterns without prior information or 

technical knowledge about the equipment. Regarding the results of this study, the 

equipment had several alert states that return to a good functioning condition, in 

principle through (preventive) maintenance. Equipment failures happened several times 

over the three years, showing the need for improvement of a maintenance strategy, 

mainly CBM. The HMM obtained good evaluation results. Through a graphical analysis, 

it can be verified that the periods where the hidden states 2 and 3 of the HMM are found, 

coinciding with the abnormal values of the original signals coming from the sensors 

(Figure 33). 

In the second study, the methodology was improved to be able to work with smaller 

datasets. For this, a DNN component was implemented, the MLP, which imputes data 

through complementary sensors to increase the dataset and, consequently improve the 

features generation component, which is the phase of generating more information about 

the data. Also, to improve this stage, new features, capable of better detecting the 

equipment behaviour, were added. Not only in the time domain but also in the frequency 

domain where, through FFT additional features can be generated in the study with 

vibration signals. Good results in fault detection can also be observed in this study. The 
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MLP demonstrated good model evaluation results and, as can be seen from the graphs 

obtained, the predicted values follow almost identically the behaviour of the original data 

(Figure 55). It can also be demonstrated the need for a dataset with all cycles of 

behaviours to train the HMM. But, it was shown through loglikelihood that the model 

was able to adapt the optimized observable states succeeding in making a good prediction 

of the hidden states (Table 10). Not only by the mathematical evaluations but also by a 

final graphical analysis, it can be seen that the malfunctioning hidden states determined 

by the HMM coincided with the data that came out outside the behaviour pattern of the 

original signals. 

The third study aimed to create an HMM-GRU method, in order to add the prognosis to 

the methodology since it was already capable of performing the diagnosis of the 

equipment's health status. For the prognosis, the DNN tool GRU network was used. As 

in the literature, there is already a prediction for the future direction of the data collected 

by the sensors; in this methodology, the prognosis was made directly in the optimised 

observable states coming out from the Clustering and also in the hidden states of the 

HMM that already represent the equipment health state. It obtained a good evaluation, 

both in the Accuracy of the HMM to perform the diagnosis and the evaluation of the GRU 

model to make the prognosis. The results show that the prognosis can be made for a 

period of 7 days ahead, both on the inputs of the HMM, and also directly on the health 

status of the equipment. Thus, the methodology is capable of, within a period of 7 days 

ahead, directly describing the equipment health state, without having to make the 

prediction on the sensor data and then having to run the whole methodology from the 

beginning of the HMM. 

Finally, the last study demonstrates that the methodology can also be used to classify the 

calibration status of sensors since the data is collected by this reading equipment. 

Through manipulation in the generation of features and an HMM filter, the methodology 

demonstrated good results, having the ability to remove two distinct pieces of 

information from the same set of data. Through the results and graphical analysis, it is 

possible to see that the developed methodology works with good results. First, it was able 

to detect only the malfunction data of the production equipment ignoring the errors that 

come from the sensors' behaviour (Figure 78). After that, it also proves to be able to 

detect the errors from the sensors that presented a deviation (Figure 81). 
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5.2 Advantages and limitations of the proposed 

methodology 

As for the contribution of the developed methodology, it allows a diagnosis and prognosis 

using data from sensors attached to equipment, making it possible to detect failures of 

both production and reading devices. It allows for improving a CBM and PdM 

maintenance policies by increasing equipment availability as well as increasing profits. 

Furthermore, it allows the use of OLM methodology, increasing the extension or 

elimination of periodic sensor calibration intervals, improving the safety and reliability 

of observations through a higher precision and reliability of the sensors used, thus 

improving the reliability of data, what also improves CBM and PdM maintenance. 

Furthermore, it is a methodology that does not require prior information on the 

equipment’s status. That is, it classifies the health status of equipment without having 

prior information or technical knowledge about it. Through several unsupervised ML 

tools, it is capable of manipulating sensor data to detect patterns outside the regular 

operation of the equipment through the HMM, also being able, through DNN, to predict 

its anomalies in the future. It is also able, through DNN, to manage time series data to 

better diagnose the equipment state. 

It is a generic methodology, easy to adapt the number of features depending on the 

equipment to be detected. It can be used in online mode to provide real-time insights 

data and support a predictive maintenance strategy of the condition of production 

equipment as well as an evaluation of the calibration status of reading equipment. 

Furthermore, the model can be generalised to any number of sensors and any equipment. 

The major limitation in the development of this methodology lies in the fact that there is 

no information on the equipment health status over time to be able to confirm the results 

obtained. Besides, another disadvantage is due to the diagnostic mode of the production 

equipment, which indicates the existence of a fault in the equipment, but does not specify 

which type of fault or which component. For this, it will always be necessary to support 

of a specialised technician. 
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Chapter 6 

Conclusions and Future work 

6.1 Problem Summary 

A maintenance strategy based on equipment conditions requires the use of values 

collected by sensors attached to the production equipment, but it is necessary to ensure 

the quality and reliability of the data collected by those sensors. Only calibrated sensors 

guarantee the quality of the measured data. So, we can conclude that industrial 

metrology is the basis of good CBM and PdM maintenance. 

A time-based type of maintenance strategy can lead to excessive maintenance or, even 

maintenance performs after the required time. Like maintenance, a sensor calibration 

strategy done at regular periods can lead to over-calibration or performing calibrations 

long after it is needed. This is why Online Calibration Monitoring (OLM) strategy is 

essential. This will make sure that sensors are only calibrated when needed and save 

immense labour in periodic checks. 

So, this thesis aims to develop a real-time support methodology regarding CBM 

maintenance strategies as well as OLM calibration strategies using the Hidden Markov 

Model (HMM) for this purpose. 

6.2 Contributions of the work to the state of art 

The results of the studies carried out demonstrate that the methodology developed can 

detect failures in production equipment as well as in reading equipment. The main value 

added to the state of the art is the fact that a single developed methodology can integrate 

various functionalities autonomously. The methodology can detect equipment behaviour 

patterns without human intervention, prior information or technical knowledge. 

Furthermore, it is capable of imputing data in a small dataset also autonomously, since 

it uses optimisation tools to create the architecture of DNNs. 

As for the prognosis, it is performed on classification states instead of predicting the 

original sensor data. This allows faster fault detection since it predicts the future 

direction of the equipment health state. 
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The health state of equipment is defined by a classification method rather than by linear 

regression methods. Although, the classification is already used to diagnose the state of 

production equipment, the case of reading devices is something innovative, even using 

the HMM method. 

Also, something that stands out in the complement of the state of the art is the creation 

of a methodology that allows to easily manipulate the generation of features. This makes 

it possible to extract different information from the same data set for different types of 

equipment. That is, through the same set of data, this methodology can classify the state 

of health of production equipment as for reading equipment. 

The HMM filter developed also allows new studies to be integrated to use linear 

regression methods already developed to detect deviations in reading equipment. These 

already developed methods worked, assuming that the historical data used to train the 

models did not contain errors from the production equipment. Thus, through the HMM 

filter, we can use data with equipment errors that will be eliminated without knowing in 

advance the periods of the equipment failures. 

6.3 Future works 

In future work, it is intended to further develop the methodology to create new 

capabilities and further support the decision method regarding CBM and OLM. 

In the future, to retrain the HMM model with the new observable states that may happen, 

a supervised classification model, such as Support Vector Machines (SVM), will be built. 

The aim is to direct the new observable data read by the sensors directly to optimised 

observable states without going through the data optimisation phase. A test will also be 

performed using this method to classify the new data collected by the sensors directly to 

the hidden states of the HMM. In this way, it is possible to determine the health state of 

the equipment right away without going through the whole methodology. In this case, 

the methodology has to be trained to later teach the supervised classification method. 

For this, an adaptive methodology will be created, where, through a metric of the distance 

of entry of new points an alert will be given, if a set of new points appears very distant 

from the rest. If this happens, it means that there is a new behaviour in the equipment 

that had never appeared in the historical data cycle. Therefore, the whole methodology 

needs to be retrained. 

Another aspect that can be improved is the fine-tuning of the methodology with other 

equivalent methods in each of the stages. Depending on the type of data, there may be 
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other tools more suitable for the study. As such, it will be necessary to compare different 

algorithms. In the first stage, a comparison of classes of Artificial Neural Networks can 

be made, such as: GRU, MLP; LSTM; CNN; etc. This is for the case of value imputation 

to perform the prognosis of the health status of the equipment. In the second phase, for 

dimensional reduction, the following methods can be compared: PCA; Linear 

Discriminant Analysis (LDA); Independent Component Analysis (ICA); etc. For 

Clustering, the following tools would be used: K-means; Density-based Spatial 

Clustering of Applications with Noise (DBSCAN); Gaussian Mixture Models (GMM); etc. 

Through this study and the combination of different models, it is possible to determine 

the best segment of the methodology for a given equipment. 

Also, in feature generation, new features will be tested, and optimisation algorithms will 

be applied to determine the best features for using in each type of equipment.  
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Abstract: - The main objective of this paper is to describe the state of the art of the calibration and certification 
of industrial sensors, giving an approach on how companies can manage the sensors’ calibration, namely the ones 
that are incorporated in the equipment. 
For any industry it is essential to make products that satisfy the customers in terms of quality and, simultaneously, 
to be competitive in the market. The data obtained from the sensors placed in the equipment is one of the sources 
that helps to increase the performance, adding value for the competitiveness of the company in the market. 
Sensors are responsible, in many sectors, to guarantee equipment availability and product quality. In this way, 
the certification of the company and of the equipment, not only guarantee quality and prevent unwanted and 
unforeseen costs, but also gives company credibility, namely from the customer's point of view. 
This paper focus on the state of art of industrial metrology, namely sensors, standards and measuring tools, 
calibrations and the certification of calibration. It also includes a theoretical section about sensors, types of 
sensors, their operation and characteristics. Next, it is presented the theme of metrology and the measurement 
science, responsible for ensuring the quality and veracity of the data sent by the reading equipment. It also 
addresses the importance of metrological traceability and certified management systems, which are required to 
certify the sensors calibration, in order to guarantee the effectiveness of the measurements and, consequently, the 
rigor of operation of the associated quality system. 
 
Key-Words: Metrology; Sensors; Traceability; Calibration; Certification; Condition Monitoring  
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1 Introduction 
When we talk about a company's quality image, 

we know that it is influenced by many factors. Its 
aptitude and competitiveness in the market are 
strongly indexed to the quality and reliability of the 
data used. We can also talk about the importance of 
this data in the maintenance policy implemented, and 
in the service and quality of maintenance 
performance. Through high-quality input elements it 
is possible to establish a reliable production process, 
ensuring high availability and stable product quality. 
[1] 

When we talk about the use of sensors, we are 
talking about the reliability of the data obtained 
through them. This is where metrology, the science 
of measurement, comes in, and it is through it and the 
existing traceability pyramid that the company can 
guarantee the effectiveness of the sensors. Through 
an interrupted set of calibrations, from the pyramid 
top patterns of the industrial sensor, it is then possible 
to guarantee the reliability of the equipment. 

A calibration corresponds to an issue of a 
calibration certificate and the placement of a label. 
Based on this information, a user can decide if the 
instrument is suitable for the application in question. 

It is inferred that, without metrology and sensor 
calibration, the measurements performed are not 
reliable, and may lead to unwanted and harmful 
results in many situations. This means that without 
the support of metrology based on sensing, there 
would be measurement errors and unreliable data, 
which could result in uncontrollable risks and costs 
and, consequently, the loss of market confidence. 

So, with the increase of the competitiveness 
among companies, namely based on the increasing of 
robotic and automation, and the increasing of 
customer demand, the certification of management 
systems has become an essential tool for their 
survival in the market. A certified company 
guarantees a set of established and recognized 
procedures, through which the conformity of 
products or systems is determined. Also, the 
calibration certification of the sensors is extremely 
important, because it guarantees the quality of the 
data. According to [2], the EN ISO 9001 standard 
involves the assessment of the company in several 
areas, one of which is the measurement instruments 
and its quality management, namely about inspection 
and testing. 

Some requirements of this standard are as follows: 
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• selection of the appropriate equipment for the 
measurements to be made; 

• equipment calibration at regular intervals, 
using certified standards; 

• use of documented procedures; 
• guarantee that the equipment has the required 

accuracy; 
• certainty that the equipment indicates the 

calibration status, and calibration certificates 
are maintained; 

• environmental conditions, storage, handling 
and safety are appropriate in order to maintain 
the validity of the calibrations. 

This paper is structured in three sections: the first 
section is the introduction, where the topic under 
study is described; section two describes the state of 
the art and covers all topics related to the study, 
starting with the “industrial sensors”, where an 
approach to this theme is made explaining their 
importance in the industry and, mainly, in the 
industrial maintenance area. In this way, it is 
described: the sensor’s operation; its functions; the 
types of existing sensors; their performance 
characteristics. Then, in order to be able to explain 
how to maintain the reliability of the sensors for their 
perfect functioning, it is referred the importance of 
the “metrology”. Here, the relation between this 
subject with the data reliability provided by the 
sensors is emphasized, which can, later, be used in 
the equipment conditioning maintenance. The 
metrology concept is described, as well as its areas of 
activity, wherein this research is focused on and the 
technical area where it is related. Additionally, it 
must be taken into account the traceability chain, 
which goes from the primary standard to the working 
standard, supported by consecutive calibrations. 
Therefore, it they are referred the concepts of: 
metrological traceability; standards; and calibration. 
Then, an approach to the type of calibration strategy 
that can be addressed by companies is made. They 
are referred some relevant concepts as follows: 
Preventive Calibration; and Predictive Calibration 
and On-line Monitoring (OLM), being this discussed 
in big detail. Finally, the calibration certificates is 
discussed: only through certified measuring 
instruments is possible to guarantee the reliability of 
the measurement results and to find the metrological 
traceability. Therefore, this chapter addresses this 
issue explaining the certification procedure, as well 
as the entities responsible for issuing the certificates 
(Calibration laboratories accredited with 17025: 
2017). Finally, in section three, a conclusion of the 
study is made explaining the illation drawn from this 
paper. 
 

2 State of the Art 
 
2.1 Industrial Sensors 
Sensors are one of the largest data sources used in 
Industry. Probably one of the largest sources in 
condition monitoring maintenance, since this type of 
maintenance is based on the equipment condition. It 
is necessary to make constant measurements to 
evaluate the health equipment. The sensors are 
responsible for continuously interpret the equipment 
condition. 
According to [3], sensory technologies have grown 
very quickly in several areas such as: science; 
product design; electronics; photonics; mechanics; 
chemistry and biology. Sensors are used in the 
individual's daily life, as well as in companies, and 
are responsible for detecting audible, movement, 
optical or magnetic signals. The ability to have many 
small devices that transmit in real-time data 
physically distributed close to the detected objects 
brings new opportunities to observe and act in the 
world, which could bring significant benefits to 
humanity. [3] 
So, sensors are responsible for making direct 
connection between a physical phenomenon and the 
data acquisition system, converting signals of 
physical quantities into electrical signals. They can 
convert the data received from a physical 
phenomenon, transforming it in order to be able to 
read it (Figure 1).  
Then, leaving away the various nuances of domains 
and applications, a sensor simply measures 
something of interest and provides an output that can 
be useful. [4]  
 

 
Fig. 1 - Basic diagram of the operation of a transducer 

 
With the advancement of technology, namely 
computing, widespread communications, 
connectivity to the Web, smart mobile devices and 
integration in the cloud, the number of sensors 
increased. This evolution is illustrated in Figure 2. 
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Fig. 2 - Evolution of sensors [Source: [4]] 

 
The sensors convert a physical phenomenon into a 
measurable electrical signal. Some sensors do not 
respond naturally to changes in physical phenomena 
and it is necessary to recourse to a signal condition. 
Before digitizing the sensor output, the signal may 
need other components and circuits to produce a 
signal that can take advantage of all features of the 
measurement hardware and reduce the effects of 
noise from external interferences [5]. [6] adds that the 
sensors do not operate alone. They need a larger 
system consisting of signal conditioners and several 
analogue or digital signal processing circuits. This 
system can be a measurement system, data 
acquisition system or process control system, for 
example. The same author also says that sensors and 
their associated circuits are used to measure various 
physical properties, such as: temperature; force; 
pressure; flow; position; light intensity; etc. These are 
responsible for stimulating the sensor and the output 
of this is conditioned and processed in order to 
provide the corresponding measurement of the 
physical property. 
[7] says that sensors can be used alone or together in 
order to monitor a specific situation in the same way 
as a human being, such as: 

• manufacturing operations; 
• conditioning of tools; 
• inventory control; 
• working in progress; 
• identification of parts, tools, pallets, etc. 

Nowadays, sensing in a factory can be considered 
more efficient, because it implies less supervision, 
namely in unmanned manufacturing. As the 
complexity of manufacturing processes increases, it 
becomes necessary to acquire additional types of 
information obtained through sensors. [8] 
Process sensors are used to control the manufacturing 
process and their measurements allow a better 
understanding of the process, generating 

improvements. The connection between profit and 
process measurement is illustrated in Figure 3. 
 

 
Fig. 3 - Crucial measurement process to operation and 

profitability [Source: [8]] 
 
2.1.1  Type of sensors 

According to [9], “there are many types of sensors, 
according to each type of condition variable. The 
reasons to choose a sensor are diverse, as are the type 
of output signal, the range of output values, the 
environmental conditions, the physical dimensions, 
and so on. Sensor signals may be digital or analog.” 
This author also states that the sensor signals can be 
digital or analog. Digital sensors can have an 
interface to communicate with other devices. In turn, 
analog sensors no longer have this capability, which 
is why an analog-to-digital converter is needed to 
enable communication with other devices. 
There are several different types of sensors, with 
different types of characteristics, being each of them 
designed to measure the variables of interest. We can 
characterize the sensors as active (with contact) or 
passive (without contact). 
According to [6], [4] and [10], active sensors need to 
be connected with an external source of excitation. 
They generate an electric current when the external 
physical environment changes. It requires physical 
contact with the factor to be measured, disturbing its 
state. 
The same authors explain that passive sensors 
generate their own electrical output signal without 
the need for external voltages or currents. They 
change their resistive, capacitive or inductive 
characteristics along with their physical parameters. 
An external power source is required to induce an 
electrical output. It does not require direct contact 
with the variable to be measured, aiming not cause a 
disturbance. 
In Figure 4 can be seen some examples of sensors and 
their characteristics. 
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Fig. 4 - Typical output sensors [Source: [6]] 

 
Currently, there are transducers capable of taking 
measurements of practically all existing physical 
quantities (Figure 5). For example, for the 
temperatures measurement, there are thermocouples, 
thermoresistors, thermistors and the semiconductor 
junction, which convert the temperature of the 
medium with which they are in contact to a 
proportional analogue signal; for flow measurement, 
there are, among others, turbine flow meters, which 
generate a rectangular wave signal whose frequency 
depends on the flow speed; load cells are available 
for measuring voltages; for pressure measurement, 
there are several types of pressure transducers; etc. 
[11], [5], [10]. 
 

 
Fig. 5 - Different types of sensors and their markets 

[Source: [10]] 
 
[4] characterize the different types of sensors as 
follows: 

• Mechanical Sensors 

These sensors measure changes in a device 
or material as a result of an input that causes 
its mechanical deformation. Movement, 
speed, acceleration, and displacement are the 
changes that result in mechanical 
deformations and that can be measured. The 
sensor is described as electromechanical, 
when the inputs are converted directly to an 
electrical output 

• MEMS Sensors 

MEMS (Micro Electro Mechanical Systems) 
are miniaturized, three-dimensional 
mechanical and electrical structure sensors, 
usually ranging from 1 to 100 mm. They are 
manufactured using standard semiconductor 
manufacturing techniques. Its constitution 
consists of mechanical microstructures, 
microsensors, microactuators, and 
microelectronics, which are integrated in the 
same silicon chip. The use of this type of 
sensors, with multiple axes of low energy 
consumption, ultra-compact and compact, 
allowed a high growth of electronic devices, 
such as: smartphones, tablets, game console 
controllers, portable game devices, digital 
cameras, etc. In the health field, these sensors 
are used as blood pressure monitors, 
pacemakers, ventilators, and respirators. The 
most used MEMS sensors are accelerometers 
and gyroscopes. 

• Optical Sensors 

These sensors are responsible to detect 
waves or photons of light. It's including light 
in the visible, infrared, and ultraviolet (UV) 
spectral regions. They can measure changes 
in light intensity related to the emission or 
absorption of light by an amount of interest. 
They are widely used, among others, in 
automated doors and gates to ensure that 
there are no obstacles on the way, and in 
industrial applications, where they measure 
levels of liquids and materials in tanks or on 
factory production lines, in order to detect 
the existence of objects. 

• Semiconductor Sensors 

These are low cost sensors, with high 
reliability, low energy consumption, long 
service life, and small dimensions. They are 
used in several applications, such as: Gas 
monitoring; Pollution monitoring; Breath 
analysers, for measurements of alcohol 
content in exhaled air; Monitoring of 
domestic gas, such as propane; Temperature, 
as in electronic equipment; Magnetism, for 
example, magnetometers for applications 
with six degrees of freedom; Optical sensor, 
such as detectors for devices attached to load 
on cameras. 

• Electrochemical Sensors 

These sensors are responsible for measuring 
an electrical parameter of the sample of 
interest. They consist of sensors or 
electrodes, a reference electrode and, in 
many cases, a counter electrode. These 
electrodes are, usually, placed in contact with 
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a liquid or solid electrolyte. In the low-range-
temperature (<140° C), electrochemical 
sensors are used to monitor pH, conductivity, 
dissolved ions, and dissolved gases. For 
measurements at high temperatures (> 500° 
C), such as the measurement of exhaust gases 
and molten metals, solid electrolyte sensors 
are used. They are categorized from the 
measurement performed. They have low 
energy consumption, high sensitivity, good 
precision and resistance to the effects of 
surface poisoning. In contrast, their 
sensitivity, selectivity, and stability are 
greatly influenced by environmental 
conditions, especially temperature. 

• Biosensors 

These sensors detect an analytical of interest 
in chemical, environmental (e.g.: air, soil and 
water) and biological samples (e.g.: blood, 
saliva and urine) and use biochemical 
mechanisms for this. It uses an immobilized 
biological material, which can be an enzyme, 
antibody, nucleic acid or hormone, in an 
independent device. The biological material 
used in the biosensor device is immobilized 
in order to maintain its bioactivity. 

 
2.1.2  Sensor performance characteristics 

The sensors have several characteristics that define 
them, and through them; it is possible to choose the 
best sensor to use in each case. There are several 
sensors that can measure temperature, pressure, 
acceleration, voltage, acoustic, etc.; so, their 
manufacturers tend to focus on basic performance 
parameters. According to [4], “to truly understand 
sensors, and how sensors that measure the same 
measurand can differ, it is necessary to understand 
sensor performance characteristics”. Therefore, here 
it will be introduced each of their most important 
characteristics. 
According to According to [6], [10], [4], [12] and 
International Metrological Vocabulary (VIM in 
Portuguese), [13], it is presented some of the most 
important characteristics of the sensors: 

• Sensitivity 

Represents the relationship between the 
physical input signal and the electrical output 
signal. It is the ratio between a small change 
in the electrical signal and a small change in 
the physical signal. It is the change in input 
required to generate a change in the unit at 
the output. It can be expressed as the 
derivative of the transfer function in relation 
to the physical signal. Not all sensors have a 
linear output. If the sensor response is linear, 

the sensitivity will be constant over the 
sensor range. A good sensor has to have a lot 
of sensitivity, able to better detect the signals 
of the measurand, and a constant sensitivity 
that is maintained throughout the dynamic 
range. If the sensor response is non-linear, 
the sensitivity will vary within the sensor 
range. As an example, we can consider an 
accelerometer as a "high sensitivity" sensor, 
if it can detect a small change in vibration 
what would result in a large change in 
voltage. 

• Range or Dynamic Range 

It represents the range of physical input 
signals that can be converted into electrical 
signals by the sensor. It describes the total 
range that the sensor can measure from the 
physical input parameters, such as light 
intensity, sound level or temperature, and 
converts them into readable electrical 
parameters. That is, it is the maximum 
capacity that the sensor can measure without 
distortion of the generated signal. The 
dynamic range can be indicated by the sensor 
supplier. There we can see the range over 
which other performance characteristics 
described in the data sheets are expected to 
apply. Typical units are: g; Kelvin; Pascal; 
Newton; etc. 

• Accuracy or uncertainty 

Uncertainty is generally defined as the 
largest expected error between the actual and 
ideal output signals. According to VIM, 
measurement uncertainty is the non-negative 
parameter that characterizes the dispersion of 
the values attributed to a measurand, based 
on the information used. 
Accuracy, defined by VIM, represents the 
degree of agreement between indications or 
measured values, obtained by repeated 
measurements, on the same or similar 
objects, under specified conditions. [4] 
explain that it is generally considered by 
metrologists as a qualitative term, while 
"uncertainty" is quantitative. For example, 
one sensor may have better accuracy than 
another if its uncertainty is 1% when 
compared to the other with an uncertainty of 
3%.  

• Linearity 

Linearity represents how linear the output of 
the sensor values is within its dynamic range. 
That is, the ability of the sensor to maintain 
its sensitivity regardless of the signal 
generated. Linearity is usually specified in 
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terms of percentage, i.e., the percentage 
change in sensitivity between one value of its 
amplitude and another. Non-linearity can 
generally be a result of the conditions of the 
environment where the measurement is 
being made, such as: environmental changes, 
temperature, vibration, acoustic noise level, 
and humidity. 

• Repeatability 

This characteristic represents the ability of a 
sensor to produce the same output value for 
the same applied input as the measurand. 
VIM characterizes fidelity or measurement 
accuracy under a set of repeatability 
conditions. Sensors with good repeatability 
will always reproduce the same values for 
the same measurement under the same 
conditions. The lack of repeatability can 
occur due to random fluctuations in 
environmental inputs or errors made by the 
operator. [13]  

• Noise 

Noise is produced by the sensors that go 
along with the output signal. All electronic 
components of the measurement system 
produce some noise. Noise is generally 
distributed across the frequency spectrum. 
Too much noise produced by the sensor will 
impair the measurements made by it. 

• Resolution 

According to VIM, the resolution is the 
smallest variation in the measured quantity 
that causes a noticeable variation in the 
corresponding indication, [13]. The 
resolution is defined as the minimum 
oscillation of the signal. Once these 
oscillations are temporal phenomena, there is 
some relationship between the fluctuation 
time scale and the minimum detectable 
amplitude. Depending on the type of 
measurement to be made, we can choose a 
sensor with a higher or lower resolution. 
Knowing that, if it is chosen a sensor whose 
resolution is too high for the application, it is 
unnecessarily expensive. 

• Bandwidth 

It is the frequency range between the upper 
and lower cut off frequencies. That is, it is a 
frequency range where the sensor can read 
the physical signal produced. The sensors 
have finite response times to an instant 
change in the physical signal. Some sensors 
are represented as have decay times. This is 
the time after a step-change in the physical 
signal for the sensor output to decay to its 

original value. The reciprocal of these times 
corresponds to the upper and lower cut off 
frequencies, respectively. 

• Response time 

It is the ability of the sensor to respond to the 
measurement, reacting to signal changings. It 
is sometimes referred to as a sensor time 
constant when it is subject to a step change. 
VIM says that the response time is “time 
interval between the moment when an input 
value of a measuring instrument or a 
measuring system is subjected to a sharp 
variation between two specified constant 
values and the instant when the 
corresponding indication is keeping within 
specified limits around its final value in a 
stable regime” [13]. 
It represents the period of time required for 
the sensor to change its output after a change 
in the input value. 

• Reach 

This characteristic represents the ability of 
the sensor to detect the minimum and 
maximum value of the input or output of the 
signal of the measurand. Then, there are the 
minimum and maximum input voltages that 
can be used to operate the sensor. If an input 
voltage is applied outside this range, the 
sensor may be permanently damaged. 

• Transfer function 

A term used to refer exclusively to time-
invariant linear systems. In the case of 
sensors, there is a relationship between the 
measurand and the electrical output signal. 
This relationship, if it is time-invariant, is 
called the sensor transfer function. There are 
sensors that are calibrated, obtaining a 
certified calibration curve, which guarantees 
this relationship between the input and 
output values. 
A mathematical formula (Equation 1) that 
describes the transfer function is usually 
expressed as follows: 
 

𝑆 = 𝐹(𝑋)   (1) 
Where: 
𝑋 - is the measurand; 
𝑆 - is the electrical signal produced by the 
sensor. 
It is rare to find a transfer function that can 
be completely described by a single formula; 
therefore, functional approximations of the 
actual transfer function are used. 

• Error 
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Error is the difference between the measured 
value and the true value, where the true value 
is a reference to an absolute or agreed 
standard. Quoting VIM, error is the 
difference between the measured value of a 
quantity and a reference value. There are two 
forms of error: Systematic error - which 
reproduces inaccuracies that can be corrected 
with compensation methods, such as 
feedback, filtering and calibration; that is, a 
component of the measurement error that, in 
repeated measurements, remains constant or 
varies in a predictable way and random error, 
also called noise, what corresponds to a 
signal component that does not carry 
information. 

• Random error 

Component of measurement error that, in 
repeated measurements, varies in an 
unpredictable way. 

 
2.2 Metrology 
This section deals with the concept of metrology and 
its relation with the data reliability provided by the 
sensors that are used in Condition Based 
Maintenance. According to [14], modern metrology 
introduces key factors such as downtime and product 
quality. 
[15] refers that, in the field of applied sciences, 
measurements are not accurate, as they are always 
subject to errors due to various causes, human and 
materials. The qualification of an error to later 
quantify an uncertainty proves that the validity of the 
measurement result is doubtful. Therefore, 
evaluating measurement uncertainties generating 
errors is a very complex task. 
According to the website of the Portuguese 
Metrology Society (SPM)1, in the beginning, as 
today, measuring was taken as a unit. It is reasonable 
to admit that the first greatness concerned by Man 
was the time. 
With the existence of well-defined metrics, it is 
possible to have coherence. For these metrics 
existing, there must be measuring instruments that 
prove the measurements are always the same, at any 
time and in any part of the world. 
Therefore, the objective of Metrology is to guarantee 
the effectiveness and accuracy of the measurements 
made by these measuring instruments. [5] 
According to the website of the Portuguese Quality 
Institute (IPQ)2, “metrology, as a measurement 

 
1 http://www.spmet.pt/historia.html (Access date: 03/04/2020) 

science, provides reliable material support to the 
measurement system, essential in the sectors of the 
economy, health, safety, and the environment, 
constituting an essential technological infrastructure 
in modern societies”. 
As time goes on, it becomes imperative for all 
societies to have references for units of measurement, 
in order to be able to maintain consistency in 
everything that is carried out on a daily basis; that is, 
with the existence of metrics, it is necessary to 
acquire standards that will become references in 
those same metrics. 
In practice, everything in people's daily lives and, 
mainly, in the Engineering field, exists a metric, so it 
is essential to have good use of metrology in order to 
guarantee universal uniformity. 
 
2.2.1  Concepts 
Metrology is the science of measurement, whose 
main objective is to ensure that measurement 
equipment reproduces right values, internationally 
reproducible with similar quantities, [5]. [2] 
characterizes metrology as the science of 
measurement that comprises all aspects, both 
theoretical and practical, related to measurement, 
whatever its uncertainty and the domain of science 
and technology to which they refer, relating the 
processes, instruments, location, metrologist, etc., to 
each other. 
The main objective of metrologists is trying to find 
ways to measure various physical quantities in the 
most accurate way possible. Atom sensors, such as 
atom interferometers and atomic clocks, are 
examples of a class of instruments that can measure 
these quantities with very high precision. [16] 
In practical terms, metrology comprises a diverse set 
of aspects (for example, procedures, uncertainties, 
errors, standards, etc.) with the purpose of 
determining the value of magnitude, encompassing 
all theoretical and practical aspects of measurement, 
whatever the measurement uncertainty and the field 
of application. It comprises all aspects, both 
theoretical and practical, related to measurement, 
whatever their uncertainty and the domain of science 
and technology to which they refer. [17], [18], [19]. 
[15] explains that uncertainty reflects the way how a 
quantity is measured, and the confidence given to the 
result. The use of instruments in measurement 
involves calibrations and manipulations, requiring 
proper procedures and calculations. 

2 http://www1.ipq.pt/pt/metrologia/apresentacao/Pages/Metrologia.aspx 
(Access date: 03/04/2020 

WSEAS TRANSACTIONS on SYSTEMS and CONTROL 
DOI: 10.37394/23203.2020.15.41

Alexandre Batista Martins, 
José Torres Farinha, 

António Marques Cardoso

E-ISSN: 2224-2856 400 Volume 15, 2020



According to [20] and [12], the task of metrology and 
metrologists is to achieve reliable measurement 
results that are necessary to ensure: 

• the quality and efficiency of production in the 
industry; 

• the justice in trade; 
• the consumer protection; 
• the health and safety of life; 
• the protection of the human and animal 

environment. 
To frame the various sets of terms related to 
metrology, the International Metrology Vocabulary 
(VIM)3 was used as a reference, which appears in the 
context of world metrology and seeks the 
international harmonization of terminologies and 
definitions used in the fields of metrology and 
instrumentation. 
 
