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Prefacio

“One day, in retrospect, the years of struggle will strike you as the most beautiful.”
— Sigmund Freud
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Resumo

A crescente producao de residuos, impulsionada pelo crescimento populacional e pelo con-
sumo excessivo, tem dificultado a sua gestao e reciclagem. A separacao manual dos resi-
duos é uma pratica comum, mas apresenta riscos para o ser humano e, ultimamente, tem-se
mostrado insuficiente para lidar com as quantidades produzidas. A presenca de materiais
valorizaveis nos residuos encaminhados para aterro contribui para aumentar a polui¢ao dos
solos e dos recursos hidricos, impactando negativamente a saide humana e os ecossistemas.
Com o avanco das tecnologias de aprendizagem profunda e de visao computacional, surgem
alternativas para automatizar e otimizar o processo de triagem destes residuos. Assim, esta
dissertacdo propde uma abordagem baseada em visdo computacional para a dete¢ao de resi-
duos valorizaveis numa linha de triagem de residuos sé6lidos urbanos (RSU). Com este obje-
tivo, foi desenvolvido um dataset, recolhido numa linha de tratamento mecanico e biolégico
(TMB), com oito categorias de residuos. Foram treinados e avaliados diversos modelos de
detecdo de objetos do estado de arte, como Faster R-CNN, RetinaNet, TridentNet e YOLO.
Os resultados demonstraram um desempenho promissor, alcancando uma mAP de 59.7%
no conjunto de teste. A investigagdo e o dataset desenvolvidos representam um contributo
para a aplicacao destas tecnologias no setor industrial, promovendo a seguranca dos trabal-
hadores, a eficiéncia do processo de reciclagem e o desenvolvimento de solucoes inovadoras
para a valorizacao de residuos.

Palavras-chave

Aprendizagem Profunda, Visao Computacional, Detecao de Objetos, Detecao de Residuos,
Triagem de Residuos, Reciclagem
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Resumo alargado

A crescente producao de residuos, impulsionada pelo aumento populacional e pelo consumo
excessivo, tem dificultado a sua gestao e reciclagem. A separacao manual é uma préatica co-
mum nos centros de triagem, mas apresenta riscos para os trabalhadores e tem-se revelado
insuficiente para lidar com as grandes quantidades produzidas.

Em Portugal, é comum a existéncia de duas linhas de triagem: uma de fluxo tnico, dedicada
ao tratamento mecanico e bioldgico de residuos so6lidos urbanos, e outra de fluxo multiplo,
onde sao separados plasticos e metais. Na linha de fluxo Ginico, é frequente a presenca de
materiais valorizaveis que, na auséncia de separacao manual, acabam por ser encaminhados
para aterro. Quando os plasticos sao depositados em aterro, podem, ao degradarem-se, lib-
ertar substancias toxicas, contaminando o solo e os recursos hidricos, impactando negativa-
mente o ambiente, na saide humana e animal.

Neste contexto, esta dissertacao propoe o desenvolvimento de uma solucao baseada em visao
computacional para a detecao automatica de materiais valorizaveis, nas instalacoes de trata-
mento mecanico e biologico (TMB), onde é feita a triagem de residuos s6lidos urbanos (RSU).
O trabalho incluiu a recolha e anotacao de um dataset, captado numa linha de triagem in-
dustrial, com o intuito de treinar e testar modelos de dete¢io de objetos de forma realista.
O dataset desenvolvido foi recolhido numa linha de RSU e anotado manualmente com re-
curso a ferramenta CVAT. Este est4 dividido em conjuntos de treino, validacao e teste, total-
izando 5261 imagens, e contém oito categorias de materiais. Para avaliar a eficacia dos mode-
los do estado de arte no dominio da detecao de residuos, foram treinados e testados diversos,
entre os quais o Faster R-CNN, RetinaNet, TridentNet e YOLO. Os modelos demonstraram
desempenhos promissores, revelando-se adequados a aplicacdo em cenéarios reais.
Inicialmente, foram realizados treinos e testes dos modelos utilizando as oito classes ano-
tadas no dataset. Posteriormente, com o intuito de alcancar o principal objetivo desta dis-
sertacao — a detecao de plasticos nas linhas de triagem de RSU — algumas classes foram
agrupadas e outras removidas, tendo sido entao realizados novos treinos e testes com mode-
los de estado da arte. Adicionalmente, foram efetuados testes comparativos com um dataset
de referéncia e realizada uma avaliacao cruzada para testar a capacidade de generalizacao
dos modelos em diferentes ambientes.

Assim, a investigacao desenvolvida e o dataset sdo um contributo para o avango da aplicacao
de técnicas de inteligéncia artificial na area da gestao de residuos. Esta abordagem tem o
potencial de aumentar a eficiéncia do processo de reciclagem, reduzir a exposicao dos tra-
balhadores a ambientes potencialmente perigosos e promover solucoes sustentaveis para a
valorizacao de residuos.
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Abstract

The increasing production of waste, driven by population growth, has created challenges in
managing and recycling materials effectively. Manual waste sorting is a common practice,
but it has proven insufficient to handle the large quantities produced and poses health risks
to workers involved in the process. The presence of valuable materials in waste streams di-
rected to landfills contributes to soil and water pollution, negatively impacting human health
and ecosystems. With advances in deep learning and computer vision technologies, new so-
lutions have emerged to automate and optimize waste sorting processes. In this context, this
dissertation proposes a computer vision-based approach for the automatic detection of valu-
able waste materials in a municipal solid waste (MSW) sorting line. To support this work,
a dataset was developed, collected from a Mechanical-Biological Treatment (MBT) facility,
comprising eight waste categories. Several state-of-the-art object detection models, includ-
ing Faster R-CNN, RetinaNet, TridentNet and YOLO, were trained and evaluated. The re-
sults demonstrated promising performance, achieving a mAP of 59.7% on the test set. This
research and the developed dataset represent a contribution to the application of these tech-
nologies in the industrial sector, enhancing worker safety, increasing the efficiency of the
recycling process, and supporting the development of sustainable solutions for waste val-
orization.

Keywords

Deep Learning, Computer Vision, Object Detection, Waste Detection, Waste Sorting, Recy-
cling

xiii



Vision-Based Waste Detection for Industrial Sorting Lines

Xiv



Vision-Based Waste Detection for Industrial Sorting Lines

Contents

1 Introduction
1.1 Contextand Motivation . . . . .. .. ... ... ... .. ... ... ...,
1.2 Objectives and Contributions . . . . . . .. ... ... ... ... ........
1.3 Tasksand Timeline . ... .. .. . . . . . it
1.3.1  Task 1-Review of the literature . . ... ... .. ... .........
1.3.2 Task 2 - Evaluation of the state-of-the-art models in ZeroWaste dataset
1.3.3 Task 4 - Collection and annotation of anew dataset . ... .......
1.3.4 Task 5 - Training and evaluation state-of-the-art models in new dataset
1.3.5 Task 3 and Task 6 - Writing of the master’s dissertation . . . . . .. ..
1.4 Document Organization . . . . . . . .. . . . . i

2 Related Work
2.1 Introduction . . ... ... .. . . ... e
2.2 Object DetectionModels . . . . ... ... ... ... . . . ..
2.2.1 Two-Stage Object Detection Models . . . . .. ... ... ........
2.2.2 One-Stage Object DetectionModels . . ... ... ... .........
2.2.3 Transformer-BasedModels . . . . ... ... .. ... ... ......
2.3 Waste Detection and Management . . . . ... ... ... ............
2.3.1 Urban Waste Detection . . . ... ... ... ... .. ... .. .....
2.3.2 Water Waste Detection . . . ... ... ... ... ... .........
2.3.3 Domestic Waste Detection . ... ... ... ...............
2.3.4 WasteDetection . . . .. ... .. . . ... e
2.4 Datasets for Waste Detection . . . . . . . . . . . i i
2.4.1 TrashDatasets . . . ... .. ... . . . . i
2.5 SUMMATY .+ v v v v v v e e e e e e e e e e e e e e e e e e e e e e e e e e

3 SortWaste Dataset
3.1 Introduction . .. .. . . . . . . . e e
3.2 DataCollection . . . . . . . . . . . i e e e e e
3.3 Annotation and Preprocessing . . . . ... ... ... ... ... oo
3.4 Statistics . . . . . . e e e e e
3.4.1 SortWasteDataset . . . . . ... ... ... . . ... . . . . ...
3.4.2 ZeroWaste-fDataset. . . .. ... ... .. ... ... ... .. ...,
3.4.3 Comparison between SortWaste and ZeroWaste-f . . . ... ... ...
3.5 Conclusion . . .. . . . . .. e e e

4 Experiments and Results
4.1 Introduction . ... ... . .. .. ... e e
4.2 ImplementationDetails . . . . ... ... ... ... ... .. . . . . ... ...
4.3 Evaluation Metrics . . . . . . . . . v i i e e e e

11
12
12
13
14
14
15
16
17

19
19
19

20
22
22
24
25
27



Vision-Based Waste Detection for Industrial Sorting Lines

4.3.1 Precision-RecallCurve . ... ... ... ... ... .. ......... 29

4.3.2 Average Precision and Mean Average Precision . .. .......... 30

4.4 Experiments . . . . . . . . . ... e e e e e 31
4.4.1 Full-Class Evaluation . .. ... ... ... ... ... .. ..0..... 31

4.4.2 Plastic-Only Evaluation . . . . ... .................... 32

4.4.3 Class-Matching Evaluation . . .. ... ... ............... 34

4.4.4 Cross-Dataset Evaluation . . . .. ... ... ............... 35

4.5 Conclusion . . . . . . . . . . . e 37

5 Conclusion and Future Work 39
5.1 Impacts and Limitations . .. ... ... ... ... ... . . ..., 39
5.2 Future Work . . . . . . . . . . . e 39
5.3 Conclusions . . . . . . . i e e e e e e 39
Bibliography 41



Vision-Based Waste Detection for Industrial Sorting Lines

List of Figures

1.1

2.1
2.2

2.3
2.4
2.5
2.6

2.7

2.8

3.1

3.2
33
3.4
35

3.6
3.7

4.1

4.2

4.3

4.4

Gantt chart illustrating the development timeline and duration of the pro-
posedtasks. . . . . . .. L e e e

Faster-RCNN architecture for object detection [1]. . . . . ... ... ... ...
Mask R-CNN [2] architecture with three parallel heads: one for classification,

one for bounding box regression, and one for mask prediction. . . . . ... ..
Proposed TridentNet architecture [3]. . ... ... ... ... ... ......
RetinaNet architecture [4]. . . . . . . . . . . . e
Architectural modules in YOLOv11[5]. . ... ... .. ... ... .....
DETR architecture [6]. . . . . . . . . . . e
Examples of dataset images, grouped by columns. Each column contains three

images from the same dataset, illustrating variations within each category. . .
Examples of images from ZeroWaste Dataset [7]. . . . . . .. ... ... ....

Ilustration of the data collection setup, showing the arrangement of waste
on the conveyor belt, the flow direction, the position of the workers, and the
image capture system using a smartphoneon atripod.. . . .. ... ... ...
Examples of images from the SortWaste dataset. . . . . . ... ... ... ...
Statistics of the number of instances per class in the SortWaste dataset. . . . .

