
Academic Editor: Mario Di Nardo

Received: 13 September 2025

Revised: 11 October 2025

Accepted: 17 October 2025

Published: 24 October 2025

Citation: Santos, B.; Studart, A.;

Almeida, P. Assessment of Airport

Pavement Condition Index (PCI)

Using Machine Learning. Appl. Syst.

Innov. 2025, 8, 162. https://doi.org/

10.3390/asi8060162

Copyright: © 2025 by the authors.

Published by MDPI on behalf of the

International Institute of Knowledge

Innovation and Invention. Licensee

MDPI, Basel, Switzerland. This article

is an open access article distributed

under the terms and conditions of the

Creative Commons Attribution (CC

BY) license (https://creativecommons.

org/licenses/by/4.0/).

Article

Assessment of Airport Pavement Condition Index (PCI) Using
Machine Learning
Bertha Santos 1,2,* , André Studart 1,2 and Pedro Almeida 1,2

1 Department of Civil Engineering and Architecture, University of Beira Interior, 6200-358 Covilhã, Portugal;
andre.studart@ubi.pt (A.S.); galmeida@ubi.pt (P.A.)

2 GeoBioTec, University of Beira Interior, 6200-358 Covilhã, Portugal
* Correspondence: bsantos@ubi.pt

Abstract

Pavement condition assessment is a fundamental aspect of airport pavement management
systems (APMS) for ensuring safe and efficient airport operations. However, conventional
methods, which rely on extensive on-site inspections and complex calculations, are often
time-consuming and resource-intensive. In response, Industry 4.0 has introduced machine
learning (ML) as a powerful tool to streamline these processes. This study explores five
ML algorithms (Linear Regression (LR), Decision Tree (DT), Random Forest (RF), Artificial
Neural Network (ANN), and Support Vector Machine (SVM)) for predicting the Pavement
Condition Index (PCI). Using basic alphanumeric distress data from three international
airports, this study predicts both numerical PCI values (on a 0–100 scale) and categorical
PCI values (3 and 7 condition classes). To address data imbalance, random oversampling
(SMOTE—Synthetic Minority Oversampling Technique) and undersampling (RUS) were
used. This study fills a critical knowledge gap by identifying the most effective algorithms
for both numerical and categorical PCI determination, with a particular focus on validating
class-based predictions using relatively small data samples. The results demonstrate that
ML algorithms, particularly Random Forest, are highly effective at predicting both the
numerical and the three-class PCI for the original database. However, accurate prediction
of the seven-class PCI required the application of oversampling techniques, indicating that
a larger, more balanced database is necessary for this detailed classification. Using 10-fold
cross-validation, the successful models achieved excellent performance, yielding Kappa
statistics between 0.88 and 0.93, an error rate of less than 7.17%, and an area under the ROC
curve greater than 0.93. The approach not only significantly reduces the complexity and
time required for PCI calculation, but it also makes the technology accessible, enabling
resource-limited airports and smaller management entities to adopt advanced pavement
management practices.

Keywords: airport pavement management system (APMS); pavement condition index (PCI);
machine learning (ML); predictive modeling

1. Introduction
1.1. Framework

Airports play a vital role in society, connecting people around the world. The ever-
growing world population, estimated to reach 9.7 billion by 2050 [1], requires infrastructures
such as airports to withstand intense traffic and heavily loaded aircraft while ensuring the
safety of users and operations. As a result, maintenance programs are in high demand to
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ensure that airports remain operational and functional. However, budget shortfalls, non-
preventive maintenance programs, and resource availability are often some of the factors
that can limit the proper maintenance of airport pavements, especially the runway [2–4].

Several factors can impact the short- and long-term performance of airport pavements.
These factors include subgrade bearing load capacity, the quality of pavement layer aggre-
gates and binders, climate and drainage conditions, uneven distribution of landings and
takeoffs across runway thresholds, and traffic growth rate [3,5–7]. All these ultimately influ-
ence the overall pavement design and performance. Although proper pavement design can
retard the emergence and development of pathologies, wear will always occur, as pavement
usage from repeated traffic load causes fatigue cracking at the bottom of the surfacing layer
and permanent deformation at the surface of the subgrade layer, affecting the pavement’s
condition and support capacity. To effectively manage this inevitable decline and optimize
maintenance strategies, modern technological solutions are required.