2.2.2  Practical Areas 
[20], [17], [18], [21], [22], [2], [12] explain that 
metrology can be divided into three fundamental 
areas of activity, as is shown in Figure 6. 

 
Fig. 6 - Metrology categories [Source: [18]] 

 
In this paper, we only discuss the technical area, 
because it is essentially related to the productive 
activity (the theme under study). It exercises a certain 
control over processes and products that require an 
integration of metrology at the level of companies 
and laboratories; it takes into account a hierarchical 
chain of standards, existing in laboratories or 
companies/organizations, which are also traceable by 
primary standards that can be national or 
international. [23], [20], [24] 
 
2.2.3  Traceability 

 
3http://www1.ipq.pt/pt/metrologia/documents/vim_ipq_inmetro_2012.p
df (Access date: 07/04/2020) 

With the objective to have international metric 
coherence, there must be a traceability chain. That is 
an uninterrupted set of comparisons that ensure the 
result of a measurement, or the value of a standard.  
Thus, it is guaranteed that the values of the standard, 
even being of a lower level, will agree with the higher 
ones. 
According to VIM, the traceability is the property of 
a measurement result whereby that result can be 
related to a reference through an uninterrupted and 
well-documented chain of calibrations, each 
contributing to evaluating the measurement 
uncertainty. 
In the context of Metrology (metrological 
traceability), the traceability is represented by a 
pyramidal shape, as can be seen in Figure 7. 
 

 
Fig. 7 - Pyramidal traceability [Source: [5]] 

 
[25] argue that quality reliability is closely linked to 
the traceability chain and the availability of 
measurement standards. It also says that, in order to 
establish an appropriate traceability chain, 
measurement standards are required, traced back to 
the meter. 
Traceability requires orderly and permanent records 
and is complemented with a succinct document 
related to metrology to translate the examination of 
each event of the procedure and what it represents. 
Thus, it is possible, for the user, to know the history 
of a process or instrument, [15]. This author also 
states that, through traceability, it is possible to know 
changes in equipment, facilitating the management of 
several aspects, such as: 

• Varied use and proper adjustment of 
equipment in the workplace; 

• Selection of equipment among others offered 
by different suppliers; 

• Detection of greater or lesser accuracy (based 
on records). 
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At the manufacturing level, [26] show that ensuring 
the results of traceability of measurement during the 
production process is a guarantee of quality 
improvement. [17] says that the traceability of 
measurement must be guaranteed, allowing the 
necessary conclusions to be drawn about its 
metrological quality. Likewise, it is important to 
carry out the most relevant actions to ensure the 
correct indication of the measuring instruments, 
namely their regular calibration (industrial 
metrology) and the periodic verification of the 
measuring instruments according to legal regulations 
(legal metrology). 
Traceability can be required by any customer in a 
contract, or by standards such as ISO 9000-9004 and 
ISO 14253. This requirement is made in order to 
guarantee the quality of the measurement and to 
protect the buyer. Consequently, any tool or 
equipment used in production must guarantee its  
measurement track. [21] 
 
2.2.4  Standards 

Calibration is used in order to keep the measurement 
and control instruments within the specified limits, 
and, for that purpose, a standard is used to calibrate 
the equipment, [27], [28]. It is necessary to have 
standards to be able to make a comparison between 
this and the equipment to be calibrated. 
According to [25], “The reliability of quality 
assurance is closely connected with the traceability 
chain and the availability of measurement standards.” 
The units of physical quantities are reproducible, 
with the help of reference standards and measuring 
devices; so, these measuring devices play an 
exceptionally important role in the measurement 
unit. [22] 
According to VIM, standards are defined as an 
achievement of the definition of a given quantity, 
with a determined value and associated measurement 
uncertainty, used as a reference. 
There is a hierarchical structure of reference 
standards (Figure 8) and their calibrations (Figure 9): 
International Standards; Primary Standards; 
Secondary Standards; and Work Standards. It is 
through this structure and consecutive calibrations 
that it is possible to guarantee measurements from the 
primary to the working standard. The standards that 
rank higher in the hierarchy have higher quality and 
accuracy in measurements. That is why higher-level 
standards are used to calibrate lower-level standards. 
 

 
Fig. 8 - Measurement Standards Hierarchy 

 
 

 
Fig. 9 - Standard hierarchy and calibration 

 
Measurement standards traced back to the meter are 
used to establish a reliable traceability chain. 
Accredited calibration laboratories are responsible 
for providing calibration of work standards. This 
process involves a loss of precision at each stage and, 
in order to guarantee the production of the part within 
the tolerances requested at the end of the chain, the 
National Metrology Institutes need to calibrate as 
accurately as possible. [25] 
 
2.3 Formal sensors calibration 
In order to guarantee the reliability of the sensor data 
used in the industry, and to guarantee quality 
processes, it is necessary to carry out their 
calibrations. 
According to [29], “The veracity of big data requires 
careful design of data-acquisition and calibration 
strategies and of feature-extraction and selection 
strategies, so that decision makers have clean, valid, 
and reliable inputs to use in making decisions.” 
 
2.3.1  Calibration 

Calibration of reading instruments is a very important 
part of the asset management strategy; companies 
invest a lot of money in the acquisition of this type of 
equipment. For this reason, uncalibrated instruments, 
providing wrong values, can imply the companies 
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spent a lot of money, namely because production 
downtime, safety problems, production of lower 
quality products, etc. [30] 
Juran & Godfrey [31] says that, by ensuring the 
reading instruments are calibrated, the company is 
able to confirm that the product complies with the 
customer's requirements. If the instrument is in error, 
the company can reject good parts or accept bad 
parts, which will imply high costs for the company, 
sending a message to the customer that the company 
does not have a basic control system. 
According to Eren [30], calibration has the following 
benefits: 

• Determines whether measurements taken 
before calibration were valid; 

• Gives confidence in future measurements; 
• Ensures consistency and compatibility with 

those made elsewhere; 
• It leads to repeatability and reproducibility of 

processes; 
• Provides confidence that products meet 

specifications; 
• Increases efficiency, ensuring that 

measurements are correct; 
• Leads to the documentation of instrument and 

process performance to meet quality 
standards; 

• Frequent calibrations can provide a graphical 
view of equipment uncertainty over time and 
lead to performance reliability; 

• Measurements made within international 
standards promote global acceptance, thereby 
increasing competitiveness; 

• Helps the validity of compliance of 
measurements and processes under varying 
conditions. 

So, [12] characterizes calibration as being one of the 
metrology services of measurement instruments, 
which is a basic tool to ensure the traceability of 
measurement. 
Calibration is a process of comparing an "unknown" 
element with an equivalent or better standard. It can 
be included in an adjustment to correct the deviation 
from the value obtained from the standard, which is 
represented by the standard deviation, [15]. It 
involves the determination of the metrological 
characteristics of an instrument achieved through a 
direct comparison with standards. [32] 

According to Morris & Langari [33], the calibration 
is a comparison between the sensor output to be 
calibrated and the standard sensor output in relation 
to the same input value (measured quantity) applied 
to the two sensors. It also says that the calibration is 
carried out over a range of inputs in order to 
safeguard the entire sensor measurement range. 
According to Eren [30], calibration provides 
consistency in readings and reduces errors, validating 
measurements universally. It also confirms that the 
calibration serves to reveal the individuality of an 
instrument, comparing it with a reference standard. 
According to Eren [34], calibration is a set of actions 
and procedures that aim to clarify the relationship 
between the values of the indicated quantities of the 
measuring instruments under specified conditions, 
assigning values to the instrument's response to the 
reference standards. 
Through the instrument calibration, we can obtain its 
calibration curve. [15] explains that the calibration 
curve is specific for each device and converts the 
gross measurement into the corrected measurement. 
Statistical techniques are applied to calculate the 
calibration curves, readings averages and standard 
deviations; the data collection process for the 
creation of the calibration curve is fundamental for 
the success of the calibration program. 
It is obtained by subjecting the instrument to a real 
value of the quantity to be measured, which is made 
through a standard device and, accurately, reads the 
gross measurement provided. 
According to Morris & Langari [33], the calibration 
must be carried out in periodic intervals of time, 
because the characteristics of the sensors change 
throughout their useful life. According to the same 
authors, there are several reasons that cause a change 
in the sensors’ characteristics, such as: mechanical 
wear and effects of dirt, dust, smoke, chemicals and 
temperature changes in the operating environment; 
these changes in characteristics will also depend on a 
lot about the use of the sensor, that is, on the time that 
it is under the operating environment. Although the 
causes of these changes, its storage also can cause 
some deviations, due to the aging of its components. 
[33], [31] 
Then, the calibration quantifies the change in 
measurements, and will ensure that the reading 
instruments comply with the expected specifications. 
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Through a good instruments calibration management, 
the values provided by them can be used in the 
optimization of processes, asset control, equipment 
maintenance and plant safety, leading to a better 
management of the plant's performance. [30] 
According to Juran & Godfrey [31], it is necessary to 
have calibration schedules, being these done 
according to class of equipment, varying in order to 
be able to maintain the accuracy, nature and extent of 
the measuring instruments. The same author also 
explains that the schedules at the beginning are 
established by judgments, being changed according 
to the results of the checks, allowing to establish 
greater economic efficiency. 
Morris and R. Langari [33] say that there should also 
always be calibration records in order to maintain 
efficiency and effectiveness of the measuring 
instruments maintenance system. Complete 
documentation provides a description of the 
measurement conditions, instruments used, 
calibration systems and operated procedures. There 
should also be calibration records for each individual 
instrument. To begin with this process, there must be 
a declaration of the measurement limits defined for 
each documented measurement system. These limits 
are established by balancing the costs of the 
improved precision with the customer's requirements 
and also in relation to the general quality level 
specified in the quality manual. 
The existence of a calibration record is an important 
part of knowing the data quality. These records can 
be saved in software or paper format. Data such are 
as follows: position ID, device ID, location, serial 
number and work order number, that can be 
transferred from one form to another suitable for 
engineers or managers to evaluate. The data must 
also contain: maximum errors, pass/fail notifications, 
calibration date and time, calibration frequency, who 
performed the calibration task, and so on. [30] 
These documented calibration processes are a 
integrating part of the quality control system audit, 
and the calibration systems support this quality 
control system. [33] 
So, the timing with which it is necessary to calibrate 
the sensors will depend on a great extent on their use 
and the environmental conditions with which they 
work. Having all these factors involved, it becomes 
difficult to define the vital regularity of sensors’ 

recalibration, based on theoretical considerations; 
therefore, practical experimentation to define the 
time periods between calibrations is important. By 
defining the maximum allowed measurement error, 
knowing the rate at which the sensor's characteristics 
vary, it is possible to calculate the time interval until 
the sensor reaches the limits of its performance. The 
level of measurement error that an instrument reaches 
shortly before recalibration is the error limit that must 
be quoted in the instrument's documented 
specifications. [33] 
The instrument's calibration history records will be 
the main basis on which this review is made. 
In relation to the management of calibration 
procedures, this must be done by only one person; so, 
this function is done efficiently and effectively. A 
technician trained in metrology is the determining 
factor in the accuracy of the measuring instrument, 
[31]. A good calibration management will transmit 
security to the customer, ensuring the accuracy of the 
measurements made and, in turn, guaranteeing the 
quality of the product. The calibration procedures 
related in some way to the measurements used for 
quality control functions are controlled by the 
international standard ISO 9000. [33] 
Then, it is necessary to organize correctly the 
calibration of the instrument to be successful. Thus, 
there are some factors to consider [30]: 

1. The type of calibration process to be 
employed; 

2. Calibration setup and the calibration process; 
3. Calibration cycles; 
4. Calibration records; 
5. Calibration reports and report maintenance; 
6. Factors that affect calibration; 
7. Use of spreadsheets; 
8. Mathematical approaches; 
9. Internal versus calibration outsourced; 
10. Reference standards to be used; 
11. Hierarchy of benchmarks; 
12. Traceability; 
13. ISO 9000 requirements; 
14. Work patterns; 
15. Measurement uncertainties; 
16. Uncertainties versus errors; 
17. Random and systematic errors. 

Speaking now of the instruments used for calibration, 
the standard sensors used, usually have greater 
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precision than the sensors to be calibrated. Morris & 
Langari [33] tell that high-precision sensors are 
commonly used for calibrations. 
The measuring instruments used for calibration at the 
company level, made by the instrumentation 
department, are called work standards. As they are 
instruments with relatively less use than process 
measurements, it can be concluded that they will 
keep their characteristics unchanged for much longer, 
although they will also always need to be calibrated, 
mainly due to the effects of aging. After a calibration 
program has been implemented for these instruments, 
they will be calibrated by secondary reference 
standards, which have greater precision. These 
calibrations are carried out by accredited calibration 
laboratories, which, at the end of the operation issue, 
gives a calibration certificate (mentioned in the 
preceding section), [33]. Tse & Morse [32] state that 
an instrument is "traceable" if the calibration 
standards can be traced back to the National Bureau 
of Standards. 
Juran & Godfrey [31] summarize that the reference 
standards are used exclusively under the control of 
standards laboratories, composed by technicians, 
whose main interest is to maintain the accuracy of the 
calibration. Work standards are in the hands of 
production, inspection and test personnel, whose 
main interest is the control of the product and the 
process. 
The standards used for calibration purposes should 
only be maintained for that purpose and should not 
be seen as substitute equipment for process 
measurements. Sensor replacements used for process 
measurements must be made by other sensors that 
have the same purpose. [33] 
A calibration is usually carried out under ideal 
conditions; that is, charging and noise due to strange 
inputs are controlled, [32]. The same authors also say 
that calibration is normally carried out under ideal 
conditions because it is not possible, for a standards 
laboratory, to calibrate instruments for every 
imaginable service condition. Morris & Langari [33] 
add that the environmental control for the calibration 
of the measuring instruments must be taken care of, 
although sometimes it is not possible to achieve it 
and, even, sometimes, to be convenient to carry out 
the calibrations in the process plant. In these cases, 
the necessary corrections must be made for deviation 

from the calibration environmental conditions in 
relation to those specified. 
Regarding the cost of calibration, it will depend on 
many factors, such as: the equipment to be calibrated; 
who calibrate them (internally or outsourcing); the 
number of instruments to be calibrated; where they 
will be calibrated (laboratory or plant); and the 
frequency of calibration, which is a major cost factor. 
[30] 
Therefore, there are companies that can decide to 
acquire an accredited calibration laboratory and, the 
required quality only becomes economically viable 
for large companies that have a large number of 
measuring instruments in different factories. 
Typically, the most commonly used by small and 
medium-sized companies is to outsource the 
calibration service provided by several companies 
specializing in this area. [33] 
In organizations, calibrations are conducted on site or 
in remote laboratories or sites. Large organizations 
may have several laboratories (called calibration 
laboratories) dedicated to different instruments and 
processes. 
Laboratories are accredited by authorities in 
accordance to the guidelines of ISO 17025. 
Accreditation is the formal recognition that a 
particular laboratory is competent to conduct specific 
tests and / or calibrations. [30] 
A successful laboratory calibration procedure, 
according to [30], requires the following basic steps: 

• Selection of an appropriate benchmark with 
well-known values covering the range of 
interest; 

• Conduct calibration curves (i.e., least squares 
adjustment) to establish the relationship 
between the measured and known values of 
the reference standard; 

• Correction of measurements using calibration 
curves; 

• Preparation of appropriate documentation of 
the calibration procedure, results, analysis 
and interpretation of the results for the 
customer. 

Finally, a calibration originates a calibration 
certificate and the placement of a label. Based on this 
information, a user can decide whether the instrument 
is suitable for the application in question. 
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According to Morris & Langari [33], the calibration 
certificate must contain the following information: 

• identification of calibrated equipment; 
• calibration results obtained; 
• measurement uncertainty; 
• any limitations on the use of the calibrated 

equipment; 
• calibration date; 
• authority under which the certificate is issued. 

Calibration labels, applied after the calibration has 
been carried out, must comply with the general 
requirements of ISO / IEC 17025 for the competence 
of testing and calibration laboratories. ISO 17025 
requires the following issues [30]: 

• all measuring equipment must be labelled in a 
safe and durable manner; 

• the labels must clearly indicate the name of 
the calibration laboratory, calibration date, 
expiration date, equivalent of use and the 
authorized employee; 

• the information on the label must be legible 
and durable under reasonable conditions of 
use and storage; 

• when it is impractical to affix a label directly 
to an item, the label can be affixed to the 
instrument's container; 

• temperature resistance seals can be used when 
needed; 

• functional labels must contain reference 
standards. 

Summing up, according to [27] and [28], the 
objective of a calibration system is to avoid the 
unreliability of the tool through the immediate 
detection of deficiencies. Every organization should 
prepare a written description of its calibration system, 
which should accompany the measurement of test 
equipment and standards, including: 

• to establish realistic calibration intervals; 
• to list all measurement standards; 
• to establish environmental conditions for 

calibration; 
• to ensure the use of calibration procedures for 

all equipment and standards; 
• to coordinate the calibration system with all 

users; 
• to ensure that the equipment is frequently 

checked by a periodic system or cross-checks 
in order to detect damage, inoperative 
instruments, erratic readings, and other 
performance degradation factors that cannot 

be predicted or predicted by calibration 
intervals; 

• to provide timely and positive corrective 
actions; 

• to establish decals, rejection tags, and records 
to label the calibration; 

• to maintain formal records to ensure adequate 
controls. 

The main reasons for using calibrated instruments, 
according to [12], are: 

• to ensure that an instrument's readings are 
consistent with other measurements; 

• to determine the accuracy of the instrument's 
readings; 

• to establish the viability of the instrument. 
Through calibration it is possible [19]: 

• to assign the measured values to the 
indications; 

• to determine corrections related to the 
indications; 

• to determine other metrological properties, 
such as the effect of the influence quantities. 

In short, the calibration is responsible for comparing 
a measuring instrument with a standard in order to 
determine the measurement error. Knowing this 
measurement error, it is possible to determine the 
exact value of the metric to be measured. 
 
2.3.1.1  Maintenance of calibration 

According to [35], “Data veracity is about the 
certainty of data meaning. This feature expresses 
whether data reflect properly the reality or not. It 
depends on the way in which data is collected. It is 
strongly linked to the credibility of sources. For 
example, the veracity of the data collected from 
sensors depends on the calibration of sensors.” 
According to [35], “Data veracity is about the 
certainty of data meaning. This feature expresses 
whether data reflect properly the reality or not. It 
depends on the way in which data is collected. It is 
strongly linked to the credibility of sources. For 
example, the veracity of the data collected from 
sensors depends on the calibration of sensors.” 
[36] says that the viability of the data provided is 
achieved through calibration. The same author also 
explains that there must be a validity of the 
calibration for long periods of time or, else, the 
integration of calibration verification procedures in 
relation to a reference standard as an integral element 
of the process. Although, the sensors are pre-
calibrated, some manipulations can affect their 
measurements. [37] 
Through frequent calibration, it is possible to combat 
instrument error. Therefore, calibration should be 
performed periodically related to the type of 
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instrument and its stability characteristics, by using 
standards that are properly maintained and traceable. 
The records of each instrument, tests used, patterns 
of traced tests used, and any adjustments made, must 
be kept. Due to the high price of traceable standards, 
it may be cheaper to use specialized instrument 
calibration services. [36] 
The calibration frequency is based on the appropriate 
need, such as deviation in time expressed in the 
service history, according to the manufacturer's 
specifications and regulations. [15] 
With the increase of the use of sensors in the 
industrial processes, we also can find a vast 
measurement field for the equipment used. For this 
reason, it becomes necessary to acquire calibration 
management strategies. As explains [14], a complete 
calibration, performed on large or complex machines 
can take several days. Therefore, it is necessary to 
define the best calibration strategy for the sensors, 
depending on their situation. Figure 10 shows, based 
on time, a type of preventive calibration done at 
regular periods. These calibration cycles must not 
exceed the time necessary for the sensor to exceed its 
tolerance. This type of strategy is not applicable for 
large or complex machines, due to the time needed 
for its calibration, since it is done more frequently 
and in regular time. 
 

 
Fig. 10 - Preventive Calibration and adjustment at fixed 

rate [Source: [14]] 
 
According to [27] and [28], the verification interval 
can be performed in terms of time (hourly, weekly, 
monthly), based on the amount of use (every 5,000 
parts) or, in each batch. It must be based on stability, 
purpose, and level of use. Equipment that does not 
have specific calibration intervals, should be 
examined, at least, every six months and calibrated at 
intervals of, at least, one year. Sensor calibrations 
must be performed at a minimum of 95% of 
equipment with standards of the same type within 
tolerance when subject to regularly scheduled 
recalibration. 
The Predictive Calibration strategy (PdC), when 
implemented correctly it can reduce unnecessary 
downtime for calibration and maintain the accuracy 

of the sensor (Figure 11). In this type of approach, 
periodic checks must be carried out, along with the 
application of the necessary technical knowledge, 
management strategies, and decision-making skills. 
A historical sensor verification database is built 
regularly, using relatively non-invasive methods, 
thus allowing calibration to be scheduled through a 
better-informed process. It is important to establish 
secondary KPIs associated with the measurement 
method; so, they indicate the poor performance of the 
sensor's accuracy. It is also necessary to define 
appropriate tolerances for the checks carried out, thus 
allowing to stimulate more interventions. [14] 

 
Fig. 11 - Predictive Calibration [Source: [14]] 

 
The introduction of this strategy will bring new costs 
to the company, and, for this reason, it is important 
that these be compensated with the optimization of 
operational efficiency and the reduction of the total 
cost of downtime, related to unexpected and 
unplanned quality problems of the sensors. It will 
also reduce the overall downtime of a manufacturing 
facility, eliminating the sensor as the root cause of 
any subsequent failure in the production process. [14] 
Another important calibration concept is the system 
calibration. The sensors can be calibrated 
individually, with separate calibrations, or the entire 
instrument chain can be calibrated, from the sensor 
input to the reading equipment. This will ensure 
greater accuracy, avoiding the accumulation of errors 
when multiplying the calibration of each component, 
taking into account any possible interaction among 
the components, such as low impedance 
correspondence, or excessive noise capture due to 
potential signal transmission arrangements and 
differentials or other factors. [36] 
The interaction of the instrument and its installation 
can generate false readings in several ways; so, 
permanent instrument installations should always 
allow simple removal for calibration or built-in 
installations to allow calibration and reinstallation, 
without the risk of disturbing any factors that may 
affect readings. Economic and performance aspects 
need to be considered to decide the support for 
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checking machines and specific positional error 
handling policies. [14] 
Finally, [27] and [28] argue that a calibration record 
system must be maintained in all instruments, 
including the following data: 

• Usage history; 
• Precision; 
• Current location; 
• Calibration interval and when due; 
• Necessary calibration procedures and 

controls; 
• Current values since the last calibration; 
• Maintenance and repair history. 

The same authors also say that test equipment and 
measurement standards must be labelled to indicate 
the date of the last calibration, by whom it was 
calibrated, and when the next calibration should take 
place. In this way, there is a visual indication of the 
maintenance status of the calibration. Both the 
calibration laboratory and the user of the instrument 
must maintain a bi-directional verification of the 
calibration. 
 
2.3.1.2 On-line sensors calibration 
As we saw above, the strategy used for maintenance 
is traditionally based on sensors’ validation, 
involving their calibrations periodically, causing the 
reading instrument to be turned off and removed to 
be calibrated, causing, in some cases, very high costs. 
Many companies, aiming to maintain 
competitiveness in the market, adopt different 
calibration maintenance strategies, based on 
condition monitoring, allowing to minimize the 
downtime, increasing the processing availability. 
Condition monitoring allows early detection of 
failures, as an important issue in surveillance and 
diagnosis. This type of monitoring is called On-line 
Monitoring (OLM) and, according to [38], it can be 
implemented for instrument monitoring, equipment 
monitoring, or operation monitoring; however, the 
acronym OLM is commonly used for the extension 
of sensor calibration intervals. 
The online monitoring systems, designed to monitor 
and diagnose sensors with online measurements 
during their measurements, were developed by 
researchers at the Nuclear Power Plants (NPP), 
providing generic online monitoring approval to 
reduce the calibration of the process instrumentation. 
In this way, it becomes possible to extend the 
calibration periods of the sensors, being able to 
improve the economic activity of the NPPs, avoiding 
failures that could occur during the calibration 
process. . [39], [40], [41], [38] 
According to [42], OLM consists of estimating 
correct measurements that sensors must have read 

and constantly monitors the difference between the 
estimated values and the values read by the sensors. 
[43] refers that “On-line monitoring evaluates the 
deviation of an instrument with reference to its 
process parameter estimate as determined by one of 
the predictive algorithms.” 
OLM is a technique non-invasive approach that is 
responsible to provides a more frequent assessment 
of instrument calibration in the real operating 
environment. It has the potential to mitigate problems 
with current calibration practices, allowing the 
identification of sensors that have deviations from the 
limits of tolerance to direct calibration activities 
during interruptions, [44]. 
[40], [45] and [43] explain that a typical OLM system 
collects data from reading instruments and processes 
them on an offline computer, which, subsequently, 
evaluate the individual deviation sensor channel, of 
the process channel estimate, as a time function. The 
concept online is used because the data collection is 
done during the operation, but it does not necessarily 
mean that the monitoring is carried out in real-time. 
OLM evaluates the deviation of a sensor with 
reference to the estimation of process parameters, as 
determined by one of the predictive algorithms, and, 
in order to evaluate the sensor performance, the 
residual is used between the process estimation of the 
OLM model and the sensor output, [45]; in this way, 
it is possible to define the operational states of the 
sensor, (Figure 12). 
 

 
Fig. 12 - Deviation zones of sensor performance [Source: 

[45]] 
 
If someone is not 95% confident that the instrument 
is within the MAVD (Maximum Acceptable Value of 
Deviation), it must be reset. If someone is not 95% 
confident that the instrument is within ADVOLM 
(Allowed Deviation Value for On-Line Monitoring), 
the instrument must be declared inoperative. [43] 
In order to explain a basic monitoring system, we can 
use Figure 13 as an example, where we have a vector 
of sensor measurements (x) that is inserted into a 
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forecast model calculating the best estimates of the 
sensors (x'). Then, these estimates are compared to 
the measured values, allowing to calculate the 
differences called residuals (r). Subsequently, a 
decision logic module determines whether the 
residues are statistically different from zero, 
establishing the performance of each sensor. This 
module can also use predictive uncertainty values 
and deviation limits to determine the instrument's 
channel condition. [38], [45]. 
 

 
Fig. 13 - Sensor Calibration monitoring system diagram 

[Source: [45]] 
 

The difference between expected (modelled) and 
actual (measured) behaviour, called residual, 
characterizes the system's deviations from normal 
behaviour and can be used to determine whether the 
sensor or system is operating in an abnormal state. 
[46], [47] 
[38] state that OLM allows to reduce the number of 
unnecessary calibrations and, consequently, the 
reduction in the interruption time. It can also provide 
benefits with faster problem discovery and also 
allowing for more timely and convenient corrective 
actions than traditional calibration. 
Periodic sensor calibration is expensive, time-
consuming approach, and unnecessary maintenance 
actions that can damage the sensors. For example, 
when a sensor requires calibration, but it can be 
ignored, simply because the calibration interval has 
not yet passed, even if the sensor needs maintenance, 
this can cause unexpected stops and safety risks. 
Another example, and a major concern with periodic 
calibrations, is that performing maintenance on 
components that are working correctly, may cause a 
failure, [47], [46], [41] and [38]. OLM systems, on 
the other hand, monitor the condition of the sensor 
channel, identifying those that have been degraded to 
the point that justify their calibration. So, according 
to [38], online methods can help reduce maintenance 
costs, reduce the potential for calibration errors, 
increase instrument reliability, and, consequently, 
reduce equipment downtime. 
[48] say that “An essential component for quality 
control is a low cost recalibration system which can 
be applied on-line during the production cycles (…).” 

Schiff (2002) says that the justification for replacing 
traditional monitoring by online monitoring and 
calibration is: 

• the proposed online monitoring technique 
should perform all necessary designated 
functions, better than or as good as the current 
traditional calibration, with the same or better 
reliability; 

• if due to deficiencies inherent in the proposed 
technique, it cannot be demonstrated that it is 
better than or at least as good as current 
practice, the licensee must verify that the 
impact of the proposed technique on the 
safety of the facilities will be insignificant and 
the advantages of using it overcome 
deficiencies. 

An OLM system consists of several components, the 
most common of which are: an offline computer, 
where a monitoring system exists; communication 
hardware and software tools for collecting process 
data; a history of process data; an OLM software, 
responsible for performing the analysis and 
presenting the results of the sensor calibration 
performance, [45]. The author explains that the first 
step in implementing online monitoring is the 
installation, testing, and verification of the data 
acquisition system, responsible for acquiring and 
storing the historical data files. In Figure 14, we can 
check the relative position of the typical data 
acquisition system in relation to the sensor. The data 
acquisition system generally receives data from the 
instrument in the form of a voltage output, whose 
online monitoring system resizes to the expected 
process units. 
 

 
Fig. 14 - Instrument channel with On-line monitoring 

[Source: [45]] 
 
The data transfer between the data acquisition system 
and OLM software can occur in batch mode or almost 
in real-time. The term batch mode means that the data 
files are stored somewhere and accessed by the online 
monitoring system at discrete time intervals, [45]. In 
Figure 15, we can verify the operation of a generic 
OLM system. 
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Fig. 15 - On-line monitoring system setup [Source: [45]] 

 
So, in OLM, the sensor calibration is evaluated by 
comparing the measured data with the expected value 
of the sensor. The expected value can be measured 
using a variety of models, including physics-based 
models, neural networks, non-parametric models, 
etc. [44]. 
[45] and [47] refer that there are several empirical 
modelling techniques for online monitoring of the 
instrument channels performance, saying that these 
can be divided into two main categories: redundant; 
and non-redundant. [45] tell us that redundant 
modelling techniques only use the measurements of 
a group of redundant instrument channels to obtain 
the parameters’ estimate, such as the simple average. 
Non-redundant modelling techniques, on the other 
hand, use a group of correlated, but not truly 
redundant, instrument channels to estimate the 
parameters. 
For redundant equipment, a comparison of the 
instrument readings is made in order to distinguish 
between process deviation and instrument deviation. 
Redundant modelling techniques, according to [38], 
are techniques that use only the measurements of a 
group of redundant instrument channels, in order to 
obtain the estimate of the parameters. The author 
explains that the term "redundant" describes the 
instrument channels that measure the same process 
parameter in a similar operational range. Due to 
problems and disadvantages of redundant models, 
non-redundant models become the most used 
technique for OLM. 
For non-redundant instruments, we have the 
empirical process’ modelling. This estimate is 
updated frequently and compared with the output of 
the corresponding instruments to detect any deviation 
in the instrument output. This process modelling can 
also be used with redundant instruments, [40]. 
There are several modelling methods proposed to 
evaluate the sensor performance of redundant and 
non-redundant sensor groups. Figure 16 shows the 
summary of a selection of the most common 
modelling methods. 
 

 
Fig. 16 - Modelling methods for OLM [Source: ([44]] 

 
According to [45], for a modelling technique to be 
considered suitable for OLM, the model must: 

• produce accurate results; 
• produce repeatable and robust results; 
• have a method for estimating forecast 

uncertainty. 
Below, according to [45], a list of the basic steps for 
the development and implementation of the model is 
presented: 

• acquire "good" data 

In this first stage, it must be ensured that the 
collected data is carefully reviewed, and its 
quality is guaranteed. 

• group sensors in ideal models 

Here, the sensors to be used in each model 
must be selected, and this choice is more or 
less difficult depending on whether sensors 
are used for redundant or non-redundant 
techniques. 

• select training data 

In this step the data is divided into training, 
verification, and validation data sets; the 
training data being used by the model to learn 
the relationship between the sensors, and the 
verification data is used to optimize the model 
parameters in order to reduce predictive 
uncertainty. The validation data is used to 
quantify the model's performance measures. 

• build and optimize predictive models 

In this step, the models are optimized so, they 
minimize the predictive uncertainty, ensuring 
that they have a complexity corresponding to 
the complexity of the relationships to be 
modelled. 
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• evaluate the model 

Here, the model should be evaluated using 
criteria-based validation data. Here, the 
following must be taken into account: 
accuracy, which is a measure of how well the 
model's outputs correspond to the sensor data; 
robustness, which is a measure of how well a 
sensor forecast tracks the actual plant 
parameter when that sensor is drifting; 
overflow, which is a measure of how a 
drifting sensor input affects the prediction of 
other sensor values; and predictive 
uncertainty of the model. 

• uncertainty analysis 

This step is performed after the model has 
been developed and optimized, and its 
uncertainty needs to be quantified. 

• transition to online mode 

After the seven steps above, the OLM system 
can be implemented in an online or batch 
monitoring mode. At this stage, it may be 
necessary to retrain models with more up-to-
date training data when changes in 
operational or environmental states are found. 