Statistics on the number of instances per plastic class in the SortWaste dataset.

Statistics on the number of instances per class after class remapping, as in
ZeroWaste. . . . . . oL e e e e
Statistics on the number of instances per class in ZeroWaste-f[7]. . . ... ..
Statistics of the total number of annotated objects per frame in the SortWaste
dataset and the ZeroWaste-fdataset[7]. . . . . . .. ... ... ... ......

Precision-Recall curves for mAP@50 of state-of-the-art object detection mod-
els. Each curve represents the performance of a different model. . . . . . . ..
Precision-Recall curves for mAP@50 of state-of-the-art object detection mod-
els. Each curve represents the performance of a different model trained with
plasticclasses. . . . . . . ... e e e e
Comparison of mAP@50 Precision-Recall curves between models trained on
SortWaste and ZeroWaste-f datasets, respectively. . . . . ... ... ... ...
Comparison of mAP@50 Precision-Recall curves between models trained on
SortWaste and ZeroWaste-f datasets, respectively. . . . . ... ... ... ...

xvil

10
10
11

17
17

20
21
22

23

24
25

25

32

33

35



Vision-Based Waste Detection for Industrial Sorting Lines

xviii



Vision-Based Waste Detection for Industrial Sorting Lines

List of Tables

2.1

3.1

3.2

3-3

4.1

4.2

4.3

4.4

4.5

4.6

Comparison of public waste datasets. . .. ... .................

Summary of object counts within each dataset split: training, validation, and
TeSt. . . e e e
Summary of object counts within each dataset partition: training, validation,
and testin ZeroWaste-f[7]. . . . . . . . . . .. e
Comparison between the SortWaste dataset and the ZeroWaste-f [7] dataset. .

mean Average Precision (mAP) results on the SortWaste test set for COCO-
pretrained state-of-the-art models fine-tuned on SortWaste. The results are
reported per class and overall, using standard COCO evaluation metrics.

mAP results on the SortWaste test set for COCO-pretrained state-of-the-art
models fine-tuned on SortWaste. The results are reported per plastic class
and overall, using standard COCO evaluation metrics. . . . . ... .......
mAP results on the SortWaste test set for COCO-pretrained state-of-the-art
models fine-tuned on SortWaste. The results are reported per class, as Ze-
roWaste, and overall, using standard COCO evaluation metrics. . .. ... ..
mAP results on the ZeroWaste-f [7] test set for COCO-pretrained state-of-the-
art models fine-tuned on ZeroWaste-f. The results are reported per class and
overall, using standard COCO evaluation metrics. . ... ... .........
mAP results for cross-dataset evaluation. The models were trained on the
SortWaste dataset and tested on the ZeroWaste-f [7] dataset. Results are re-
ported perclassandoverall. . ... ...... .. ... ....... .. ...,
mAP results for cross-dataset evaluation. The models were trained on the
ZeroWaste-f [7] dataset and tested on the SortWaste dataset. Results are re-
ported perclassandoverall. . ... .................. .. ...,

Xix

31



Vision-Based Waste Detection for Industrial Sorting Lines

XX



Vision-Based Waste Detection for Industrial Sorting Lines

Acronyms

AP Average Precision

AUVs Autonomous Underwater Vehicles

Cv Computer Vision

CNN  Convolutional Neural Network
CBAM Convolutional Block Attention Module
CVAT Computer Vision Annotation Tool
CotNet Contextual Transformer Networks
C2PSA Cross Stage Partial with Spatial Attention
DL Deep Learning

DETR DEtection TRansformer

ECAL Liquid Food Carton Packaging

FFN  Feed-Forward Network

FPN  Feature Pyramid Networks

GINI Garbage in Photos

HDPE High-Density Polyethylene

IoU Intersection-over-Union

J-EDI JAMSTEC E-Library of Deep-sea Images
LWW Labeled Waste in the Wild

mAP mean Average Precision

MBT  Mechanical-Biological Treatment
MSW  Municipal Solid Waste

MRFs Material Recovery Facilities

NMS Non-maximum Suppression

PR Precision-Recall

PET  Polyethylene Terephthalate

PANet Path Aggregation Network

xxi



Vision-Based Waste Detection for Industrial Sorting Lines

RPN  Region Proposal Network

Rol Region of Interesting

R-CNN Regions with Convolutional Neural Networks
SPP Spatial Pyramid Pooling

SSD  Single Shot Multibox Detector

SPPF Spatial Pyramid Pooling-Fast

TACO Trash Annotations in Context

TRWD Taiwan Recycled Waste Dataset

YOLO You Only Look Once

xxii



Vision-Based Waste Detection for Industrial Sorting Lines

Chapter 1

Introduction

1.1 Context and Motivation

The exponential global population increase and industrial development have boosted waste
production, making it one of our most pressing environmental challenges. The inadequate
management of generated waste negatively impacts human health, animals, water resources,
and the environment [8]. As a result, finding innovative and more effective ways to manage
and reduce waste is crucial for building a more sustainable future.

One of the most significant challenges in this area is managing solid waste. According to a
2018 report by the World Bank [9], global waste production was estimated at 2.01 billion tons
per year and is expected to increase to 3.40 billion tons by 2050 if current trends continue.

In Portugal, waste is sorted using two central systems. The first is a single-stream sys-
tem, also known as Mechanical-Biological Treatment (MBT), which handles Municipal Solid
Waste (MSW) from unsorted bins (typically grey or green). The second is a multi-stream
system used for selectively collecting materials, such as plastics and metals. One issue with
the single-stream MBT system is that it often contains valuable recyclable materials—things
that could have been properly sorted but were thrown in the wrong bin. As [10] points out,
in urban areas, MBT systems can sometimes recover recyclables at rates similar to those of
selective collection systems, showing that improving MBT sorting could make a significant
difference.

Deep Learning (DL) and Computer Vision (CV) advancements have emerged as opportuni-
ties to address the challenges of recycling and identifying valuable waste. These technolo-
gies have the potential to enhance efficiency, reduce the need for direct human intervention,
and minimize health risks to workers involved in waste management. However, automating
waste sorting presents intrinsic difficulties, such as variability in the types, sizes, and con-
ditions of objects, which may be broken, deformed, or overlapped, as well as the absence
of public datasets specific to this task. Considering this, creating a specialized dataset for
training these models is essential.

This thesis aims to develop a new vision-based system for detecting valuable recyclable ma-
terials, specifically plastics, in MSW sorting lines. A key part of this work involves building a
custom dataset designed explicitly for this purpose, as existing public datasets do not accu-
rately reflect the real conditions found in MBT facilities.

This project was developed in collaboration with Evox Technologies, a company focused on
innovation in waste management and recycling.



Vision-Based Waste Detection for Industrial Sorting Lines

1.2 Objectives and Contributions

The primary objective of this dissertation is to develop a vision-based system for detecting
valuable materials, specifically plastics, on sorting lines, with a focus on applications in MBT
facilities. By doing this, the aim is to enhance recycling processes in industrial environments,
minimize human intervention, and improve worker safety by mitigating exposure to poten-
tially hazardous conditions.

One of the biggest challenges of this work is the lack of existing datasets that reflect real-
world conditions in MSW sorting lines. Therefore, a key contribution of this project involves
creating a new dataset collected from industrial environments. This dataset will be annotated
and will be used to train and test state-of-the-art models, helping to identify limitations and
leading to more accurate solutions for valuable waste.

In addition, this study intends to support improved waste management by highlighting how
technology can address some of today’s critical environmental challenges. The proposed so-
lutions are designed to make recycling processes more efficient and sustainable while also
improving worker safety by automating tasks that are typically performed manually and of-
ten involve hazardous working conditions.

1.3 Tasks and Timeline

The tasks delineated in the work plan have been designed to achieve the objectives of this
dissertation and are illustrated in the Gantt Chart in 1.1.

| 2024 | 2025 |

’ Sep | Oct | Nov | Dec | Jan | Feb | Mar | Apr | May | Jun ‘

Task 1 |

Task 2
Task 3
Task 4
Task 5
Task 6

Figure 1.1: Gantt chart illustrating the development timeline and duration of the proposed tasks.

1.3.1 Task 1 - Review of the literature

The project’s first task is a comprehensive literature review and analysis of related works.
This initial phase is dedicated to the study of waste detection. Different models were ex-
plored, including one-phase, two-phase, and transformer-based approaches. Next, models
developed specifically for waste detection are explored to contribute to more efficient solid

2
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waste management. In addition, public datasets in this field are analyzed to identify those
that could be useful for developing this project.

1.3.2 Task 2 - Evaluation of the state-of-the-art models in ZeroWaste
dataset

After analyzing state-of-the-art models and datasets, the models are evaluated on a unique
dataset designed explicitly for detecting waste in industrial conditions. This phase involved
adapting the model implementations to align with the task requirements. Performance met-
rics are established to evaluate the models, and the tested methods are compared to identify
the best performance and the limitations of the dataset.

1.3.3 Task 4 - Collection and annotation of a new dataset

Posterior to the first experiments and the evaluation of state-of-the-art models on the current
dataset, it was concluded that it is essential to develop a new dataset to train models that
can perform the task satisfactorily. Thus, collecting and annotating a new dataset becomes a
crucial step. With the new dataset, it is possible to train and evaluate models more effectively,
ensuring that the conclusions obtained are valid and applicable to real-world scenarios.

1.3.4 Task 5 - Training and evaluation state-of-the-art models in new
dataset

This task involves training and evaluating state-of-the-art models on the newly developed
dataset to assess their performance in detecting plastics in MSW sorting lines. By apply-
ing these models to the updated dataset, it is possible to obtain more realistic insights into
their capabilities, supporting the development of more effective solutions for waste sorting
scenarios at MBT facilities.

1.3.5 Task 3 and Task 6 - Writing of the master’s dissertation

Finally, the writing of the master’s dissertation is conducted in two distinct stages. Task
6 represents the final phase of the research project, during which the research objectives,
methodologies adopted, and results obtained will be synthesized into a dissertation.

1.4 Document Organization
The present document is structured into five chapters:

« Chapter 1 - Introduction - provides the context and motivation for undertaking this
work, outlining the main objectives and potential contributions;

 Chapter 2 - Related Work - offers a comprehensive review of state-of-the-art object
detection models. This chapter is divided into three subsections: two-stage models,
one-stage models, and transformer-based models. Furthermore, the chapter explores

3
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the state-of-the-art, specifically in the task of waste detection, and describes the avail-
able datasets used in the field;

Chapter 3 - SortWaste Dataset - describes the dataset built and used in this project,
including the collection and annotation process. In addition, some statistics from the
dataset are presented;

Chapter 4 - Experiments and Results - reports the experiments and results ob-
tained, emphasizing the implementation, testing, and analysis of the results. It aims to
provide a practical perspective on the development of the work;

Chapter 5 - Conclusion - summarizes the work carried out, highlighting the main con-
clusions. It also presents the limitations identified and the possible impacts resulting
from this work.
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Chapter 2

Related Work

2.1 Introduction

This chapter provides a comprehensive overview of methods and techniques used in object
and waste detection. Section 2.2 begins with an analysis of the main architectures used for
object detection, which is divided into three sections. Section 2.3 presents the approaches
and models developed for waste detection, focusing on the challenges of this task. Finally, in
section 2.4, some datasets developed for waste detection will be presented.