The current Industrial Revolution 4.0 technologies, such as Machine Learning (ML),
which can be applied to various fields and process large amounts of data in record time,
can be exploited in the targeted and timely definition of pavement maintenance programs.

This study addresses a critical knowledge gap by identifying the most effective algo-
rithms for Pavement Condition Index (PCI) prediction. This study focuses on validating
class-based predictions, which can be used to define specific maintenance and rehabilitation
strategies, as well as their performance with relatively small data samples. To demonstrate
the feasibility of using Machine Learning (ML) for PCI calculation, five algorithms are
compared: Linear Regression (LR), Decision Tree (DT), Random Forest (RF), Artificial Neu-
ral Network (ANN), and Support Vector Machine (SVM). These algorithms can use basic
alphanumeric distress data (type, severity, and density), which can be obtained through
traditional inspections or other methods, to predict both numerical (on a 0–100 scale) and
categorical PCIs (e.g., poor, fair, good, or a more granular seven-class scale). This approach
significantly enhances time efficiency and reduces costs, making the technology accessible
to smaller management entities and airports with limited financial, human, and technical
resources. The software used is WEKA 3.8.6, with a database containing information from
261 pavement sample units from three international airports as input data.

The structure of this article is organized into four sections. Section 1 highlights the
importance of pavement maintenance and the potential of using ML in this process, the
main aspects of the pavement condition evaluation using PCI, and describes ML procedures
and operation. Section 2 presents the study methodology. The main results from the applied
ML algorithms to a case study are analyzed and discussed in Section 3, titled Case Study.
Section 4 presents the conclusions of the study. Highlights, limitations, and directions for
future work are also presented.

1.2. Pavement Condition Index (PCI)

The Pavement Condition Index (PCI), based on the ASTM D5340 [8], is the most widely
adopted methodology for evaluating airport pavement conditions. This method involves
visually identifying seventeen types of pavement distress, including alligator cracking,
rutting, raveling, patching, and various forms of cracking and deformation [4,8,9].

For that, the pavement network is divided into branches, sections, and sample units,
and the minimum number of sample units to be inspected within each section to provide
a statistical estimate of the section’s PCI (95% confidence) is determined. Each sample
unit can be inspected using a manual, equipped vehicle, or unmanned aerial vehicle
(UAV) approach to collect distress pavement data (type, severity, and density) [10,11]. A
meticulous calculation is followed to produce the PCI value, which ranges from 0 to 100,
and can be reclassified into three classes—Good (71–100), Fair (56–70), and Poor (0–55)—or
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seven classes—Good (86–100), Satisfactory (71–85), Fair (56–70), Poor (41–55), Very Poor
(26–40), Serious (11–25), and Failed (0–10) [8].

The use of the PCI for pavement condition assessment is considered vital, as it enables
the development of appropriate and effective maintenance plans. As such, PCI evalu-
ation is an essential component of an APMS, directly contributing to the extension of
pavement life.

Table 1 shows the relationship between the PCI, the type of intervention required,
the cost implications, and the improvement in pavement performance. Lower PCI values,
implying later maintenance, lead to more expensive interventions, with rehabilitation costing
up to five times higher than maintenance [6]. This tends to follow Pareto’s 20/80 rule, which
states that 80% of problems could be avoided if the first 20% of causes were addressed.

Table 1. Cost and performance impact based on the intervention timing (adapted from [2,3,12–14]).