A perfect model, as explained by [38], would be a 
model that make predictions of the sensor, not being 
significantly affected by degraded inputs and would 
be able to detect small faults and anomalies in the 
sensor. 
But, as with any modelling paradigm, the predictions 
made have some level of associated uncertainty. 
Understanding and quantifying this uncertainty is an 
essential need to the development of an OLM system 
for monitoring sensor performance. [47] 
The sources of uncertainty, according to [47] and 
[38], OLM can be categorized as: 

• process noise 
which is the result of the normal fluctuation 
of the physical parameters of the process (for 
example, temperature, flow, pressure) over 
the true value of the process; 

• measurement uncertainty 
which occurs due to several factors, including 
sensor accuracy, calibration accuracy (for 
example, calibration offset, error in 
converting sensor units to engineering units), 
environmental effects (due to temperature, 
vibration, pressure, etc.). These sources of 
uncertainty apply to the sensor; 

• electronic noise 

 
4 https://www.sgs.pt/pt-pt/construction/services-related-to-machinery-
and-equipment/equipment-certification-and-calibration (Access date: 
30/04/2020) 

where the transmission of measurements, 
through the instrumentation line, can induce 
additional noise, together with the conversion 
from analog to digital at the computer input; 

• modelling uncertainty 
which results from input uncertainty (related 
to process noise, measurement uncertainty, 
and electronic noise, as described in the 
preceding bullet) and modelling error 
(resulting from model selection, model 
training, input selection, etc.). 

The uncertainty inherent to the model's predictions 
affects the size of the failure that can be safely 
detected. [38]  
In short, we have the Nuclear Regulatory 
Commission (NRC) conclusions for on online 
monitoring systems, [40]: 

• the generic concept of an online monitoring 
technique is acceptable for online tracking of 
instrument performance; 

• online monitoring has several advantages, 
including timely detection of degraded 
instrumentation; 

• online monitoring can provide information 
about the direction in which the instrument's 
performance is going and, in this role, can be 
useful in preventive maintenance activities; 

• although the proposed online monitoring 
technique, compared to the traditional 
calibration process, makes the results less 
accurate, it is considered acceptable that the 
precision provided by the estimation of 
process parameters is enough to assess the 
instrument's operability; 

• compared to traditional calibration, due to 
lack of fuel, the online monitoring technique, 
when used as a whole, offers a greater 
guarantee of the instrument's operability 
throughout the plant's operating cycle. 

 
2.3.2  Calibration Certificate 

Only certified measuring instruments guarantee the 
reliability of the measurement results; this is only 
possible as long as the metrological parameters of the 
measuring instrument (working standards) are 
guaranteed by periodic calibrations, [2]. The 
calibration certificate records allow how the 
measurement traceability can be found. 
According to the Sociedade Geral de 

Superintendência (SGS)4, companies are responsible 
for ensuring that the equipment meets a wide range 
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of international and regional regulations. Complete 
equipment certification and calibration services can 
help to ensure that products meet all relevant 
regulations. Calibration determines the performance 
of the measuring equipment. With routine calibration 
and adjustment of the equipment, it is possible to 
measure safely, ensure compliance, and avoid the 
costs of inaccurate measurements. It is necessary to 
obtain and maintain compliance through consistent 
procedures and comply with industry regulations and 
standards. The calibration is then responsible for 
establishing the relationship between the value of the 
quantity produced and the applied value and, through 
this process, its results are documented through a 
Certificate of Calibration (CC). 
A current CC is, basically, a historical document, 
which should only be considered as a baseline 
control. The certificate will not guarantee that the 
meter is accurate at the time of measurement. This is 
just a statement at the moment, under certain 
conditions, a deviation between the indications of the 
device and a reference standard, [36], [15]. 
Therefore, before making potentially expensive 
decisions based on reading a transducer or 
instrument, it is recommended to obtain a calibration 
check before and after the critical measurement. 
Through this way it is possible to avoid breaking a 
machine in good condition based on a sudden drop in 
performance, but, conversely, it will support the 
decision to react if circumstances demand it. [36] 
Starting with the acquisition of reading equipment, 
when purchasing them, there are factory certificates 
that serve as documentary proof of the sensor's 
accuracy. Industrial sensors, as they are equipment 
that can be subjected to very violent treatment, 
resulting in a significant change in their 
characteristics and, sometimes, in permanent 
damage, it is necessary that these be periodically 
calibrated, and that there is a calibration certificate 
that confirms the reliability of the measurements. 
[49] refers that, “According to generally accepted 
practice, the calibration of measuring instruments 
may be carried out by an accredited calibration 
laboratory issuing a calibration certificate, which 
should contain information about the results of 
measurements with the associated uncertainty.” 
The purpose of calibration certification, according to 
[50], is to calibrate and reset the certified value of the 
reading equipment, using traceability standards for 
this purpose. These work standards must be traceable 
by a qualified and certified laboratory (having a 

 
5 https://www.cachapuz.com/servicos/certificados-de-calibracao 
(Access date: 30/04/2020) 

secondary reference standard tracked by a national 
laboratory that has a primary reference standard), 
through validated and internationally recognized 
calibration procedures that can certify the readings. 
This chain of traceability ensures that the certified 
value of the work standard is not more than three 
levels removed from the primary standards of the 
national laboratory. The CC is the end product of a 
test/calibration laboratory. It is delivered to the 
customer in the form of a document, which leaves the 
laboratory as a “product”. [51] 
According to the website of the company Cachapuz5, 
the conformity of equipment must be maintained 
consistently through procedures and methods that 
comply with technical regulations and international 
standards, such as: ISO 9001, ISO/IEC 17025, 
EURAMET, OIML, and ILAC. Calibration 
Certificates are a way that allows to control costs, and 
ensure the conformity and quality of equipment 
measurements. 
The Calibration Certificates allow to know the main 
metrological characteristics of the equipment 
showing: 

• periodic inspection of measuring equipment; 
• consistency of the results; 
• quality assurance of the measurements made 

on calibrated equipment. 
It is important for companies that calibrate the 
sensors, that the equipment used by them is certified 
in the purchase and also every 12 months, not 
exceeding 18 months from the initial purchase or use. 
Certified equipment must have certification stickers, 
indicating the date of the last calibration and who 
performed the calibration and certification. The 
certification sticker must be clearly visible and made 
of resistant material. [50] 
The same author also states that a new certificate is 
issued each time the equipment is calibrated, in order 
to guarantee the user's accuracy and traceability. 
Discarded or damaged reference equipment must be 
discontinued until it is verified, calibrated, or 
recertified. 
[6] warns that the calibrations are not all the same and 
that in some calibration reports there may be terms 
such as, “nominal” or “typical”, or even lack of 
traceability or approval of accredited stamps. This 
will result in a decrease in attention on the part of the 
manufacturer to meet a specific tolerance in these 
specifications, reducing scrap, since less measured 
specifications mean less rejection. This, although it 
seems beneficial for the manufacturer, who obtains 
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an additional profit, in fact it is not, since it will 
decrease the quality of its product and, consequently, 
the loss of confidence of the customer. Customers, in 
turn, also need to look beyond glossy paper and 
attractive graphics to ensure the integrity of the actual 
measured data contained in each manufacturer's 
calibration certificate. 

Regarding the points that the CC for measuring 
instruments must contain: the measurement results, 
including measurement uncertainty and/or a 
declaration of conformity with an identified 
metrological specification, like ISO 17025: 2017 
standard (General requirements for the competence 
of testing and calibration laboratories). Therefore, it 
is necessary to have an indication of the conformity 
of the calibrated measuring instrument with the 
established metrological requirements or separate 
metrological characteristics for the CC. It is 
necessary to have an assessment of the conformity 
about the object with the specified requirements, and 
the main requirement of these documents, being 
necessary to consider the measurement uncertainty 
during the conformity assessment. ([52] 
According to [15] and [52], the CC of an instrument 
provides the deviation, being the uncertainty in that 
deviation called the calibration uncertainty. The 
sensor that user must consider in the measurement 
uncertainty calculation parameters includes: 

• uncertainty about the calibration performed 
during traceability; 

• uncertainty due to the accuracy of the device, 
if not corrected; 

• uncertainty related to the deviation (fatigue) 
of the instrument between two calibrations; 

• uncertainty related to the instrument's 
characteristics (reading, repeatability, etc.); 

• uncertainty related to the environment, if 
conditions are different during calibration; 

• instrumental uncertainty of the standard, its 
instability, changes in operating conditions, 
mutual influence of the standard and the 
sensor to be calibrated; 

• the variation observed in the calibrated sensor 
readings. 

[15] also explains that measurement uncertainties are 
parameters that depict the dispersion values during 
the measurement. In this way, the study of 
uncertainties aims to determine the capabilities of 
what measurement means. 
 
3 Conclusions 
Data acquisition has high importance but, even 
greater, is the information taken from that data, 

this is a valuable source for the companies’ 
competitiveness. This what this paper addressed, 
namely the sensors in industries, responsible for 
obtaining data referring to various aspects of the 
companies. The paper also emphasises the 
importance of metrology in guaranteeing the 
reliability of measured values, as well as the 
importance of equipment certification. 
The paper makes a theoretical approach about the 
topic under discussion, “Calibration and certification 
of industrial sensors - a global review”, that addresses 
the following major subjects: Industrial Sensors; 
Metrology; Formal sensors Calibration; On-line 
sensors calibration; Calibration Certificate. 
The first topic covered, “Industrial Sensors”, was 
managed about the relevance of the reading 
instruments in the industry, as well as the types of 
existing sensors and their characteristics. It can be 
concluded that, these instruments are extremely 
important since they are responsible for translating 
the condition of the equipment in use, being able to 
extract from these the values about valuable 
information that could result in significant 
improvements in the company. It is a very important 
asset to follow unconditionally the conditioning 
maintenance. 
About the second subject, “Metrology”, this concept 
is discussed describing what it is and which is its 
focus on the industrial area. It can be inferred that 
without metrology and sensor calibration, the 
measurements performed would not be reliable, and 
may lead to unwanted and harmful results in many 
situations. The data obtained, without the use of 
metrology, from the equipment condition, is not the 
correct one; this can lead to maintenance measures 
not being implemented and, subsequently, to lead a 
rupture of the equipment and unexpected and 
consequently untimely stops, which can result in high 
costs for the company. It is also noteworthy that 
without metrological traceability, guaranteed by 
successive calibrations, it was not possible to trust on 
data measured by lower-level standards in the 
traceability chain. 
Then, when the question is about “Formal sensors 
Calibration”, the concept and how companies can 
manage this issue, in the most competent and 
effective way, it can be concluded that the calibration 
is responsible for ensuring metrological traceability 
and, consequently, for ensuring the veracity and 
effectiveness of the measurements made by the 
measuring instruments. It also can be found that 
without effective metrology system management, it 
can result in the use of the equipment out-of-date of 
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calibration state and subsequent loss of traceability to 
reference standards. 
This paper also emphasises the importance of On-line 
Monitoring (OLM) aiming to maximize the 
equipment’s availability. Through this calibration 
management system, it is possible to maximize, not 
only the use of reading instruments, but also the 
process equipment. In addition, it helps the asset 
management, allowing the anticipation of 
malfunction scenarios.  
As final corollary, it can be said that through the 
calibration certification, companies can guarantee 
and prove the effectiveness of their measurements, 
using effective data, and eliminating measurement 
errors. So, without the support of metrology in large 
industries, there would be measurement errors and 
unreliable data, which, in turn, could result in 
uncontrollable risks and costs and, consequently, the 
loss of market confidence. 
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Abstract: The availability maximization is a goal for any organization because the equipment
downtime implies high non-production costs and, additionally, the abnormal stopping and restarting
usually imply loss of product’s quality. In this way, a method for predicting the equipment’s health
state is vital to maintain the production flow as well as to plan maintenance intervention strategies.
This paper presents a maintenance prediction approach based on sensing data managed by Hidden
Markov Models (HMM). To do so, a diagnosis of drying presses in a pulp industry is used as case
study, which is done based on data collected every minute for three years and ten months. This paper
presents an approach to manage a multivariate analysis, in this case merging the values of sensors,
and optimizing the observable states to insert into a HMM model, which permits to identify three
hidden states that characterize the equipment’s health state: “Proper Function”, “Alert state”, and
“Equipment Failure”. The research described in this paper demonstrates how an equipment health
diagnosis can be made using the HMM, through the collection of observations from various sensors,
without information of machine failures occurrences. The approach developed demonstrated to be
robust, even the complexity of the system, having the potential to be generalized to any other type
of equipment.

Keywords: Hidden Markov Models; industrial sensors; condition-based maintenance; big data;
cluster analysis; principal component analysis

1. Introduction

Sensors are currently one of the largest sources of data, being responsible for making
a direct connection between a physical phenomenon and a data acquisition system, con-
verting signals from several types of variables (mechanical, chemical, etc.) into electrical
signals. Thus, sensors are responsible for translating the equipment condition, giving
outputs that can be seen as observable states. In other words, they provide data that,
after being studied, can provide very useful information for companies. One of the ways
in which companies maintain competitiveness and customer satisfaction is through the
application of sensing, as this will allow them to carry out Condition-Based Maintenance
(CBM). This is aimed at the increasing of profits, namely, due to the non-existence of
unexpected stoppages in production. For instance, according to Pais et al. [1], Data Mining
and Artificial Intelligence (AI) can contribute to safeguard the company’s profits and the
safety of people and property.

Appl. Sci. 2021, 11, 7685. https://doi.org/10.3390/app11167685 https://www.mdpi.com/journal/applsci



Appl. Sci. 2021, 11, 7685 2 of 20

This work aims to demonstrate how it is possible to optimize the data collected from
the raw signal given by the sensor and, through the transformation of observable states
made by the HMM, how the equipment diagnosis can be obtained. The case study aims to
diagnose the state of health of a drying press in a pulp industry, where the section task is
to remove water, mainly through pressing. Further, the drying press in a pulp industry is
an equipment where the occurrence of failure is harmful to the production chain, which
can lead to loss of time and high costs for the company. Therefore, to diagnose this
equipment, we have collected data with six sensors, which are coupled to the equipment
and are responsible for measuring the current intensity, the level of the hydraulic unit,
the torque, the VAT pressure, the speed of rotation, and temperature of the hydraulic
unit, in order to characterize the health status of the equipment. This will be done by
joining the data from the six sensors and optimizing the observable states, which will
later be inserted into an HMM model, allowing the equipment to be diagnosed. The
optimization of observable states goes through four phases: data preparation; features
generation; Principal Components Analysis (PCA), and Clustering. With this procedure it
is possible to extract more information from the signals, to reduce the computational load,
and to join the observations of the six sensors, allowing the creation of only one HMM to
diagnose the equipment. The objective is to characterize the health of the equipment in
three states over the time of data collection: “Adequate Functioning”, “Alert state”, and
“Equipment failure”.

A theoretical basis is also made on the entire methodology used to carry out the
equipment diagnosis in order to demonstrate how the HMM can be applied to assist in
Condition-Based Maintenance.

As Rodrigues et al. [2] stated, there has been extensive research on maintenance
optimization that has also been an important trend in the area of optimization based on
maintenance simulation. The authors state that research in this context focuses on the goal
of finding the best maintenance policy while minimizing the overall company costs. Like
Mateus et al. [3] state, “it was clear that a well maintained property will have a longer
useful life with a greater return for the organization”. The main objective of this type
of maintenance is to use adequate sensor signals and monitoring techniques to identify
and predict the health status of machines, in order to reduce the economic loss due to
degradation or failure [4]. Another aspect to consider when talking about data collection
with sensors is their reliability [5]. As noted by Taylor et al. [6] and by Bunks, Mccarthy,
and Al-Ani [7], a prerequisite for the implementation of effective CBM practices in the
industry is an effective diagnosis and prognosis.

According to Kamlu and Laxmi [8], the CBM decision-making process based on
the information obtained from the HMM is adequate to recognize the condition of the
equipment. The HHM is a double stochastic process that can define, through probability,
the equipment diagnosis, that is, how the machine can go from a good working state to a
bad working state and what the statistics are in each state.

Bunks et al. [7] explain that the HMM has two very useful features when it comes to
monitoring CBM equipment: first, they refer to the existence of computationally efficient
methods to calculate probabilities (an important feature, as it promises to be an efficient tool
for signal processing that can be economically implemented), and second, they mention the
existence of efficient techniques that can be used to identify the system health with HMM,
that is, they can be used to build equipment models based on data, aiming to identify
specific characteristics in the data to be used as health indicators.

There are several examples of HMM-based approaches to monitor failure detec-
tion [4,6–15]: Yu [4] uses an unsupervised online learning scheme, where an Adaptive
Hidden Markov Model (AHMM) is used to learn online the dynamic changes in the health
of the equipment; Taylor et al. [6] present a method where several HMMs are used to
represent a health state of a metal cutting tool; BUNKS et al. [7] show, in addition to why
the HMM is a model for equipment diagnostics, its use with vibration data to diagnose he-
licopter gears; Arpaia et al. [10] use the HMM to detect failures for fluid machines without
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adequate a priori information about failure conditions; Ocak and Lopar [12] present a bear-
ing failure detection and diagnosis scheme based on vibration signals; Xinmin et al. [13]
focus on the analysis of the bearing failure diagnosis model concentrated in an HMM
model, and compare it with other approaches, namely Multilayer Perceptron (MLP) detec-
tion techniques; and Simões et al. [14] present an extensive description of the state of the
art of the HMM, also describing how this model can increase the quality of the assessment
of Diesel engine conditions and the efficiency of maintenance planning.

In relation to the study carried out, this paper demonstrates how by performing a
multivariate analysis using several different sensors and with only one HMM it is possible
to obtain a diagnosis of the equipment, in this case, a drying press. This approach is used
instead of using one HMM for each sensor or multiple HMMs for each sensor, where each
HMM represents an equipment health state. In this paper, the steps to be followed to
optimize the HMM inputs will be demonstrated, and it will also be shown that through
features generation and extracting features (using PCA), it is possible to merge the various
sensors.

The paper starts with an introduction to the general theme in Section 1. In Section 2,
the methodology used to optimize observable states for HMM is explained. Section 3
presents a theoretical framework for each of the steps, including the HMM model itself.
Section 4 explains the case study and demonstrates all the steps taken until the equipment
is diagnosed. Section 5 discusses the results and explains ideas for future work. Finally, in
Section 6, the conclusions of the study are presented.

2. Theoretically Background

This section aims to provide knowledge of the literature review on the topics covered
in this paper. That is, all the processes used to “optimize” the observable states, as well as
the HMM model used to diagnose the equipment.

2.1. Data Preparation

According to Yin et al. [16], since the beginning of the 1980s data mining has gained
increasingly more attention as a means of obtaining knowledge.

The preprocessing of raw data facilitates the stabilization of the mean and variance
and aims to provide a structural, reliable, and integrated data source, and it is a very critical
and complex step, which allows guaranteeing reasonable results, whether the analysis
is concerned with exploratory data mining, classification, or construction of a good and
robust prediction model [17–21].

Data cleaning and preparation consume approximately 80% of the total data engineer-
ing effort, as it is a process that may require many transformations and be repeated many
times [21–23].

Through good data cleaning, it is possible to improve performance and quality [17,24,25],
as well as to isolate characteristics of interest and eliminate elements that “bother” the
theoretical models [26].

Data Transformation

Data formats can be transformed to meet the premises of a statistical inference proce-
dure or to improve interoperability [27]. Data normalization is the process of transforming
raw data values into another format with properties better suited for modeling and anal-
ysis. For a variable X represented by a vector {x1, x2, x3, . . . , xn}., we can use Z-score
normalization (also known as standardization).

Z-score normalization is a normalization method that transforms not only the mag-
nitude of the data, but also the dispersion. It will convert a variable range with some
mathematical heuristics, allowing all variables to have the same range. This patterning of
values is not essential in machine learning algorithms, but it can make patterns in the data
more visible [23]. Z-score normalization overcomes the problem of variables with different
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units, as it transforms the variables; therefore, they are centered on 0 with a standard
deviation of 1 [21]. Each attribute can be transformed using Equation (1):

x′ i =
xi − X

stddev(X)
(1)

where

• xi is the Z-score value of x;
• x is the row mean of x;
• std is the standard deviation given by

stddev(x) =

√
1

n− 1

n

∑
i=1

(xi − x)2 (2)

2.2. Features Generation

The principle of predictive Feature Generation (FG) is used to maximize the exploita-
tion of information generated exclusively from time and process data, with compact and
informative representations of the obtained data [27,28].

According to Silva and Leong [29], Machine Learning (ML) algorithms can be seen as
techniques to derive one or more hypotheses from a set of observations, thus being one of
the ways to improve input (observations) and output (hypothesis) in selecting resources
that maximize the performance of architecture.

If the transformation is chosen correctly, the transformation features can display
high-information packing properties compared to the original input samples.

In summary, FG is of paramount importance in any pattern recognition task, whose
objective is to discover compact and informative representations of the obtained data [30].

2.3. Principal Component Analysis (PCA)

Dimensionality Reduction is a technique to take a high-dimensional dataset (data
objects with many features/attributes), replacing it with a much smaller dimensional
dataset, preserving the similarities between the data objects [31].

Principal Components (PC) were first found by Pearson [32] and gained consideration
by the statistical community when Hotelling [33] proposed them as an estimate of linear
combinations of a set of random variables that retained the greatest possible variance.

Roy et al. [27], Anowar et al. [34], and Warmenhoven et al. [35] argue that it is an
unsupervised linear transformation algorithm and that it uses a statistical procedure
through an orthogonal transformation to map a set of observations of possibly correlated
variables into a set of linear values of uncorrelated variables called Principal Components.

In short (Table 1), PCA is a method that seeks to find linear combinations of predictors,
known as principal components (PCs), that capture the greatest possible variance [36].
The first PC is defined as the linear combination of predictors that captures the greatest
variability of all possible linear combinations. Subsequent PCs are derived, so these linear
combinations capture the greatest remaining variability, although they are not correlated
with all previous PCs.
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Table 1. PCA algorithm steps.

ALGORITHM—PCA
INPUT: X € Rn*d

OUTPUT: Y € Rn*k

1: CONSTRUCT THE COVARIANCE MATRIX (X.Xt)
2: APPLY LINEAR EIGEN DECOMPOSITION TO X.(XT)TO OBTAIN EIGEN VALUES
AND VECTORS;
3: SORT EIGEN VALUES IN DECREASING ORDER TO SORT EIGEN VECTORS
4: BUILD MATRIX W(D*k)WITH KTOP EIGEN VECTORS
5: TRANSFORM X USING W TO OBTAIN THE NEW SUBSPACE Y=X.W

2.4. Clustering K-Means

Clustering is a fundamental unsupervised data mining technique that is used in a
wide variety of areas for data analysis [37], where cluster analysis is done by multivariate
statistical methods and the objective is to identify clusters of objects within the data, maxi-
mizing the homogeneity within each cluster and the heterogeneity between the different
clusters [18,37–41].

The k-means algorithm was first proposed by Stuart Lloyd in 1957 as a technique for
pulse code modulation, with a more efficient version being proposed and published in
Fortran by Hartigan and Wong in 1975/79 [42,43].

It is a numerical, unsupervised, iterative, and evolutionary algorithm, which aims
to find the positions of the clusters that minimize the distance from the data points to
the clusters, it then partitions the n observations into k clusters in which the observation
belongs to the cluster with the most average next [42,44].

Each cluster in the partition is defined by its member objects and its centroid, with the
centroid being the point at which the sum of the distances of all objects in that cluster is
minimized [43]. Then, K-means finds a centroid to correlate the data to a specific group,
and the process of estimating the data belonging to a given cluster is carried out iteratively
until the convergence condition is satisfied [39].

To define the cluster number k, the Silhouette method can be used, because, according
to Menardi [45], the diagnostic used to assess the quality of a partition must be consistent
with the clustering method adopted to produce that partition, being Silhouette parsing a
method that fits well with the K-means Clustering algorithm.

A detailed explanation of this topic can be found in [37,45,46]. Peralta and Saeys [47]
summarize by saying that the Silhouette Index (SI) is calculated for each resource and
measures it through the ratio between intra-cluster and inter-cluster dissimilarity a(k) and
b(k), respectively, as shown in Equation (3), generating a value between −1 and 1.

S(k) =
b(k)− a(k)

max{a(k), b(k)} (3)

2.5. Hidden Markov Models (HMM)

Hidden Markov Models (HMMs) started to be introduced around the 1970s, with
the publications of Baum [48] and Baum & Petrie [49], and later became quite popular in
the late 1980s with the contribution of Rabiner [50]. Currently, the HMM is a statistical
modeling tool that has become popular in several areas, such as speech processing, DNA
recognition, weather forecast, machine maintenance, pattern identification, and health
monitoring.

HMMs are based on a doubly stochastic process, in which an underlying stochastic
process that develops as a Markov chain produces an unobservable (“hidden”) state, which
can be inferred only through another set of stochastic processes [51]. Therefore, an HMM is
a stochastic technique for modeling signals that evolve through a finite number of states.
States are considered hidden and responsible for producing observations [4,6].

A typical notation used for HMM is

• N—Number of states
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• M—Number of observations
• T—Observation sequence length
• Sequence of observations up to T is presented as:
• O1, O2, O3, . . . , OT with Ot ∈ {V1, V2, V3, . . . , VM}
• Corresponding status sequence is displayed as:

# QT = {q1, q2, q3, . . . , qT} with qt ∈ {S1, S2, S3, . . . , SN}
• λ = (A, B, π) – is a representation of an HMM model A—Transition probability matrix

between hidden states
A =

{
aij
}

, 1 ≤ i, j ≤ N (4)

where:
• aij = P and qt represents the hidden state at time t
• B—Emission Probability Matrix

B =
{

bj(k)
}
(1 ≤ j ≤ N) (5)

• π—initial state probability distribution

πi = P(qt = Si) (6)

where the observations are issued from each state according to the probability distri-
bution

bj(k) = P
(
Ok ∨ qt = Sj

)
, it′s (7)

An HMM has several hidden states (N), an initial probability value (π) for each state,
a transition probability matrix (A) indicating the probability of transition from one hidden
state to another, and a probability matrix of transition (B) which indicates the probability
of an observation given a certain hidden state. The sum of all initial probabilities must be
equal to 1, as well as the sum of all elements in a row in the transition and issue probability
matrix [50].

According to Rabiner [50], there are three basic HMM problems:

Problem 1—This is an evaluation problem, where, given a sequence of observations
O = {O1; O2; O3; . . . ; OT} and the model λ = (A, B, π), it allows to efficiently to calculate
the associated probability to the P(O ∨ λ) emission sequence.
Problem 2—This is a decoding problem, which consists of finding the most likely sequence of
hidden states given the sequence of observed emissions O = {O1; O2; O3; . . . ; OT} and the
model λ, namely, how to find a corresponding sequence of states S = {S1; S2; S3; . . . ; ST}.
Problem 3—This is about to know a database of sequences and how to adjust the parameters
of the model λ = (A, B, π) in order to maximize P(O ∨ λ).

â The solution for Problem 1
To solve the first problem, the forward and backward algorithms must be used. In

this way, it is possible to find the forward variable αt(i), defined as

αT(i) = P(O1, O2, O3, . . . , OT , qT = Si ∨ λ) (8)

This variable will give the probability of the observation sequence, O1, O2, O3, . . . , Ot
and state Si at time t given the model λ.

Through the forward and backward procedure, we also obtain the backward variable
βt(i), defined as

βt(i) = P(Ot+1, Ot+2, Ot+3, . . . , OT ∨ St = qi, λ) (9)

This variable gives the final probability of the observation sequence from t + 1, given
the state Si at time t and the model λ. This variable is not necessary for this first problem,
but it will be useful to solve Problem 3.

â The solution for Problem 2
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This problem aims to find the best sequence of hidden states that best fits the observed
states. This is done using the Viterbi algorithm.

â The solution for Problem 3
The third problem is to adjust the HMM parameters to maximize the probability of

the observation sequence. This is done using the Baum–Welch algorithm.
The Baum–Welch algorithm (or Baum–Welch expectation-maximization algorithm)

makes use of both the direct variable αT(i) and the regressive variable βt(i) when deter-
mining updated parameters for the HMM. Because of this, the Baum–Welch algorithm is
also known as the Forward-Backward algorithm [11].

As Yu [4] refers, three basic algorithms are used in HMM: the Forward-Backward
procedure, the Baum–Welch algorithm, and the Viterbi algorithm, all of which are used for
learning and recognizing the parameters of the model λ = (A, B, π).

3. Global Framework

Rabiner [50] states that “Real-world processes generally produce observable outputs
which can be characterized as signals.” These observable states will be used as input to the
HMM model which will later give us the hidden states which, in turn, will correspond to
the equipment state. To improve these inputs to the model, a sequence of methodologies is
performed to perform the “optimization” of the observable states (Figure 1).

Figure 1. Methodology for observable states optimization to insert into the HMM.
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As we can see in Figure 1, the sensor data will be modified to obtain better algorithm
efficiency, both in calculation time and global performance.

First, the data are collected by sensors over time, which, later, are managed aiming to
optimize the observable states. After data collection, these go to the preprocessing stage,
where a data preparation is carried on, to improve the quality of the data set.

At the end of data preparation, the data are grouped in time intervals and, after,
replaced by statistical values representative of each interval. Based on this generation of
characteristics, it is possible to extract more information from the data, as the statistical
resources, based on the time domain, providing good performance to characterize trends
and changes in data [52].

The data are then normalized and inserted into a dimensional reduction model using
Principal Component Analysis (PCA). Sizing features through Z-Score standardization
is an important preprocessing step to resize features according to a standard normal
distribution, with a mean zero and a standard deviation one. In our case, it is important to
use the Z-Score standardization to implement PCA method because we are interested in the
components that maximize the variance. If one feature varies less than another, because of
their respective scales, the PCA defines the direction of the maximum variation that more
closely matches the axis, which varies more if those features are unscaled. It is important to
standardize the data to make the algorithm more sensitive to the changes that may occur
in different measurements. Therefore, standardization is performed because this model
requires resources to be on the same scale aiming to find directions that maximize the
variation. In this process, we will only obtain the principal components (PCs) for the study
and reduction of the dimensionality of the dataset. The observations are now defined in a
new space, redefining the axes through the PCs instead of the original variables. In other
words, the characteristics of the data will be reduced to reduce the computational load. In
this study, the PCA was chosen; it is a very consolidated and easy method to use. It is an
unsupervised model that permits to find the most significant coordinate system of the data
to find the strongest characteristics of the samples. Additionally, it is not time-consuming,
it reduces well the overfitting, and can be used as a noise removal and data compression
technique [27,34,38,53]. The elimination of the large part of the experimental noise is
possible—the noise originates random errors, which are not correlated with the information
contained in the data matrix—improving the numerical stability of the model [36]. Finally,
a clustering is performed, which will group similar data and differentiate from data from
other data groups. In other words, clustering will group the observations as homogeneously
as possible within each cluster and as heterogeneously as possible among the different
clusters. In this way, observations of the equipment in good working order will be grouped
in a cluster, observations of the equipment in failure will be grouped in another, and so on.
Each cluster formed will, in turn, be used as an observable state that will enter the HMM.
The method used in this study will be Clustering k-means, which does the grouping using
Euclidean metrics. k-means is the algorithm chosen to carry out our study; because it is a
model that uses the unsupervised learning method, it has a fast enough convergence speed
and does not require large computational resources; it is an easy algorithm to implement
and apply, even to large data sets [33,34].

In addition, it is an algorithm that can be used after refocusing the data from the
source of the metrics framework involved in the center of the cloud (process done by the
PCA). This causes the data to be centered in relation to an origin where it is positioned,
being relatively equidistant from the center and positioned in the several quadrants in the
Rp space (p being the PCA’s Principal Components), which will allow a good performance
of the K-means.

Finally, the HMM will give us, through the hidden states, the diagnosis of the equip-
ment.
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4. Case Study

This case study focuses on the fault diagnosis status of equipment (i.e., a drying
system press) in a Portuguese paper pulp industry. The objective is, through the data
provided by the company, to be able to make a diagnosis of the equipment state in order
to know if it is in “Good Operation”, “Alert Status”, or “Faulty Equipment”, using the
HMM model. This case study’s specification adds value about evaluating the equipment
diagnosis, namely, because it does not need a priori information concerning the failure
conditions. To carry out the study, the MatLab software and its functions were used.

4.1. Data Preparation

The data used for the study were collected by six sensors (responsible for measuring
current intensity, hydraulic unit level, torque, VAT pressure, rotation speed, and hydraulic
unit temperature), which collect an observation every minute. The data collected are from
August 2017 to October 2020. Thus, the data used were acquired over three years and three
months (Table 2).

Table 2. Used sensors: Number of data collected.