2.2 Object Detection Models

Object detection is the process of identifying and locating objects of interest within an image
or video. This task involves determining these objects’ position and boundaries and classify-
ing them into distinct categories. The most advanced methodologies in this domain can be
divided into two primary types: one-stage and two-stage detectors.

2.2.1 Two-Stage Object Detection Models

Two-stage models take a more refined approach to object detection by dividing the process
into two steps. In the first stage, they generate region proposals that may contain objects,
and in the second stage, each proposed region is classified, and its boundaries are adjusted
for greater precision. This two-step approach results in better performance, particularly in
complex or crowded scenes, but tends to demand more computing power and time. As a
result, two-stage models are better suited for tasks where getting the most precise results is
more important than speed.

2.2.1.1 Faster R-CNN

The R-CNN [11] family revolutionized object detection by improving speed, accuracy, and ef-
ficiency. Regions with Convolutional Neural Networks (R-CNN) [11] used selective search for
region proposals and deep networks for classification, achieving significant accuracy gains
over traditional methods. However, its dependence on precomputed proposals and individ-
ual forward passes for each region made it computationally expensive and unsuitable for
real-time use.

Fast R-CNN [12] optimized R-CNN [11] by computing feature maps once per image and using
Region of Interesting (Rol) pooling for proposals, reducing computation time and enabling

5



Vision-Based Waste Detection for Industrial Sorting Lines

end-to-end training. However, reliance on external region proposal methods like Selective
Search remained a bottleneck.

Faster-RCNN [1], proposed by Ren et al., addressed this bottleneck by introducing the Region
Proposal Network (RPN), a fully convolutional network that generates region proposals di-
rectly. The RPN integrates seamlessly with the detection network by sharing full-image con-
volutional features, enabling efficient, nearly cost-free region proposals. This fully convo-
lutional network utilizes anchor boxes, pre-defined bounding boxes of different sizes and
aspect ratios, to detect objects at various scales and shapes and predicts object boundaries
and objectness scores at each location. These anchor boxes act as references for generating
region proposals, enabling the RPN to handle objects of varying dimensions effectively.
Trained end-to-end, the RPN produces high-quality region proposals, which are subsequently
used by Fast R-CNN [12] for detection. By sharing convolutional features, the RPN and Fast
R-CNN [12] are unified into a single network, known as Faster R-CNN [1].

The architecture of Faster R-CNN [1], as illustrated in Figure 2.1, consists of multiple stages.
The initial stage incorporates convolutional layers to extract feature maps, which capture
critical spatial and semantic information from the input image. Afterward, the RPN is an at-
tention mechanism that generates regional proposals. These proposals represent potential
bounding boxes within which objects may be situated. The region proposals are subsequently
aligned and pooled through Rol pooling, resulting in fixed-size feature representations. Ul-
timately, these pooled features are forwarded through a classifier, which predicts the object
classes and refines the coordinates of the bounding boxes.

classifier

propaosa Iw_f ;
Region Proposal Network
fearure maps

conv layers I

—— =

Figure 2.1: Faster-RCNN architecture for object detection [1].

Therefore, the Faster R-CNN [1] enhances both speed and efficiency while sustaining ele-
vated detection accuracy. The incorporation of this layer, along with the addition of anchor
boxes, improves the capability to identify objects of various sizes and shapes. As a result, it
emerges as a versatile and robust model for object detection, proficient in adapting to many
additional scenarios.
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2.2.1.2 Mask R-CNN

Introduced by He et al., Mask R-CNN [2] is a groundbreaking framework designed to tackle
the challenges of instance segmentation by seamlessly integrating object detection and se-
mantic segmentation.

Mask R-CNN [2] follows a two-stage architecture similar to Faster R-CNN [1]. In the second
stage, Mask R-CNN[2] introduces a dedicated branch for mask prediction. As shown in Fig-
ure 2.2, this architecture incorporates three parallel heads that simultaneously predict the
object class, refine the bounding box coordinates, and generate a binary mask for each Rol.

Faster R-CNN

/ w/ ResNet [19]
7x7 7><7 aV‘-‘ class
Rol >1024 resh ><2048 2048 box

/

p

Figure 2.2: Mask R-CNN [2] architecture with three parallel heads: one for classification, one for bounding box
regression, and one for mask prediction.

During the train, a multi-task loss function is employed for each Rol, L = L5+ Lyoz + Linask-
L.;s represents the classification loss, which ensures accurate object class prediction. Ly,
corresponds to the bounding box regression loss, optimizing the localization of the object
within the image. L, is the mask loss, which is a pixel-wise binary cross-entropy loss that
guides the precise segmentation of the object. This multi-task loss function jointly optimizes
three objectives: object classification, bounding box regression, and mask generation.

One key feature of this model, unlike its predecessor, Faster R-CNN [1], is the introduction of
RoIAlign to replace the RoIPooL. RoIPool often suffers from quantization errors because it
discretizes the coordinates of the proposed Rols into fixed grid cells, leading to misalignment
between the features extracted and the original image. This new layer, RoIAlign, resolves this
issue by avoiding frequent quantization errors when aligning region-of-interest features. It
ensures a more accurate match between the input image and the network’s output, leading
to better segmentation results.

The flexible framework supports various backbone architectures for feature extraction, in-
cluding ResNet [13] and Feature Pyramid Networks (FPN). This adaptability allows Mask
R-CNN[2] to achieve state-of-the-art results across diverse tasks. Notably, it has set bench-
marks in the COCO challenges, for instance segmentation, object detection, and keypoint
detection.

Mask R-CNN[2] is a significant step forward in object detection and instance segmentation.
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It enhances Faster R-CNN[1] by adding the ability to precisely segment objects, offering bet-
ter feature alignment, and using a multitask learning approach.

2.2.1.3 Trident Network (TridentNet)

In 2019, the Trident Network (TridentNet) [3], introduced by Li et al., made a breakthrough
in tackling the issue of scale variation in object detection. This challenge had previously lim-
ited the effectiveness of many models, including popular two-stage detectors like Faster R-
CNN [1] and Mask R-CNN [2]. Although these models demonstrated notable success, they
encountered challenges with objects of various sizes. To address this, they frequently de-
pended on methods such as feature or image pyramids, which raised computational expenses
and caused inconsistencies in feature representation across different scales.

TridentNet [3] enhances the capabilities of these two-stage models by implementing a par-
allel multi-branch architecture that can adapt to objects of varying scales without the re-
quirement for external images or feature pyramids. This model incorporates trident blocks
comprising multiple parallel branches that employ dilated convolutions with different rates
across the branches. This design enables each branch to focus on a unique receptive field
using the same transformation parameters. Thus, this consistency ensures that feature rep-
resentation remains uniform across different scales. This approach helps overcome a limi-
tation of feature pyramids in models like Faster R-CNN[1].

Figure 2.3: Proposed TridentNet architecture [3].

This architecture uses a scale-aware training method, offering a novel way to increase each
branch’s scale awareness and prevent the training of objects of extreme scales on mismatched
branches. For each branch, 7 is defined a valid range [/;, u;], where only object proposals
that satisfy /; < vwh < u; (with w and h representing the object’s width and height) are
selected during training. This ensures that each branch focuses on objects of appropriate
scales, improving alignment between object size and the network’s receptive field.

Rather than treating all objects the same size, the model uses different branches, as illus-
trated in Figure 2.3, to detect objects of specific sizes, which helps ensure the model can
better match the objects with the areas it looks at, improving accuracy. Additionally, Trident-
Net [3] makes the model more efficient by sharing the same convolutional weights across all
branches but with different dilation rates, reducing the number of parameters, which helps
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prevent overfitting and allows the model to work well with objects of different sizes.

During inference, TridentNet[3] integrates results from all branches using Non-maximum
Suppression (NMS) to generate final detections. This approach provides a notable advan-
tage over previous models [2][1], which often require multi-scale testing or complex feature
integration to achieve improved accuracy. Furthermore, TridentNet [3] ensures computa-
tional efficiency during evaluation, making it a convincing successor to traditional two-stage
models for object detection tasks.

2.2.2 One-Stage Object Detection Models

One-stage models are an evolution of two-stage models designed to simplify the object detec-
tion process by locating and classifying objects in a single step over the image. These models
allow faster processing, which makes them suitable for real-time, where quick detection is
critical. Typically, the models are optimized speed, sometimes exhibiting a trade-off in ac-
curacy, particularly in overlapping objects. Nonetheless, one-stage models offer an efficient
solution for scenarios where rapid and reasonably accurate detection is essential.

2.2.2.1 Focal Loss for Dense Object Detection

Lin et al. introduce Focal Loss[4], a novel loss function designed to address the extreme
foreground-background class imbalance that hampers the performance of one-stage object
detectors. Unlike traditional two-stage models, which rely on a proposal-driven approach
to select candidate locations for classification, one-stage detectors evaluate dense grids of
potential object locations. This results in many easy negatives dominating the loss during
training, leading to inefficient learning and suboptimal accuracy.

Focal Loss [4] modifies the standard cross-entropy loss by introducing a scaling factor that
down-weights well-classified examples, thereby emphasizing harder, misclassified exam-
ples. The loss function is defined as:

FL(pt) = —(1 —pi)log(p),

where p; represents the predicted probability for the correct class (p; = pif y = 1, and p; = 1-
pif y = 0) and ~ is a tunable focusing parameter that adjusts the rate at which well-classified
examples are down-weighted.

The factor (1—p;)” is the key component differentiating this loss from standard cross-entropy
loss. It down-weights the loss contribution of well-classified examples (where p;, is close to 1),
making the loss function focus more on harder, misclassified examples (where p; is small).
This effectively mitigates the impact of class imbalance without relying on heuristic sampling
methods, such as hard example mining, which can be computationally expensive and prone
to overfitting. The ~ controls how much the easy examples are down-weighted; higher values
of v emphasize hard examples, whereas lower values result in behavior closer to standard
cross-entropy loss.

The efficacy of Focal Loss[4] was demonstrated with RetinaNet, a simple one-stage detector.
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Figure 2.4: RetinaNet architecture [4].

RetinaNet, illustrated in Figure 2.4, is composed of a backbone and two task-specific sub-
networks. The architecture employs a FPN backbone built on top of a feedforward ResNet
[13] architecture to generate a convolutional feature pyramid. To this backbone, RetinaNet
attaches two subnetworks: one for classifying anchor boxes and another for regressing from
anchor boxes to ground-truth objects.

When combined with Focal Loss[4], RetinaNet achieved state-of-the-art accuracy on the
COCO benchmark, surpassing two-stage detectors while maintaining competitive inference
speeds. So, this loss makes it easier to deal with class imbalance. While two-stage models
usually tackle this problem with a complex series of region proposals and biased sampling in
the second stage, Focal Loss [4] simplifies things by being built into the one-stage training
process, making the model more straightforward.

2.2.2.2 YOLO: You Only Look Once

Since its launch, the You Only Look Once (YOLO) family of object detection models has
evolved steadily. With each new version, improvements make the models faster, more ac-
curate, and more adaptable. YOLO simplified object detection into a single-step process,
paving the way for real-time detection.