PCI
Classes PCI Values

Type of
Intervention Cost-Impact

Performance
Improvement

Good 71–100 Preventive maintenance Low Considerable

Fair 56–70
Short-term preventive maintenance or

reconstruction
(Rehabilitation trigger)

High High

Poor 0–55 Minimum level of serviceability Very high Pavements overdo

Good 86–100 Routine maintenance Very low Small
Satisfactory 71–85 Preventive maintenance Low Considerable

Fair 56–70
Short-term preventive maintenance or

reconstruction
(Rehabilitation trigger)

High High

Poor 41–55 Reconstructive maintenance Very high Pavements overdo
Very Poor 26–40 Short-term reconstruction Very high Pavements overdo

Serious 11–25 Urgent reconstruction Extremely high Pavements overdo
Failed 0–10 Immediate and complete reconstruction Extremely high Pavements overdo

Although the PCI method is efficient, its application can be time-consuming due to
the extensive calculations and the need to consult ‘Deduct Value’ curves for each selected
pavement sample unit [15]. Consequently, there is an urgent need to optimize and au-
tomate this process, which can be achieved through the application of machine learning
methodologies. This would reduce the overall cost and time needed for PCI calculations
and make it accessible to airport pavement maintenance entities of all sizes.

1.3. Machine Learning: Concepts, Algorithms, and PCI Prediction

To overcome budget constraints while maintaining or increasing efficiency, the digital
4.0 revolution offers new technologies to enhance processes in pavement engineering [15,16].
In this context, ML, which leverages the potential of digital environments to process vast
amounts of data at computational speed, emerges as a key technology that directly enables
the creation of models to achieve these goals.

Since an algorithm is defined as a set of well-defined rules describing a computational
problem-solving process [17,18], it becomes essential to understand and select the most
suitable ML algorithm for the problem being analyzed. The choice of the algorithm is
generally based on the type of input and output data being considered, namely, numerical,
categorical, or an image. In the specific case of the PCI calculation, the input data are
numerical variables representing quantities of distress (density) by distress type and sever-
ity level, and the output variable PCI can be considered both numerical and categorical
(classes). It should be noted that smaller airports typically rely on traditional inspection
methods (conducted on foot), and as a result, the collection of new data and the historical
record of pavement surface distress are largely alphanumeric (without image data). Taking
this into account, five classic ML algorithms were considered as adequate for building
PCI prediction models: Linear Regression (LR), Decision Tree (DT), Random Forest (RF),
Artificial Neural Network (ANN), and Support Vector Machine (SVM). These algorithms
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can be classified as opaque (black box) or transparent according to their mode of operation.
In opaque algorithms (black box), such as the ANN and SVM, the operating mechanism is
not available for examination; therefore, the algorithm and its equations are fully trusted.
In transparent algorithms, such as LR, DT, and RF, the operating mechanism is clear and
provides data that allow the interpretation of the algorithm’s operation [19]. The ML
algorithms mentioned use supervised learning techniques that produce a general pattern
for the input data to provide the output value [17].

Linear Regression (LR) algorithms are simple algorithms used for numerical variables.
It reduces the input values (independent variables) to an output expression that describes a
behavior (dependent variable) [20]. Although simple and efficient, research suggests that
their results are less efficient than opaque ML algorithms [19,21,22]. On the other hand,
Rudin [23] points out that opaque algorithms are not necessary if LR is sufficiently efficient,
suggesting that the added complexity and lack of visibility of the mechanism of opaque
algorithms raise questions about the output values provided. Decision Trees (DT) are based
on a tree of decisions, represented by nodes, edges, and leaves, where each decision, based
on the input data, leads to the correct path to produce the output value. Although efficient,
it can overfit values if the classes of the dependent variable are unbalanced, leading to the
decision being made in the heavier statistically weighted class, which can propagate an
error between the different levels of the structure, thus affecting the result [17,22]. Random
Forest (RF) is a forest of decision trees where the algorithm decides which trees to consider
for a given input dataset. It tends to provide greater visibility of output patterns. However,
the added complexity can introduce errors into the decision trees, such as higher error
propagation due to a greater number of trees, leading to errors between different decision
levels [17,22]. The Artificial Neural Network (ANN) is an opaque algorithm inspired by the
brain’s structure. The input data run through a series of layers with interconnected nodes,
where it is not possible to fully evaluate its mechanism due to the lack of transparency in
how decisions are made. Nevertheless, it is usually associated with a successful correlation
of diverse data [15,24]. Finally, the Support Vector Machine (SVM) is a complex algorithm
based on the distance between vectors from different hyperplanes. The higher the ‘margin’,
the greater the separation between datasets, avoiding overfitting or mixing problems. The
high level of complexity makes the algorithm difficult to use. SVM is more commonly used
for image classification [17,22].