Equipment Sensors Metric

Nº of Data
by Day
(Each

Sensor)

Nº of Data
by Year
(Each

Sensor)

TOTAL of
Data (Each

Sensor)

Sensor−1 Hydraulic unit
Temperature

Sensor−2 Hydraulic unit
level

Sensor−3 Rotation speed
PressDrying

Presses Sensor−4 Torque Press
1440 1440 ∗ 365 =

525600

(1440 ∗ 153)+
(525600 ∗ 2)+
(1440 ∗ 305) =

1710720
Sensor−5

Current intensity
with endless

extraction drive

Sensor−6 VAT Pressure vat
press

Table 2 shows that there is a dataset with 10,264,320 observations. However, as we
referred above in the theoretical framework, there are always errors in sensor data collection
and, therefore, not all data in this dataset are valid. According to Van Den Broeck et al. [54],
data cleansing should be based on knowledge of technical errors and expected ranges of
normal values. As such, through a data collection confidence index, it was possible to verify
whether the collected values were valid or not. This confidence index is a protection of the
data acquisition system, which through just two values (0 or 100) indicates the quality of
the data. Regarding the implementation of this system, there are not many details as it was
installed by a tertiary company. If the index had a value of 100, it meant that the data had
been well collected and they were valid, and when the index had a value of zero, it meant
that something had happened with the data collection and, as such, they were considered
invalid. Therefore, it was decided to eliminate all points whose confidence index was equal
to zero.

In addition to this data cleaning, it was also decided to make an imputation of the total
mean of the data signal, whose values from the current intensity, torque, VAT pressure, and
rotation speed sensors were below a certain threshold. In this way, we guarantee that we
can remove the equipment shutdown and to replace them by the respective average of each
signal. Therefore, the equipment shutdowns will not affect the prediction of the model.
The value imputation was performed, which is the most used, according to the most usual
referred in literature, as can be seen, for example, in [23,31,55]; the most general opinion
supports this approach when the data of a variable is missing. Based on this approach,
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some care was considered: when a slice was replaced in one of the signals, the others
were all replaced by their respective mean, increasing the integrity of the data set. No
further data cleaning is performed as the following data processing models themselves
complement the “filtering” of the dataset.

In Figure 2, we can graphically compare the data set with all the values, with the valid
values and without pulp drying press downtimes.

Figure 2. Data cleaning of the signals with through Confidence Indexes and shutdowns of the equipment.

Through the confidence index, 69,840 data were eliminated, leaving a data set of
1,640,880 per sensor. Regarding equipment shutdowns, these were replaced by the average
of each signal and, therefore, the value of 1,640,880 remained unchanged.

As is well known, outliers can be classified into two different subgroups: natural
and interesting ones, and those caused by defective instruments. The first group will
contribute with data that may improve the analysis or construction of the subsequent
model, while the second will contribute with errors that make the information extraction
less accurate [21,23,56]. Therefore, in this case, as we are carrying out a study of the failure
diagnosis of drying presses, we chose not to remove what could be the outliers, as in this
case, because these values may represent equipment malfunctions and, by consequence, an
invalid number.

4.2. Features Generation

Six-hour time windows were created to represent four shifts of the equipment’s
workday, where each window has 360 data. Thus, 4558 time windows were additionally
created with 360 data each. The objective is to create statistical characteristics of each
window to better characterize the signal and to make a dimensional reduction of the
data. Ten different characteristics were obtained from each data window to better define
the signal and understand its behavior over time. The characteristics generated were 1.
Average; 2. Standard deviation; 3. Variance; 4. Kurtosis; 5. Skewness; 6. Coefficient of
variation; 7. Maximum; 8. Minimum; 9. Mode; 10. Median. These 10 characteristics were
chosen in order to have a limit of resources for the study to verify if they are sufficient
to obtain a diagnosis. The features are all performed in the time domain, as none of the
variables need frequency analysis. Furthermore, as stated in [52], “statistical resources
based on the time domain provide a high performance to characterize trends and changes
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in signals”. The corresponding equations of the considered set of characteristics can be
found in the references [52,57]. In Figure 3, we can see the features generated for each
variable.

Figure 3. All features for each one of the signals sensors.

Based on these 10 characteristics of each sensor, 60 variables were generated from a
total of 4558 data. That is, we are left with 4558 mean values for each sensor, 4558 variance
values for each sensor, etc. Therefore, we get an array of a dimension of 4558 ∗ 60.

4.3. PCA

From the matrix built above, we made a feature extraction and reduced the size of the
matrix caused by feature generation using the Principal Component Analysis (PCA) tool
for the study of the principal components. From the matrix 4558 × 60, a reduction was
made, starting to have a matrix with only ten main components, 4558 × 10. As already
described, the first dimensions are those that contain the greatest variation of the data. In
Table 3, taken from the MatLab PCA function, we can see the percentage variability of each
of the main components and how it decreases in each PCA.

Table 3. Percentage variability explained by the main components.

Principal Components % of Preserved Data

1 26.8299362662924
2 11.3444018431582
3 10.5209646496898
4 7.43400606597570
5 6.75048105033166

( . . . ) ( . . . )

Therefore, the top ten components were chosen as this number of components pre-
serves ~82% of the data. For a graphical analysis of the variability of the data on each PCA,
we used a Pareto diagram (Figure 4).
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Figure 4. Pareto diagram to represent the percentage of data preserved in each Principal Component.

In addition to the feature extraction through PCA, a study can still be done where we
can identify which features contributed most to each of the main components, through the
coefficients of the main component. This can be very well represented using a heat map
represented in Figure 5.

Figure 5. Contribution of each of the features in each of the Principal Components.

In the coefficient matrix, each coefficient column contains coefficients for a principal
component and the columns are in descending order of component variance. Therefore,
we represented in the lines the 60 variables extracted for each one of the sensors and, the
10 Main Components were represented in the columns. Therefore, the first 10 lines will
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represent all the features extracted for the first sensor and so on, respecting the order of
sensors and features described above. In this way, it is possible to verify which variables
most contribute to each of the PCA, and the ones that contribute the most are the darker
blue ones. As PCA number one is the one with the most variability of data, we can deduce
that the features that most influence this component are the most important.

4.4. Clustering

Through the matrix points extracted from the PCA, a grouping was made to identify
the groups that most identify themselves. Each group that identifies itself is seen as an
observation of the equipment; in other words, an observation that matches a normal data
equipment behavior will be grouped into a cluster that groups observations with that
behavior and malfunction characteristics, that will be grouped into another cluster, and
so on. The algorithm used to perform Clustering is K-means, therefore, it is necessary
to define, a priori, the number of clusters that will be performed. This criterion will be
done through a silhouette analysis where the silhouette criterion is used to assess the ideal
number of clusters; for these data, it was found that the ideal would be three clusters
(Figure 6).

Figure 6. Identification of the ideal number of clusters for the sample under study through silhouette
analysis.

Each cluster will then be classified as the observable state in the study period. A
descending ordering of clusters was also done. In this way, we guarantee that cluster 1
is the one with the most points, cluster 2 is the second cluster with the most points, and
so on. Based on this, cluster three corresponds to the observation with the fewest points
and is what happens less frequently and, therefore, the rarest to happen, which leads to
deduce that an observation occurs when the equipment is not in good condition (this will
be demonstrated in the HMM section). In Figure 7, we can see how each cluster looks over
time. As each cluster is in an observable state of the equipment, we can look at the graph
and see the development of the observable states of the equipment over the study period.
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Figure 7. Observable states of equipment over time with K-means clustering.

In order to verify if the groups chosen by K-means make sense, we can compare the
cluster development with the direct observations of the reading equipment. As we saw
above, cluster 3 will be the most unlikely to happen, and it should be represented when
there are observations in the less common data, as we can see in the Figure 7, that is what
is happening. This leads to the inference that K-means did a good data grouping.

4.5. HMM—Equipment Diagnostics

In the HMM model, there are observable states (defined in the previous section) and
hidden states (equipment condition). For now, we have chosen three states to characterize
the equipment health status: the 1st representing the good functioning of the equipment,
the 2nd identifying an alert state, and the 3rd state representing the equipment malfunction.

The accuracy of data classification used by the HMM is nothing more than the quantity
of correctly validated estimates for all types of events or status classes of a system divided
by the total monitoring of the condition of a system, after mounting the model [14]. Thus,
through the outputs taken from Clustering, the data were divided into training data and
test data to validate the model. Thus, through the outputs taken from Clustering, the
data were divided into training data and test data to assess the model. According to the
common practice in machine learning, 70% of the data were used to train the HMM model
and 30% were used to test the performance of the system in unknown data. Considering
that the data are actual time series, the first 70% of the samples were used for training and
the latter 30% were used for testing.

Then, through the observable training states, based on the Baum–Welch algorithm,
we were able to train the HMM to obtain the transition and emission matrices:

Transition matrix:



Stage State1 State2 State3
State1 0.9113 0.0857 0.0031
State2 0.5080 0.4627 0.0294
State3 0.0615 0.3291 0.6094




Emission Matrix:



Stage Obs1 Obs2 Obs3
State1 0.9892 0.0108 0.0000
State2 0.3133 0.6431 0.0436
State3 0.0000 0.0000 1.0000



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Note that the division of data into training data and test data was done in a temporal
way, where 70% of training data goes from August 2017 to mid-October 2019, with the
remaining months for 30% of test data. In order to find out if this was a good way to divide
the data, a comparison was made between the matrices trained by the training data and
the matrices trained with the totality of data. Through the Root Mean Square Error metric
(Equation (10)), we obtained the following results:

RMSE =

√
1
n ∑n

ij

(
aDataTotal (i, j)− aDataTrain70%(i, j)

)2 (10)

RMSETransition=0.0709

RMSEEmission=0.0289

Through this metric, we verified that the division performed in a temporal way was a
good choice and, from here, we can also take the model to be trained that does not need all
the data.

Having trained the model, through the obtained matrices, it is now possible to gener-
ate observable states and to compare them with 30% of the test data. Then, a comparison is
made between the sequence of observable states calculated by the model already trained,
and the sequence of observable states that actually exit Clustering (test data). Through
the test data, it becomes possible to calculate the probability, y, of such sequences overlap-
ping [58]. In other words, based on the collected data, it is possible to specify the probability
of the estimated states corresponding to the real states of the system (Equation (11)).

y =
(
∑(HMMObservations = DataTest)/n

)
∗ 100 (11)

As the HMM works based on probabilities, 10,000 observation sequences were gen-
erated with a number equal to the test data, in order to calculate the respective accuracy
and, later, to perform the average, in order to obtain the accuracy of the model in question,
which was equal to 78.05%.

Having done the training of the model, it is already possible to obtain an HMM scheme
for this case study (Figure 8), both with the transition probabilities between hidden states
with the probability of emission from hidden states to observable states.

Now, once the parameters of the HMM model are known and embedded in the
characteristic matrices, the conditions for using the “Viterbi” algorithm are met, which will
allow the characterization of the most likely sequence of hidden states over time, which
will give the diagnosing of the equipment’s health.

Then, based on Figure 9, it is possible to see the evolution of the failure state of the
drying press over time. To better understand the equipment diagnosis (Hidden States), the
observable states extracted from the Clustering and the “raw” signal of each sensor is also
represented in Figure 9.
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Figure 8. HMM scheme for transition and emission.

Figure 9. HMM Hidden States using the observable K-means Clustering.

5. Discussion

Observing the matrices, we evidenced, through the transition matrix, that hidden
state 1 has a 91.13% probability of remaining in the same state and that it is unlikely to
evolve to another state. Thus, as hidden state 1 represents the equipment in order of “good
functioning”, the ideal will always be to remain in this state. Hidden states 2 and 3, on the
other hand, have some tendency to remain in the same state or to develop to the previous
state, which can happen due to maintenance actions. Regarding the emission matrix, we
found that the hidden state 1 occurs in a higher percentage when observing the observable
state 1 and it never happens when observing the observable state 3. The opposite happens
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with the hidden state 3. This makes sense because, as it was described along with this
paper, observable state 1 was defined as the observable state that has the highest number of
points, and by contrast, observable state 3 occurs the least number of times and, therefore,
it is the one that is observed in the highest percentage, when the equipment is defective.
Thus, hidden state 3 only occurs when observable state 3 is observed.

Apparently, the equipment had several alert states that return to a good working
condition, in principle through (preventive) maintenance. As for the equipment failure
status, this happened several times over the three years, which may signify that the drying
press maintenance must be improved.

This paper tested several observable state “optimization” tools to insert into the
HMM algorithm to perform the equipment diagnosis. As explained above, there is not
a priori information about the equipment failure conditions being not possible, through
the Working Orders (WO), to verify the effectiveness of the model. However, through
graphical analysis, we can see, through Figure 9, that hidden state 3 happens in situations
where the direct observations of the sensors deviate from the expected pattern.

Regarding the contribution of this model, it allows an online diagnosis of equipment
from sensors, making possible the detection of failures without prior information about the
equipment’s condition. In addition, it is easy to adapt the number of features, depending
on the equipment being sensed. Furthermore, the model can be generalized to any number
of sensors and any equipment.

To improve the model in the future, we intend to make a diagnosis and prognosis
of the equipment in an operation based on an online algorithm. For that, an Artificial
Neural Network class, such as Multi-Layer Perceptron (MLP), may be used to improve the
HMM performance. The objective of MLP is to predict which is the next observable state
of the three observable states defined to, through the Viterbi algorithm, translating this
observable state into a hidden state. Thus, it will be possible to say in advance what the
health state of the equipment may be. Furthermore, to retrain the HMM model with the
new observable states that may happen, a classification model, such as the Support Vector
Machine (SVM), may be used, whose objective is to direct the new observable data read, for
the respective cluster. In this way, through the new observable states that are happening,
it is possible, through the Baum–Welch algorithm, to go retraining the HMM model. In
addition, this study is expected to be extended to the company’s five drying presses.

6. Conclusions

This paper presented a diagnostic method based on Hidden Markov Models.
The objective of the research described was to present an approach to diagnose failures

in drying press equipment in a pulp industry, through HMM. The paper provides us with a
theoretical basis for an application of a fault detection method through the optimization of
observable states later applied to an HMM model. The added value of this failure detection
method is due to the model making its prediction without prior information about the
equipment conditions. The method was experimentally validated through a case study.
For this, six variables were considered, through the collection of observations from six
sensors, constituting a set of data with approximately three years and three months and
with observations collected minute by minute.

The method was based on the optimization of observable states inserted in the HMM
model, where data preparation is done first, followed by resource generation, where it
generated 10 different statistical features, by which the objective was to better characterize
the signals and do a reduction of the data. Then, a PCA is made and, finally, a Clustering,
where each cluster represents the observable states to be used to train the HMM model.
Then, a training and testing procedure was carried out on the HMM model to validate the
method’s ability to detect a failure.

Through the research carried out, it can be inferred that the method presented, based
on HMM, can be used to diagnose the equipment health state supported on CBM strategies.
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Based on this, companies have greater support for decision-making about equipment
reliability, helping them be more competitive in the market.

Based on the previous case study, further research will be carried out with the aim
of extending the time for equipment failure prediction as well as for Online Calibration
Monitoring (OML). In this way, it will be possible to allow the extension or elimination
of periodic sensor calibration intervals, allowing to improve the safety and reliability of
observations through greater precision and reliability of the sensors used.

Author Contributions: Conceptualization, J.T.F., I.F., J.R. and A.J.M.C.; methodology, J.T.F. and I.F.;
software, A.M. and I.F.; validation, J.T.F., I.F. and J.R.; formal analysis, J.T.F., I.F. and J.R.; investigation,
A.M. and I.F.; resources, J.T.F., I.F., J.R. and A.J.M.C.; writing—original draft preparation, A.M.;
writing—review and editing, J.T.F., I.F. and J.R.; project administration, J.T.F. and A.J.M.C.; funding
acquisition, J.T.F. and A.J.M.C. All authors have read and agreed to the published version of the
manuscript.

Funding: The research leading to these results has received funding from the European Union’s Hori-
zon 2020 research and innovation programme under the Marie Sklodowvska-Curie grant agreement
871284 project SSHARE and the European Regional Development Fund (ERDF) through the Oper-
ational Programme for Competitiveness and Internationalization (COMPETE 2020), under Project
POCI-01-0145-FEDER-029494, and by National Funds through the FCT—Portuguese Foundation
for Science and Technology, under Projects PTDC/EEI-EEE/29494/2017, UIDB/04131/2020, and
UIDP/04131/2020.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Pais, E.; Farinha, J.T.; Cardoso, A.J.M.; Raposo, H. Optimizing the Life Cycle of Physical Assets—A Review. WSEAS Trans. Syst.

Control 2020, 15, 2224–2856.
2. Rodrigues, J.; Costa, I.; Farinha, J.; Mendes, M.; Margalho, L. Predicting Motor Oil Condition Using Artificial Neural Networks

and Principal Components Analysis. Eksploatacja i Niezawodnosc Maint. Reliab. 2020, 22, 440–448. [CrossRef]
3. Mateus, B.; Torres, J.; António, F.; Cardoso, M. Production Optimization versus Asset Availability—A Review. WSEAS Trans. Syst.

Control 2020, 15, 320–332.
4. Yu, J. Adaptive hidden Markov model-based online learning framework for bearing faulty detection and performance degradation

monitoring. Mech. Syst. Signal Process. 2017, 83, 149–162. [CrossRef]
5. Martins, A.B.; Farinha, J.T.; Cardoso, A.M. Calibration and Certification of Industrial Sensors—A Global Review. WSEAS Trans.

Syst. Control 2020, 15, 394–416. [CrossRef]
6. Taylor, P.; Baruah, P.; Chinnam, R.B. HMMs for diagnostics and prognostics in machining processes. Int. J. Prod. Res. 2005, 43,

1275–1293.
7. Bunks, C.; McCarthy, D.; Al-Ani, T. Condition-based maintenance of machines using hidden markov models. Mech. Syst. Signal

Process. 2000, 14, 597–612. [CrossRef]
8. Kamlu, S.; Laxmi, V. Condition-based maintenance strategy for vehicles using hidden Markov models. Adv. Mech. Eng. 2019, 11,

1–13. [CrossRef]
9. Camci, F.; Chinnam, R.B. Health-State Estimation and Prognostics in Machining Processes. IEEE Trans. Autom. Sci. Eng. 2010, 7,

581–597. [CrossRef]
10. Arpaia, P.; Cesaro, U.; Chadli, M.; Coppier, H.; De Vito, L.; Esposito, A.; Gargiulo, F.; Pezzetti, M. Fault detection on fluid

machinery using Hidden Markov Models. Measurement 2020, 151, 107126. [CrossRef]
11. Bjerkeseth, M. Using Hidden Markov Models for Fault Diagnostics and Prognostics in Condition Based Maintenance Systems.

Master’s Thesis, University of Agder, Kristiansand, Norway, Grimstad, Norway, 2010.
12. Ocak, H.; Lopar, K. A new bearing fault detection and diagnosis scheme based on hidden markov modeling of vibration signals.

In Proceedings of the 2001 IEEE International Conference on Acoustics, Speech, and Signal Processing, Salt Lake City, UT, USA,
7–11 May 2001; Volume 5, pp. 3141–3144.

13. Xinmin, T.; Baoxiang, D.; Yong, X. Bearings Fault Diagnosis B ased on HMM and Fractal Dimensions Spectrum. In Proceedings of
the 2007 International Conference on Mechatronics and Automation, Harbin, China, 5–8 August 2007; pp. 1671–1676.

14. Simões, A.; Viegas, M.; Farinha, T.; Fonseca, I. The State of the Art of Hidden Markov Models. Qual. Reliab. Eng. 2017, 33.
15. Wang, F.; Tan, S.; Yang, Y.; Shi, H. Hidden Markov Model-based Fault Detection Approach for Multimode Process. Ind. Eng.

Chem. Res. 2016, 55, 1–35. [CrossRef]
16. Yin, X.; Zhou, Z.; Li, N.; Chen, S. An Approach for Data Filtering Based on Rough Set Theory. Lect. Notes Comput. Sci. 2001, 2118,

367–374.



Appl. Sci. 2021, 11, 7685 19 of 20

17. Prasad, G.S.; Reddy, N.V.S.; Acharya, U.D. Knowledge Discovery from Web Usage Data: A Survey of Web Usage Pre-processing
Techniques, in Information Processing and Management, BAIP 2010. In Communications in Computer and Information Science;
Springer: Berlin/Heidelberg, Germany, 2010; Volume 10, pp. 505–507.

18. Banhatti, A.G.; Deka, P.C. Effects of Data Pre-Processing on the Prediction Accuracy of Arti fi cial Neural Network Model in Hydrological
Time Series; Springer International Publishing: Switzerland, 2016; ISBN 9783319401959.

19. Cho, W.; Choi, E. Big data pre-processing methods with vehicle driving data using MapReduce techniques. J. Supercomput. 2017,
73, 3179–3198. [CrossRef]

20. Rinnan, A.; Norgaard, L.; Berg, F.; Thygesen, J.; Bro, R.; Engelsen, B. Data Pre-Processing. In Infrared Spectroscopy for Food Quality
Analysis and Control; Academic Press: Cambridge, MA, USA, 2009; ISBN 9780123741363.

21. Abdallah, Z.S.; Webb, G.I. Data Preparation. In Encyclopedia of Machine Learning and Data Mining; Springer: Boston, MA, USA,
2017.

22. Zhang, S.; Zhang, C.; Yang, Q. Data preparation for data mining. Appl. Artif. Intell. 2003, 17, 375–381. [CrossRef]
23. Nisbet, R.; Miner, G.; Yale, K. Data Understanding and Preparation. In Handbook of Statistical Analysis and Data Mining Applications;

Academic Press: Toronto, ON, Canada, 2018; pp. 55–82. ISBN 9780124166325.
24. Ganti, V.; Sarma, A. Data Cleaning Cleaning: A Pratical Perspective. Ozsu, M., Ed.; Morgan & Claypool: San Rafael, CA, USA,

2013; ISBN 9781608456789.
25. Do, H.H.; Broder, A.; Dean, J.; Henzinger, M.R.; Deshmukh, K.; Sarawagi, S. Bulletin of Technical Committee on Data Engineering.

In Special Issue on Data Cleaning; Lomet, D., Ed.; IEEE Computer Society: Washington, DC, USA, 2000; Volume 23.
26. Cogley, T. Data Filters. In The New Palgrave Dictionary of Economics; Palgrave Macmillan: London, UK, 2008.
27. Roy, S.; Sharma, P.; Nath, K.; Bhattacharyya, D.; Kalita, J. Pre-Processing: A Data Preparation Step. Encycl. Bioinforma. Comput.

Biol. 2018, 463, 1–9.
28. Han, Z.; He, Q.; Davier, M. Von Predictive Feature Generation and Selection Using Process Data From PISA Interactive Problem-

Solving Items: An Application of Random Forests. Front. Psychol. 2019, 10, 1–15. [CrossRef]
29. De Silva, A.M.; Leong, P.H.W. Grammar-Based Feature Generation for Time-Series Prediction; Janusz, K., Ed.; Springer: London, UK,

2015; ISBN 9789812874108.
30. Theodoridis, S.; Koutroumbas, K. Feature Generation I: Data Transformation and Dimensionality Reduction. In Pattern Recognition;

Springer: Cham, Switzerland, 2009; pp. 323–409.
31. Sakr, S.; Zomaya, A. Encyclopedia of Big Data Technologies; Sakr, S., Zomaya, A., Eds.; Springer: Cham, Switzerland, 2019; ISBN

9783319775241.
32. Pearson, K. On lines and planes of closest fit to systems of points in space. Philos. Mag. J. Sci. 1901, 2, 559–572. [CrossRef]
33. Hotelling, H. Relations Between Two Sets of Variates. Biometrika 1936, 28, 321–377. [CrossRef]
34. Anowar, F.; Sadaoui, S.; Selim, B. Conceptual and empirical comparison of dimensionality reduction algorithms (PCA, KPCA,

LDA, MDS, SVD, LLE, ISOMAP, LE, ICA, t-SNE). Comput. Sci. Rev. 2021, 40, 100378. [CrossRef]
35. Warmenhoven, J.; Bargary, N.; Liebl, D.; Harrison, A.; Gunning, E.; Hooker, G. PCA of Waveforms and Functional PCA: A Primer

for Biomechanics. J. Biomech. 2020, 116, 110106. [CrossRef] [PubMed]
36. Kuhn, M.; Johnson, K. Data Pre-Processing. In Applied Predictive Modeling; Springer Science&Business Media: New York, NY,

USA, 2013; ISBN 9781461468493.
37. Nidheesh, N. A Hierarchical Clustering algorithm based on Silhouette Index for cancer subtype discovery from genomic data.

Neural Comput. Appl. 2019, 32, 11459–11476. [CrossRef]
38. Townes, F.W.; Hicks, S.C.; Aryee, M.J.; Irizarry, R.A. Feature selection and dimension reduction for single-cell RNA-Seq based on

a multinomial model. Genome Biol. 2019, 20, 1–16. [CrossRef] [PubMed]
39. Alguliyev, R.M.; Aliguliyev, R.M.; Sukhostat, L.V. Parallel batch k-means for Big data clustering. Comput. Ind. Eng. 2021, 152,

107023.
40. Wendler, T.; Gröttrup, S. Cluster Analysis. In Data Mining with SPSS Modeler: Theory, Exercises and Solutions; Springer International:

Switzerland, 2016; pp. 587–712. ISBN 9783319287096.
41. Haoran, L.; Fazhi, H.; Yilin, C. Learning dynamic simultaneous clustering and classification via automatic differential evolution

and firework algorithm. Appl. Soft Comput. J. 2020, 96, 106593.
42. Mary, S.; Selvi, T. A Study of K-Means and Cure Clustering Algorithms. Int. J. Eng. Res. Technol. 2014, 3, 1985–1987.
43. Subbalakshmi, C.; Krishna, G.R.; Mohan, S.K.; Rao, P.V. A Method to Find Optimum Number of Clusters Based on Fuzzy

Silhouette on Dynamic Data Set. Procedia Comput. Sci. 2015, 46, 346–353. [CrossRef]
44. Llet, R.; Ortiz, M.C.; Sarabia, L.A.; Sánchez, M.S. Selecting variables for k -means cluster analysis by using a genetic algorithm

that optimises the silhouettes. Anal. Chim. Acta 2004, 515, 87–100. [CrossRef]
45. Menardi, G. Density-based Silhouette diagnostics for clustering methods. Stat. Comput. 2011, 21, 295–308. [CrossRef]
46. Rousseeuw, P.J. Silhouettes: A graphical aid to the interpretation and validation of cluster analysis. J. Comput. Appl. Math. 1987,

20, 53–65. [CrossRef]
47. Peralta, D.; Saeys, Y. Robust unsupervised dimensionality reduction based on feature clustering for single-cell imaging data.

Appl. Soft Comput. J. 2020, 93, 106421. [CrossRef]
48. Baum, L.E. An Inequality and Associated Maximization Technique in Statistical Estimation for Probabilistic Functions of Markov

Processes. Inequalities 1972, 3, 1–8.



Appl. Sci. 2021, 11, 7685 20 of 20

49. Baum, L.; Petrie, T. Statistical Inference Probabilistic Function Of Finite State Markov Chains. Ann. Math. Stat. 1966, 37, 1554–1563.
[CrossRef]

50. Rabiner, L. A Tutorial on Hidden Markov Models and Selected Applications in Speech Recognition. Proc. IEEE 1989, 77, 257–286.
[CrossRef]

51. Joshi, J. Prediction of weather states using Hidden Markov model. In Proceedings of the International Conference on Cryosphere
and Climate Change, Hainan, China, 10–12 November 2012; 2012; pp. 1–7.

52. Saucedo-Dorantes, J.J.; Jaen-cuellar, A.Y.; Delgado-prieto, M.; Romero-troncoso, R.D.J.; Osornio-Rios, R.A. Condition monitoring
strategy based on an optimized selection of high-dimensional set of hybrid features to diagnose and detect multiple and combined
faults in an induction motor. Measurement 2021, 178, 109404. [CrossRef]

53. Merola, G.; Abraham, B. Dimension Reduction Methods Used in Industry. In Handbook of Statistics; Springer: Cham, Switzerland,
2003; Volume 22, pp. 995–1039.

54. Van Den Broeck, J.; Cunningham, S.; Herbst, A. Data Cleaning: Detecting, Diagnosing, and Editing Data Abnormalities. PLoS
Med. 2005, 2, e267.

55. Dasu, T.; Johnson, T. Data Quality: Techniques and Algorithms. In Exploratory Data Mining and Data Cleaning; John Wiley & Sons:
Hoboken, NJ, USA, 2003; p. 224.

56. ROADIDEA. Data Filtering Methods. In 7th Community Framework Programme for Research and Technological Development; Technical
Report; European Commission: Brussels, Belgium, 2008; pp. 1–42.

57. Dhamande, L.S.; Chaudhari, M.B. Compound gear-bearing fault feature extraction using statistical features based on time-
frequency method. Measurement 2018, 125, 63–77. [CrossRef]

58. Simões, A. Manutenção Condicionada Às Emissões Poluentes Em Autocarros Urbanos; Instituto Superior Técnico: Lisboa, Portugal,
2011.



 

 

 

 

 

 

 

 

 

 

 

Appendix C 

 



Prediction Maintenance based on Vibration
Analysis and Deep Learning – A case study of a
drying press supported on a Hidden Markov Model
Alexandre Martinsa,b, Inácio Fonsecac, José Torres Farinhac,d,
João Reisa,e and António J. Marques Cardosob

aIndustrial Engineering and Management, Faculty of Engineering, Lusófona University and EIGeS, Campo
Grande, Lisbon, 1749-024, Portugal
bCISE – Electromechatronic Systems Research Centre Portugal, Univ. Beira Interior, Covilhã, Portugal
cISEC/IPC - Polytechnic Institute of Coimbra, R. Pedro Nunes, Coimbra, 3030-199, Portugal
dCEMMPRE - Centre for Mechanical Engineering, Materials and Processes, University of
Coimbra, Coimbra, Portugal
eDepartment of Economics, Management, Industrial Engineering and Tourism, GOVCOPP, Campus
Universitário de Santiago, Aveiro University, Aveiro, 3810-193, Portugal

A R T I C L E I N F O
Keywords:
Maintenance
Industrial Sensors
Hidden Markov Models
Deep Neural Networks
Big Data
Clustering
Principal Components Anal-
ysis

A B S T R A C T
The main objective of this paper is to describe a methodology that was
developed to support maintenance decision-making methods based on
equipment condition. Condition-Based Maintenance allows to increase
equipment availability and maximize investments. This is mainly due
to the prevention of unexpected equipment downtime. By avoiding
turning on/off industrial equipment, production flows are more efficient,
allowing manufacturers to improve the quality of the end-product.
The industry aims more and more to correspond satisfying customer
expectations. We argue that the methodology developed in this paper
adds value to the existing literature, namely because the fact that it
is possible to anticipate the state of an equipment without a large
amount of support data. In other words, although one could find
information gaps regarding the occurrence of failures, it was possible
to accurately assess the state of the equipment. This approach is robust,
as it can be used in distinct equipment with different sensors, making
this methodology generalizable for Condition-Based Maintenance. The
paper presents the validation of the preceding through a case study
on drying presses in the paper industry. To do so, three states were
adopted, namely: "Proper function"; "Alert state"; and "Equipment
failure". The methodology follows a series of steps, going through the
collection of values from vibration sensors, imputation of values using
Deep Artificial Neural Networks through on-line sensors, until reaching
the last stage of classification carried out by the Hidden Markov
Model. Through optimized observations from the previous steps, it was
possible to define the hidden states through the Viterbi algorithm, which
corresponds to the health states of the equipment. Additionally, it was
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Applied Soft Computing

possible to demonstrate that the proposed methodology can accurately
characterize the condition states of the equipment based on the data
obtained and can be generalized to other types of equipment.

1. Introduction
1.1. Framework

Implementing a maintenance system in a company is an integral part of asset manage-
ment [1]. If successfully implemented, a maintenance system is supposed to significantly
reduce production costs, mainly due to the prevention of unexpected equipment downtime
and, consequently, the maximization of its availability. "These types of cost associated with
an asset’s life cycle must be seen as investments, because they originate a return that is
indexed to the quality of the investment - initial and during the asset’s life - and accrue
value to the asset throughout its life cycle" [2]. Avoiding unnecessary switching on/off
of equipment, industrial engineers can expect better end-product quality and customer
satisfaction. This is due not only to better product quality, but also to reach delivery
deadlines. The above actions aim to reduce the company’s costs and maximize profits. In
that regard, maintenance today is no longer seen as an additional cost, but as an investment.
There are numerous methods of maintenance that can be used depending on the equipment’s
criticality. When referring to critical equipment, it is vital to implement Condition-Based
Maintenance (CBM) to maintain ongoing "surveillance" to ensure production takt time.
Predictive condition management, according to Rodrigues et al.[3], is one of the most
essential ways to maximizing equipment availability. CBM aids in the support of mainte-
nance decisions based on data gathered through condition monitoring, with three primary
steps: data gathering, data processing, and maintenance decision making [4]. To do so, it is
necessary to have sensors responsible for directly connecting the physical phenomenon to be
studied in the equipment and the data acquisition system. Sensors will convert mechanical
quantities into electrical signals [5]. Martins et al.[5] conducted previous study that gave
some light on the theory relating to the trustworthiness of data emitted by sensors, as well
as its usefulness in supporting the CBM, as well as the need to develop understanding in
this area.