Starting with the foundational YOLOv1 [14], which is the first in the YOLO family, sub-
sequent versions have progressively introduced architectural and methodological advance-
ments. These include multi-scale detection, novel activation functions, anchor-free detection
mechanisms, and reparameterization techniques, as YOLOv3 [15] at YOLOv1o0 [16].

—— Object Detection
SPPF iRt

Instance 5egmentation

C2PSA ——= Image Classification

Pose Estimation

C3K2 ] YOLOv11 — Oriented Object Detection

~——— Object Tracking

Figure 2.5: Architectural modules in YOLOv11 [5].

The latest iteration, YOLOv11 [5], introduced in 2024, represents a major advancement in
object detection. While maintaining the core structure of the backbone, neck, and head,
YOLOv11 [5] introduces key innovations, as shown in Figure 2.5, the C3k2 block for efficient
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feature extraction, the Spatial Pyramid Pooling-Fast (SPPF) block, and Cross Stage Partial
with Spatial Attention (C2PSA) mechanism. These enhancements make the model more effi-
cient and accurate in object detection. YOLOv11 [5] has been improved to do more than just
object detection; it can also handle tasks like instance segmentation, pose estimation, and
recognizing objects from different angles. This versatility makes YOLOv11[5] an extremely
adaptable solution for various applications.

The YOLO series has consistently progressed, leaving a significant mark on computer vision.
Each iteration extends the boundaries of real-time object detection, with YOLOv11 [5] pro-
pelling this progression. It merges exceptional accuracy, speed, and adaptability, solidifying
its status as a foundational element for intricate visual recognition challenges.

2.2.3 Transformer-Based Models

Transformer-based models have brought a paradigm shift in the field of object detection. Un-
like traditional Convolutional Neural Network (CNN)-based architectures, which rely on re-
gion proposals and post-processing steps such as non-maximum suppression, transformer-
based approaches leverage the self-attention mechanism to capture global dependencies across
the entire image.

2.2.3.1 DETR: End-to-End Object Detection with Transformers

In "End-to-End Object Detection with Transformers” [6], Carion et al. present DEtection
TRansformer (DETR), a groundbreaking approach to object detection that redefines the task
as a direct set prediction problem. Traditional object detection methods rely on intermediate
steps such as anchor generation, region proposal refinement, and non-maximum suppres-
sion to identify bounding boxes and classify objects. These steps embed task-specific heuris-
tics and require meticulous tuning, resulting in complex and less generalizable pipelines.
DETR [6] departs from this paradigm by introducing a streamlined, end-to-end architecture
that eliminates hand-crafted components.
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Figure 2.6: DETR architecture [6].

The DETR[6] architecture, depicted in Figure 2.6, combines a CNN backbone, a transformer
encoder-decoder, and Feed-Forward Networks (FFNs) to predict object classes and bound-
ing boxes directly. The backbone is a convolutional neural network that extracts feature maps
from the input image. These feature maps are combined with positional encodings to retain
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spatial information. The transformer encoder uses self-attention to model global dependen-
cies in the feature maps, creating a representation that captures both local and global context.
The transformer decoder employs a fixed set of learnable object queries to interact with the
encoder output via cross-attention, focusing on regions of interest for object detection. The
prediction FFNs generate the final outputs for each object query: the class branch predicts
the object class or "no object”, while the box branch predicts the bounding box coordinates.
One of DETR’s key innovations is its bipartite matching loss, which ensures a one-to-one
correspondence between predicted objects and ground truth annotations. This is achieved
using the Hungarian algorithm, which computes the optimal assignment by considering both
class probabilities and bounding box similarity. By enforcing permutation invariance in pre-
dictions, DETR [6] eliminates the need for post-processing techniques like NMS.

DETR [6] achieves results comparable to Faster R-CNN [1]. Thanks to its ability to capture
global context using self-attention, this model excels at detecting large objects but strug-
gles with smaller ones. Nevertheless, with the complex transformer-based components, the
model demands more training time and greater computational power. Despite these, DETR
[6] marks a significant advancement in object detection.

2.3 Waste Detection and Management

Waste detection and management have become critical areas of research, driven by the need
to address growing environmental concerns and optimize resource recovery. Recent ad-
vancements have focused on innovative technologies facilitating efficient waste monitoring
and sorting.

2.3.1 Urban Waste Detection

In [17], the paper discusses a novel real-time object detection system designed to identify
and report abandoned waste in urban and suburban areas. The system employs the YOLOv3
architecture and a custom dataset created using the Google Images Download tool. The re-
sults indicate that the proposed approach performs well in real-time waste detection. The
model can also recognize garbage bins and verify whether the areas they are located in need
cleaning. Similarly, in India, [18] demonstrates the capability to perform real-time detection
and classification of waste in public areas and unauthorized dumping sites by utilizing the
YOLOVS architecture, which is trained on the TrashNet dataset. The system enables rapid
alerts to be sent to local authorities, thereby facilitating timely intervention and effective
waste management. These works could contribute to more efficient waste management in
smart cities.

The Faster R-CNN framework, enhanced with ResNet for automatic garbage detection in
urban environments, was proposed in [19]. This model was trained on a dataset compris-
ing urban images containing garbage. The study introduced a data fusion and augmenta-
tion strategy to achieve high detection accuracy, which involved combining images of urban
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scenes with and without garbage. The results showed that this method possesses strong gen-
eralization and detection capabilities, making it suitable for intelligent urban management
applications.

The study [20] demonstrated an enhanced YOLOv4 model for real-time trash segregation in
urban environments. The model incorporates a refined network structure with Spatial Pyra-
mid Pooling (SPP) and a Path Aggregation Network (PANet) to improve feature extraction
and object detection. The results show that this improved model outperforms the baseline
and can generalize to different types of waste. This system, similar to the approach proposed
in [21], where a robot detects trash with high accuracy, highlights the potential of AI-powered
solutions to enhance waste management efficiency.

2.3.2 Water Waste Detection

There are systems specifically designed to address the challenges of waste detection in un-
derwater environments. These systems are equipped to identify and classify various types of
trash submerged in aquatic settings, ranging from plastics and metals to organic waste.

In [22], the use of deep learning to develop a model for real-time underwater trash detection
is explored to assist Autonomous Underwater Vehicles (AUVs) in this task. This research
employs four state-of-the-art object detection algorithms: YOLOv2, Tiny-YOLO, Faster R-
CNN, and SSD, which are trained on the JAMSTEC E-Library of Deep-sea Images (J-EDI)
dataset [23]. The study demonstrates that deep learning-based detection models can accu-
rately identify marine litter in controlled environments. Detection accuracy varies depend-
ing on the type of litter and environmental conditions, with plastics being the material most
successfully identified. This paper highlights the potential of combining robotics with deep
learning to address the growing issue of marine litter.

The study [24] focuses on detecting visible trash on urban water surfaces, addressing envi-
ronmental issues such as contamination and blockages in water channels. The authors pro-
pose an attention-based neural network, incorporating a novel attention layer to enhance
the detection of small objects commonly found in such settings. A dataset with object-level
annotations of trash in water channels is introduced, one of the first datasets tailored for this
application. The proposed model outperforms state-of-the-art object detectors, particularly
in identifying smaller objects.

In [25], the authors address the pressing issue of water pollution by developing a deep learning-
based model, AquaVision, to detect and classify pollutants in oceans and seashores. They in-
troduce a dataset named AquaTrash, derived from the Trash Annotations in Context (TACO)
[26] dataset, containing images of various waste items in aquatic environments. AquaVision
employs a RetinaNet architecture with a ResNet-50 backbone and FPN to achieve a mAP of
0.8148 in identifying waste objects. This approach facilitates the localization of waste, aid-
ing in the cleanup of water bodies and contributing to the maintenance of aquatic ecosystems.
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2.3.3 Domestic Waste Detection

Based on YOLOvV3, [27] presents a real-time model for detecting domestic waste using a
region-specific dataset called the Taiwan Recycled Waste Dataset (TRWD). Unlike the com-
monly used TrashNet[28] dataset, which contains single waste objects, TRWD includes im-
ages with multiple objects and is tailored to Taiwan’s unique waste characteristics. The study
highlights the importance of region-specific datasets for optimizing object detection models
in waste management.

An enhanced version of YOLOv3, integrating dense convolutional blocks and skip connec-
tions for superior domestic garbage detection in diverse and complex environments, named
Skip-YOLO, is proposed in [29]. The model improves feature extraction by combining shal-
low and deep semantic information, addressing challenges such as recognizing objects with
similar characteristics and detecting multiple waste types in cluttered scenes. This model
achieves better performance than the baseline YOLOv3.

To address the challenges of kitchen waste detection in industrial environments, [30] pro-
poses AL-DETR. This novel object detection model combines active learning with transformer-
based detection (DETR). The model selectively annotates the most informative samples from
unlabeled data, reducing labeling costs while maintaining high accuracy. Trained on a cus-
tom dataset, AL-DETR outperformed state-of-the-art models, particularly in detecting large
objects. A robotic sorting system was also implemented, achieving successful results in real-
world tests. This approach demonstrates strong potential for scalable and cost-effective
waste management automation.

2.3.4 Waste Detection

The study [31] addresses the lack of large datasets by augmenting a custom dataset with
TrashNet [28] images and generating synthetic waste piles for training. The model used,
Faster R-CNN, automates waste categorization into three categories: landfill, recycling, and
paper. The model achieved a mAP of 0.683, demonstrating its effectiveness in detecting and
classifying waste.

In research [32], an enhanced Single Shot Multibox Detector (SSD) called L-SSD has been
proposed to improve garbage detection efficiency. Key innovations include a lightweight fea-
ture fusion module that combines features from different layers into a more refined feature
map, improving the detection of various sizes of objects. This approach was evaluated on a
custom dataset designed for garbage detection and provides an effective solution for intel-
ligent waste classification in real-world applications, reducing manual sorting burdens and
improving waste management systems.

A novel deep learning model designed for real-time trash detection and classification is pro-
posed in [33]. Built on YOLOv4, YOLO-Green introduces architectural optimizations, in-
cluding a fire module and upsampling/downsampling techniques, to enhance accuracy and
efficiency while reducing model complexity. This model was trained on the TrashX and
TrashNet datasets with seven waste categories, outperforming YOLOv3, YOLOv4, and other
popular models.
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In [34], the authors propose a hierarchical deep-learning approach for waste detection and
classification in food trays. The model combines Faster R-CNN[1] for bounding box gener-
ation with a second-stage CNN to classify waste into material-based and shape-based cate-
gories. This study uses a custom dataset, Labeled Waste in the Wild (LWW), which contains
1,000 images of waste in food trays under real-world conditions.

More recently, in 2024, two significant improvements to YOLO for waste detection have been
proposed. The first, DSYOLO-Trash [35], is built upon YOLOv5 and incorporates dual atten-
tion mechanisms— Convolutional Block Attention Module (CBAM) and Contextual Trans-
former Networks (CotNet) —to enhance the extraction of channel and spatial attention fea-
tures. These mechanisms improve the model’s ability to detect small, partially obscured, and
overlapping waste objects in complex environments, effectively addressing key challenges in
waste detection. The paper also introduces a custom dataset comprising 2,332 multi-label
images of mixed waste; however, this dataset is unavailable.