ML algorithms are sensitive and can be affected by several factors, such as the size
and balance of the database, the operating parameters chosen, and the type of data being
considered. Several methods are available to minimize some of these effects. Random
oversampling (ROS) and random undersampling (RUS) can be used to correct database
imbalance, aiming to improve the discriminatory capabilities of the resulting models. Ac-
cording to Chawla et al. [25] and Johnson and Khoshgoftaar [26], applying ROS increases
the training time due to the increased size of the training set and has also been shown
to cause overfitting. The Synthetic Minority Oversampling Technique (SMOTE), which
generates artificial minority samples by interpolating between existing minority samples
and their nearest neighbors, is generally used to balance these trade-offs and improve dis-
crimination [25]. Conversely, random undersampling (RUS) works by randomly removing
samples from the majority class to achieve a more balanced distribution of data, reducing
the overall data sample size.

ML has been applied to engineering for several purposes, such as control and systems
engineering, including equipment automation and the digital threats area [27,28]. In pave-
ment engineering, it is usually associated with predictive infrastructure maintenance [29,30]
and represents a small portion of the ML use within civil engineering. Although the strand
is being developed, ML for PCI prediction is still under development. Figure 1 illustrates
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the co-occurrence keywords results obtained from a Scopus database search conducted on
8 June 2024 using the Boolean expression: (‘PCI’ OR ‘pavement condition index’) AND
‘machine learning’.

Figure 1. Co-occurrence analysis of keywords related to machine learning and Pavement Condition
Index (PCI).

Existing research on ML applied to pavement management ranges from deep learning
applications and algorithm analysis to modeling and prediction. While a few studies
have explored ML to calculate the PCI, research specifically predicting airport pavement
conditions is scarce.

The single airport study [31] examined only two distress types (crack and utility
crack) using a dataset of 32 sample units from a single runway, applying a Convolutional
Neural Network (CNN) to image data. In contrast, several studies concerning road pave-
ments [32–34] have successfully applied various ML algorithms to predict the PCI. Using
alphanumeric and image data, these efforts (e.g., ANN [33,34], RF [32], and SVM [32]) relied
on explanatory variables like surface distress data [32–34], the International Roughness
Index (IRI) [32,33], Mean Profile Depth (MPD), and rut depth, resulting in consistently high
accuracy rates, ranging from 75% to 99%.

More recent studies on road pavements, such as those by Lin et al. [35] and Shaheen et al. [36],
point toward a clear trend: the utilization of boosting algorithms, including Extreme
Gradient Boosting (XGBoost), Gradient Boosting Decision Tree (GBDT), and Light Gradient
Boosting Machine (LightGBM), alongside an expanded set of explanatory variables. These
variables go beyond just pavement distress information or the IRI to include pavement
age and external factors potentially influencing the PCI, such as traffic load, climate, and
material properties. Critically, no studies were identified that comprehensively employed
all pavement distress types and severity levels to predict PCI classes in road or airport
environments. This lack of comprehensive research on PCI calculations based on ML
algorithms, particularly their application to airport pavements, represents a considerable
gap with high research potential.

2. Materials and Methods
This section presents the main steps of the proposed methodology for building sample

unit PCI prediction models using the alphanumeric data and supervised ML algorithms
that are available in WEKA 3.8.6 software [37]. Three types of PCI outcomes (the dependent
variable) were considered for the analysis: the numerical PCI (0–100), the categorical PCI,
divided into 3 classes (good, fair, and poor), and the categorical PCI, divided into 7 classes
(good, satisfactory, fair, poor, very poor, serious, and failed).
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The methodology aims to process data from pavement distress inspections carried out
on airport runways to obtain the PCI. The independent (explanatory) variables considered
were the density of the pavement surface affected by the 17 distresses considered in the
ASTM D5340-23 standard [8], by level of severity (low, medium, and high), as a percentage
of the sample unit area, totaling 51 (17 × 3) independent variables.