Thus, one of the most used and reliable physical quantities to take information about
the health status of an equipment component is the vibration signal, especially when we
refer to rotating components [6], which is the case of our study. According to Pawlik
et al.[7], monitoring systems that use vibration signals are often used in industry to diagnose
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Applied Soft Computing

the equipment condition. Its success can be ascribed in large part to the availability of
signal processing techniques in the time domain, frequency domain, and time-frequency
domain, which can be used to distinguish engineering aspects (feature extraction, selection,
and manipulation) [8]), which is a vital point for the model used in this paper. Among
several existing papers dealing with vibration analysis applied to CBM, we can highlight
the followings: Saucedo-Dorantes et al.[9] suggested a condition monitoring methodology
based on the estimation and optimization of a collection of high-dimensional hybrid
characteristics to identify and evaluate the presence of multiple and combined faults in an
induction motor. For this the author used for this analysis the stator vibrations and currents
using techniques from different domains; Dhamande and Chaudhari[10] use vibration
analysis in different domains to explore more complex situations of compound bearing
failure; Pranesh et al.[11] use vibration signals, acquired by a piezoelectric accelerometer, to
diagnose a hydraulic brake failure, using machine learning. Akpudo and Hur[8] developed a
new hybrid feature classifier for industrial physical Assets’ vibration-based Fault Detection
and Isolation (FDI).

Since the unexpected downtime of equipment has a significant contribution to production
and costs, it becomes necessary to develop techniques to improve maintenance technologies
based on condition with Artificial Intelligence (AI) algorithms to help the decision-making
process concerning the real-time state. AI and complex algorithms are critical for gathering
and analyzing data in the physical world, namely in machines. The knowledge derived from
the analysis of huge amounts of data is critical for supporting the decision-making process,
with the goal of enabling machines with the ability to recognize potential problems on their
own [4]. As a result, the goal of this research is to propose a classification methodology for
the health state of a roll in a paper drying press utilizing vibration signals using the HMM
algorithm. One of the barriers of the case study was the low amount of data collected, which
can impair the model’s prediction. As Rodrigues et al.[3] refer, the success of the HMM
implementation depends on the monitoring frequency. To overcome this obstacle, Neural
Networks (NN) are used to perform imputation of vibration values. NNs can acquire, store,
and use all the knowledge gained in the past to extract patterns and detect trends unnoticed
by humans. NN can be broadly categorized into Artificial NN (ANN) and Deep NN
(DNN), used in this paper. Neural Networks can be compared to the human nervous system.
They, too, collect information from their surroundings through a learning process, and this
information is stored in synaptic weights, also known as interneuron connection intensities
[12, 13]. So, NN correspond to algorithms that are based on biological nervous systems,
simulating the way the human brain works, constituted by computational "neurons", which
operate in parallel to describe nonlinear and interaction effects [12, 14, 15, 16, 17, 18, 19].
The basic functions of all neural networks are receiving external data, deciding whether
these will be activated and considered or discarded as negligible, analyzing the error
minimization by iterating the data, thus obtaining an output or performance for the whole
trial [15]. The relationship between input and output is established by adding the weights
assigned to neurons and changing the sum of polarization terms to obtain the output,
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which is determined by the strength of the connection by which the input represents the
output; the process of establishing the relationship being input output, is called training.
To eliminate errors between projected and desired outputs, the network adjusts its weights
[12]. An ANN may have one or more hidden layers between the input and the output,
although ANNs with multiple hidden layers is known as Deep Neural Network (DNN),
thus exhibiting higher levels of feature extraction capability relative to each hidden layer
added [16, 17]. Thus, deep learning is an area derived from artificial intelligence that stems
from the study of neural networks, which can be defined as one with several hidden layers.
Unlike superficial artificial neural networks, they can directly use the original data as input
and learn characteristics, layer by layer, thus obtaining a more efficient feature extraction
[18, 20]. The term "deep" refers to the more complicated layer and node structure, which
considerably increases the amount of weights and bias terms, resulting in a more abstract,
high-dimensional feature mapping from the input and output data [19]. DNN is made up
of a collection of neurons structured in a series of many layers, with each neuron receiving
the activations of the neurons in the preceding layers as input. The network’s neurons work
together to execute a complicated nonlinear mapping from input to output that is learned
from data by adjusting the weights of each neuron using an error backpropagation technique
[21].

After imputing values through a DNN algorithm, these data will go through a variety
of steps to classify the diagnostic status through the HMM. Further, it will be necessary
to carry out a characteristic generation phase in two vibration domains: time domain and
frequency domain, where static characteristics that best describe the signal over time will
be removed. After the features have been generated, Principal Component Analysis will be
used to reduce the number of dimensions (PCA). Through the PCA outputs, Clustering
is used to group the most similar data in a respective cluster and thus characterize the
observable states that will be input to the HMM. Then, through the HMM, the equipment’s
health status diagnosis will be carried out. HMM has already proven, as demonstrated in
several papers, that it can be used for CBM, as can be verified in the paper of [22].
1.2. Objectives and Contributions of the paper

This paper aims to present a methodology for classifying the health status of a drying
press used in the paper industry. The proposed methodology in this paper innovates on the
following aspects:

• in the classifying of the status of equipment without having previous information or
technical knowledge about it - in other words, it is a methodology that, through various
Machine Learning (ML) tools, it is able to detect patterns that are outside the regular
operational operation of the equipment - in this way, it is possible to detect and predict
anomalies in the equipment;

• based on Deep Artificial Intelligence, it was also added the possibility to manage time
series data to better diagnose the equipment condition;
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• the developed methodology is generic, then it does not require technical knowledge
or prior information about the equipment, and can be used online to provide real-time
input and support a condition predictive maintenance strategy;

• additionally, the developed algorithm is generic and can be used in different equipment
with different sensors.

1.3. Paper structure
The present paper is structured as follows: an introduction (Section 1) where the

leading research topics are introduced (condition-based maintenance; vibration signals
for maintenance; application of Neural Networks; health diagnostic classification through
HMM and all the inherent methodology). Section 2 provides a brief explanation of each
method used in the study methodology. Section 3 presents the methodology used on the
work, aiming to explain the procedure from the imputation of values in the vibration data
through DNN as well as the HMM classification methodology. Section 4 presents the case
study, which consists on carrying out a health diagnosis of a roll of a drying press in the
paper industry. Section 5 comprises a discussion of results where an evaluation of the
methodology implemented is made, and the results are unveiled. Finally, in section 6, a
conclusion of the entire work is made.
2. Background
2.1. Multi-layer perceptron (MLP)

The Multi-Layer Perceptron (MLP) is a supervised learning method that works with
non-linear problems thanks to its multi-layer construction. It is one of the most useful
feedforward networks [23, 24]. Being a DNN, MLP is divided into three levels: input layer;
hidden layer; and output layer, having the same structure as a single-layer neural network but
with more hidden layers [15]. Each neuron is fully connected, and each neuron has weights
that are used to calculate whether the input data has the information we need by adjusting
the weights between elements [14, 23, 25]. So, MLP has an input layer of neurons that act
as receptors, one or more hidden layers of neurons that compute the data and go through
iterations, and the output layer that predicts the output [26]. Each hidden layer is composed
by several artificial neurons, being the output of an artificial neuron obtained through the
Equation 1, [17, 19, 27, 28]:

𝑓 (
p∑
𝑖=1

(𝑊𝑖𝑋𝑖 + 𝑏)) (1)

Where:
• 𝑓 is the activation function (e.g., sigmoidal function, exponential linear unit, hyper-

bolic tangent function, or rectified linear unit);
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• 𝑝 is the number of inputs;
• 𝑊 is the input weight;
• 𝑋 it’s the input;
• 𝑏 represents the polarization value.
During the training phase, weights and biases are calibrated using accessible input-output

data sets. During training, two operations occur: activation propagation (feedforward),
sending the information forward, and error propagation (backpropagation) [13]. During
the first step, each neuron generates an output signal based on Equation 1 that is compared
to the target, and the mistakes are propagated back through the network during the second
stage. The weights and deviations are adjusted based on an optimizing algorithm selected
to minimize the predefined loss function [13]. The same author also explains that several
iterations are necessary during the training process until a convergence criterion is satisfied
[13]. Hyperparameters relating to model structure, such as the number of inputs, layers,
number of neurons per layer, activation function, and so on, must be carefully selected and
changed, since they have a significant impact on training efficiency and performance. “(. . . )
a good choice of hyperparameters is usually necessary to make them work well on real-
world problems, and tricks are often used to make the most efficient use of these methods
and to extend their capabilities” [21]. In Fig. 1, we can see a schematic of an MLP.
2.2. Features Generation (FG)

With compact and useful representations, Feature Generation (FG) is used to maximize
the exploitation of the information created from the data [22]. In this approach, FG may be
viewed as one of the methods for improving the input (observations) and output (hypothesis)
of a Machine Learning model in order to maximize its architecture performance [29]. “If the
transformation is chosen correctly, the transformation features can display high-information
packing properties compared to the original input samples” [22]. To better understand the
degradation process of a component using vibration signals, feautures must be generated
from the raw vibration signal [30], which can build multiple resources in both the time and
frequency domains [11]. Frequency analysis has become a fundamental tool for processing
vibration signals [31]. To perform FG in the frequency domain, the Fast Fourier Transform
(FFT) is usually used, which, as explained by Cheng et al.[30], is one of the most commonly
utilized techniques in the analysis of the frequency domain of the signal and is responsible
for converting the monitoring signal into a frequency spectrum.
2.3. Principal Components Analysis (PCA)

Principal Components Analysis (PCA) is used to project feature vectors in orthogonal
space for robustness and computing efficiency [32]. That is, it is responsible for making
a dimensionality reduction to replace a high-dimensional dataset (resource-heavy), with
a much smaller dimensional dataset with just a few Principal Components (PC) [22]. In
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Figure 1: Schematic of the functioning of a Multi-Layer Perceptron Neural Network

an unsupervised linear transformation procedure, an orthogonal transformation is used
to turn a set of observations of possibly correlated variables into a set of linear values
of uncorrelated variables known as Principal Components [33], [34]. The PCA method
consists of finding linear combinations of predictors: the PCs capture the most significant
variability in the data. Extracted PCs refer to variables that can explain the maximum
variation (variance) in all data. The first Principal Component (PC 1) is removed to
have the most significant variability of all possible linear combinations data, being of
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utmost importance. The second Principal Component (PC 2) is extracted in an orthogonal
connection to the existing PC to reflect data variations that PC1 was unable to fully explain,
and so on [17]. According to the author, the minimum number of PCs is based on 85% or
more of the cumulative contribution rate.

As stated in Table 1, the PCA method is implemented in five steps [17, 22].

Table 1
Implementation sequence of the model - Principal Component Analysis

Input: 𝑋 ∈ 𝑅(𝑛∗𝑑)

1 – Calculate the covariance of data sets (𝑋.𝑋𝑇 );
2 - Calculate eigenvectors and eigenvalues applying Linear Eigen decomposition 𝑋.(𝑋𝑇 );
3 – Sort Eigen Values in decreasing order to sort Eigen Vectors;
4 – Build a Matrix 𝑊 (𝐷 ∗ 𝑘) with KTop Eigen Vectors;
5 – Transform 𝑋 using 𝑊 to obtain the new subspace
𝑌 = 𝑋.𝑊 ;
Output: 𝑋 ∈ 𝑅(𝑛∗𝑘)

2.4. Clustering – K-means
Clustering is an unsupervised data mining technique used in a wide range of data analysis

areas where multivariate statistical methods allow for cluster analysis. The goal is to identify
clusters of objects within the data while maximizing homogeneity within each cluster and
heterogeneity between different clusters [22]. In short, Clustering is a procedure that aims
to explore data relationships and patterns, grouping objects according to their similarity;
this is, similar objects will belong to the same cluster [35, 36].

The k-means algorithm will be used as a Clustering approach in this paper. It’s an iterative
and evolutionary method for finding cluster positions that minimize the distance between
data points and clusters, and then partitioning the n observations into clusters with the
closest mean [37]. That is, it is a clustering algorithm used to group data into K clusters,
using the averaging for this [38], usually comparing the data using the Euclidean distance
(Equation 2) [39].

𝑑𝑒𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛(𝑝1, 𝑝2) =
√

(𝑥1 − 𝑥2)2 + (𝑦1 − 𝑦2)2 (2)
where:
• 𝑝1(𝑥1, 𝑦1) and 𝑝2(𝑥2, 𝑦2) are the two points in Euclidean space;
• 𝑥, 𝑦 are the Euclidean vectors from the origin of space.
The member and centroid objects define each cluster in the division. The centroid is

the point at which the sum of all the distances between the objects in this cluster is the
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smallest [37]. Thus, the clustering process consists of the initial definition of the centroids
and the assignment of events (attribute vectors) that are inserted as input to the cluster with
the nearest centroid [35]. As objects are inserted and assigned to clusters, centroids are
updated until they have little or no changes, reaching the convergence condition [35, 40].
The ideal number of clusters is a fundamental problem in clustering partitioning in the
K-means method, and it is necessary to know in advance to obtain a good result [38]. To
choose the value of k clusters that best fits the data under study, and since cluster analysis is
not part of supervised learning and is performed as part of exploratory data analysis, there
are several model evaluation metrics. Talei et al.[39] claim that the best results are obtained
when the inter-cluster distance is decreased, and the intra-cluster distance is maximized.
2.5. Hidden Markov Models (HMM)

HMM is a stochastic process with two levels of uncertainty (doubly stochastic process),
being an extension of the Markov Chains, producing inferential statistical information about
a sequence of states. These states are finite and are considered hidden, where for each
hidden state, an observation is related [22, 41]. To put it another way, HMM is a stochastic
technique for modeling signals that develop through a finite number of hidden states and
produce observations. The state of the model can only be discerned through the observation
sequence and cannot be examined directly [32]. An HMM model has a set of parameters,
𝜆 = (𝐴,𝐵, 𝜋), where:

• 𝐴 = {𝑎𝑖,𝑗}, 1 ≤ 𝑖, 𝑗 ≤ 𝑁 - represents probability of transition from one hidden state to
another;

– The transition distribution 𝑎𝑖,𝑗 is defined as:
𝑎𝑖,𝑗 = 𝑃 (𝑆𝑡+1 = 𝑞𝑗 ∣ 𝑆𝑡 = 𝑞𝑖), 1 ≤ 𝑖, 𝑗 ≤ 𝑁 (3)

• 𝐵 = {𝑏𝑗(𝑘)}, (1 ≤ 𝑗 ≤ 𝑁) - defines the probabilities with which the different classes
of emissions occur for each of the hidden states 𝑗, with 𝑗 = 1, 2, 3, . . . , 𝑁 , where
observations are emitted from each state according to the probability distribution:

𝑏𝑗(𝑘) = 𝑃 (𝑂𝑡 = 𝜈𝑘 ∣ 𝑆𝑡 = 𝑞𝑗), 1 ≤ 𝑘 ≤ 𝑀 (4)

• 𝜋 - represents the initial probability of each of the hidden states:
𝜋 = 𝜋(𝑆𝑡 = 𝑞𝑖), 1 ≤ 𝑖 ≤ 𝑁 (5)

where:
• 𝑁 - represents the number of hidden states, where the individual hidden states are

represented as 𝑆 and the state at time 𝑡 as 𝑞𝑡. Corresponding to the status sequence, it
is displayed as, 𝑆𝑇 = 𝑆1, 𝑆2, 𝑆3, . . . , 𝑆𝑡 with 𝑆𝑡 ∈ 𝑄 = {𝑞1, 𝑞2, 𝑞3, . . . , 𝑞𝑁}
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• 𝑂 – is the vector of observations, where 𝑀 is the number of observations per state and
𝑇 is the length of the observation sequence. The sequence of observations up to 𝑇 is
presented as, 𝑂 = {𝑂1, 𝑂2, 𝑂3, . . . , 𝑂𝑇 } with 𝑂𝑡 ∈ {𝜈1, 𝜈2, 𝜈3, . . . , 𝜈𝑀}

In short, the variable 𝑆𝑡(𝑆𝑡 ∈ 𝑄) indicates the hidden state, and 𝑂𝑡(𝑂𝑡 ∈ 𝜈) is the
observation at time t. The model parameters, 𝜆 = (𝐴,𝐵, 𝜋), specify three components:
hidden state transition probability matrix 𝐴; observation probability matrix 𝐵; initial state
distribution 𝜋.

To maximize the train of HMM model, we must identify the parameters that maximize
the probability of the observation sequence. we must find 𝜆 = (𝐴,𝐵, 𝜋) that maximize
𝑃 (𝑂|𝜆). The Baum-Welch algorithm is used for this. The Baum-Welch algorithm makes
use of the forward variable 𝛼𝑇 (𝑖) and the regressive variable 𝛽𝑡(𝑖), which correspond
respectively to the forward and backward algorithms, where we can define the forward
variable 𝛼𝑇 (𝑖) as: 𝛼𝑇 (𝑖) = 𝑃 (𝑂1, 𝑂2, 𝑂3, . . . , 𝑂𝑇 , 𝑞𝑇 = 𝑆𝑖|𝜆). This variable will contain
the probability of the observation sequence, 𝑂1, 𝑂2, 𝑂3, . . . , 𝑂𝑇 , as well as the model’s
state 𝑆𝑖 at a particular time 𝑡, given the model 𝜆. The backward variable 𝛽𝑡(𝑖) is 𝛽𝑡(𝑖) =
𝑃 (𝑂𝑡+1, 𝑂𝑡+2, 𝑂𝑡+3, . . . , 𝑂𝑇 |𝑆𝑡 = 𝑞𝑖, 𝜆). Given the state 𝑆𝑖 at time 𝑡 and the model 𝜆, this
variable yields the final probability of the observation sequence of 𝑡 + 1. Because of this,
The Forward-Backward algorithm is another name for the Baum-Welch algorithm.

The Viterbi method is used to discover the most likely sequence of hidden states 𝑆 =
{𝑆1, 𝑆2, 𝑆3, . . . , 𝑆𝑇 }, given the series of observed emissions 𝑂 = {𝑂1, 𝑂2, 𝑂3, . . . , 𝑂𝑇 } and
the model 𝜆. The algorithm corresponds to finding 𝑆∗ = argmax𝑆 𝑃 (𝑆 ∣ 𝑂, 𝜆).

The entire theory of the HMM model can be seen in more detail in papers [42, 43, 44].
3. Methodology

The objective of this work is, through observations collected by vibration sensors,
to characterize the operating state of a component of production equipment, namely a
compression roller of a drying press. Thus, the methodology adopted for the classification
and health diagnosis of the component is composed of three phases (Figure 2), being each
one composed by different methods, which complement to each other’s.

Phase 1
After collecting and preparing observations made by several sensors, we started by

carrying out phase 1, whose objective is to create an imputation of temporal vibration
observations. This phase is necessary since the vibration observations were collected in a
period superior to those of other sensors coupled to the same equipment. In this way, through
multivariate analysis performed through deep neural networks (Figure 3), it is possible to
make an imputation of vibration data filling the missing temporal space, converting it into
a vector with the same number of temporal observations as the sensors.

We first start by resampling the multivariate observations to get a collection size
equivalent to the collections of vibration observations. Once this is done, we can train a
deep neural network, more specifically an MLP network, to obtain vibration observations.
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Figure 2: Methodology used to classify the health status of a component of a production
equipment

Figure 3: Phase1 - Scheme for imputing values through an MLP neural network

MLP has become the most frequent, ubiquitous, basic, and necessary for most tasks among
numerous categories of NNs [15]. When compared to more sophisticated models, MLP has
various advantages, such as: ease of implementation, high-quality models, and a relatively
short training period [23]. "One of the main problems in designing a deep neural network
is to tune the hyperparameters and architecture of the network" [45]. To train the model
and to choose the best hyperparameters, we will use a python library named KerasTuner.
It is a scalable and user-friendly hyperparameter optimization library that addresses the
problems associated with hyperparameter search [46]. Bayesian Optimization, Hyperband,
and Random Search are the three search algorithms that can help to find the optimal
hyperparameter values for the models. In this way, the model’s hyperparameters can be
chosen through the library, thus ensuring better confidence in the MLP. Having obtained a
good model with low errors, we ran the calculated model to get a vector of data collections
equal to that performed by the multivariate analysis before the resampling. Thus, we were
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able to attribute new temporal vibration observations in the empty time space and have a
more significant amount of data to study the following phases.

Phase 2
After Phase 1, we already have a vector with enough time observations to start Phase

2. This phase is called the observable state optimization phase. It goes through a series
of methodologies (Figure 4) whose objective is to reduce the number of amplitude
observations that will enter Phase 3. That is, Phase 1 is responsible for increasing the
temporal observations on the x-axis, and Phase 2 is responsible for decreasing the amplitude
observations on the y-axis.

Figure 4: Phase2 - Methodology for Optimization of Observations
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Increasing temporal observations, it is essential since the first task of Phase 2 aims to
create temporal blocks with 𝑥𝑛 values for each block, with 𝑛 = 1, 2, ..., 𝑁 , where N is
the number of signal samples. If we had collections made in larger temporal spaces, the
temporal blocks created here would have fewer 𝑥𝑛 values and would not give such reliable
information. Through each time block, the objective is to extract a series of characteristics
both in the time domain and in the frequency domain better to characterize the behavior of
the signal over time, obtaining more critical information contained in the signal. “A time
and frequency domain vibration signal is generally used by the analyst for detecting faults
in a system” [10]. As Cheng et al.[30] explained, the time domain degradation feature is one
of the simplest and most effective methods of vibration signal analysis, using calculations
through statistical analysis of the vibration signal.

Vibration signal frequency analysis is also widely used to diagnose equipment failures
[47]. The frequency-domain signal to obtain information about the roll conditions is
obtained using the Fast Fourier Transform (FFT) analyzer. The most common frequency
domain analysis approach is FFT analysis, which converts time waveform data into
frequency components [48].

The statistical parameters of the time and frequency domains were calculated, as
described below, regarding Table 2 and Table 3, where the mathematical equations
corresponding to the statistical characteristics in both domains are summarized. Table 2 rep-
resents the mathematical equations of the proposed set for the time domain characteristics,
where 𝑥𝑛 is the time domain signal series occupied in each time block. Table 3 represents
the mathematical equations of the frequency domain characteristics where 𝑦𝑚 is the Fourier
transform for 𝑚 = 1, 2, .,𝑀 , where M is the number of lines in the spectrum and 𝑓𝑚 is the
frequency value of 𝑚𝑡ℎ line of the spectrum. According to some papers, there are several
characteristics that can be used to best represent the signal for fault detection [9, 10, 32, 49].

Nunc sed pede. Praesent vitae lectus. Praesent neque justo, vehicula eget, interdum
id, facilisis et, nibh. Phasellus at purus et libero lacinia dictum. Fusce aliquet. Nulla eu
ante placerat leo semper dictum. Mauris metus. Curabitur lobortis. Curabitur sollicitudin
hendrerit nunc. Donec ultrices lacus id ipsum.

After calculating the characteristics in the time domain and in the frequency domain, data
standardization is now performed. Since data grouping is based on the difference between
value points, it is essential to have all features on the same scale; otherwise, high values
will be grouped independently of their defaults [39]. To remove the volume difference in
the data, we use the Z-score method. Z-Score standardization is a key preprocessing step
that allows you to scale features using a traditional normal distribution with a mean of zero
and a standard deviation of one. Because we are interested in the components that maximize
variance, it is critical to adopt Z-Score standardization to improve PCA method that will
be used in our situation. We assume that one feature varies less than the other due to scale
differences. In that case, the PCA defines the direction of maximum variation that most
closely approximates the axis, which varies more if these features that are not to scale [22].
As a result, standardizing the data is critical in order for the algorithm to be more sensitive to
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Table 2
Mathematical equations for Time Doamin-Based statistical features.

Parameter Mathematical Equation Parameter Mathematical Equation

Mean 𝑇1 =

𝑁∑
𝑛=1

𝑥(𝑛)

𝑁
A Factor 𝑇12 =

𝑇5
𝑇2.𝑇3

Standard Deviation 𝑇2 =

√
𝑁∑
𝑛=1

(𝑥(𝑛)−𝑇1)2

𝑁−1
B Factor 𝑇13 =

𝑇7.𝑇8
𝑇2

Variance 𝑇3 =

𝑁∑
𝑛=1

(𝑥(𝑛)−𝑇1)2

𝑁−1
SRM 𝑇14 =

( 𝑁∑
𝑛=1

√|𝑥(𝑛)|
𝑁

)2

RMS 𝑇4 =

√
𝑁∑
𝑛=1

(𝑥(𝑛))2

𝑁−1
SRM Shape Factor 𝑇15 =

𝑇14
𝑇1

Absolute Maximum 𝑇5 = 𝑚𝑎𝑥|𝑥(𝑛)| Latitude Factor 𝑇16 =
𝑇5
𝑇14

Coefficient of Skewness 𝑇6 =

√√√√
𝑁∑
𝑛=1

(𝑥(𝑛)−𝑇1)3

(𝑁−1).𝑇 3
2

Fifth Moment 𝑇17 =

√√√√
𝑁∑
𝑛=1

(𝑥(𝑛)−𝑇1)5

(𝑁−1).𝑇 5
2

Kurtosis 𝑇7 =

√√√√
𝑁∑
𝑛=1

(𝑥(𝑛)−𝑇1)4

(𝑁−1).𝑇 4
2

Sixth Moment 𝑇18 =

√√√√
𝑁∑
𝑛=1

(𝑥(𝑛)−𝑇1)6

(𝑁−1).𝑇 6
2

Crest Factor 𝑇8 =
𝑇5
𝑇4

Median 𝑇19 = 𝑚𝑒𝑑𝑖𝑎𝑛𝑥(𝑛)

Margin Factor 𝑇9 =
𝑡5
𝑇3

Mode 𝑇20 = 𝑚𝑜𝑑𝑒𝑥(𝑛)

RMS Shape Factor 𝑇10 =
𝑇4

1
𝑁

𝑁∑
𝑛=1

|𝑥(𝑛)|
Minimum 𝑇21 = 𝑚𝑖𝑛𝑥(𝑛)

Impulse Factor 𝑇11 =
𝑇5

1
𝑁

𝑁∑
𝑛=1

|𝑥(𝑛)|

changes in different measurements. Because this model demands that the characteristics be
on the same scale in order to determine directions that maximize variation, standardization
is done. The Dimensional Reduction process, carried out through the PCA algorithm, will
only obtain the Principal Components (PCs). The observations are now described in a new
space, with the axes being redefined using PCs rather than the original variables. PCA is
an unsupervised model that allows you to identify the most effective coordinate system of
A. Martins et al.: Preprint submitted to Elsevier Page 14 of 33
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Table 3
Mathematical equations of statistical characteristics calculated from the Frequency Domain.

Parameter Mathematical Equation Parameter Mathematical Equation

Mean 𝐹1 =

𝑀∑
𝑚=1

𝑦(𝑚)

𝑀
D Factor 𝐹8 =

√√√√√√
𝑀∑
𝑚=1

𝑓 4
𝑚𝑦(𝑚)

𝑀∑
𝑚=1

𝑓 2
𝑚𝑦(𝑚)

Variance 𝐹2 =

𝑀∑
𝑚=1

(𝑦(𝑚)−𝐹1)2

(𝑀−1)
E Factor 𝐹9 =

𝑀∑
𝑚=1

𝑓 2
𝑚𝑦(𝑚)

√
𝑀∑
𝑚=1

𝑦(𝑚)
𝑀∑
𝑚=1

𝑓 4
𝑚𝑦(𝑚)

Third Moment 𝐹3 =

𝑀∑
𝑚=1

(𝑦(𝑚)−𝐹1)3

𝑀(
√
𝐹2)3

G Factor 𝐹10 =
𝐹6
𝐹5

Forth Moment 𝐹4 =

𝑀∑
𝑚=1

(𝑦(𝑚)−𝐹1)4

𝑀(
√
𝐹2)2

Third Moment 1 𝐹11 =

𝑀∑
𝑚=1

(𝑓𝑚−𝐹5)3𝑦(𝑚)

𝑀𝐹 3
6

Grand Mean 𝐹5 =

𝑀∑
𝑚=1

𝑓𝑚𝑦(𝑚)

𝑀∑
𝑚=1

𝑦(𝑚)
Forth Moment 1 𝐹12 =

𝑀∑
𝑚=1

(𝑓𝑚−𝐹5)4𝑦(𝑚)

𝑀𝐹 4
6

Standard Deviation 1 𝐹6 =

√
𝑀∑
𝑚=1

(𝑓𝑚−𝐹5)2𝑦(𝑚)

𝑀
J Factor 𝐹13 =

(𝐹7+𝐹8)
𝐹1

C Factor 𝐹7 =

√√√√√√
𝑀∑
𝑚=1

𝑓 2
𝑚𝑦(𝑚)

𝑀∑
𝑚=1

𝑦(𝑚)

the data to find the strongest characteristics of the samples. It is a very simple and easy-
to-use tool. It is also quick, minimizes overfitting efficiently, and can be used as a noise
reduction and data compression technique [22, 33, 50]. After the PCA was completed, we
reduced multiple features into a few PCs, which allowed us to minimize a major portion of
the experimental noise, which could create random mistakes unrelated to the information
contained in the data matrix, thereby enhancing the numerical stability of the model [22].

After performing the dimensional reduction and PC characterization, the composite
values in these new orthogonal axes will be grouped. Clustering is regarded as one of the
most important unsupervised learning algorithms. It is a starting point for a complicated
knowledge extraction procedure that deals with database partitioning in unexpected condi-
tions [35]. The objective of Clustering will be to group similar data in the same cluster that
will differ from other clusters, grouping observations within each cluster homogeneously
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and heterogeneously separating the clusters from each other. Thus, equipment health data
will stay in the same cluster while malfunction data will go to a different cluster. In this way,
each cluster will be seen as an observable state, where the cluster with good functioning
data will be observed. This can be characterized by the amount of data in each cluster,
ordering the clusters in descending order concerning the amount of data of each has. Thus,
we assume that cluster 1, which will have the most data, will be considered as observation
1; the cluster 2 will be the second cluster with the highest amount of data and, in turn,
will be the observation 2, and so on. The last cluster will be considered the observation
that may represent the equipment malfunction since it is the one with the least data and,
consequently, happens less often. The k-means Clustering method will be used to define
the clusters, which clusters use Euclidean metrics. This choice is justified because it is an
algorithm widely evaluated by the scientific community, unsupervised, it has a sufficiently
fast convergence speed, and does not require extensive computational resources, in addition
to being easy to implement [35]. These qualifications allow the exploitation of a vast and
reliable database for comparison and analysis. It’s also an algorithm that can be applied after
reorienting the source data from the cloud core’s metrics framework (process done by PCA).
This leads the data to be centered in regard to an origin, being relatively equidistant from
the center and placed in the different quadrants of the Rp space (p denoting the Principal
Components of the PCA), allowing the K-means to work well [22].

Phase 3
After performing the Clustering and defining the optimized observations over time,

we now move on to phase three. This is the classification phase, which aims to classify
the health status of the component through the observations obtained from Phase 2. The
classification algorithm used is the Hidden Markov Models (HMM) model (Fig. 5), which
will be responsible for diagnosing the equipment through the hidden states of the model.

First, the observed states are divided into training data and test data. Through the training
observations and the Baum-Welch algorithm of the HMM, it is possible to train the model
and obtain its parameters, 𝜆 = {𝐴,𝐵, 𝜋}. Having obtained the model parameters, the HMM
can generate a sequence of observable states and compare them with the test observations
to obtain Accuracy. Following the model’s metric analysis, we can use the Viterbi technique
to determine the maximum probability estimate of the most likely sequence of hidden states
that correspond to the component health states using the whole observable states and HMM
parameters.
4. Case of Study

The case study is based on determining the health status of a pressure roller of a drying
press in the paper industry, using values collected by vibration sensors over a period of about
one year (Start date: 2020-11-05 and End Date: 2021-08-21). In this regard, the objective
will be to classify, during the study period, the state of the equipment through a “traffic
light” classification, having three states:

1. Good working states, displayed by green color;
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Figure 5: Phase 3 - Methodology for classifying the health status of the component through
the HMM

2. Alert states, shown by yellow color;
3. Malfunction states, shown by red color.

4.1. Data preparation
Vibration sensors are composed of four types: vibra-m acc; vibra-m op acc; vibra-facc;

vibra-f op acc. Taking into account the selected methodology, data from the vibration
sensors were collected every 4 hours (Figure 6), which corresponds to little data, as it is
necessary to create time windows of data to create characteristics in the time and frequency
domains. In this regard, values from other sensors also coupled to the same equipment were
used, which were collected every five minutes. The complementary sensors were composed
of six variables (Figure 7): Electrical Current; Hydraulic unit level; Torque Press; VAT
Pressure; Rotation speed Press; Hydraulic unit Temperature.