The second, MRS-YOLO [36], utilizes YOLOVS to detect small and complex waste objects,
similar to before. The model introduces several innovative techniques, including the Slide-
Loss_IOU to prioritize small object detection, a channel pooling with dynamic convolution
module for improved feature extraction, and a RepViT Transformer mechanism for more ef-
ficient feature utilization. Both studies represent important advancements in state-of-the-art
automated waste detection and classification.

The study [37] focuses on identifying contamination in real-world waste collection environ-
ments with cluttered scenes, such as inside garbage trucks. A custom dataset was developed
using video footage collected across commercial and residential areas in the US and EU. Sev-
eral state-of-the-art models were trained, with YOLOv8-x utilizing transfer learning, which
achieved the best performance. The system demonstrates strong potential for automating
contamination detection in complex settings, helping to improve recycling rates and opera-
tional efficiency.

These studies contribute to increasing recycling efficiency, reducing manual labor and sup-
porting global sustainability objectives and demonstrate that waste detection is a topical area
of research.

2.4 Datasets for Waste Detection

Detecting waste objects has become a relevant research topic, especially in response to ris-
ing pollution levels and growing global concern. This topic interests researchers who are
looking for technological solutions to mitigate the impacts of waste on the environment. In
this context, datasets have been developed to support the development of systems capable of
identifying waste based on images.

These datasets usually contain images representing different types of waste, allowing deep
learning models to be trained for waste detection tasks. However, there are significant chal-
lenges associated with using these datasets. One of them is the influence of the background of
the images: unstable backgrounds, which include complex scenes with other objects, make
it challenging to identify waste accurately. On the other hand, datasets that use uniform
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backgrounds, such as a white background, do not reflect real-world conditions, limiting the
models’ performance when applied to real situations.

Therefore, to detect residues effectively in varied environments, the quality and represen-
tativeness of the datasets used must be considered. Below are some of the main datasets
available.

2.4.1 Trash Datasets

TrashNet [28] is a dataset widely used in waste detection. It consists of 2,400 images divided
into six categories: metal, paper, plastic, glass, organic waste, and other waste. The images
were captured against a white background in different lighting conditions. Despite offering
some standardization for the models, this dataset lacks diversity in terms of scenarios since
all the photographs were taken in controlled environments.

Garbage in Photos (GINT) [38] is a dataset that contains images of a single class, representing
garbage in general. It was created using a Bing image search API and totals around 1,400
images. WADE-AI[39], similar to GINI, includes images collected from Google Street View,
offering a diverse set but limited to a single generic waste classification.

Another relevant dataset is TACO [26], designed specifically for waste detection and segmen-
tation tasks. It comprises 1,500 images captured by mobile devices and distributed across
28 categories. TACO presents a variety of contexts and scenarios, such as streets, beaches,
parks, and other outdoor environments.

Waste Pictures [40] is a dataset built through Google searches. It contains around 24,000
images and is organized into 34 classes, representing a variety of waste types.
OpenlLitterMap [41] is one of the largest datasets available, with over 100k images captured
by mobile device cameras. Users from all over the world submitted the images, providing a
huge diversity of scenery and photography styles.

There are also specific datasets. The WaDaBa Dataset [42] is a specialized dataset that fo-
cuses exclusively on plastic waste collected in domestic environments. It contains photographs
of 100 different plastic objects, each photographed 40 times in different conditions and types
of lighting. This dataset is particularly useful for research exploring the identification of plas-
tic waste in controlled environments.

Figure 2.7 provides examples of images from several of the datasets discussed.

2.4.1.1 ZeroWaste Dataset

Previously available datasets were limited and did not accurately reflect reality, which made
it challenging to develop effective solutions for industrial environments.

ZeroWaste [7] is a dataset created to address the lack of quality datasets in real environments,
aiming to train and evaluate classification and segmentation algorithms to classify industrial
waste.

Therefore, this dataset is developed to facilitate the study of waste detection and segmenta-
tion in industry, including cluttered scenarios and deformable and translucent objects, as il-
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Figure 2.7: Examples of dataset images, grouped by columns. Each column contains three images from the
same dataset, illustrating variations within each category.

lustrated in Figure 2.8. This comprehensive dataset can be used for various types of learning.
It is divided into three distinct parts: ZeroWaste-f for fully supervised detection, ZeroWaste-
s for semi-supervised learning, and ZeroWaste-w, which includes images before and after
object removal for weakly supervised learning.

Detecting deformable, translucent, and disordered objects in this dataset represents a unique
challenge in computer vision, highlighting the relevance of ZeroWaste [7] to advances in this
area.

Figure 2.8: Examples of images from ZeroWaste Dataset [7].

2.5 Summary

This chapter began with a comprehensive analysis of the methods used for object detection,
which can be divided into three main categories: two-stage, one-stage, and transformer-
based models. Next, a detailed review of the state-of-the-art in waste detection was pre-
sented, with the approach organized into four groups: systems developed for detecting waste
in urban areas, systems for detecting waste in aquatic environments, systems for detecting
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Dataset Images Classes Task Method Application
TACO [26] 1500 28 Segmentation Mask R-CNN Litter detection
TrashNet [28] 2400 6 Classification SVM Recycling waste
WaDaBa [42] 4000 6 Classification - Recycling waste
WADE - Al [39] 1396 1 DeteCtlon.+ Mask R-CNN Litter detection

Segmentation
LWW [34] 1002 19 Detection Faster R-CNN Recycling waste
OpenlLitterMap [41] 100.000+ 100+ Classification - Litter detection
. YOLOv2, Tiny YOLO, . .
J-EDI [23] 5720 3 Detection Faster R-CNN, SDD Marine debris
AquaTrash [25] 369 4 Detection Faster R-CNN, RetinaNet Marine debris
TRWD [27] 6233 6 Detection YOLOv3 Waste detection
Waste Pictures [40] 23633 34 Classification - Trash objects
GINI [38] 1400 1 Classification - Litter detection
Detection + RetinaNet, Mask R-CNN, . .

ZeroWaste - f[7] 4503 4 Segmentation TridentNet Industrial recycling waste
Proposed Dataset 5261 8 Detection Faster R-CNN, RetinaNet, Industrial recycling waste

TridentNet, YOLOv11

Table 2.1: Comparison of public waste datasets.

domestic waste, and, finally, systems that do not fit into any of the previous groups. Subse-
quently, some existing datasets on this subject were discussed.

Although several interesting waste detection approaches exist, none focus specifically on
waste detection in MBT environment. This project, therefore, aims to be part of a new group
of waste detection systems aimed at the industrial environment. The industry presents spe-
cific challenges, such as overlapping, damaged, or dented objects, which make the detection
task more complex. In addition, except for ZeroWaste [7], existing datasets for waste de-
tection are not developed for industry, as shown in Table 2.1. They are mainly composed of
images obtained from Google or captured by smartphones and do not accurately reflect the
real-world conditions in the industry. Many of these datasets contain images with only one
object on a white background, which limits the applicability of these models in real-world
scenarios.

Therefore, creating more representative datasets that capture the complexity and diversity of
conditions found in industrial environments is crucial for developing waste detection models
suitable for this context. This dissertation aims to fill this gap and contribute to the evolution
of waste detection systems adapted to the specificities of the industrial environment.
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Chapter 3

SortWaste Dataset

3.1 Introduction

This chapter introduces SortWaste, the dataset developed and utilized in this dissertation.
It describes the data collection process, the annotation methodology, and the preprocessing
steps applied to prepare the dataset for training and evaluation. It also provides statisti-
cal insights into the dataset and includes a comparative analysis with the state-of-the-art
ZeroWaste-f [7] dataset.

The creation of SortWaste was crucial to achieving the goals of this work, as no publicly avail-
able datasets adequately reflected the specific requirements and real-world conditions rele-
vant to the Portuguese context. So, SortWaste contributes a valuable resource to the research
community in the field of waste detection.

3.2 Data Collection

The data used in constructing this dataset were collected at an MBT facility in Portugal. This
facility receives MSW, the contents of common containers, typically green or grey. Although
it is intended for unsorted waste, recyclable materials are often present, as not everyone sep-
arates their waste properly at source.

The manual sorting on this line aims to identify and remove items that can still be recovered,
such as different types of plastics, before the remaining waste is sent to landfills. A nonintru-
sive approach was used to collect the data, ensuring that the normal operation of the sorting
line and the workers’ activities were not disrupted.

To collect the videos, a tripod with a smartphone (iPhone 14) was mounted on the side of
the sorting line to capture the conveyor belt from a top-down perspective, as illustrated in
Figure 3.1. The smartphone was positioned approximately 100 cm above the conveyor belt,
ensuring the framing of the area of interest. The existing lighting conditions in the facility
were stable and adequate, making the use of additional light sources unnecessary.

A total of 120 minutes of video footage was recorded, with a resolution of 1920x1080 pixels
at 60 frames per second. The recording took place at the beginning of the sorting line, be-
fore any direct human intervention with the waste. Nevertheless, it is essential to note that
various mechanical and automated processes occur between the arrival of the waste and the
point of manual sorting.

This methodology enabled the collection of data representative of the real waste sorting en-
vironment while ensuring the integrity of operations and compliance with safety and privacy
regulations on-site.
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Figure 3.1: Illustration of the data collection setup, showing the arrangement of waste on the conveyor belt, the
flow direction, the position of the workers, and the image capture system using a smartphone on a tripod.

3.3 Annotation and Preprocessing

Although a total of 120 minutes of video was collected, as previously mentioned, only 18
minutes were annotated for this project due to the time-consuming nature of the manual an-
notation process. To reduce redundancy and streamline this process, the original frame rate
of 60 frames per second was downsampled to 5 frames per second, significantly decreasing
the number of frames requiring annotation while preserving the variability and representa-
tiveness of the data.

The annotation of the selected frames was performed manually using the open-source tool
Computer Vision Annotation Tool (CVAT) [43], a widely used framework for labeling data in
computer vision tasks. All annotations were carried out solely by the author of this work over
approximately two months. On average, each frame required approximately six minutes to
annotate, depending on its complexity and the number of objects present. This careful anno-
tation process was crucial in ensuring the accuracy and quality of the labeled dataset, which
serves as a fundamental component for training and evaluating state-of-the-art models in
the context of plastic detection in MSW.

Eight types of materials were annotated, based on the categories of packaging waste defined
in Despacho No. 15370/2008 [44]:

« Polyethylene Terephthalate (PET): Rigid, transparent or green objects, usually
bottles, jars, and other containers previously used to package water, soft drinks, or
other beverages.

« High-Density Polyethylene (HDPE): Opaque, colored objects that are less flexible
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and denser, such as yogurt cups, bottles, and jars used for food products, hygiene items,
detergents, fabric softeners, or alcohol.

« Liquid Food Carton Packaging (ECAL): Multilayer packaging composed of at
least 75% cardboard, intended for containing liquid foods (e.g., milk, juice).

« PET Oil: PET containers specifically used for packaging edible oils. Although this
subcategory is not defined as an independent category in the Despacho, it can be con-
sidered a subdivision of PET due to its typical contamination.

« Mixed Soft Plastic: Flexible and compressible plastics, such as cookie wrappers,
potato chip bags, and plastic bags.

« Mixed Rigid Plastic: Rigid plastics that do not fall under the HDPE category, often
transparent, such as molded packaging, boxes, and other hard containers.

« Cardboard: Corrugated or flat cardboard packaging used for storing, transporting,
and distributing products.