Figure 2 presents the flowchart of the decisions and processes involved in the analy-
sis. First, the distress data were organized alongside their corresponding PCI value and
categorical classification. Next, the database’s balance was checked to analyze any imbal-
ance issues potentially impacting model training. Assuming a balanced database, the LR,
DT, RF, SVM, and ANN algorithms were applied without any further data adjustment.
Each model was evaluated under three distinct training schemes: a simple training set,
10-fold cross-validation (CV10), and an 80/20 train–test split. If unbalanced, the ROS
(SMOTE) and RUS methods are considered to expand or reduce the database for over- or
under-weighted classes.

Figure 2. Flowchart of the methodology for analyzing pavement surface distress data using ML to
generate PCI sample unit prediction models [40].
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Yang et al. [38] demonstrate the success of ROS in improving the results for small
databases, while Hayaty et al. [39] highlight the potential of ROS to improve overall
accuracy. RUS, on the other hand, limits the original database for balancing purposes,
which can have a negative impact on already small databases.

The results were then evaluated by statistical analysis based on the correlation coeffi-
cient (CC), Kappa statistic, coefficient of determination (R2), mean absolute error (MAE),
root mean square error (RMSE), relative absolute error (RAE), and root relative square error
(RRSE) to assess overall efficiency and accuracy of the models. ROC area and confusion
matrix were also considered for categoric data performance evaluation. Table 2 shows the
criteria used to interpret the Kappa statistic correlation values, correlation coefficient, and
ROC area.

While a simple comparison of the evaluation metrics provides an initial indication of
the best-performing model, statistical confirmation is essential to validate its superiority.
This comparative assessment of machine learning models was conducted using the WEKA
Experimenter environment. Each model was rigorously evaluated through repeated k-fold
cross-validation to obtain reliable performance estimates. For regression problems, the CC
was used as the main evaluation metric, while the Kappa statistic was considered for classi-
fication problems. The Analyze module of WEKA was then utilized to compute the overall
rankings and perform statistical significance testing. In particular, the corrected paired
t-test (with the Nadeau and Bengio correction) was applied to account for dependencies
arising from resampling, ensuring a robust comparison of model performance.

Table 2. Criteria for interpreting correlation coefficient, Kappa statistic, and ROC values (adapted
from [41–43]).

Correlation Coefficient
Range Correlation

±0.00–0.10 Negligible
±0.10–0.39 Weak
±0.40–0.69 Moderate
±0.70–0.89 Strong
±0.90–1.00 Very strong

Kappa statistic
Range Correlation

<0 Worse than expected
0–0.20 None

0.21–0.39 Minimal
0.40–0.59 Weak
0.60–0.79 Moderate
0.80–0.90 Strong

>0.90 Almost perfect

ROC area
Range Model discriminative ability

0.50 No discriminative ability
0.51–0.70 Discrimination is weak
0.71–0.80 Discrimination is acceptable
0.81–0.90 Discrimination is good

>0.90 Discrimination is exceptional

Finally, the relevance of each independent variable for predicting the PCI for the
best-performing model was determined using distinct statistical measures tailored to the
output’s nature. For numerical output variables, ReliefFAttributeEval (in WEKA) was used
to determine the attribute’s relevance by estimating its local discriminative power (the
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ability to distinguish between nearest neighbors of different classes). For categorical output
variables, attributes were evaluated via Information Gain, using InfoGainAttributeEval
in WEKA.

3. Case Study
3.1. Data Description

The database considered consists of distress and derived PCI information from
261 flexible pavement sample units from three similar international airport runways
(two in Cape Verde and one in Peru) [14,44]. Density data related to the 17 surface pave-
ment distress types, each with three severity levels (low, medium, and high), reported in
ASTM D5340-12 [45], were considered to calculate the PCI of these sample units. Table 3
details the distresses present in the database, providing a count of entries for each distress
type and severity level. The subsequent Figures 3 and 4 illustrate the distribution of the
PCI when categorized into three and seven classes, respectively.

Figure 3. PCI distribution by 3 classes: Poor (0–55), Fair (56–70), and Good (71–100).