Since there are always errors when collecting data from the sensors, a data preparation
was carried out, where all incoherent values (+inf; -inf; Nan) were replaced by the average
of the respective signal. This was done both in the vibration sensors and in the sensors
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Figure 6: Four Vibration sensors with data collected every four hours

Figure 7: Six Complementary sensors with data collected every five minutes

complementary to the study. In addition to data cleaning, it was determined to perform an
imputation of the mean (in all signals) in cases when the data, such as Current Intensity,
Torque Press, VAT Pressure, and Rotation Speed Press, were below a respective value at
the same time. (Figure 8). This was done with the objective of eliminating what could
be the equipment shutdowns since these stops could impair the prediction of the adopted
methodology.

In Figure 8 we can see represented when the equipment is turned off (in blue). No
more data cleaning was added, since the outliers present here may not represent the poorly
collected values, but the equipment malfunction. In addition, the “filtering” of the data set
will be complemented by the entire methodology used in the next steps.
4.2. Data imputation using MLP

After this preparation, whose objective was to increase the integrity of the data, the
complementary sensors were resized so that they only have data collected every four hours
(Figure 9). This is done with the aim of using these values to create an MLP model that
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Figure 8: Representation of equipment shutdowns

can predict the values of the vibration sensors, through the complementary sensors. Once
this is done, it will be possible, through the created MLP model and the real data of the
six variables (collected every five minutes) to create vibration signals data in every five
minutes.

Figure 9: 6 complementary variables with resizing to values each four hours

Once the resample is done, we can train an MLP neural network to obtain the vibration
observations. The six input variables were used for each of the vibration signals used as
the output of the model. After the resample, the data were split into training and test
data, 70% for training data and 30% for testing. To train the model and choose the best
hyperparameters, the Python library KerasTuner was used and, through the Random search
algorithm, and the smallest error of Mean Absolute Error (MAE), it was determined the
best structure to be used for each vibration signal. The number of layers, the number of
neurons per layer, the Activation Function, and the Learning Rate were all chosen using
this library.
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It is possible to see, based on Table 4, which MLP structures ought to be chosen for each
vibration signal.

Table 4
MLP network structure for each of the vibration signals

Hyperparameters vibra-m acc vibra-m op acc vibra-f acc vibra-f op acc

Number of Layers: 8 9 3 4

1st Layers 288 Neurons 128 Neurons 352 Neurons 160 Neurons
Activation function tanh tanh tanh relu

2nd Layer 160 Neurons 160 Neurons 160 Neurons 160 Neurons
Activation function tanh tanh relu tanh

3rd Layer 320 Neurons 192 Neurons 384 Neurons 192 Neurons
Activation function tanh tanh tanh relu

4th Layer 416 Neurons 64 Neurons 352 Neurons
Activation function relu tanh relu

5th Layer 128 Neurons 384 Neurons
Activation function tanh relu

6th Layer 448 Neurons 256 Neurons
Activation function relu relu

7th Layer 224 Neurons 384 Neurons
Activation function relu tanh

8th Layer 352 Neurons 512 Neurons
Activation function relu

9th Layer 32 Neurons
Activation function relu

Learning rate 0.0001 0.001 0.001 0.001

Score - MAE 1.8357 0.9170 2.9033 2.5250

After knowing which MLP structure best suit each data, a prediction of the vibration
signals was made. In the Figures 10-14, we can see in a graphic way the real data of the
vibration signals, and the data predicted by the MLP model.

Through the graphical analysis, we can verify that the model was able to make good
predictions of the vibration data and, as such we can now use these respective models,
to create the vibration values with intervals of five minutes, as can be seen in Figure 15.
The vibration data predicted for observations every five minutes will be the data that will
continue the study to give the health status of the equipment pressure roller.
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Figure 10: MLP prediction vs Actual values for the Vibra-m acc signal

Figure 11: MLP prediction vs Actual values for the Vibra-m op acc signal

4.3. Features Generation
Now, we have a superior dataset, with a greater number of observations per day then, we

can create time windows of one day. The data in the study time performed with observations
every five minutes have 83,329 samples. In this way, creating time windows of one day, there
are 290-time windows where each one has 288 observations. This is already a considerable
number to be able to generate statistical characteristics in each of the time windows. As
explained above, statistical characteristics will be created both in the time domain and in
the frequency, domain using the characteristics described in Table 2 e 3. Therefore, in each
time window, 21 characteristics will be removed in the time domain and 13 in the domain
frequency, thus building a matrix of 290 ∗ 140. After creating the characteristics matrix,
to remove the volume difference in the data, the values will pass a Z-Score standardization.
The numbers begin to take on a conventional normal distribution, with a mean of zero and
a standard deviation of one (Figure 16).
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Figure 12: MLP prediction vs Actual values for the Vibra-f acc signal

Figure 13: MLP prediction vs Actual values for the Vibra-f op acc signal

4.4. Principal Components Analysis
This step aims to make a dimensional reduction, allowing to reduce the 140 generated

features to just 10 Principal Components. In this way, we no longer have a 290*140
matrix; now, we have a 290*10 matrix. 10 PCs were chosen because this is the number
of components that preserves about 85% of the data variability, as we can see through a
graphical analysis of the data variability using a Pareto diagram (Figure 17). In this way,
we make a dimensional reduction and can manage to preserve most of the information in
the data.

As described in the theoretical framework, the first PCs are those that contain the greatest
variation in the data. Figure 18 shows how data from the first three PCs are distributed in
these three dimensions and what percentage of data variability of each of the PCs has.
4.5. K-means

Having done the dimensional reduction and orthogonal redistribution through PCA, we
will now use the matrix extracted from the previous step and cluster the data. The data
were grouped through K-means Clustering, where each cluster will correspond to a new
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Figure 14: All Actual Vibration Data Vs MLP Predicted Vibration Data

Figure 15: Five-minute vibration data predicted by MLP

observable state for future input into the HMM classification algorithm. Since the algorithm
used for this study was K-means, it is necessary to determine in advance the number of
clusters that will be used. The K-means algorithm is the most popular clustering algorithm
minimizing Sum of Squares Error (SSE) [51]. For this reason, the elbow method is used
(Figure 19). This is one of the most used to select the number of Clusters, using the SSE vs
the number of Clusters. SSE is an internal measurement index that is used to measure the
quality of a clustering structure [52].

It can be seen in Figure 19 that the value k = 7 creates an elbow, where the value of SSE
starts to decrease much more slowly. This means that from the point k = 7 the clusters start
to be divided into smaller clusters without significantly improving the SSE [53]. For this
study, the relevant number of clusters is seven. It is possible to demonstrate how the data
are divided into the first three dimensions extracted by the PCA (Figure 20).
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Figure 16: Normalized generated features values

Figure 17: Pareto diagram with the percentage of data variability for each principal component

The seven clusters now represent seven observable states. The clusters were sorted in
descending order, with the first cluster having the most data and so on. In this way, we
guarantee that observation seven is the one that occurs less often and therefore the most
unlikely to happen. This could mean equipment malfunction, but this will be sorted by the
HMM in the next step. Observations can be represented over time, as shown in Figure 21.
4.6. Hidden Markov Models

The classification of the equipment health status is done in this last step, through the
HMM. For this, the optimized observable states from the k-means clustering, being used
three hidden states, which will represent respectively: the 1𝑠𝑡 State of Good Operation;
the 2𝑛𝑑 State of Alert; the 3𝑟𝑑 State of Malfunction. To perform the classification and to
determine the hidden states, it is necessary to go through a training phase of the model,
performed by the Baum-Welch algorithm, and then determining the temporal sequence
of hidden states that best “translate” the observable states, performed through the Viterbi
algorithm. To perform the model training, we first split the observable states into training
data (70%) and test data (30%), as is common practice in Machine Learning. Because the
observations were recorded in real time, the first 70% of the samples were used for training
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Figure 18: Distribution of data in the first three Principal Components

Figure 19: SSE vs Number of Clusters - Method to determine the number of clusters

and the remaining 30% for testing. After building the model, it is feasible to measure the
correctness of the HMM model, as mentioned above in the methodology, by dividing the
number of successfully validated estimates for all types of events or status classes of a
system by the entire monitoring of the condition of a system [22, 43].

After the model has been trained using 70% of the training data, it is possible to produce
observable states using the HMM parameters and compare them to the remaining 30% of
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Figure 20: The 7 Clusters represented in the first 3 Principal Components

Figure 21: Time series of clusters over study time

the test data. In this way, it is possible to determine the superposition of sequences of real
and predicted observable states and to determine the accuracy (Equation 6).

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
∑
(𝐻𝑀𝑀𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 = 𝐷𝑎𝑡𝑎𝑇 𝑒𝑠𝑡)

𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠
∗ 100 (6)

Because the HMM’s parameters 𝜆 are based on probabilities, 10,000 observation
sequences with a number equal to the test data were created, and the respective accuracy
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was measured. Subsequently, the average of all accuracy was calculated. For these data in
question, with a sequence of seven observable states (represented above) and three hidden
states, the model obtained an accuracy of only 32.26%. To understand this low Accuracy,
tests were carried out with other HMM models where the number of hidden states was
varied and tests, where the temporal form of the signal of observations from clustering,
were modified. In this case, we divide the signal into 40%, 30% and 30% temporally and then
exchange the 30% temporal blocks with each other, leaving the observations represented as
shown in Figure 22.

Figure 22: Actual Observations and altered Observations

The objective is to understand if the size of the signal influences the Accuracy of the
model since in the final phase of the test data, we have observations that did not occur until
then. Thus, we obtained the following results (Table 5):

Through the results obtained and shown in Table 5, we can see that the accuracy increases
when we change the sign and place certain observations in the training data. This means
that the model gets better training because it trains with all the observations. In addition to
the accuracy, the log-likelihood was determined, which determines the ability of the model
to adapt to the observations and, consequently, the ability to use the Viterbi algorithm.
According to Arpaia et al.[54], “log-likelihood is calculated to verify if each sequence of
data fits the model”. The log-likelihood values are all in the same order of magnitude. In
this way, we can admit that, although the model used has a low Accuracy, it is able to adapt
the observations and to determine the hidden states. To obtain a better accuracy, it will be
necessary to obtain a larger set of data, collected over a longer period, where all possible
observations for the equipment under study occur.

Based on this principle, we are going to train the HMM model with all the observations
and three hidden states, that will represent the health status of the equipment. After training,
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Table 5
Accuracy and Log-Likelihood for each of the times series of observations and different number
of hidden states

Real Observation from K-means Changed Signal
Nº. of Hidden States 3
Accuracy 0.32264367816091954 0.48747126436781607
Log-Likelihodd -248.86347140364788 -285.5781288565171

Nº. of Hidden States 4
Accuracy 0.2695402298850575 0.6603448275862069
Log-Likelihodd -245.69196936616808 -282.9993414180359

Nº. of Hidden States 5
Accuracy 0.27206896551724136 0.7096551724137931
Log-Likelihodd -244.29181521910746 -278.9731023761346

Nº. of Hidden States 6
Accuracy 0.37091954022988505 0.7295402298850575
Log-Likelihodd -242.7765380922869 -278.67744793543966

Nº. of Hidden States 7
Accuracy 0.3671264367816092 0.7045977011494253
Log-Likelihodd -242.77622604230996 -278.7458634574436

we performed the Viterbi algorithm to determine the state of the equipment over the time
under study (Figure 23).

Figure 23: Health status of the equipment over the study period
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5. Discussion
As can be seen in Figura 24, several steps were taken to obtain the health status of the

equipment under study.

Figure 24: Graphic representation of each of the steps of the methodology used

Through the hidden states, we can verify that there were some alert states. We have two
alert states that have returned to a good working state, possibly due to routine maintenance
performed. But, in the last months of the study, we can see a state of alert that was not
intervened and later developed into a state of equipment failure, where it may be necessary
to do a corrective maintenance. If we compare the development of hidden states with the
first graph, which represents the real signal collected every 4 hours, we can see that the
appearance of hidden states 2 and 3, it appears when there are significant changes in the
pattern of sensor values. It is also possible to verify that, in the final months of the study, all
sensors begin to have large changes in values, which is when there is a development from
hidden state 2 to hidden state 3. Thus, through a graphical analysis, we can also infer that
the classification of the health status of the equipment can be correct and that it can detect
changes in the behavior patterns in the equipment.

Several tools were used, both for predicting values and for “optimizing” the observable
state to insert into the HMM classification algorithm. This is a methodology that can
be used in investigations where there is no prior knowledge of the equipment’s failure
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conditions. In addition, it can be adaptable to any type of equipment and sensors. It will
allow for online diagnosis of equipment that uses sensors, allowing failures to be detected
without prior information on the equipment status. In this methodology, some of the
possible tools were used in each of the stages. Depending on the type of data, there may
be other tools that are better suited to the study. As such, it will be necessary to carry
out a study where different tools are compared and the combination that best suits the
data under study is made. In the first phase, a comparison of classes of Artificial Neural
Networks can be made, such as: MLP; Long short-term memory (LSTM); Convolutional
Neural Network (CNN); etc. In the second phase, for dimensional reduction, the following
can be compared: PCA; Linear Discriminant Analysis (LDA); Independent Component
Analysis (ICA); etc. For Clustering, the following ones: K-means; Density-Based Spatial
Clustering of Applications with Noise (DBSCAN); Gaussian Mixture Models (GMM);
etc. By carrying out a study with the greatest possible number of combinations between
these study tools, it will be possible to obtain the models that best fit the data under study.
This paper is only demonstrating the possible methodology to classify the health status of
equipment or component without having a priori information about it.

A method for doing diagnostic and prognosis in an operation based on an online
algorithm will also be incorporated in the future to improve the methodology. The objective
will be to add an Artificial Neural Network class, like some of the ones mentioned above, to
make a prediction of the next observable states that come from clustering. In this way, it will
then be possible, through the HMM’s Viterbi algorithm, to determine the equipment health
status for the future. In addition, it will be necessary to perform a retraining methodology
of the HMM model in case that new observable states appear. For this, it will be necessary
to carry out an adaptive methodology that warns if any value has a very large discrepancy
from the clusters formed previously and it is necessary to create a new observable state.

It is also intended that this study will be extended to other drying presses of the company.
6. Conclusion

This paper presented a study where a methodology was implemented to determine the
health diagnosis of a compression roller of a drying press in a paper industry. To do
so, several methods of Machine Learning were used and HMM for classification of the
equipment condition. Using vibration sensors, our objective was to determine the health
status of the component without obtaining prior information. Through a case study we were
able to validate the method, which was the added value of the research. In that regard, six
sensors were used, where data were input through a Deep Neural Network to increase their
set. To do so, complementary sensors were used, coupled to the same equipment and that
collected values at smaller time intervals. After completing this step, an observable state
optimization step was performed. Statistical characteristics were first created in the time
and frequency domains. In the next step, a PCA was used to make a dimensional reduction,
followed by a Clustering k-means to group similar data into groups. These groups became
the observable states that were inputs to the HMM, which, later classified them into three
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hidden states. The three hidden states represent the health status of the compression roller,
as follows: 1𝑠𝑡 State of good functioning; 2𝑛𝑑 State of Alert; 3𝑟𝑑 State of malfunction.

We can conclude that the adopted methodology can be used to perform equipment
diagnostics. Therefore, this methodology can support CBM’s maintenance strategies and
increase equipment reliability, making companies more competitive.

In addition, we verified the need for the HMM to have a large volume of data that contains
all possible observations. In this way, the accuracy of the model can be improved.

In the context of future research, we aim at improving the prediction of equipment failure,
both in terms of production and in measurement. To this end, studies are being carried out
for Online Calibration Monitoring (OML) in measuring equipment. The objective will be to
increase their availability and to ensure that the data collected by these devices are reliable
to be used in CBM strategies.
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Abstract: The maintenance paradigm has evolved over the last few years and companies that want to
remain competitive in the market need to provide condition-based maintenance (CBM). The diagnosis
and prognosis of the health status of equipment, predictive maintenance (PdM), are fundamental
strategies to perform informed maintenance, increasing the company’s profit. This article aims to
present a diagnosis and prognosis methodology using a hidden Markov model (HMM) classifier to
recognise the equipment status in real time and a deep neural network (DNN), specifically a gated
recurrent unit (GRU), to determine this same status in a future of one week. The data collected by
the sensors go through several phases, starting by cleaning them. After that, temporal windows
are created in order to generate statistical features of the time domain to better understand the
equipment’s behaviour. These features go through a normalisation to produce inputs for a feature
extraction process, via a principal component analysis (PCA). After the dimensional reduction and
obtaining new features with more information, a clustering is performed by the K-means algorithm,
in order to group similar data. These clusters enter the HMM classifier as observable states. After
training using the Baum–Welch algorithm, the Viterbi algorithm is used to find the best path of hidden
states that represent the diagnosis of the equipment, containing three states: state 1—“State of Good
Operation”; state 2—“Warning State”; state 3—“Failure State”. Once the equipment diagnosis is
complete, the GRU model is used to predict the future, both of the observable states as well as the
hidden states coming out from the HMM. Thus, through this network, it is possible to directly obtain
the health states 7 days ahead, without the necessity to run the whole methodology from scratch.

Keywords: maintenance; diagnosis; prognosis; deep neural network; hidden Markov models;
machine learning

1. Introduction

The mechanical systems of companies’ production equipment suffer degradation and
the remaining useful life (RUL) shortens as the equipment components deteriorate over
time [1]. With the current evolution of production equipment, its complexity has also
increased. Thus, modern industrial systems are often exposed to various failure modes [2].
An unexpected stoppage of equipment can cause great economic losses to a company
and/or even put the health of workers at risk.

1.1. Maintenance

According to Kumar et al. [3], it is estimated that 85% of the total life-cycle cost of
equipment is determined by decisions made during its operation, where maintenance
actions are included. Therefore, it becomes necessary to obtain a maintenance system
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adaptable to the criticality of the equipment [4]. “Chronologically, maintenance strategies
have evolved from the naive breakdown or run-to-failure maintenance to preventive
maintenance, with first static time-based preventive maintenance, and then condition-based
preventive maintenance (CBM)” [5]. Thus, maintenance can be divided into three major
categories: corrective maintenance (CM), time-based maintenance (TBM) and condition-
based maintenance (CBM) [6]. CM is a maintenance strategy that acts on the system
only to repair or replace the failed components. It is a maintenance policy that can cause
unexpected equipment downtime, production stoppages and low safety and is only used
for low-criticality equipment [7]. TBM and CBM are seen as types of proactive maintenance
since they are done before the failure occurs. TBM is based on reliability parameters of the
equipment components and its maintenance is usually done periodically and before the
failure occurs, which can lead to excessive maintenance. On the other hand, CBM depends
on the condition of the system being monitored, and interventions only occur when they
are really necessary. It has many advantages over other strategies [8].

1.2. Condition-Based Maintenance—CBM

CBM is a strategy that is based on condition monitoring of equipment over its op-
erations, enabling just-in-time maintenance [8]. According to Leoni et al. [9], one of the
main advantages over preventive maintenance strategies is that it can be scheduled only
based on the condition of the equipment, with no need to plan interventions based on
reliability parameters. Lee et al. [10] mention that although implementing a CBM strategy
is more difficult and costly, it ultimately leads to less wasted equipment life, reducing costs
associated with production, parts stock, number of personnel, tools, etc. It also increases
equipment availability and decreases the number of unexpected stops, improving failure
prevention and simultaneously reducing the operational cost [11–13]. According to Zhang
et al. [14], a CBM policy makes better use of system information, reduces the risk of failures
and unnecessary maintenance. Therefore, CBM is a maintenance methodology, which, once
implemented, is more cost effective than traditional methodologies, which helps to improve
equipment reliability, reduce operating costs, improve safety and reduce the frequency and
severity of equipment failures [12,15–20]. In addition to the points enumerated above, with
the advancement of technology and the arrival of industry 4.0., companies are becoming
more and more sensorized, and it becomes evident that CBM is the maintenance that is
most suitable and can achieve the best results [17,21–26]. CBM is used in smart factories
through the use of IoT systems, CPS (cyberphysical systems), sensor technology and AI
technologies. In this way, the collection and processing of large quantities of data (big data)
can be done in real time [9,10,27,28].

CBM is the maintenance responsible for detecting, through condition monitoring, the
first signs of anomalies in [29] equipment. In this way, it is possible to determine when
maintenance is required based on the actual condition of the equipment. Through condition
monitoring, it is possible to inspect and assess the current state of a piece of equipment
through data collected in real time from different types of sensors (e.g., vibration, noise, tem-
perature, etc.) [1,16,30,31]. The better the adequacy of equipment degradation modelling
as well as the better the monitoring accuracy, the better the CBM strategy becomes [11].
Moreover, the reliability of the collected data is very important for this type of maintenance,
hence the need to have calibrated sensors that make reliable measurements [32,33].

Summarizing, CBM can be divided into three phases [9,10,18,34]:
(i) Data acquisition, where useful data are collected, usually from sensors;
(ii) Data processing, where noise components are filtered out of the physical observa-

tions and subsequently, a data analysis is performed;
(iii) Maintenance decision-making.
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1.3. Diagnosis and Prognosis

CBM can be divided into two types of decision: failure diagnostics, which is the ability
to detect a cause of failure; failure prognostics, which is responsible for detecting a failure
that may occur in the future [35]. The prognosis of the health status of a piece of equipment
has become an unavoidable concept in the context of today’s industry, where intelligent
manufacturing and industrial big data provide input solutions for maintenance [36,37].
Then, through a CBM strategy, it is also possible to make a prognosis of the state of the
equipment, having the indication of possible problems and/or failures that could happen
in the future [38]. Effective prognostic techniques that can anticipate future conditions
are integrated into an advanced predictive maintenance framework that is incorporated
into the condition monitoring system [1]. We then speak of predictive maintenance (PdM),
whose aim is to predict the condition diagnosis of the equipment.

1.4. Predictive Maintenance PdM

PdM is a CBM strategy, but instead of diagnosing the equipment, it performs a real-
time prognosis [5]. Thus, as the authors pointed out, PdM is more efficient at planning
maintenance actions than a CBM policy. PdM improves productivity, product quality
and overall manufacturing efficiency [24]. According to Harald et al. [39], predictive
maintenance can reduce machine downtime by 30% to 50% and extend machine life
by 20% to 40%. Therefore, it is possible to think of predictive maintenance as being more
accurate than condition-based maintenance [40]. The aim of CBM is to identify deviations
or substantial modifications that are usually signs of a development failure. Consequently,
condition-based monitoring serves as a crucial pillar of predictive maintenance [40].

By monitoring a machine’s operating conditions in real time, it is possible to detect
key patterns for future failure prediction, thus predicting maintenance actions. According
to Yam et al. [38], an “alarm” can be given when values outside the normal operating
range are predicted, allowing system operators to take appropriate action to check machine
conditions and repair faults before a more critical failure, hence the need for companies to
acquire an equipment-condition-based maintenance strategy with a focus on prediction.
Then, a predictive maintenance strategy is also based on equipment condition monitoring
but integrates prognostics to effectively conclude on the state of equipment health in the
future [1]. According to Oakley et al. [17], predictions based on information extracted
from values collected by sensors have helped to improve decision-making regarding the
maintenance of equipment.

1.5. HMM-GRU to Perform Maintenance

Normally, the phenomena of the degradation evolution of equipment components
have a stochastic nature and can be described by stochastic modelling processes [19,34,41].
These stochastic models are modelled based on probability and statistical theories and
can be related to component degradation and failure occurrences [41]. In this paper, we
use a doubly stochastic process, the hidden Markov model (HMM), to characterise the
state of equipment degradation. The objective of the HMM is to classify the health state
of the equipment. To do this, we use the data collected by the sensors responsible for
monitoring the equipment. These types of data are characterized by time series data, since
they are collected over time in a continuous manner. Time series data are the most collected
type of data in this new era of industry 4.0. These observations collected over time can be
analysed and used as a tool that prevents unexpected equipment failures [42]. Thus, it is
essential to use machine learning (ML) tools, which is a field of AI that extracts key patterns
from collected temporal data through different paradigms such as: supervised learning,
semisupervised learning, unsupervised learning and reinforcement learning. According to
Kiangala and Wang [42], deep learning is a branch of ML consisting of different methods
such as: artificial neural network (ANN), convolution neural networks (CNN), long short-
term memory (LSTM), etc. In this paper, we will use the Gated Recurrent Units (GRU) tool,
which is like an LSTM network with a forgetting gate. This is currently a well-recognized
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prognostic tool and is the tool responsible for making the prediction of future data later
classified by the HMM to obtain the health status of the equipment, thus performing a
prognosis and supporting a PdM methodology.

1.6. Related Work

There are several examples of papers supporting PdM, which use DNN to make
predictions of the future, as well as other papers that use HMM to classify the state of
a system. Mateus et al. [43] made a comparison about a predictive system using an
LSTM network or a closed recurrent unit (GRU) for a multivariate data set. Antunes
et al. [44] proposed in their paper a variation of the exponential smoothing technique for
short-term forecasting and an artificial neural network for long-term forecasting. Mateus
et al. [45] presented in his article predictive models using an LSTM network to predict
future equipment status based on data from an industrial paper press. Zhang et al. [46]
proposed an approach to perform a prognosis of rotating equipment’s health using wavelet
transform (WT), a principal component analysis (PCA) and artificial neural networks (ANN)
to classify the failure and predict the condition of components, equipment and machines.
Martins et al. [47] showed how it was possible to classify the health condition of equipment
via an HMM with multivariate analysis. Yu [48] proposed an adaptive HMM method that
evolved over time to detect equipment failures and component degradation monitoring.
Arpaia et al. [49] presented a fault detection method using HMM for fluid machinery
without a priori information about its failure conditions. Mateus et al. [50] presented a case
study where they determined the future behaviour of the data collected by sensors coupled
to industrial equipment; the authors used time series models and deep learning.

1.7. Contributions of the Paper

In our case, the article stands out for integrating a diagnosis methodology that uses
an HMM with a forecasting tool, the GRU. In this way, the methodology explained in
this article demonstrates how a diagnosis and prognosis of the production equipment’s
health status can be made in an online mode. The added value of the methodology is
that it is generic and can be used in any equipment with different sensors. Furthermore,
it is a methodology that detects unusual patterns in the equipment’s operation without
prior information using unsupervised ML tools. Furthermore, the GRU predicts optimised
observable states after going through a process of feature generation, PCA and clustering.
That is, the GRU does not make the prediction directly on the data collected by the sensors
but on a data set optimized by ML processes. Moreover, a future prediction is made
with the GRU algorithm directly on the hidden states classified by the HMM. Thus, the
methodology does not only make a future prediction about the observable data that need
to be classified but also a prediction of the classification itself performed by the HMM.

1.8. Paper Structure

This article is divided as follows: Section 1 gives an introduction with the objective to
explain the context of the article, where maintenance concepts are described and where
the tools used to accomplish the diagnosis and prognosis of equipment are introduced, as
well as related works. In Section 2, a theoretical framework of each of the tools used in
this article is presented. Section 3 talks about the methodology used and explains how it
can be performed both to make a diagnosis of the equipment using the HMM, as well as a
prognosis using the GRU. Section 4 describes the case study carried out in a production
equipment used in the paper industry, where the objective was to realize 3its diagnosis and
prognosis. In Section 5, a discussion of the results is provided, where an evaluation of the
methodology is performed to understand if it works. Finally, in Section 6, the conclusion of
the work is drawn.
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2. Background
2.1. Principal Component Analysis (PCA)

A principal component analysis (PCA) is an unsupervised learning method of feature
extraction and dimensional reduction (moving p-dimensional data to a lower-dimensional
m-dimensional linear subspace), retaining the original features of the data and selecting their
key properties [42,51–53]. It analyses a data table in which observations are described by
several intercorrelated quantitative dependent variables and is widely used due to its ability
to extract interpretable information by efficiently removing redundancies [54,55]. It is typi-
cally used to perform the dimensional reduction of large sets of time series observations [56],
moving from representing possibly correlated variables to a new set of orthogonal, uncorre-
lated variables and preserving the highest percentage of information [40,46,55]. In this way,
it allows a rapid assessment of any relationships between variables [54]. In other words, it is
a method of projecting large dimensional measurements towards a minimum dimensional
space and preserving maximum variance [57] by compressing sensory data according to
their spatial and temporal correlations [58]. Then, the PCA produces linear combinations
of the original variables to generate new axes, known as principal components (PCs), with
the first PC having as high a variance as possible, possessing the greatest variability in the
data, and each subsequent component in turn having as high a variance as possible under
the constraint that it is not correlated with the previous components [46,54]. In other words,
the PCA is a linear transformation that rearranges the data into a new coordinate system,
in which the first PC is defined as the coordinate that shows the greatest variation in the
data when projected in that direction; the second PC is the coordinate that presents the
second largest variation, and so on for the other components [54].

2.2. K-Means Algorithm

The K-means algorithm is a clustering, nonhierarchical, unsupervised learning method
in ML, from the branch of multivariate statistical analysis, where the number of clusters K
is determined, and the observations closest to the cluster centre are included in that same
cluster [59–63]. Clusters are formed so that the distribution of samples among clusters max-
imises intragroup cohesion, i.e., the distance of observations from their centroid, increasing
similarity within the same cluster, and dissimilarity between different clusters [63–66].
K-means clustering is used to perform the classification of unlabelled data in which the
specific response variables are unknown [67]. In this process, the similarity between ob-
servations in the same cluster increases and the similarity with data from other clusters
decreases [67,68].

The K-means algorithm uses the distance between data points as the standard measure
of data similarity, usually using the Euclidean distance [60,69] (which is the one used in
this paper). That is, it minimises the square sum of the distances from each data point to its
assigned grouping centre [70]. The Euclidean distance equation is represented below in
Equation (1) [60,61,69,71].

dist(xi, xj) =

√√√√ D
∑
d=1

(xi,d − xj,d)2 (1)

where xi, xj—are two sequence points and D represents the dimension.
The K-means approach can be quite sensitive to the initial value chosen for the number

of clusters (k), which, if improperly defined, can significantly affect the result of the
clustering process, the number of iterations needed to reach algorithm convergence, as
well as the accuracy and complexity of the clustering algorithm [59,60,68]. Therefore, to
minimise the influence of the initial choice of k and define the optimal number of clusters,
it is common to use decision support methods. The Elbow method is a technique used for
this purpose, in which the cost function is calculated for different values of k during the
clustering process [61]. Usually, it is plotted a graph of the cost function as a function of
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different values of k is plotted and, from this graph, it is possible to identify the “elbow”
point that indicates the optimal number of clusters.

Ek =
k
∑
r=1

1
nr

Dr (2)

where k denotes the size of the cluster, nr represents the number of data points in the cluster
and Dr is the sum of the distances between all points within the cluster.

2.3. Gated Recurrent Unit (GRU)

The GRU was introduced by Cho et al. [72] and is based on LSTM, with a relatively
simpler structure requiring fewer parameters for its formation, having only two gates
(Figure 1) [73–79]: the reset gate is a mechanism that can be used to help with model
encryption, allowing one to determine the amount of past information that can be forgotten;
the update gate, on the other hand, is responsible for combining the entry and forgetting
gates in an LSTM model, allowing one to determine the degree of the previous hidden
state that will be used to update the current state. Both the reset gate and the update gate
are mechanisms used to solve the leak gradient problem in neural networks, since they
allow the manipulation of the information in intermediate layers without losing relevant
information for future predictions [76]. According to the authors, what makes these
mechanisms special is their ability to maintain long-term memories, without removing
relevant information for future predictions, which enables a better model performance.

Figure 1. Recurrent Gated Neural Network.

Then, the GRU has an update gate z and a reset gate r to simplify the memory block
structure of the original LSTM network. The input of the GRU network being xt, the
formula to calculate the next output and state value in GRU is [73,75–77,80,81]:
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1. The algorithm starts with the calculation of the update gate zt for time step t
(Equation (3)):

zt = σ(Wz.[ht−1, xt]); (3)

when connecting the network unit, the value xt is multiplied by its respective weight
Wz, as well as the value ht−1, which contains the information of the previous units
in t − 1. The results of these multiplications are then summed, and an activation
function sigmoid is applied to normalise the result between 0 and 1. In this way, the
relevant information is kept and irrelevant information is filtered out.

2. The reset gate allows the model to determine how much past information should be
forgotten, thus controlling how much information is retained (Equation (4)):

rt = σ(Wr.[ht−1, xt]) (4)

3. In this step, new memory content is introduced that uses the reset gate to store the
most important information from the past. After obtaining the toggle signal, the
toggle reset activation function is used to obtain the reset data and combine them with
the tanh activation function, resulting in h̃t.

h̃t = tanh(Wh.[rt ∗ ht−1, xt]) (5)

tanh is capable of controlling the range of output values between −1 and 1. It is
possible to observe that the input data are incorporated and the hidden information is
regulated by the tanh activation function.