» Metal: Metallic packaging made of steel or aluminum, such as beverage cans or food
tins.

Figure 3.2: Examples of images from the SortWaste dataset.

After the annotation process, a total of 5396 frames were labeled, containing dirty, deformed,
broken, and overlapping objects, as illustrated in Figure 3.2.

To create the training, validation, and test subsets while minimizing the risk of similar data
appearing across different partitions, the dataset was first grouped into scenes of 200 con-
secutive frames. For each scene, the first five frames were removed to reduce temporal re-
dundancy and ensure a more precise separation between adjacent scenes.

Following this preprocessing step, the scenes were grouped to approximate a 70%/15%/15%
split of the dataset into training, validation, and test sets, respectively. This distribution
was performed to maintain a similar class distribution across subsets. However, since the
number of objects per frame varies and not all classes appear uniformly, achieving exact
proportions per class was not feasible. Even so, the final splits closely approximate the target
percentages, ensuring similar proportions of the classes in the different sets.
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Split Images HDPE ECAL PET Mixed Soft Plastic Mixed Rigid Plastic Cardboard Metal PET Oil Objects
Train 3705 16803 13649 11976 9077 7066 1524 945 802 61842
Validation 780 4972 2552 2108 1443 1120 425 277 168 13065
Test 776 3269 3026 2722 1817 1230 207 215 132 12618
Total 5261 25044 19227 16806 12337 9416 2156 1437 1102 87252

Table 3.1: Summary of object counts within each dataset split: training, validation, and test.

Table 3.1 presents the number of images in the dataset after its division into training, valida-
tion, and test subsets. It also details the number of annotated objects per class within each
subset.

3.4 Statistics

This section presents statistical insights into the SortWaste dataset and provides a brief com-
parison with the only existing dataset for this purpose in the state-of-the-art.

3.4.1 SortWaste Dataset

3.4.1.1 All Classes

In Figure 3.3, the bar chart shows the total number of annotated bounding boxes for each
class present in the dataset. It can be observed that the HDPE class has approximately 25000
annotations, while the ECAL and PET classes each have over 15000 boxes. On the other
hand, the Cardboard, Metal, and PET Oil classes are less frequent, each with fewer than
5000 annotations.

Number of Bounding Boxes per Class

Number of Bounding Boxes

Figure 3.3: Statistics of the number of instances per class in the SortWaste dataset.

This disparity can be attributed to the operational context of the unsorted waste sorting line
where the data were collected. Metallic objects are removed mainly by a magnet during the
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process, reducing their occurrence in the videos. Similarly, Cardboard tends to disintegrate
due to the existing moisture. As for the PET Qil class, it is a subcategory of the PET class and,
therefore, naturally appears less frequently. This distribution suggests an imbalance among
the classes, reflecting the actual frequency of the objects in the collected data.

3.4.1.2 Plastics Classes

As previously mentioned, the SortWaste dataset comprises eight object classes. However, to
better align with the primary objective—detecting plastics in MSW sorting lines—the original
classes were regrouped into four plastic categories.

The HDPE and ECAL classes were maintained without modifications. The PET class was
expanded to include instances originally labeled as PET Oil, reflecting their similar material
properties. A new category, Mixed Plastic, was created by merging the Soft Plastic and Rigid
Plastic classes. On the other hand, the Metal and Cardboard classes were excluded from the
analysis, as they are not plastic.

Figure 3.4 shows the distribution of bounding boxes per category after this regrouping. The
HDPE class has the highest number of annotations, followed by Mixed Plastic, ECAL, and
PET, each exceeding 18000 annotated instances. This relatively balanced distribution con-
tributes to a representative training process for object detection models.

Number of Bounding Boxes per Class
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Figure 3.4: Statistics on the number of instances per plastic class in the SortWaste dataset.

3.4.1.3 ZeroWaste Classes-Matching

To enable comparative experiments with the state-of-the-art reference dataset, it was nec-
essary to group the eight original SortWaste classes, allowing for a direct comparison be-
tween the two datasets. In this mapping, the Metal class was retained, as it is present in
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both datasets. The Cardboard class was merged with ECAL, as the packaging in the latter is
primarily composed of cardboard. The Mixed Soft Plastic class was renamed to Soft Plastic,
retaining the same elements. The HDPE, PET, PET Oil, and Mixed Rigid Plastic classes were
grouped under the new label Rigid Plastic. As shown in Figure 3.5, there is a predominance
of the Rigid Plastic class, which is expected, since it was previously identified that the HDPE
class (now included in this grouping) is one of the most frequent in the dataset.

Number of Bounding Boxes per Class
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Figure 3.5: Statistics on the number of instances per class after class remapping, as in ZeroWaste.

3.4.2 ZeroWaste-f Dataset

This section presents statistics from the state-of-the-art reference dataset to establish a com-
parison with the dataset developed in this dissertation. It is observed, in Figure 3.6, that the
predominant class in this dataset is Cardboard, which can be explained by the fact that it was
constructed from a sorting line where that material was dominant. Conversely, the Metal
class is the least represented — a pattern also observed in the SortWaste dataset.

Table 3.2 presents the number of images in the dataset after it has been divided into training,
validation, and test subsets. It also details the number of annotated objects per class within
each subset.

Split Images Cardboard Soft Plastic Rigid Plastic Metal Objects
Train 3002 12940 4862 1160 263 19225
Validation 572 2167 855 305 60 3387
Test 929 3428 1236 315 63 5042
Total 4503 18535 6953 1780 386 27744

Table 3.2: Summary of object counts within each dataset partition: training, validation, and test in ZeroWaste-f

[7].
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Figure 3.6: Statistics on the number of instances per class in ZeroWaste-f [7].

3.4.3 Comparison between SortWaste and ZeroWaste-f
To enable a comparison between the two datasets, Figure 3.7 and Table 3.3 are presented.

Object Distribution Comparison: SortWaste Dataset vs ZeroWaste Dataset
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Figure 3.7: Statistics of the total number of annotated objects per frame in the SortWaste dataset and the
ZeroWaste-f dataset [7].

Figure 3.7 illustrates the distribution of the number of objects per image in both the Sort-
Waste dataset developed in this work and the publicly available ZeroWaste dataset. A clear
difference in the complexity profile of the two datasets can be observed.

The ZeroWaste-f [77] set shows a distribution mainly concentrated between 2 and 10 objects
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per image, with a peak in the range of 4 to 6 objects. At first glance, this distribution sug-
gests that most images contain a small number of objects, indicating relatively simple scenes
with lower visual density. However, it is important to note that, despite containing fewer an-
notated objects, the ZeroWaste-f [77] set exhibits visual complexity, as many images feature
paper in the background, with only contamination being annotated - i.e., elements that do
not correspond to high-quality paper.

In contrast, the SortWaste set exhibits a skewed distribution towards higher object counts,
with most images containing between 12 and 22 objects and a peak at around 17. This pattern
reflects denser scenes that more accurately represent real-world MSW environments. There
is also a partial overlap between the two sets in the range of 10 to 14 objects.

These differences in object distribution and annotation policy are relevant because they can
directly influence the performance and generalization capacity of machine learning models,
especially in contexts with variable visual density.

Characteristic SortWaste ZeroWaste-f
Collection Location Portugal Massachusetts, USA
Sorting Line Type Municipal solid waste High-quality paper stream
Stream Single Single
Number of Classes 8 4
Number of Images 5261 4503
Total Bounding Boxes 87252 27744
Material Diversity High — various types of plastics and waste = Low — predominantly paper

Table 3.3: Comparison between the SortWaste dataset and the ZeroWaste-f [7] dataset.

Table 3.3 presents a comparative overview between the SortWaste dataset, developed in this
work, and the ZeroWaste-f [7] dataset, a commonly referenced benchmark in the waste de-
tection domain.

The ZeroWaste-f [7] dataset was collected from a high-quality paper sorting line in Mas-
sachusetts, USA. As a result, its contents consist primarily of paper materials. A predomi-
nance of cardboard and limited material diversity characterizes the dataset. It contains 27744
annotated objects distributed across 4503 images, categorized into four main classes: Card-
board, Soft Plastic, Rigid Plastic, and Metal.

On the other hand, the SortWaste dataset was collected under real-world conditions in Portu-
gal at the beginning of a MSW sorting line at MBT facility. This setting captures the inherent
complexity and variability of real waste streams. SortWaste comprises 5261 images and a sig-
nificantly higher number of annotations, 87252, spread across eight more detailed classes,
including HDPE, ECAL, PET, and PET Oil, among others. This increased material diversity
makes SortWaste a representative and challenging dataset for developing and evaluating ob-
ject detection models in realistic, heterogeneous environments.
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3.5 Conclusion

The development of the SortWaste dataset represents a key contribution to this work, ad-
dressing the lack of annotated waste datasets adapted to industrial conditions. By captur-
ing real-world scenarios at MBT facility, SortWaste provides a realistic benchmark for waste
classification systems in MSW.

Its specificity, including diverse contamination levels and complex object occlusions, offers
challenges that better reflect operational environments. Compared to existing datasets such
as ZeroWaste [7], SortWaste enhances diversity and contextual relevance, particularly for
European waste management systems.

This dataset not only enabled the training and evaluation of models within this project but
also serves as a resource for the broader research community, promoting advancements in
sustainable waste processing through machine learning.
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Chapter 4

Experiments and Results

4.1 Introduction

In this chapter, we present the benchmark results of experimental evaluation. Four state-
of-the-art models were tested on two datasets: SortWaste, a dataset developed as part of
this dissertation, and ZeroWaste-f [7], the only publicly available state-of-the-art dataset de-
signed for industrial waste classification. We conducted four experiments to assess the per-
formance of these models on the SortWaste dataset. All experiments were evaluated using
the metrics detailed in Section 4.3.

4.2 Implementation Details

The Faster R-CNN [1], TridentNet [3], and RetinaNet [4] models were implemented using the
default configurations provided by the Detectron2 framework [45], with model weights ini-
tialized from pre-training on the COCO dataset. For each model, only two hyperparameters—
the learning rate and optimizer—were varied to identify the optimal configuration. The batch
size was fixed at eight across all experiments. Early stopping was applied based on two cri-
teria: a patience of 15 epochs or a maximum of 80000 iterations. In contrast, the YOLOv11
[5] model was implemented using the Ultralytics framework [46], with similar tuning lim-
ited to the learning rate and optimizer. Early stopping for YOLOv11[5] was configured with
patience of 15 epochs and a maximum of 300 training epochs. The objective of these ex-
periments was to determine the best-performing configuration for each model. The results
presented correspond to the highest performance achieved by each model on the test set.

4.3 Evaluation Metrics

Relevant metrics were chosen to evaluate the models’ performance in object detection tasks.
The main metrics used are the Average Precision (AP), the mAP, and the Precision-Recall
(PR) curve, which offer a comprehensive insight into the model’s accuracy and reliability.

4.3.1 Precision-Recall Curve

The PR curve is a commonly used metric for assessing the performance of models. In the
context of object detection, it offers a comprehensive visualization of a model’s performance
by analyzing the balance between precision and recall across various confidence thresholds.
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Precision measures the ratio of true positive detections to all predicted positive detections.
It is expressed as:

True Positives (TP)

P 1S1 = ) 11 )
FEAISION = True Positives (TP) + False Positives (FP)

In waste detection, high precision means that the model almost always correctly identifies
an object as waste. In other words, the model rarely misclassifies a non-waste item as waste,
resulting in few false positives.