Figure 4. PCI distribution into 7 classes: Failed (0–10), Serious (11–25), Very Poor (26–40),
Poor (41–55), Fair (56–70), Satisfactory (71–85), and Good (86–100).
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Table 3. Distribution of distress entries by type and severity level in the database.

Distress and Severity Level No. of Entries Rank
Alligator Cracking (Low) 7 20

Alligator Cracking (Medium) 17 13
Alligator Cracking (High) 1 25

Depression (Low) 3 22
Depression (Medium) 8 17

Depression (High) 13 14
Jet-Blast Erosion (Low) 2 23

Join Reflection Cracking (Low) 117 2
Join Reflection Cracking (Medium) 104 3

Join Reflection Cracking (High) 1 25
Longitudinal and Transverse Cracking (Low) 138 1

Longitudinal and Transverse Cracking (Medium) 92 4
Longitudinal and Transverse Cracking (High) 8 17

Oil Spillage (Low) 1 25
Patching and Utility Cut Patching (Low) 12 15

Patching and Utility Cut Patching (Medium) 31 10
Patching and Utility Cut Patching (High) 81 5

Polished Aggregate (Low) 1 25
Raveling (Low) 19 12

Raveling (Medium) 46 9
Raveling (High) 59 7
Rutting (Low) 2 23

Rutting (Medium) 7 20
Swell (Low) 1 25

Swell (Medium) 8 17
Swell (High) 9 16

Weathering (Low) 20 11
Weathering (Medium) 54 8

Weathering (High) 71 6
Note: Shading identifies the top 15 distresses with the most entries in the database.

The analysis revealed that the most frequent distresses in the database are as follows:
Longitudinal and Transverse Cracking (Low and Medium), Joint Reflection Cracking (Low
and Medium), Patching and Utility Cut Patching (Low, Medium, and High), Weather-
ing (Low, Medium, and High), Raveling (Low, Medium, and High), Alligator Cracking
(Medium), and Depression (High). These highly represented distresses are common across
the existing literature on airport pavements.

However, as can be observed in Figures 1 and 2, the database exhibits a significant
imbalance, specifically regarding the PCI classes. The least represented classes are the ‘Fair’
class for the three-class PCI and the ‘Good’, ‘Fair’, and ‘Failed’ classes for the more granular
seven-class PCI.

To address this, the database must be expanded in the future to increase the total
number of entries and ensure the maximum number of distresses listed in the ASTM 5340
standard [8]. Furthermore, augmenting the database with more cases will critically improve
the representativeness of the PCI classes, especially for accurate seven-class classification.
Despite the observed database imbalance, the LR, SVM, RF, DT, and ANN algorithms were
initially applied to the original data. This step was taken to build baseline PCI prediction
models and to gain insight into the capacity of each model to address this imbalance across
the three tested output schemes (the numerical, three-, and seven-class PCI).
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3.2. Algorithms

Table 4 presents the ML testing procedure adopted. The results for the chosen ML
algorithms are compared to assess the ability of the ML algorithms to correctly predict
the PCI based on the three following training options: training set, cross-validation with
10-folds (CV10), and 80/20 train-test split, totaling 39 models. The hyperparameters
adopted in each model were set to the default values provided by the WEKA 3.8.6 software,
as shown in Tables 5 and 6.

Table 4. ML testing procedure.

ML Algorithm
Training
Options

PCI
Output Algorithm (WEKA)

Linear
Regression

(LR)

Training set
CV10

80/20 split
Numerical Linear regression

Decision Tree (DT)
Training set

CV10
80/20 split

Numerical
Categoric

M5P [46]
J48 [47]

Random Forest
(RF)

Training set
CV10

80/20 split

Numerical
Categoric Random Forest [48]

Artificial Neural
Network
(ANN)

Training set
CV10

80/20 split

Numerical
Categoric

Multilayer Perception
(MLP) [37]

Support Vector
Machine
(SVM)

Training set
CV10

80/20 split

Numerical
Categoric

SMOreg [49,50]
SMO [49,50]

Table 5. Hyperparameter configuration for the five ML models predicting numerical PCI (0–100).