4. Finally, the vector ht is calculated to contain the relevant information of the current
unit and transmit it to the next stage of the network, determining what should be
kept from the previous stages ht−1. The end result, ht, contains the current unit and
previous step information that is relevant to the final output (Equation (6)):

ht = (1− zt)× ht−1 + zt ∗ h̃t (6)

Through direct training, it can be inferred that the state of the reset gate rt controls the
combination between the input xt and the previous state ht−1. On the other hand, the zt
update gate determines the use of current and previous-time information.

2.4. Hidden Markov Models (HMMs)

An HMM is a statistical modelling technique widely used to model sequential data
such as time series. Its dynamic Bayesian network structure is relatively simple, but it
can capture complex patterns of temporal dependence between observable variables and
latent (unobservable) variables [82]. It is developed on the basis of the Markov chain,
which is a discrete memoryless random process responsible for describing the relationship
between the sequence of states of the next moment with the current one [83–85]. An
HMM is an evolution of a Markov chain that requires two stochastic processes, adding
a random relationship between the sequence of states and the observation vector, and
where the sequence of states cannot be directly observed [83,84,86–89]. Then, an HMM
is a probabilistic time series model, doubly stochastic, which includes the transition of
hidden states and emitting observations [90]. The hidden state transition, which follows
Markov chains, is the actual state within the system, mapped by observable states, which
are directly observed and have a correlation with the hidden states [90–93].
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A typical HMM can be expressed by λ = (N, M, π, A, B) [82–84,90,91,93,94], where:

• N represents the number of hidden states, where a certain state qt ∈ S, S = S1, S2, ..., SN;
• M is the number of observable states, where the observation at time t corresponds to

the hidden state qt and is represented by Ot ∈ V, V = V1, V2, ..., VM;
• π is the initial distribution of the hidden states, where πi = P(q1 = Si);
• A is the matrix of transition probabilities between hidden states, where A = aij N∗M

and where aij equals:

aij = P(qi+1 = Sj|qi = Si), 1 ≤ i, j ≤ N (7)

• B is the emission matrix, where the probability that the jth hidden state generates the
ith observable state is represented, where B = bjk N∗M. bjk is represented by:

bjk = P(Ot = Vk|qt = St), 1 ≤ j ≤ N, 1 ≤ k ≤ M (8)

There are three problems that need to be solved to use an HMM in an integrity
assessment and health-status prediction of equipment [83,93]:

• Evaluation

Using the model λ = (π, A, B) and an observation sequence O = O1, O2, ..., OT ,
the probability of the observation sequence O is determined by the forward–backward
algorithm. This algorithm evaluates the model with the most suitable observation.

• Training

It consists of training the model with the HMM, where given a sequence of observa-
tions, the model parameters are re-evaluated to maximise the likelihood. The Baum–Welch
algorithm is a learning technique for tuning the parameters of an HMM model based
on observed data, establishing the relationship between the parameters of the old and
new HMM model, and continuing to iterate until convergence is achieved. Specifically,
the HMM elements, λ = (π, A, B), are identified such that the likelihood, P(O|λ), of the
observation sequence O given the λ model is maximised [87,92].

• Decoding

The ideal state sequence is created in order to ensure that the likelihood will reach
its highest value given the model, λ, and the observation sequence, O. Viterbi’s method
solve the HMM decoding problem, inferring the HMM’s most likely series of hidden states,
S [91].

3. Methodology

In order to explain the procedure and methodology used in the case study presented
in this article, we can follow Figure 2, where the whole process used is schematized.

First, several data were collected over time through several sensors, Xp(t), attached
to the equipment. These data subsequently went through a data cleaning phase whose
goal was to eliminate/replace everything that decreased the integrity of the set to analyse.
After that, they passed to an optimization phase of observable states, with the objective of
improving the observations that mapped the hidden states of the HMM. In this way, the
optimization of observable states started with a feature creation of the data set, to obtain
more information about the data collected from the equipment, since continuous and
variable features over time can provide a prediction of possible failures [51]. By comparing
the extracted features to the original signal, the feature extraction sought to gather more
precise data that increased the accuracy of the performance assessment [1]. In order to
generate features and consequently reduce the dimension of the data, a time-window
processing method [51] was used. Time windows with different intervals can be created
depending on the study to be performed. A feature generation method was applied in
the time domain, where several features were created in each of the time windows. The
features chosen for the characterization of the equipment failure behaviour were chosen
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according to the articles [47,95] as they showed that they related well to the detection of
deviations in equipment behaviour.

Figure 2. Methodology used to make a diagnosis and prognosis of the equipment through HMM-GRU.

After creating the time-domain features, a feature selection and dimensional reduction
process, namely PCA, was used. Here, the aim was to work only with important features,
the principal components, as well as to solve the curse of dimensionality by reducing the
number of features and thus increasing the speed. From the various existing data reduction
methods, PCA-based data compression is the most widely used technique and has superior
performance in terms of reconstruction error [58]. From the point of view of equipment
health diagnosis, the reduction of class representation speeds up the decision phase [57].
Moreover, as [96] explained, highly correlated features lead to overfitting, and the PCA tech-
nique is applied to remove the highly correlated features based on the correlation matrix,
thus increasing the prediction accuracy. Without increasing the computational complexity,
it considers potential correlations between the answer variables [97], transforming the data
into uncorrelated features that assist in converting the data from a high-dimensional to
a low-dimensional space, retaining the maximum amount of information [98]. As there
were large differences between the ranges of the variables that were provided as inputs
to the PCA, a normalisation of the data was first performed. Through normalisation, the
amplitude of the initial continuous variables contributes equally to the analysis. Features
with larger amplitudes do not overlap features with smaller amplitudes, thus not leading
to one-sided results [54]. Therefore, the data were first transformed into comparable scales.
This was performed using a Zscore normalisation (Equation (9)), where the mean was
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subtracted and divided by the standard deviation for each value of each feature, causing
all features to be standardized to a zero mean and one standard deviation.

ZScore =
xi − X̄

stddev(X)
(9)

After the normalisation, the data were fed to the PCA that was responsible for trans-
forming the orthogonal orientations moving them in the direction of the bigger variability
of the data. These new vectors, known as principal components, can be thought of as new
axes that offer the best perspective for visualizing and analysing data in order to make
the differences between findings more obvious. The original answer variables are con-
verted into uncorrelated principal components after the original data are mapped to a new
vector [97]. It is also a widely used technique when, as is the case with the methodology
in this paper, it is necessary to check the clustering trend of the data. PCA, in an effort to
preserve all pertinent information, employs projection methods from high-dimensional
spaces to lower-dimensional subspaces [99].

Once the PCA phase was over, the new variables, the principal components, were
input into the clustering process, which is a multivariate analysis technique to judge the
degree of similarity between objects in order to classify them [59,70]. This was done over
time in order to understand the clusters that were forming. The clusters were sorted in
descending order with cluster 1 having the most data, cluster 2 having the second most
data and so on. Cluster 1 was the cluster that appeared most often over time since it was the
one with the most data and the last cluster was the rarest. To perform this step, K-means
clustering was used. K-means clustering is an unsupervised learning algorithm, used to
highlight the intrinsic properties and laws of the data [69]. Among the various existing
clustering types, K-means clustering was chosen because it is [65,69] relatively simpler
with an easy implementation and fast convergence, it has a strong interpretation ability
and it can handle a large number of observations efficiently. According to [100], K-means
clustering is the most useful tool for data mining, summarization, probability density
estimation and many other essential tasks. Due to the findings’ clarity and high scalability,
it has recently become one of the most widely used algorithms in data analysis [101]. It
is suitable for the reduction of large-scale original failure scenarios [66]. To cluster data,
first, it defines the number of clusters, k, and then the data sets are assigned to each of the
k clusters. The goal is to minimise the square sum of the distances from each data point
to its assigned cluster centre. The distance between the data points and the centre of the
clusters is calculated in order to assign the data to the nearest clusters. This is repeated
for several iterations until convergence is reached [70]. With this analysis, we only had
observations optimized by clusters where each cluster represented one observation. These
new observations served as the HMM’s inputs to train the model and conduct equipment
diagnosis. The HMM fitted well with the detection method whose spectrum states were
unknown but the receiver could be determined [93]. In this case, the collected and pro-
cessed observations came from the sensors and the hidden states that represented the
health state of the equipment. The objective of the HMM was, through the observable
states, to determine which hidden states best applied to each observation over time. To
this end, three hidden states were defined that represented the diagnosis of the health
state of the equipment: hidden state 1 represents the “State of good functioning”; state
2 represents the “Alert state”; state 3 represents the “State of bad functioning”. To use
the HMM as a classifier, the HMM parameters whose sizes are determined in advance
must be determined by training [90]. Thus, first, the Baum–Welch algorithm was used
to train and update the initial parameters of the HMM, λ, that could explain the obser-
vation sequence. That is, the HMM parameters were identified such that the probability,
P(O|lambda), of the observation sequence O given the lambda model was maximised [92].
Based on the observed state sequence, the HMM training first calculated the maximum
probability of the model parameters [91]. After obtaining the parameters of the HMM,
λ , finally, the diagnosis of the equipment was performed through the Viterbi algorithm
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that indicated which hidden states best applied over time. That is, the Viterbi algorithm
used dynamic programming to find the maximum likelihood path and finally performed a
prediction on the HMM [91]. It is a dynamic programming algorithm to find the most likely
sequence of hidden states called the Viterbi path that results in a sequence of observed
events [85]. The HMM was used to make the diagnostic classification of the equipment,
since it is a model suitable for continuous dynamic signal processing and its function is able
to discover the hidden state with a higher probability, through a sequence of observations
(in our case, coming from the clustering) [83]. According to the author, in statistical learning
theory, an HMM is most efficient in pattern recognition processing. HMMs have often been
used for recognising changing behaviours of dynamic features of a system [90], modelling
time-series-based phenomena due to their computational efficiency and because they can be
used to build data-driven models that provide characteristic indicators [92] and modelling
nonstationary and complex random physical processes of machine condition deterioration;
the hidden Markov model (HMM) is able to perform both monitoring and diagnosis [102].

Once the diagnosis of the equipment was made, it was possible to move on to a
prognosis with the aim of predicting the condition of the equipment in the future, using a
DNN algorithm for the time series prediction. According to the literature, deep learning
has become an active and promising area of research, and the most widely used deep
learning algorithms are the recurrent neural network (RNN), the long short-term memory
(LSTM), the convolution neural network (CNN), and the gated recurrent unit (GRU) [81].
In this paper, the GRU recurrent neural network was used, which is a simplification of the
LSTM architecture, being able to train more quickly because there are fewer parameters to
modify. Furthermore, it can also avoid gradient leakage issues [103]. According to recent
research, recurrent units are simpler, necessitating the use of RNNs with smaller memory
requirements and less demanding training algorithms. GRU uses the so-called update and
reset gate, which are the two vectors that determine what information should be passed to
the output, addressing the gradient leakage issue of a standard RNN [81]. According to the
author, the GRU’s unique quality is that they can be taught to retain information over the
long term without forgetting it or deleting information that is unrelated to the prediction.
The goal here was to use this neural network to make a prediction of a few days both on
the optimised observable states of the K-means clustering and directly on the hidden states
of the HMM. In this way, it was possible to see in which of the cases we obtained better
values from the GRU model. Since the predictions were made on smaller optimized states,
the GRU network was chosen since it showed better results on smaller and less frequent
datasets [104,105]. The advantage of GRU cells is that they are as powerful as LSTM cells,
even for small datasets [105].

4. Case of Study
4.1. Data Preparation

For this study, we used data collected from a company in the paper industry. More
specifically, data were acquired from a pulp-drying press, whose objective is to remove
moisture from the pulp. This is a very important process in the production flow, so
this equipment needs a type of PdM maintenance. For this, six sensors attached to the
equipment were used, collecting observations continuously (every 5 min) over time. Each
of the sensors collected values of different magnitudes, as follows: current, hydraulic level,
torque, pressure, rotation speed and temperature. With these magnitudes, it was possible to
obtain a better picture of the state of the health of the equipment. The data had three years
of history, and we used 83,329 data points collected for each of the six sensors (Figure 3).
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Figure 3. Amplitude of each of the variables under study over time without data preparation.

The quality of the data collected is an aspect to be taken into account, since it may
present some flaws in automated data collection processes. This causes inaccurate or
incorrect data to be collected. To find meaningful information from big data, it is essential
to perform a preprocessing of the data [106]. This step is of utmost importance to ensure
reasonable results, whether it is analysis with exploratory data mining, classification or
building a good and robust predictive model. Thus, data cleaning was performed to
remove data incoherence and increase data integrity. To do this, a program was created
that replaced duplicate data, nonexistent data and zeros with the average of their sign.
It was chosen not to remove what could be outliers, since they could represent a real
malfunction of the equipment and therefore add value to the prediction. We also replaced
the equipment stoppages (by the respective average of each signal), since these could be
confused with malfunctioning and could reduce the effectiveness of the prediction. A
program was created that, when detecting that current, torque, pressure and speed were
below a certain threshold at the same time, would be seen as a shutdown of the equipment
(Figure 4). The data used for the study are represented in Figure 5.

Figure 4. Equipment stoppages over time.
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Figure 5. Final signal used for the equipment health status study.

4.2. Feature Generation

After increasing the integrity of the data, they were divided into temporal windows
with the aim of creating various time domain features (Table 1).

Table 1. Mathematical equations for time domain-based statistical features.

Parameter Mathematical Equation Parameter Mathematical Equation

Mean
T1 =

N
∑

n=1
x(n)

N
A Factor T12 = T5

T2.T3

Standard deviation
T2 =

√
N
∑

n=1
(x(n)−T1)2

N−1
B factor T13 = T7.T8

T2

Variance
T3 =

N
∑

n=1
(x(n)−T1)2

N−1
SRM

T14 =

( N
∑

n=1

√
|x(n)|

N

)2

RMS
T4 =

√
N
∑

n=1
(x(n))2

N−1
SRM shape factor T15 = T14

T1

Absolute maximum T5 = max|x(n)| Latitude factor T16 = T5
T14

Coefficient of skewness
T6 =

√√√√
N
∑

n=1
(x(n)−T1)3

(N−1).T3
2

Fifth moment
T17 =

√√√√
N
∑

n=1
(x(n)−T1)5

(N−1).T5
2

Kurtosis
T7 =

√√√√
N
∑

n=1
(x(n)−T1)4

(N−1).T4
2

Sixth moment
T18 =

√√√√
N
∑

n=1
(x(n)−T1)6

(N−1).T6
2

Crest factor T8 = T5
T4

Median T19 = medianx(n)

Margin factor T9 = t5
T3

Mode T20 = modex(n)

RMS shape factor T10 = T4

1
N

N
∑

n=1
|x(n)|

Minimum T21 = minx(n)

Impulse factor T11 = T5

1
N

N
∑

n=1
|x(n)|
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The data were then divided into 6 h windows, in order to cover four daily operating
shifts. In total, 1158 temporal windows were created, where in each one there was a set
of 72 data. Then, for each window, 21 characteristics were taken for each one of the six
sensors, producing a matrix of 1158× 132.

4.3. PCA

The created features went through the PCA method in order to reduce the dimension
and also generate new features, the PCs, to use later in the K-means algorithm. In this
way, we increased computational speed and worked only with characteristics that were
really important for the study, which, although few in number, preserved most of the
information. To do this, a z− scrore normalisation of the data was first performed, since
they had different amplitudes (Figure 6).

Figure 6. All features normalised over time.

The normalised features were then fed into the PCA. Through the study of eigenvectors
and eigenvalues, we verified that 10 PCs preserved about 85% of the data variance, as we
can see in the Pareto chart represented in Figure 7.

Figure 7. Pareto graph with the percentage of preserved information vs. the number of PCs.



Energies 2023, 16, 2651 15 of 26

4.4. K-Means Clustering

The matrix with the new characteristics, the PCs, resulting from the PCA were sent to
the clustering process where the objective was to group the data points that most resembled
each other in the same group. To do so, K-means clustering was used. The K-means
clustering algorithm followed the following procedure [33,59,65,71,101,107]:

Step 1. Determine the initial number of clusters k.
Step 2. Randomly select the initial k centroids cj, j = 1, 2, ..., k in the observations.
Step 3. Calculate the distance between observation and the initial centroid, and assign

the observed object to the cluster closest to the result, using Equation (1)
Step 4. Define a new centroid based on the average of the cluster variables

(Equation (10)).

cj =
1
Nj

∑
xi∈Sj

xi (10)

Step 5. Repeat Step 3 using the new centroid until the observed objects are not relocated
to another cluster.

This is an iterated process, which iteratively moves the centroids to minimise the total
variance within the cluster [67], with two conditions for terminating the iteration [61,65,69]:
the specified number of iterations is reached; the cluster centre no longer changes. This
paper used the second form. As found in the theoretical framework, to start the K-means
method, it is necessary to indicate the number of clusters, k. This was done using the elbow
method, one of the most used methods to select the number of clusters, using for this the
error sum of squares (SSE) vs. the number of clusters (Figure 8).

Figure 8. Elbow SSE method vs. no. of clusters.

Through the graph of the elbow method, we can see that from k = 4 to k = 6, an elbow
started to be created, where the SSE values decreased more slowly. This showed that the
number of clusters increased without significantly improving the SSE value. As the elbow
method graph alone was inconclusive, we also conducted a silhouette study (Figure 9) to
support the decision of the number of clusters.
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Figure 9. Silhouette method with silhouette coefficient vs. no. of clusters.

Starting from the elbow graph, where it was unclear which of k = 4, k = 5 or k = 6
to choose, through the silhouette graph, we concluded that k = 4 was the optimal choice
for this dataset. In this research, the silhouette index was used to evaluate the clustering
algorithm and choose the number k of clusters. The silhouette index is applied in cases
of exclusive partitioned clustering and takes into consideration measures of coherence
and separation of events in a cluster [108]. The silhouette function calculates the average
silhouette coefficient of all samples based on the average intracluster distance and the
average distance from the nearest cluster for each sample. Its index ranges from [−1, 1],
with high silhouette values reflecting good solutions for clustering processes.

Knowing the number of clusters, k = 4, the k-means clustering was performed and the
distribution of the clusters is shown in temporal form (Figure 10). The clusters are sorted in
descending order of the number of points, with the first cluster having the most values.

Figure 10. Cluster-optimised observations over time.
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4.5. HMM

After the clustering phase, we applied a classification phase, where the diagnosis of
the equipment was made through three hidden states: hidden state 1 represented the “good
working state”, state 2 represented the “alert state”, and state 3 was the “malfunctioning
state”. Thus, for the HMM, a doubly stochastic method, the observable states were repre-
sented by the clusters defined by the K-means clustering and the hidden states were the
health state of the equipment. We started by using the observable states to train the model
and obtain its parameters. This was performed using the Baum–Welch algorithm, which
employs a special case of the expectation–maximization algorithm to find local maxima
of P(O|λ) [92]. The HMM training first estimated the maximum likelihood of the model
parameters based on the observed state sequence. The Baum–Welch algorithm was then
used to calculate the transition probability A = aij, the observation probability B = bjk,
and the initial observation probability πi, from which the updated algorithm was used to
predict the hidden states, and the final algorithm resulted in the prediction of the equip-
ment’s health state. The accuracy was used to evaluate the model. For this, the observations
were divided in a temporal manner into training and test data, where 70% were used
for training and 30% for testing. The division was made in a temporal manner since the
diagnosis reported by the Viterbi algorithm represented the hidden states that best fitted
the observations over time. After the model was trained with 70% of the data, it generated
observable states with the same number of samples as the test data, in order to determine
the accuracy (Equation (11)).

Accuracy =
∑ (HMMGeneratedObservations = DataTest)

nSamples
∗ 100 (11)

As the parameters of the HMM were based on probabilities, observable states were
generated 10,000 times and the accuracy was taken as the average accuracy over the
10,000 runs. For this specific case, an accuracy of approximately 72% was obtained.

Once a good value for the accuracy of the model was obtained, the corresponding
parameters were used to determine the sequence of hidden states. For this purpose, the
Viterbi algorithm was used. The Viterbi algorithm finds the most probable sequence of
hidden states resulting from the sequence of clusters. Through Figure 11, we can verify the
evolution of the health status of the equipment throughout the study time.

Figure 11. Hidden states/diagnosis of equipment over time.
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4.6. Prognostic with GRU Model

Once the equipment diagnosis was made, the object in this phase was to make a
prediction, using the GRU network. The network was prepared to predict 7 days in the
future both the observable states that were input into the HMM, as well as the hidden states
of the classifier model.

Using a recurrent neural network with an encoder and decoder structure, we made
a prediction of the observable states over a period of 7 days into the future, correspond-
ing to one week. Figure 12 presents the prediction of the 7 days with a five-unit GRU
recurrent neural network, with a delay window of 3 days. The structure of the network
featured a relu activation function in the first layer and a relu function in the second layer.
Figure 13 represents the prediction after processing the data using the function of
Equation (12) for a better visualization of the model prediction results. The purpose
of that operation was to scale the predicted data, xn, to the same values as those of the
observable states.

ScaleValues = round([xn −min(xn)] ∗ [
nStates − 1

max(xn)−min(xn)
]) + 1 (12)

To validate the accuracy of the model, we used the errors MAPE (Equation (13)),
RMSE (Equation (14)), MAE (Equation (15)) and R2 (Equation (16)), which showed, re-
spectively, the following values of 5.49, 0.33, 0.086 and 0.68, showing a good evaluation of
the model.

MAPE =
1
n

n

∑
i=1

|xi − yi|
xi

(13)

RMSE =

√√√√√
n
∑

i=1
(yi − xi)2

n
(14)

MAE =
1
n

n

∑
i=1
|xi − yi| (15)

R2 = 1−
n

∑
i=1

(xi − yi)
2

(xi − y)2 (16)

where xi is the actual value, yi is the value predicted by the model, and n is the total number
of observations.

Using the same neural network with the same architecture, changing only the function
to a sigmoid in the last layer, with the same delay window, it was possible to perform
a prediction of the hidden states for the next 7 days as shown in Figure 14, which, after
scaling, persisted, as shown in Figure 15. The MAPE, RMSE, MAE and R2 errors of the
model evaluation had the values 2.79, 0.22, 0.035 and 0.71, respectively.
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Figure 12. Predicted training and test values for the observable states.

Figure 13. Scaled training and test predicted values for the observable states.
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Figure 14. Scaled training and test predicted values for the observable states.

Figure 15. Scaled training and test predicted values for the observable states.

5. Discussion

Starting with the diagnostic analysis of the health state of the production equipment,
we verified through Figure 11 that the HMM was able to detect with an accuracy close
to 72% several states 2 and 3 throughout the study time. We can see in Figure that failure
state 3 appeared four times over time, indicating equipment failure. The well-functioning
state, state 1, was almost constant, showing that the equipment was mostly in good
condition. Several alert states appeared that were quickly solved in order not to reach the
equipment failure state.

We also verified through Figures 5 and 11, that state 3, as predicted by the HMM,
happened when the values collected by the sensors escaped from the normal pattern of
behaviour. This was verified mainly in the periods February 2021 and March 2021, where
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we saw that the temperature and pressure sensors had a big drop in their measured values.
This indicated that the HMM was able to classify the health status of the equipment without
having any previous information about its operation or anomalies. Furthermore, this is a
nonsupervised methodology, capable of being used in any type of equipment with different
types of sensors. It is also capable of performing fault detection in real time, and through
the application of a DNN, the GRU, it is also capable of performing equipment prognostics.

The recurrent GRU neural network according to the literature review presents advan-
tages in predicting data of reduced size. This paper showed that the proposed model, a
five-unit GRU network, presented a good accuracy of the observed and hidden states of
the machine. In this way, it was possible to anticipate a fault detection 7 days ahead with
a high degree of accuracy. Normally, the future prediction is done on data collected by
sensors, and then it is necessary to run the whole fault-detection methodology. It should be
noted that, in our methodology, the prediction was made directly on clusters, optimized ob-
servable states, and also directly on hidden states classified by the HMM. In the prediction
made on the clusters, it was necessary to use the HMM classifier to obtain the operating
states of the equipment. When the prediction was made on the HMM states, we obtained
directly the health status of the equipment 7 days ahead. The GRU’s capacity to prevent
information overlap allows it to perform better with smaller quantities of training data
despite having a less complex architecture [103]. In terms of faster computation times and
superior results, the GRU also demonstrates the ability to outperform LSTM. Thus, through
our methodology, it is possible to directly detect the states of the equipment, through 7-day
prognostics, in a faster way, to obtain information in real time and be able to act more
quickly with regard to unexpected breakdowns.

6. Conclusions

This paper showed a methodology capable of making a diagnosis and prognosis of
the state of health of production equipment. First, data cleaning was conducted, followed
by the generation of statistical features in the time domain. After the feature generation, a
data normalisation and dimensional reduction were performed, through a PCA, to obtain
new features with more information and improve compactness. Then, K-means clustering
was used to group similar data into groups and create the observable states that were input
to the HMM. The HMM, in turn, was responsible for classifying the observable states into
hidden states that represented the state of health of the equipment, numbered from one to
three, where state 1 represented “Good Operation”, state 2 represented “Alert State” and
state 3 “Failure State”. After the detection of health states over time, it was possible to
make a prognosis directly on these states, or on the observable states obtained from the
clustering, 7 days ahead. For that, a GRU was used, which obtained good results with
these types of data. This is a generic methodology, which can be used in different types of
equipment, with different types of sensors. It works without prior information about the
behaviour of the equipment and can work in real time.

We conclude that through this methodology, it is possible to improve the quality of
CBM and PdM maintenance, thus improving the production flow and consequently, the
company’s profits.

In future work, other types of models will be applied to each of the steps in order
to check which combination obtains the best results. That is, in dimensional reduction,
other algorithms will be used, such as linear discriminant analysis (LDA), independent
component analysis (ICA), etc.; in the clustering, the Gaussian mixture model (GMM),
density-based spatial clustering of applications with noise (DBSCAN), among others.
Moreover, the realization of the prediction will use other DNNs that can get better results as
well as a prediction in bits through one-hot encode. Other types of statistics that can detect
the behaviour of the equipment will also be added. Finally, a classification algorithm will
also be implemented to input new data, collected by the sensors, in order to understand in
which cluster they best fit. This will lead to the implementation of a metric that will call for
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a new training session for the entire methodology if the data disperse significantly from
the previously created clusters.
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Abstract: Condition-Based Maintenance (CBM), based on sensors, can only be reliable if the data used
to extract information are also reliable. Industrial metrology plays a major role in ensuring the quality
of the data collected by the sensors. To guarantee that the values collected by the sensors are reliable,
it is necessary to have metrological traceability made by successive calibrations from higher standards
to the sensors used in the factories. To ensure the reliability of the data, a calibration strategy must be
put in place. Usually, sensors are only calibrated on a periodic basis; so, they often go for calibration
without it being necessary or collect data inaccurately. In addition, the sensors are checked often,
increasing the need for manpower, and sensor errors are frequently overlooked when the redundant
sensor has a drift in the same direction. It is necessary to acquire a calibration strategy based on the
sensor condition. Through online monitoring of sensor calibration status (OLM), it is possible to
perform calibrations only when it is really necessary. To reach this end, this paper aims to provide
a strategy to classify the health status of the production equipment and of the reading equipment
that uses the same dataset. A measurement signal from four sensors was simulated, for which
Artificial Intelligence and Machine Learning with unsupervised algorithms were used. This paper
demonstrates how, through the same dataset, it is possible to obtain distinct information. Because of
this, we have a very important feature creation process, followed by Principal Component Analysis
(PCA), K-means clustering, and classification based on Hidden Markov Models (HMM). Through
three hidden states of the HMM, which represent the health states of the production equipment, we
will first detect, through correlations, the features of its status. After that, an HMM filter is used to
eliminate those errors from the original signal. Next, an equal methodology is conducted for each
sensor individually and using statistical features in the time domain where we can obtain, through
HMM, the failures of each sensor.

Keywords: sensors; calibration; condition-based maintenance; online calibration status; HMM;
K-means; PCA; features generation

1. Introduction
1.1. The Importance of Sensors in CBM

Industrial maintenance is currently seen as an investment that dramatically decreases
a company’s production costs. For companies with highly critical equipment, where an
unexpected stoppage can cost a very high daily monetary loss, it is necessary to implement
a Condition-Based Maintenance (CBM) policy. In this type of maintenance, the equipment
is monitored by several sensors, responsible for translating the physical behavior of the
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equipment into electrical signals, amenable to reading [1]. Thus, sensors play a key role, al-
lowing intelligent decisions, prediction of future conditions, etc. [2]. Through the collection
of values continuously, in online mode, it is possible to determine the health status of the
equipment in real-time. This requires the use of methodologies and algorithms that obtain
information from the collected data [3]. Using Artificial Intelligence (AI) and Machine
Learning (ML) methods, it is possible to detect patterns in the data that provide information
about the behavior of the equipment.

In this area, there are some fundamental works: Li et al. [4] use AI and ML methods
to classify patterns for the detection of False Data Injection Attacks (FDIA) in Cyber-
Physical Systems (CPS) in order to improve security cybernetics of intelligent networks;
Antunes et al. [5] use ML methodologies and propose a condition-based maintenance
system of a wood chip pump system; Mateus et al. [6] use neural networks, such as
Long-Short Term Memory (LSTM) and Gated Recurrent Unit (GRU), to predict univariate
and multivariate data in a maintenance system based on the conditions of the equipment
used in the paper industry. Simoes et al. [7] use the HMM for a diesel engine maintenance
system; Kou et al. [8] propose a condition-based monitoring and maintenance method for
Smart Offshore Wind Farms using several ML tools.

1.2. Industrial Metrology to Support CBM

In recent years, the increasing globalization of the market and the distributed pro-
duction of highly complex technical systems have significantly increased the demand for
reliable and accurate systems [9–11]. The need to acquire data constantly and online is
increasing; so, reliability and accuracy in data collection are increasingly relevant [12],
especially with regard to CBM. Having a large volume of data collected in the industry is
valuable as long as it is accurate [13]. The author also presents smart metrology as a new
approach based on reliability, which is presented as a solution. The lack of metrological
traceability is a major obstacle faced [2]. Therefore, to use the information acquired by the
collected data, it is necessary to trust the data. For this, metrology plays a very important
role in this industrial process. Metrology generates information and knowledge [14], with
its acquisition subject to measurement and information transfer able to derive from this
knowledge consequences for the development of know-how and, finally, understanding
for the management of process improvements and manufacturing products [14]. Industrial
metrology can be seen as the basis of good CBM maintenance. It is responsible for perform-
ing the calibration of sensors, being concerned with measurement performed by them. With
the advancement of Industry 4.0, there is an increasing pressure to improve the integration,
interoperability, and accessibility of measurement information in industrial metrology and
related activities with measurement information for operations. This contributes to estab-
lishing a reliable Internet of Things (IoT) or Cyber-Physical Systems (CPS) environment,
where measurement data need to be accurate, reliable, and easily accessible [12]. Because of
this, sensors need to be calibrated in accredited laboratories, compared with standards from
higher levels of the traceability chain, and obtain a calibration certificate that ensures the
reliability of the collected data [1]. Calibration Certificates (CC) are essential to maintain the
accuracy of measuring instruments and guarantee the quality of products and services [15].
Calibration is a part of metrology that evaluates the quality and accuracy of measurements.
Over time, measuring equipment can show errors in their results due to misuse or external
factors such as environmental and operating conditions [13]. These deviations can also
be caused by dirt or other materials contaminating [15] components. As explained by the
author, these conditions result in inaccurate measurements and uncertainty in the results;
to reduce these effects, any measuring instrument needs to be calibrated [15]. Calibration
is conducted through metrological traceability. Traceability of measurements based on
recognized standards is essential for data comparability [16]. For measurements to be
considered metrologically accurate, they must be related to their units through a properly
documented chain of calibrations. Each calibration contributes to the measurement uncer-
tainty. Without a clear and complete record of these traceable calibrations, measurements
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cannot be safely compared [17]. Typically, calibration occurs on a periodic basis, thus
performing a preventive calibration, where often sensors undergo calibration without it
being necessary (over-calibration) or else are working out of calibration because the time
has not yet come for them to be calibrated (inefficient calibration).

As a consequence of the industry’s competitive need to be highly efficient and quality
conscious, manufacturing metrology is evolving from traditional engineering metrology,
performed on a periodic basis, to automatic inspection methods by online mode [18]. This
requires a type of calibration based on the condition of the sensor. In this way, the sensor
undergoes calibration only when it is needed, making calibration management based on
the condition of the sensor. For this, it is also necessary to obtain status information from
the reading equipment through their own collected data.

1.3. Online Calibration Monitoring (OLM)

Online monitoring of sensor calibration status is assessed when the sensor needs
to be removed from the equipment to be calibrated to an equivalent or higher standard
(either locally or at an accredited laboratory). This type of performance monitoring is a
condition-based methodology, offering an alternative approach to traditional calibration
status maintenance performed at regular intervals or by checking the condition of the
readout by conducting periodic checks. This can cause a sensor requiring calibration to
be overlooked simply because the calibration interval has not yet passed or the sensor
used for verification has a drift in the same direction as the sensor being monitored, which
causes the need for calibration to not be detected. It should also be noted that much of the
calibration monitoring effort is currently carried out in the verification of sensors that do
not need any maintenance [1,19]. The extensive use of verification procedures as calibration
procedures is undeniable, as is the fact that measurement standards errors are neglected
during verification [20]. Whereas, with an online calibration status monitoring system,
there may be a reduction in unnecessary field calibrations, which can reduce the associated
labor costs; reduce the potential for incorrect calibration; and, if it is done in an oil or
nuclear company, may reduce the radiation exposure of personnel as it uses the data from
the sensor itself and monitoring can be performed under normal operational operation.
Further, in this way, it becomes unnecessary to use redundant sensing to protect very
important components.