Recall indicates the ratio of true positive detections to the total number of actual positive
cases. It is given by:

True Positives (TP)
True Positives (TP) + False Negatives (FN)

Recall =

High recall means the model correctly identifies waste items, minimizing the number of
missed detections, false negatives. Alternatively, if an object is indeed waste, the model is
highly likely to detect it as such.

The PR curve is created by changing the confidence threshold, which is required to consider
whether the prediction is a positive detection. The model’s precision and recall are calculated
and plotted for each confidence level on a curve that reflects the trade-off between these two
metrics.

The closer the curve is to the top right corner, the better the model’s performance, indicating
an optimal balance between precision and recall. The threshold can be adjusted to achieve the
desired balance by evaluating the trade-off between precision and recall while considering
the application’s context.

4.3.2 Average Precision and Mean Average Precision

The mAP is another metric used to evaluate object detection models. The AP is based on three
key metrics: precision, recall, and Intersection-over-Union (IoU), with IoU being important
for determining detection accuracy.

The IoU quantifies the overlap between the predicted and ground truth regions by calculating
the ratio of their intersection to their union. It is commonly used to determine whether a
predicted bounding box should be classified as a true positive or a false positive. Formally,

IoU is defined as:
_ |AnB|

- |AuB|’

IoU

where A represents the predicted region, B represents the ground-truth region, |A N B is
the area of intersection between the predicted and ground-truth regions, and |A U B| is the
area of the union of the predicted and ground-truth regions.

The AP is computed for each class by evaluating the PR curve at discrete intervals, using
various IoU thresholds. The AP reflects how well a model balances precision and recall for a
given class, considering different IoU thresholds. Mathematically, it is given by:
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1
AP:/ P(r)dr,
0

where P(r) is the precision at the recall r. This integral can be approximated by discretizing
the recall values and averaging the precision at those points.

The mAP is then obtained by averaging the APs of all the classes involved in the model. For-
mally, the mAP can be expressed as:

1 N
mAP = ~ z; AP,
.

where N is the number of classes, and AP; is the AP for class :. The mAP is a useful met-
ric because it summarizes the model’s performance across all classes, accounting for various
confidence thresholds and the overlap of predicted bounding boxes with ground truth.

4.4 Experiments

The experiments were structured into four distinct phases:

e Full-Class Evaluation: State-of-the-art models were trained and evaluated on the
SortWaste dataset using all annotated classes.

« Plastic-Only Evaluation: The models were trained and evaluated on the SortWaste
dataset, considering only plastic-related classes.

» Class-Matching Evaluation: The models were trained and evaluated on the Sort-
Waste dataset using only the classes that are also present in the ZeroWaste-f [7] dataset,
ensuring a fair comparison.

« Cross-Dataset Evaluation: The models were trained on one dataset (SortWaste or
ZeroWaste-f [7]) and tested on the other, and vice versa, to assess generalization and
transferability between datasets.

4.4.1 Full-Class Evaluation

In this first experiment, state-of-the-art object detection models were trained on the Sort-
Waste dataset using all available classes.

PET HDPE Mixed Soft Plastic ECAL Metal Cardboard Mixed Rigid Plastic PET Oil AP AP50 APs APm APl
Faster R-CNN [1] | 0.870 0.700 0.460 0.795 0.470 0.093 0.541 0.652 0.415 0.573 nan 0.136 0.431
TridentNet[3] 0.854 0.702 0.444 0.778 0.419 0.123 0.547 0.802 0.407 0.584 nan 0.177 0.419
RetinaNet[4] 0.844 0.723 0.455 0.785 0.517 0.108 0.562 0.755 0.435 0.594 nan 0.178 0.443
YOLOv11 [5] 0.880 o0.712 0.470 0.808 0.330 0.044 0.568 0.725 0.451 0.567 - -

Table 4.1: mAP results on the SortWaste test set for COCO-pretrained state-of-the-art models fine-tuned on
SortWaste. The results are reported per class and overall, using standard COCO evaluation metrics.

In Table 4.1, RetinaNet [4] achieves the highest AP50 score of 0.594, indicating superior
performance under an IoU threshold of 50%. However, YOLOv11[5] demonstrates the high-
est overall AP of 0.451, which reflects performance averaged across multiple IoU thresholds
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ranging from 0.5 to 0.95. This suggests that YOLOv11[5] maintains more consistent local-
ization accuracy across a broader range of IoU thresholds, making it more robust for precise
object detection in complex, real-world scenarios.

It is also observed that the PET class is the easiest to detect, followed by the ECAL class.
In contrast, the Cardboard class proves to be the most challenging, likely due to its lower
representation in the dataset. The strong performance in detecting PET and ECAL can be
attributed to their distinctive and easily recognizable visual features.

Overall, all evaluated state-of-the-art models achieve an AP50 greater than 55%, indicating
good performance. This outcome suggests that, despite challenges such as class imbalance,
the models are capable of delivering reliable object detection results within the experimental

context.
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Figure 4.1: Precision-Recall curves for mAP@50 of state-of-the-art object detection models. Each curve
represents the performance of a different model.

Figure 4.1 shows the PR curves for mAP@50 across all trained object detection models. Reti-
naNet [4] achieves the highest mAP@50 of 0.594, maintaining strong precision across a wide
range of recalls, which indicates effective localization at an IoU threshold of 0.5.

YOLOv11 [5], while slightly lower at mAP@50, achieves the highest overall AP. Its smoother
PR curve reflects balanced performance across varying recall levels, consistent with its strength
across stricter IoU thresholds (0.5-0.95).

The PR curves confirm that RetinaNet [4] excels under lenient overlap conditions, while
YOLOv11 [5] offers more consistent performance, making it better suited to practical ap-
plications.

4.4.2 Plastic-Only Evaluation

The second experimental study represents the main focus of this dissertation. This study was
conducted to achieve the primary objective. As previously mentioned, some classes were
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merged, and others were excluded because they did not represent plastic materials. As a
result, four plastic-related classes were used in this experiment. Table 4.2 presents the results
for the best performance achieved by each model.

PET HDPE Mixed Plastic ECAL AP AP50 APs APm APl
Faster R-CNN [1] | 0.862  0.706 0.623 0.789 0.545 0.745 nan 0.230 55.264
TridentNet [3] 0.836 0.714 0.643 0.774 0.519 0.742 nan 0.189 0.527
RetinaNet [4] 0.858 0.692 0.632 0.775 0.550 0.739 nan 0.217 0.558
YOLOv11 [5] 0.872 0.729 0.624 0.786 0.597 0.753 - - -

Table 4.2: mAP results on the SortWaste test set for COCO-pretrained state-of-the-art models fine-tuned on
SortWaste. The results are reported per plastic class and overall, using standard COCO evaluation metrics.

As shownin Table 4.2, the YOLOv11 [5] model achieved the best performance among the eval-
uated models. YOLOv11 [5] is a one-stage object detector known for its speed and efficiency
in real-time applications. In this set of experiments, the classes were relatively balanced, as
illustrated in Figure 3.4, which helped to reduce bias during training and evaluation.

The AP50 scores across all models were quite similar, indicating consistent performance in
detecting plastics. Among the four classes, the PET class was the easiest to detect, as was the
case in the previous experiment, likely due to its easily recognizable appearance and consis-
tent visual features. In contrast, the Mixed Plastic class proved to be the most challenging,
possibly due to its heterogeneous appearance and less consistent features. Nevertheless, the
performance for all classes remained high, demonstrating the models’ effectiveness in de-
tecting different types of plastics in MSW.
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Figure 4.2: Precision-Recall curves for mAP@50 of state-of-the-art object detection models. Each curve
represents the performance of a different model trained with plastic classes.

Figure 4.2 presents the PR curves for mAP@50 for the four state-of-the-art object detection
models evaluated in this study. Among them, YOLOv11 [5] achieved the highest mAP@50
score of 0.753, as shown in Table 4.2, followed closely by Faster R-CNN [1], TridentNet [3],
and RetinaNet [4]. These results demonstrate a relatively narrow performance gap among
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the models, indicating that all architectures are capable of effectively detecting plastic waste
in MSW under the given experimental conditions.

The PR curves are generally smooth and maintain high precision values across a broad range
of recall values, which suggests that the models are both accurate and consistent in their
predictions. YOLOv11 [5], in particular, shows a slightly better balance between precision
and recall, maintaining higher precision at higher recall levels compared to the other models.
Overall, the shape and position of the curves highlight strong detection capabilities across
all models, with YOLOv11 [5] standing out as the most robust, especially in scenarios where
both high precision and recall are required.

4.4.3 Class-Matching Evaluation

The third experimental study consists of a comparative analysis between models trained on
the SortWaste dataset and those trained on the ZeroWaste-f [7] dataset. To enable a mean-
ingful comparison, a class-matching procedure was performed, aligning the class labels from
SortWaste with the corresponding classes in ZeroWaste-f [7]. As a result, the classes in the
SortWaste dataset were regrouped to match the class structure of the ZeroWaste-f [ 7] dataset.
The distribution of instances per class for each dataset is illustrated in Figures 3.5 and 3.6.
Table 4.3 presents the results obtained using the SortWaste-trained models, while Table 4.4
shows the results for the models trained on ZeroWaste-f [7].

Rigid Plastic Soft Plastic Cardboard Metal AP AP50 APs APm APl
Faster R-CNN [1] 0.831 0.457 0.752 0488 0.457 0.632 nan 0.181 0.466
TridentNet [3] 0.801 0.494 0.748 0.433 0.422 0.619 nan 0.128  0.437
RetinaNet [4] 0.824 0.497 0.754 0.469 0.466 0.635 nan 0.144 0.484
YOLOv11 [5] 0.844 0.455 0.748 0.394 0.463 0.610 - - -

Table 4.3: mAP results on the SortWaste test set for COCO-pretrained state-of-the-art models fine-tuned on
SortWaste. The results are reported per class, as ZeroWaste, and overall, using standard COCO evaluation
metrics.

Rigid Plastic Cardboard Metal Soft Plastic AP AP50 APs APm APl

Faster R-CNN [1] 0.420 0.574 0.361 0.492 0.307 0.462 0.092 0.184 0.332

TridentNet [3] 0.333 0.550 0.428 0.506 0.252  0.454 0.498 0.113 0.277

RetinaNet [4] 0.304 0.558 0.211 0.513 0.265 0.397 0.111 0.176 0.278
YOLOv11 [5] 0.297 0.580 0.351 0.529 0.339 0.439 - - -

Table 4.4: mAP results on the ZeroWaste-f [7] test set for COCO-pretrained state-of-the-art models fine-tuned
on ZeroWaste-f. The results are reported per class and overall, using standard COCO evaluation metrics.

An analysis of Table 4.3 reveals that among the models trained on the SortWaste dataset,
RetinaNet [4] achieved the best performance. As previously discussed, RetinaNet [4] is par-
ticularly effective in handling imbalanced datasets, a characteristic present in this experi-
ment. Among the classes, Rigid Plastic and Cardboard were the easiest to detect, likely due
to their higher number of instances. In contrast, Soft Plastic and Metal, which had fewer
training examples, were more difficult for the models to detect accurately.