1.4. Methodology Developed for OLM

Through the collected data, we can obtain information about the status of the produc-
tion equipment as well as the reading equipment. The difficulty lies in distinguishing the
different information from the same set of data, since a high reading can either be due to
malfunctioning production equipment or by reading equipment that are out of calibration.
The objective of this paper is to present a methodology capable of—through the same set of
data—extracting information about the health state of the production equipment, as well
as of the reading equipment. To solve metrology delays, consistent reading deviations,
and sudden changes in deviations, the method was developed using a methodology of
optimized observations, through ML processes, to provide input to the Hidden Markov
Models (HMM) classifier, which after filtering errors of the production equipment, will
determine calibration errors inherent to the sensors. So, this methodology adds value based
on a set of data, where it is possible to collect health status information, both from the
reading equipment attached to the production equipment, as well as from the production
equipment itself. Furthermore, the methodology can be used online to obtain information
in real-time. It is possible to evaluate the condition of the equipment, even in operation,
without having to switch off to analyze it. Based on this, it also is no longer necessary to
perform periodic checks made to the sensors that take a long time and high costs (due to
the need for manpower). It is also possible to reduce the use of redundant sensors for the
same component. Through pattern detection and classification performed by the HMM,
it is possible to detect behaviors of the equipment without previous information about
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them—that is, without knowing which data represent malfunction or good operation of
the equipment, the AI and ML methodology can learn autonomously and without being
supervised. The methodology can also be used in any type of equipment and/or sensor,
making it generic for industrial support in maintenance and metrology. Through this
method, maintenance and calibrations are only performed when necessary. This increases
the availability of the equipment (both the production ones and the reading ones) and,
consequently, an increase in the company’s profits.

1.5. Related Work

To present an overview to understand the evolution and current status of studies
related to the subject in question, this chapter presents and analyzes the main relevant
works published recently in the area. Articles presented propose techniques for identifying
faults in sensors, as well as approaches to issues such as missing data, assessment of
data reliability, and data prediction. Methods that use correlation methodologies are
also demonstrated.

Lai et al. [21] propose a technique for identifying faults in sensor nodes using correla-
tion theory to prevent fault data injection attacks, identifying these nodes based on spatial
correlation and events. Tipireddy et al. [22] present virtual sensors to temporarily replace
faulty physical sensors, allowing the safe postponement of recalibration, using a Gaussian
model to process data from redundant and nearby sensors. Hines and Rasmussen et al.
The authors of [23] discuss forecast range estimation methods for three nonlinear empirical
modeling strategies (artificial neural networks, partial least squares neural networks, and
local polynomial regression), applied to operational data from a nuclear power plant to
monitor sensor calibration. Rao et al. [24] present a fault prediction method based on
spatial correlation using the Vector Space Model (VSM) to identify reliable or faulty nodes.
Berjab et al. [25] suggest a new method of extracting sensor relationships based on cross-
correlation; it combines information from spatiotemporal correlations and multivariate
attributes to determine whether the sensor has abnormalities or actual events. Lee and
Chai et al. [26] propose a modification to Gaussian Process Regression (GPR) to improve
the estimation of the sensor conditions in the online monitoring system of nuclear power
plants. Fu et al. [27], define a strategy for detecting faults in Wireless Sensor Networks
(WSNs), called the Trend-Correlation-based Fault Detection strategy (TCFD); the strategy
detects damaged sensor nodes by analyzing the trend correlation and the mean value of
neighboring nodes. Li et al. [28] present a method to identify serious failures in structural
integrity monitoring sensors; the method uses a generalized likelihood ratio and correlation
coefficient to evaluate each sensor in the network and detect faults through multiple hypoth-
esis testing. Rajesh and Chaturvedi et al. [29] address in their article the problem of missing
data in wireless sensor networks; the correlation between different data modalities is used
to recover missing data and predict data; three classical estimates (Pearson, Spearman,
and Kendall-tau) as well as four robust estimates of correlation coefficients are used to
determine the correlation between modalities on data characteristics. Karmakar et al. [30]
propose a new model that evaluates the reliability of IoT sensor data representing temporal
correlation. Biswas and Samanta et al. [31] describe an algorithm to detect faults in sensor
nodes; the algorithm is based on the Pearson correlation coefficient and the Support Vector
Machine (SVM) algorithm.

2. Methodology
2.1. Signal Simulation

To explain and test the developed methodology, a multivariate signal was created
with four different non-redundant variables (Figure 1), i.e., sensors that measure different
physical phenomena. An equipment error was simulated where all the sensors reacted to
the changes in the equipment’s behavior. After that, maintenance was performed, and the
measured values returned to the equipment’s normal operational behavior. Next, an error
of one of the sensors was simulated, where the value of one of the sensors was increased
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without the others suffering any changes, thus simulating a sensor drift. This leads to the
conclusion that it is not a production equipment error but a sensor error, since there was no
reaction from the other three sensors.

Figure 1. Simulated signal with production equipment error and deviation in one of the sensors.

It is necessary to select suitable sensor groups to be applied in a model, since the
performance of the model is based on the correlation between the sensors [32]. For this
method to work, it is necessary to have a large set of sensors or else a set of sensors that
are correlated with changes in the behavior of the production equipment. According to
Coble et al. [33], modeling non-redundant sensor clusters requires that the sensors in a
model share related information, which can be identified by linear correlations or physical
understanding. These modeling methods can also be applied to redundant sensor groups.
In a heterogeneous environment with more than one sensor, the variables tend to be
correlated [29]. Data from several heterogeneous sensors tend to show a strong correlation
in space and time, which can be used to improve the detection of anomalies [25] and, in
addition, improve the performance of each individual sensor [34].

Making a correlation study between the sensors, we can verify (Figure 2) that sensors
present high correlation values only when there is a failure in the production equipment,
keeping low values in normal operation or even when there is a deviation in one of
the sensors.
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Figure 2. Correlations shown in each of the signal phases.

2.2. Generation of Correlation Features

The first stage of any Machine-Learning-based model is feature selection, which
depends on the problem under study [30]. The goal here is to use dispersed correlation
values to detect faults in production equipment. To generate the features, the data collected
from a sensor are divided into blocks [30]. Then, to be able to obtain the correlation states
over time, temporal windows are created, where, for each one, we can choose the number
of samples per window. Before creating the temporal windows, subtraction and ratio
were performed on all the sensors to increase the relationship between them. They were
tested without this method and the results obtained were not good. After increasing the
relationship between the sensors, with X = x1, x2, . . . , xn representing the dataset for each
window, the temporal windows were created. In this example, temporal windows with
a dataset of 288 samples per window were chosen, giving a total of 833 windows for this
dataset with a sampling of 240.000 samples (Table 1). If the data were collected every 5 min,
this would represent a 1-day time window.

Table 1. Time windows with data subtracted and ratios between each sensor pair.

Col 1
Sensor 1/Sensor 2

Col 2
Sensor 1/Sensor 3 (...) Col 24

Sensor 4/Sensor 3

1st Chunk

60.63244195683154
59.64240130685382
(...)
59.262459386540584

79.78937757904451
79.86135304565789
(. . . )
79.87646380056816

(...)

3.0538616746523806
3.062736422782496
(. . . )
3.4567110848650304

2nd Chunk

59.82199978785137
60.19302454746067
(. . . )
60.122575793590606

78.56797868615018
78.74172104561583
(. . . )
80.59289809317407

(...)

3.0538616746523806
3.062736422782496
(. . . )
3.4567110848650304

(...) (...) (...) (...) (...)

834th Chunk

100.12391557061736
99.36665172104591
(. . . )
100.67188973084929

119.97019459713032
119.88307859672575
(. . . )
120.40164877024282

(...)

3.210611636252731
3.3163521246018797
(. . . )
3.2317746352961993
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Continuous and time-varying features can provide a prediction of possible failures [35].
So, after creating the temporal windows, it is possible to create correlation features between
each of the columns for each day (Table 2). In the case of multiple nearby sensors, the perfor-
mance can be improved by performing cross-correlation between all sensor combinations
in pairs [34].

As explained by Alqahtani et al. [36], correlation is a widely used mathematical
technique for measuring the relationship between two or more variables by describing how
they vary together. It is a common similarity evaluation technology [37]. Correlation in
space and time is common in many physical phenomena, where spatial correlation refers
to an association of measurements of two variables at a specific moment in time t [21,31].
According to these authors, there are several possible measures of correlation, where the
correlation coefficient can be viewed as a degree of linearity between X and Y variables. The
degree of correlation describes the response of the structure built between two positions
that reflects their level of correlation. The parameter ranges are from −1 to 1, where the
closer the correlation is to the value 1, the more strongly the structural responses between
two positions are correlated; when the correlation value is 0, it corresponds to more weakly
correlated structural responses between two positions [38,39].

For this methodology, three types of correlations are used:

• Pearson Correlation

Pearson correlation is a technique that measures the covariance and degree of correla-
tion between two estimates of input sets X and Y [39]. It is widely used in feature selection
research [40] and is defined by the following equation (Equation (1)) [29,31,38]:

COO[X, Y] =
cov[X, Y]√

var[X], var[Y]
(1)

where
cov[X, Y] is the covariance of X and Y;
var[X] is the variance of the random variable X.

• Spearman Correlation

Spearman’s correlation is an alternative measure to Pearson’s correlation, which
assesses monotonous relationships, not just linear ones. Instead of using the actual values
of the observations of two variables X and Y, Spearman’s correlation uses the corresponding
ranks, rg(Xi) and rg(Yi), to measure the similarity between the observations [29,41]. It can
be represented by Equation (2):

rs =
cov(rg(X), rg(Y))√

σrg(X)σrg(Y)
(2)

where
cov(rg(X), rg(Y)) is the covariance of the variables in ranks;
σrg(X) and σrg(Y) are the standard deviations of the variables in ranks.
Another popular formula to represent the Spearman correlation is given by Equation (3):

rs = 1− 6 ∑n
i=1 d2

1
n(n2 − 1)

(3)

where
di = rg(Xi)− rg(Yi);
n is the number of observations.

• Kendall Correlation

Any pair of observations (xi, yi) and (xj, yj), where i 6= j, is concordant if the ratings
of both elements agree with each other, i.e., if xi > xj and yi > yj. They are discordant
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if xi > xj and yi < yj or if xi < xj and yi > yj. If xi = xj or yi = yj, the pair is neither
concordant nor discordant. Kendall’s τ coefficient is defined as Equation (4) ([29]):

τ =
n1 − n2

n(n− 1)/2
(4)

After creating the time windows, the three correlation measures are calculated for
all pairs represented in Table 1. This means that, for each time window, there will be a
combination of the correlation measures for all sensor subtraction and ratio pairs. After
making all the correlations, Table 2 and the graph shown in Figure 3 were obtained,
representing all the correlation characteristics obtained over time.

Table 2. Correlations between each pair of sensors in each of the time windows.

Col 1
Corr. Pearson Col1-Col2 (...) Col 828

Corr. Spearman Col13-Col1 (...) Col 1656
Corr. Kendall Col24-Col23

1st Chunk 0.53820 (...) 0.90987 (...) 0.08561

2nd Chunk 0.49547 (...) 0.88902 (...) 0.14987

(...) (...) (...) (...) (...) (...)

834th Chunk 0.43642 (...) 0.84575 (...) 0.05570

Figure 3. Correlations between each sensor pair over signal time.

2.3. Normalization

To ensure better results, normalization attempts are important [42]. There is a need
to normalize the data to make the magnitude and time scale uniform [25]. To obtain
consistent results, usually, ML models use a normalization mechanism before training [43].
The normalization of the data through the Z-score (Equation (5)) aims to transform the
magnitude and dispersion of the data so that the mean is 0 and the standard deviation is
1—that is, Z ∼ N(0.1). This method helps to make patterns in the data more visible, as it
converts a range of variables so they all have the same range, transforming not only the
magnitude of the data but also the scatter [44].

ZScore =
xi − X̄
σ(X)

(5)

where
X̄ is the mean of the dataset X;
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σ(X) is the standard deviation of X.

Through normalization, the amplitudes of the initial continuous variables also con-
tribute to the analysis, with features with larger amplitudes not overlapping, which could
lead to biased results [43]. As the authors explain, to avoid this problem, it is recommended
to scale each feature in the same value range, which, in turn, also increases the training
speed. Normalization is one of several data transformation techniques, which has the
effect of reducing the parameters to a common range, providing a measure that allows the
relative importance of any factor or interaction to be identified more clearly [45].

As can be seen through Figure 4, all correlations for all sensor pair combinations are
normalized with mean zero and standard deviation 1. This causes two-phase peaks to be
created. This means that values closer to 0 will be more concentrated and values farther
from 0 will be less frequent. After performing normalization, it is already possible to better
understand the behavior of the data. The normalization of the dataset will also help to
improve the K-means clustering technique [46], which will be used later.

Figure 4. Correlation features normalized by Z-score over study time.

2.4. Dimensional Reduction through Principal Components Analysis (PCA)

After normalization, a dimensionality reduction technique, Principal Component Anal-
ysis (PCA), is used, which can be considered a fault detection method based on multivariate
statistical analysis [28]. It is a feature extraction and dimensionality reduction method in
Machine Learning [35] and is one of the most widely used methods for dimensionality
reduction of data from a multidimensional space [40,47]. It can reduce the dimensionality
of high-dimensional data and remove noise by dimensionality reduction [48]. To perform
dimensionality reduction and feature extraction, the data undergo orthonormal rotations of
the coordinate system. In this way, we will increase the processing speed of the algorithm
as we will use new variables that have more important information, thus increasing the
prediction ability. It is a technique that transforms several potentially correlated variables
into a set of uncorrelated variables, the principal components (PCs). The first principal
components are responsible for explaining most of the information present in the data,
with the number of PCs being limited to the number of original variables [49]. The PCA
process aims to find a new coordinate system of the dataset centered on the mean, whose
axes are perpendicular and have a maximum variance in descending order [50]. So, PC1
is responsible for having the highest data variability, while each subsequent PC has the
highest possible variance, under the constraint of being orthogonal to the previous PCs [47].

As Zhang et al. [51] explain, the algorithm can be described as follows: in the feature
space of dimension N, we find a direction that maximizes the variance of the data. We
then use that direction as our first principal direction and project the data onto the N − 1
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dimension space, removing the principal direction. This process is repeated M times, where
M ≤ N, to obtain a transformation of the data in the main dimensions.

The optimization process in feature selection is based on new components representing
correlated features. These components are generated as columns in the matrix X′, making
it m × n′. To preserve the original feature information, it is common that n′ = n − 1.
The desired default dimension for the lower-dimensional space is n′ = n − 1, where n
represents the dimension of the original dimensional space.

The cumulative variance is used to assess how much of the original data information
is retained in each principal component. According to Figure 5, it is possible to see, after
calculating the cumulative variance, that the first 10 PCs contain about 95% of the total
variance of the original data.

Figure 5. Pareto chart with the percentage of information for each PC.

It was possible to preserve about 95% of the raw information by shrinking the matrix
from X = [xij](834×1656) to X′ = [x′ij](834×10).

We can also verify, through Figure 6, the movement over time of the points of each
of the first 10 PCs coming from the orthogonal reorientation performed by the PCA. It is
already possible to better distinguish the areas that are really coming out of the normal
operating standards of the equipment.

Figure 6. Data movement of the first 10 PCs processed by PCA.
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When projecting the data of Figure 4 into 10 PCs, the two-phase peaks were lost
because the PCs are directions that maximize the variation of the data and do not necessarily
preserve the original characteristics of the data. Since the two-phase peaks were not related
to the directions of maximum variation of the data, they were lost when projecting the data
into the principal components.

In addition, PCA aims to reduce the dimensionality of the data—that is, to represent
the data with fewer principal components without losing much information. This means
that some of the less expressive peaks can be lost in the projection process to the principal
components and, hence, represent the PCs through time.

2.5. Clustering through K-Means

According to Thrun and Ultsch et al. [52], the use of the PCA algorithm is frequent
when there is a high number of variables since it allows the application of a preliminary
reduction of these variables; next, it is common to use K-means clustering based on early
PCs that preserve a significant amount of information.

The cluster analysis [53] achieves the following:

• Examines the underlying structure of the data;
• Identifies patterns and categories in the data in order to establish the similarity between

the points;
• Performs dimensionality reduction, with the aim of grouping and simplifying the data

in an understandable way.

In the K-means clustering algorithm, data points are grouped within a cluster based
on similar shared characteristics [48,54], with good equipment functioning data being in
the same cluster and bad equipment functioning data in a distinct cluster.

K-means is one of the first proposed clustering methods and assumes that each sample
is linked to only one group, assigned to the one closest to [55]. It is an unsupervised
technique that is widely used to identify similarities between objects based on distance
measurements suitable for small datasets [53]. It has several advantages including brevity,
simplicity, efficiency, speed, and less computational power, which make it the most widely
used clustering algorithm [53,56–58].

The K-means algorithm has the main objective of grouping similar data points and
revealing the structure underlying the data [59]. This is achieved by fixing a defined number
of clusters (k) to be used in the analysis. To each one of the clusters is assigned a centroid,
which has a location in the center of the cluster. After k is chosen, each data point is allocated
to the nearest cluster by summing the squared distances of the Euclidean distances among
the items and the centroid (Equation (6)), minimizing intra-cluster variation [59].

W(Ck) = ∑
xi∈Ck

(xi − µk)
2 (6)

Here, xi is the ith data point of cluster k(Ck) and µk is the mean value of the points in
cluster k. The Total Within-Cluster Variation Equation (7) describes the clustering quality,
in which the Sum of Squared Errors (SSE) is used as a measure. The lower the SSE, the
higher the quality of the cluster [58].

TotalWithinClusterVariation =
k

∑
k=1

W(Ck) (7)

Then, as explained by Peng et al. [48] and Borlea et al. [60], K-means is used to
process a dataset D = x1, x2, . . . , xn ∈ <d, where x is a dataset record defined as Xi =
[xi1, xi2, . . . , xid]

T ∈ <d, i = 1. . . n. d is the dimension of a dataset record and T stands for
matrix transpose. The algorithm divides the dataset D into a set of k predefined numbers of
clusters C( j), j = 1. . . k. Each cluster Cj is composed by a center of mass called centroid and
defined as Cj = [Cj1, Cj2, . . . , Cjd]

T ∈ <d, j = 1. . . k. The total number of points assigned to
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each cluster is n, with the cluster expression Cj = (cj, nCj). The centroid array is defined as

c = [cT
1 , cT

2 , . . . , cT
k ]

T ∈ <dk, which represents the centroids of all existing clusters. The main
objective of the algorithm is to minimize the intra-cluster variance (Equation (8)).

c∗ = arg min
c∈<dk

V(c), V(c) = ∑k
j=1 ∑

ncj
i=1 ||xi − cj||

xi ∈ Cj
(8)

where
cj is the centroid of the cluster C( j), j = 1. . . k;
V is the objective function or the criterion;
c∗ is the optimal arrangement of centroids.
The K-means clustering process has the following steps [54,56,58–61]:

1. Specify the number of clusters (k);
2. Randomly select k data points as initial centroids;
3. Assign the dataset xi to the nearest centroid cj using the Euclidean distance

(Equation (9));

dxi ,Cj = ||xi − cj|| =
√
(xi1 − cj1)2 + (xi2 − cj2)2 + ... + (xid − cjd)2 (9)

4. Next, all data points are redistributed using the previous process to find the next
clusters. The process continues like this until the elements in each cluster are no
longer changed.

Due to the initial cluster center and the clustering criterion function of similarity
measure, it easily converges to the local minimum, selecting different initial clustering
centers to lead with different clustering results [62,63]. As the authors say, the correct
selection of the initial clustering center in the K-means algorithm has great influence on
the quality of clustering results. To calculate the optimal number of clusters k, there are
different methods [59] and, for this methodology, we will resort to the Sum of Squared
Error (SSE) method, or the elbow method, as it is known because of the graph it forms. SSE
is one of the most popular cluster evaluation methods [58]. We use different numbers of k
and calculate the total based on the sum of squares for each value of k and plot these in
Figure 7, where k is represented in the plot as a fold (elbow) location, which we consider
the optimal k number. The elbow method is the most widely used and comprises four
steps [57]:

• Perform a centroid-based clustering variance of each clustering result, e.g., sum of
squared errors algorithm, such as K-means, for each k ∈ <;

• Calculate the (SSE) for K-means;
• Plot the results on a graph;
• Select the elbow curve on the graph.

The amount of clusters is represented on the x-axis by the value k; after viewing the
corresponding graph, it is noted that the reduction in the sum of squared errors (SSE)
becomes negligible with the increase in the value of k.

So, the aim of the K-means algorithm is to minimize the sum of squared errors of
the criterion [58]. Thus, through the elbow graph illustrated in Figure 7, it is possible to
observe that the total distance of the sum of squares decreases as the value of k increases.
However, from k = 4, the additional clusters cause only an insignificant reduction in the
sum of squares. Thus, the ideal number of clusters can be considered as 4.
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Figure 7. SSE Analysis to determine nº of clusters.

Having chosen the number k of clusters, we can now proceed with the K-means algorithm
itself, which will fulfill the steps mentioned above. After grouping the data in clusters, each
cluster Cj will be represented over time (Figure 8). Thus, clusters C1, C2, C3, C4 will be seen as
new optimized observations of the values read by the four sensors. Note that an increasing
ordering of clusters is chosen so that the first cluster is the one with the highest number of points
and the last cluster has the lowest number of points, nC1 > nC2 > nC3 > nC4 .

Figure 8. Cluster (optimal observable states) over study time.

2.6. Behavior Classification of Production Equipment Using HMM

The Hidden Markov Model (HMM) is a doubly stochastic process, which has hidden
states and observable states [64].

A typical HMM model can be explained by the parameters λ = (N, M, π, A, B),
where [7,65,66] N represents the number of hidden states, S = S1, S2, .., SN ; M represents
the number of observable states, C,= C1, C2, ..., CM; A represents the transition matrix
that specifies the transition probabilities between the hidden states, A = aijN∗N ; B is the
emission matrix, which specifies the probabilities of observing a given observable state
given that the system is in a given hidden state, B = bjkN∗M; π is the initial probability
vector, which specifies the initial probabilities of being in each hidden state, πi = P(q1 = Si).
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For simplicity, the parameters of the HMM model can be represented by the notation
λ = (π, A, B).

After computing the optimized time series observations, which merge multivariate
information from sensors attached to the equipment, we can now use the clusters as ob-
servable states to provide input to the HMM model. The observations at instant t are
represented by Ot ∈ C,= C1, C2, C3, C4; already, the hidden states will represent the operat-
ing states of the production equipment within a certain state qt ∈ S, S = S1, S2, . . . , SN . The
hidden states are a Markov Chain, which is obtained through the observable states—that is,
through the observable states (collected and optimized by ML processes), we can deduce
the status of the equipment. In this case, we will choose three hidden states, S = S1, S2, S3,
to represent the operation of the equipment, where state S1 is the one with the most points
and state S3 is the one with the fewest points. If nS1 > nS2 > nS3 , it can be deduced that the
first state, which happens more often, will represent the good functioning state and states 2
and 3 will represent alert and failure states. For HMM, there are three basic problems that
need to be solved [7,64,67]:

• The evaluation problem—which computes the probability of the observed fusion out-
come sequence O = O1, O2, ..., OT , given the model λ = (π, A, B). This is performed
using the forward–backward algorithm.

• The training problem—which adjusts the model parameters, λ = (π, A, B), to maxi-
mize the probability of the observed sequence, i.e., given a chain of observable states,
which model λ best fits, P(O|λ). This is performed using the Baum–Welch algorithm.

• The prediction problem—calculates the most probable hidden state sequence accord-
ing to the observation sequence and the model parameters. Through the model λ and
the observation sequence O, it is possible to detect the best hidden state sequence S. It
can be solved by the Viterbi algorithm.

Thus, through the observable states coming from the clustering phase, in the first step,
the training is applied through the Baum–Welch method, where it is possible to obtain
the model parameters λ. Then, through the observations and the model parameters, it is
possible to determine the sequence of hidden states (Figure 9) using the Viterbi algorithm.

Figure 9. Hidden States (health states of the production equipment) over the study time.
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2.7. HMM Filter

As can be seen in Figure 10, the HMM detects hidden states different from 0 at the
time when the equipment malfunction is simulated, showing that this methodology works
and detects only the errors of the production equipment. It starts with state 3 due to the
initiation problems of the Viterbi algorithm and these initial values can be ignored.

Once the malfunctioning states of the production equipment are detected, these are
eliminated in the original signal using a filter with the values of the hidden states of the
HMM, i.e., any point in the original signal that coincides at the same time with any hidden
state other than the first state—which means, being coincident with S2 or S3—is eliminated
(Figure 10). In this way, we eliminate the errors of the original signal production equipment,
leaving only errors that may arise from the reading equipment (Figure 11).

Figure 10. Original signal with overlapping HMM states.

Figure 11. Original signal after HMM filter.
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2.8. Classification of Sensor Behaviour

As stated by Boechat et al. [68], an assumption is that the sensor deviations are not
correlated with each other, despite the correlations among the process variables. Through
the methodology presented above, we can demonstrate just that. So, now, we have only
one signal with sensor errors. In this way, the objective is to use the same steps of the above
methodology with the difference that now, instead of creating features of correlation among
sensors, we will apply the method sensor-to-sensor using statistical features in the time
domain (Table 3). As stated by Saucedo-Dorantes et al. [69], statistical features based on
the time domain provide a good performance basis to characterize patterns and behavioral
changes in equipment. Several features were used (Table 3), which were taken from other
papers whose aims were to detect faults over time [44,69,70]. An individual study for each
sensor is performed with the aim of understanding how it develops over time.

Table 3. Mathematical equations for time-domain-based statistical features.

Parameter Mathematical Equation Parameter Mathematical Equation

Mean T1 =

N
∑

n=1
x(n)

N A Factor T12 = T5
T2 .T3

Standard Deviation T2 =

√
N
∑

n=1
(x(n)−T1)

2

N−1 B Factor T13 = T7 .T8
T2

Variance T3 =

N
∑

n=1
(x(n)−T1)

2

N−1 SRM T14 =

( N
∑

n=1

√
|x(n)|

N

)2

RMS T4 =

√
N
∑

n=1
(x(n))2

N−1 SRM Shape Factor T15 = T14
T1

Absolute Maximum T5 = max|x(n)| Latitude Factor T16 = T5
T14

Coefficient of Skewness T6 =

√√√√
N
∑

n=1
(x(n)−T1)

3

(N−1).T3
2

Fifth Moment T17 =

√√√√
N
∑

n=1
(x(n)−T1)

5

(N−1).T5
2

Kurtosis T7 =

√√√√
N
∑

n=1
(x(n)−T1)

4

(N−1).T4
2

Sixth Moment T18 =

√√√√
N
∑

n=1
(x(n)−T1)

6

(N−1).T6
2

Crest Factor T8 = T5
T4

Median T19 = medianx(n)

Margin Factor T9 = t5
T3

Mode T20 = modex(n)

RMS Shape Factor T10 = T4

1
N

N
∑

n=1
|x(n)|

Minimum T21 = minx(n)

Impulse Factor T11 = T5

1
N

N
∑

n=1
|x(n)|

After applying the methodology to each sensor individually and with the statistical
features in the time domain, we obtain the results of the hidden states given by the HMM,
as can be seen in Figure 12.
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Figure 12. Methodology used to detect sensor errors individually.

3. Discussion of Results

Through the analysis of the results obtained, we can verify that, in the first phase,
the HMM is able to classify the faults of the production equipment, without detecting
the sensor drift (Figure 9). It detects state 3 in an initial phase that happens when the
equipment starts to present the failure. Then, it moves to state 2, where it remains until the
maintenance is performed. We can verify that the chosen correlation features will ensure
that the methodology detects only equipment failures since they only give relevance to
correlated behavioral changes of the sensors. The selection of important features in the
data requires sufficient communication of domain expert knowledge. Thus, the choice of
similarity measures and feature extraction techniques are critical to the success of clustering
approaches, as this significantly affects the quality of results obtained when processing
data to identify relevant patterns [36]. In this way, it is possible to extract only the health
status information from the production equipment.

Having only the status of the production equipment, it is possible to use this informa-
tion to filter the original data. After that, the HMM is able to detect only the sensor errors.
Through Figure 12, we can verify that, in the first sensor, a hidden state different from state
1 is only detected at the end of the study period, which is when the sensor represents a
deviation. When a hidden state different from state 1 is displayed for some time, we can
conclude that there is a deviation in the sensor under study. As for the other sensors, which
did not present any deviation, the HMM only stays different from state 1 for a very brief
instant, which means it has no relevance. Therefore, we cannot admit that this is a sensor
error. This only happens because, when the HMM filter is made based on the faults of the
production equipment, there is a small part of the error that is not eliminated. It is quickly
despised, because it is present in the final classification made by the HMM to determine
deviations from the sensors.

This methodology has the added value of being able to obtain two different types
of information from the same set of data. When a sensor rise is presented, it is difficult
to know whether it is caused by the production equipment or by the reading equipment.
This highlights the importance of a method that can extract the correct information to be
used. So, we can admit that this methodology will improve CBM actions since it also
detects sensor errors. Thus, it is possible to ensure that the data are reliable to understand
the true information that the data are transmitting. Furthermore, this methodology can
be used in different equipment and sensors with added value because it does not need
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previous information about the equipment failures. It is an unsupervised methodology
where, through AI and ML, the algorithm can provide information about the health state of
equipment to the production engineer.

In future work, it is intended to increase the range of algorithms to be used in each of
the steps to understand the best possible combination for the methodology. Other types of
strategies will be used in normalization, as well as in dimensional reduction and clustering.
Furthermore, a study of other types of correlation will be conducted, such as distance
correlation. Temporal correlations will also be applied to evaluate the correlations between
temporal windows t and t+1, with a single sensor. The hidden states coming from the
HMM model will be used to build a supervised classifier, such as Support Vector Machine
(SVM). This classifier will be used to direct the new data collected by the sensors into
the hidden states of the HMM, allowing to immediately determine the health status of
the equipment without having to go through the entire methodology. For this, it will be
necessary to train the methodology so that it can teach the supervised classifier. In addition,
we will have an adaptive methodology, in which, through a distance metric, an alert will be
issued if new data collected appears too distant from the rest. This would mean that there
is a new behavior in the equipment that has never been seen before, which means that the
methodology needs to be updated. Besides this, it is intended to apply this methodology in
a real factory aiming to demonstrate its importance in real situations.

For practical cases, it will be necessary to perform an initial cleanup to remove incorrect
or inconsistent data such as zeros, NaN (Not a Number), or infinities. An algorithm will also
be created to eliminate equipment downtime. In addition, depending on the application,
additional filtering may be required to remove noise in the data. There are several filtering
techniques that can be chosen, depending on the study. Since the goal is to study failure
cases, outliers can be seen as important data. Therefore, a quartile filter performed on
time windows will be created. In this way, it will be possible to filter out noise without
losing valuable information for the study. Moreover, as Martins et al. [44] explain, the
methodology itself uses tools that help with filtering data throughout the process.

4. Conclusions

The methodology goes through several steps, where the first is the correlation between
the sensors over time, using temporal windows. The subtraction is made alongside the ratio
between each sensor, aiming to increase the relationship between them; then, three types of
correlations are made: Pearson, Spearman, and Kendall. Based on this, we obtain several
features after passing through the Z-score normalization, which undergo a new orthogonal
variation through the PCA, to extract a new set of variables that is reduced but with more
information. This feature extraction process is also responsible for increasing the prediction
quality of K-means, which aims to group the most similar values, thus creating a set of
clusters that have new optimized observations. These observations feed the HMM classifier,
which, through three hidden states (1—Smooth operation; 2—Warning; 3—Failure), is
responsible for detecting the health state of the production equipment. Knowing the health
states of the equipment, through the hidden states of the HMM, a filter is performed on the
original data, where the values coincide with the different states from the well-functioning
state, which permits filtering the data when the machine is in good working order. After
that, the sensors are studied one by one, through the same methodology, but now making
a generation of statistical characteristics in the time domain to evaluate the individual
behavior of each sensor. Finally, again through the HMM and the three hidden states,
it is possible to define the status of each sensor. If states 2 or 3 remain for some time, it
is necessary to take the sensor for calibration because it is having a deviation. We can
conclude that, through this methodology, it is possible to detect failures in the production
equipment as well as deviations in the sensors that need to be calibrated. The authors will
continue working to improve the implementation in practical cases.
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