Regarding Table 4.4, which presents results for the ZeroWaste-trained models, YOLOv11
[5] demonstrated the highest overall performance. Similar to the SortWaste experiment,
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classes with more instances, such as Cardboard and Soft Plastic, achieved higher average
precision scores, while classes with fewer examples were more challenging to detect. This
trend was consistent across both datasets: classes with greater representation in the training
data generally resulted in higher detection accuracy.

Analyzing the two tables, the Cardboard class had approximately 20000 instances in Sort-
Waste and around 17500 in ZeroWaste-f [7], comparable quantities. The corresponding
AP50 scores differed significantly: 0.754 for SortWaste and 0.492 for ZeroWaste-f [7]. This
suggests that, in addition to class frequency, other dataset-specific factors, such as image
quality, annotation consistency, or intra-class variability, influence model performance.

10 mMAP@50 Curves Comparison 10 mMAP@50 Curves Comparison
\
hw
0.8 0.8
0.6 0.6
5 5
8 8
04 04
0.2 0.2
= YOLOV11 (mAP@50=0.610) = YOLOV11 (mAP@50=0.440)
RetinaNet (MAP@50=0.636) RetinaNet (MAP@50=0.397)
= TridentNet (MAP@50=0.619) ~— TridentNet (MAP@50=0.454)
~— Faster R-CNN (mAP@50=0.632) ~— Faster R-CNN (mAP@50=0.462)
0.0, 0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Recall Recall
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Figure 4.3: Comparison of mAP@50 Precision-Recall curves between models trained on SortWaste and
ZeroWaste-f datasets, respectively.

Figure 4.3 compares the mAP@50 PR curves for models trained on the SortWaste and Ze-
roWaste datasets. In the SortWaste dataset (a), RetinaNet [4] achieved the highest perfor-
mance, followed closely by Faster R-CNN [1], TridentNet [3], and YOLOv11[5].

In contrast, on the ZeroWaste-f dataset (b), all models showed reduced performance, with
Faster R-CNN [1] achieving the highest mAP@50. The lower precision across recall levels
highlights the increased difficulty of this dataset, possibly due to its smaller number of in-
stances and greater variability.

In general, the models trained on the SortWaste dataset performed better, confirming that
both dataset quality and the number of examples have a significant impact on detection ac-
curacy.

4.4.4 Cross-Dataset Evaluation

To assess the generalization capability of the models across distinct real-world waste datasets,
a cross-dataset evaluation was conducted. In this setting, the models were trained on one
dataset and evaluated on another, and vice versa. The results of the models trained on the
SortWaste dataset and evaluated on the ZeroWaste-f [7] dataset are presented in Table 4.5,
while the results of the models trained on ZeroWaste-f[7] and tested on SortWaste are shown
in Table 4.6.
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Rigid Plastic Soft Plastic Cardboard Metal AP AP50

Faster R-CNN [1] 0.209 0.047 0.099 0.048 0.0659 0.101
TridentNet [3] 0.128 0.031 0.089 0.064 0.044 0.078
RetinaNet [4] 0.241 0.063 0.087 0.024 0.069 0.104
YOLOv11 [5] 0.0806 0.050 0.186 0.0431 0.059  0.090

Table 4.5: mAP results for cross-dataset evaluation. The models were trained on the SortWaste dataset and
tested on the ZeroWaste-f [7] dataset. Results are reported per class and overall.

Rigid Plastic Cardboard Metal SoftPlastic AP AP50

Faster R-CNN [1] 0.378 0.220 0.017 0.108 0.109  0.181
TridentNet [3] 0.238 0.160 0.044 0.084 0.066  0.132
RetinaNet [4] 0.401 0.210 0.019 0.119 0.118  0.187
YOLOv11 [5] 0.355 0.303 0.050 0.110 0.14 0.205

Table 4.6: mAP results for cross-dataset evaluation. The models were trained on the ZeroWaste-f [7] dataset
and tested on the SortWaste dataset. Results are reported per class and overall.

The results highlight a significant drop in performance when the models are applied across
domains without any adaptation. For models trained on the SortWaste dataset and tested
on ZeroWaste-f [7], RetinaNet [4] achieved the best performance, consistent with its perfor-

mance when evaluated within the SortWaste dataset. In contrast, when trained on ZeroWaste
f[7] and tested on SortWaste, YOLOv11 [5] demonstrated superior performance.

The highest AP50 in Table 4.5 is 0.104, whereas in Table 4.6 it is 0.204. These values are
substantially lower than those obtained in within-dataset evaluations, underscoring a pro-
nounced degradation in performance. This decline highlights the models’ limited ability to
generalize across domains, indicating a significant shift in the domain between the visual
characteristics, object representations, and contextual elements present in the ZeroWaste
[7] and SortWaste datasets.

Across all cross-dataset experiments, the AP50 values for generalization from ZeroWaste-f
[7] are higher than those from SortWaste. This asymmetry can be attributed to the visual and
contextual differences between the datasets. As illustrated in Figure 2.8, images from the
ZeroWaste-f [7] dataset often feature complex backgrounds, typically paper surfaces, with
only the contaminant objects annotated. Although these images may contain fewer anno-
tated objects, the diverse and noisy background introduces additional variability that the
model learns to handle during training.

In contrast, the SortWaste dataset generally includes a higher number of annotated objects
per image but presents simpler and more uniform visual scenes. As a result, models trained
on SortWaste may struggle to adapt to the more cluttered and visually diverse environments
found in ZeroWaste-f [7]. Conversely, models trained on ZeroWaste-f [7] benefit from a
broader exposure to background variability, which may enhance their ability to generalize to
the simpler visual context of SortWaste.

Figure 4.4 graphically confirms the trends observed in the numerical evaluation: models
trained on ZeroWaste-f [7] outperform their counterparts trained on SortWaste when ap-
plied across domains. The PR curves exhibit a notable decline in both precision and recall
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Figure 4.4: Comparison of mAP@50 Precision-Recall curves between models trained on SortWaste and
ZeroWaste-f datasets, respectively.

under domain shift. These results highlight the need for domain adaptation or dataset aug-
mentation techniques to enhance the robustness and transferability of practical waste clas-
sification systems.

4.5 Conclusion

In conclusion of this chapter, a summary of the main insights from each experiment is pre-
sented. In the first experiment, it was observed that classes with a higher number of examples
were generally easier to detect, or specific classes exhibited distinctive visual characteristics,
such as PET Oil, which aligns with expectations. Despite variability across classes, all models
achieved a mAP@50 greater than 55%, indicating consistent overall performance.

In the second experiment, the datasets presented a more balanced distribution of class in-
stances. However, performance differences still emerged among classes. For example, the
PET class was easier to detect, likely due to its shiny surface and its frequent association with
similarly shaped objects, such as bottles. Similarly, the ECAL class demonstrated strong
performance due to its distinct visual features, much like the HDPE class, which is often as-
sociated with colored plastics. In contrast, the Mixed Plastics class exhibited inconsistent
visual characteristics, which may explain its lower detection scores.

When comparing models trained and tested on two different datasets, it became appar-
ent that classes with more training instances generally achieved higher mAP@50 scores.
However, the most frequent classes differed between the datasets. Cardboard was the only
class with a relatively similar instance count in both, yet its detection performance varied
significantly—better in SortWaste than in ZeroWaste. This discrepancy may be attributed to
the merging of the ECAL class into Cardboard in the SortWaste dataset, which could enhance
the model’s ability to learn from distinctive ECAL features.

Models trained on ZeroWaste-f [7] demonstrated better generalization capabilities when ap-
plied to the other dataset. This may be attributed to the more complex and varied back-
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grounds in ZeroWaste-f [7] images, which could encourage the learning of more robust and
transferable features. On the other hand, the greater number of examples in SortWaste likely
allowed models trained on it to learn more specific characteristics of each class. However,
this may have limited their ability to generalize to datasets not focused on MSW.

In general, all models, regardless of their architecture, achieved similar levels of perfor-
mance, as evidenced by the PR curves.
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Chapter 5

Conclusion and Future Work

5.1 Impacts and Limitations

This work demonstrates the potential of object detection models to enhance waste sorting
processes, contributing to both environmental sustainability and operational efficiency. By
automatically identifying different types of plastics in MSW, such systems can improve the
quality of recyclable materials, reduce worker exposure to hazardous waste, and improve
productivity in Material Recovery Facilities (MRFs).

A key contribution is the creation of the SortWaste dataset, which was explicitly developed for
this research due to the lack of suitable public datasets in real industrial settings. Although
limited in the number of images, the dataset includes a high density of annotated objects and
will be made publicly available to support further research in intelligent waste management.
One notable limitation is the class imbalance in the dataset. This is difficult to avoid, as
the presence of materials in MSW is unpredictable. Operational factors, such as cardboard
degradation due to moisture and the removal of metals by magnets, contribute to this im-
balance. While challenging to control, the results still show promising model performance
under realistic conditions.

5.2 Future Work

This dissertation establishes a foundation for intelligent waste detection in MBT facilities;
however, several avenues for future research remain.

Expanding the dataset to include more samples and material classes could enhance model
generalization. Future work may also explore the use of advanced architectures, such as
transformer-based models, which have shown promising results in object detection tasks.
Additionally, improving the annotation process through semi-automated techniques could
reduce manual effort and enable faster expansion of the dataset. Incorporating video data to
leverage temporal information may also contribute to increased detection accuracy, particu-
larly in dynamic conveyor belt environments where occlusions and motion are frequent.

5.3 Conclusions

This dissertation aimed to develop a system capable of detecting valuable materials, specif-
ically plastics, which are among the most polluting components—in MSW streams at MBT
facilities. The motivation behind this research derives from the urgent need to enhance waste
sorting processes, in real-world industrial settings.
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To achieve this objective, a novel dataset was created, addressing a significant gap in the
current state-of-the-art: the lack of publicly available datasets collected under realistic in-
dustrial conditions, as shown in Table 2.1. The dataset was acquired at an MBT facility in
Portugal, where MSW is sorted. It was manually annotated using CVAT [43] and consists of
eight waste material classes, with a focus on various types of plastic.

Following the development of the dataset, several state-of-the-art object detection models
were trained and evaluated to establish performance benchmarks. Four experiments were
conducted: a full-class evaluation, a plastics-only evaluation, a class-matching evaluation,
and a cross-dataset evaluation to assess model generalization. The results of the plastics-
only evaluation demonstrated that the proposed system is capable of achieving a mAP of up
to 59.7%, which is promising and exceeds initial expectations.

This research represents a significant innovation in the field of waste management and au-
tomated sorting. Based on the information found, no previous system has been developed
under these specific industrial conditions, and no similar dataset existed before this work.
To support further scientific advancement, the dataset will be made publicly available, pro-
viding resources to the research community focused on intelligent waste sorting systems.
The strong performance of the proposed system highlights the feasibility of implementing
intelligent technologies in MBT facilities. Beyond improving sorting efficiency and material
recovery rates, such systems can also enhance workers’ safety by reducing human exposure
to hazardous materials and working conditions.

In summary, this dissertation presents a novel dataset, demonstrates the practical applica-
tion of deep learning for plastics detection in MSW, and opens up new directions for intelli-
gent automation in waste treatment infrastructures.
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