WEKA Hyperparameters LR DT
(M5P) RF ANN

(MLP)
SVM

(SMOreg)

attributeSelectionMethod M5 - - - -
batchSize 100 100 - 100 100

debug False False False False False
doNotCheckCapabilities False False False False False

eliminateColinearAttributes True - - - -
minimal False - - - -

numDecimalPlaces 4 4 2 2 2
outputAdditionalStats False - - - -

ridge 1.0 × 10−8 - - - -
useQRDecomposition False - - - -
buildRegressionTree - False - - -
minNumInstances - 4.0 - - -

saveInstances - False - - -
unpruned - False - - -

useUnsmoothed - False - - -
bagSizePercent - - 100 - -

breakTiesRandomly - - False - -
calcOutOfBag - - False - -

computeAttributeImportance - - False - -
maxDeep - - 0 - -

numExecutionSlots - - 1 - -
numFeatures - - 0 - -

outputOutOfBagComplexity Statistics - - 0 - -
printClassifiers - - False - -

seed - - 1 0 -
storeOutOfBagPredictions - - False - -

GUI * - - - False -
autoBuild - - - True -

decay - - - Falce -
hiddenLayers - - - a ** -
learningRate - - - 0.3 -
momentun - - - 0.2 -

nominalToBinaryFilter - - - True -
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Table 5. Cont.

WEKA Hyperparameters LR DT
(M5P) RF ANN

(MLP)
SVM

(SMOreg)

normalizeAttributes - - - True -
normalizeNumericClass - - - True -

reset - - - True -
resume - - - False -

trainingTime - - - 500 epochs -
validationSetSize - - - 0 -

validationThreshold - - - 20 -
c *** - - - - 1.0

filterType - - - - Normalize training data
kernel - - - - PolyKernel -E 1.0 -C 250007

regOptimizer - - - - RegSMOImproved -T 0.001
-V -P 1.0 × 10−12 -L 0.001

* Graphical User Interface. ** The parameter ‘a’ (automatic) was used, which triggers WEKA’s default heuristic to
calculate the number of hidden neurons. This resulted in a single hidden layer with 26 nodes. *** The parameter
‘c’ is the regularization or cost parameter.

Table 6. Hyperparameter configuration for the four ML models predicting 3- and 7-class PCI.

WEKA Hyperparameters DT
(J48) RF ANN

(MLP)
SVM

(SMO)

batchSize 100 100 100 100
binarySplits False - - -
collapseTree True - - -

confidenceFactor 0.25 - - -
debug False False False -

doNotCheckCapabilities False False False -
doNotMakeSplitPointActualValue False - - -

minNumObj 2 - - -
numDecimalPlaces 2 2 2 2

numFolds 3 - - -
reducedErrorPruning False - - -

saveInstanceData False - - -
seed 1 1 0 -

subtreeRaising True - - -
unpruned False - - -
useLaplace False - - -

useMDLCorrection True - - -
bagSizePercent - 100 - -

breakTiesRandomly - False - -
calcOutOfBag - False - -

computeAttributeImportance - False - -
naxDepth - 0 - -

numExecutionSlots - 1 - -
numIterations - 100 - -

outputOutOfBagComplexity Statistics - False - -
printClassifiers - False - -

storeOutOfBagPredictions - False - -
GUI * - - False -

autoBuild - - True -
decay - - False -

hiddenLayers - - a ** -
learningRate - - 0.3 -
momentum - - 0.2 -

nominalToBinaryFilter - - True -
normalizeAttributes - - True -

normalizeNumericClass - - True -
reset - - True -

resume - - False -
trainingTime - - 500 epochs -

validationSetSize - - 0 -
validationThreshold - - 20 -

buildCalibrationModels - - - False
c *** - - - 1.0

calibrator - - - Logistic -R 1.0 × 10−8

-M −1 -num-decimal-places 4
checksTurnedOff - - - False

epsilon - - - 1.0 × 10−12

filterType - - - Normalize training data
kernel - - - PolyKernel -E 1.0 -C 250007

numFolds - - - −1
randomSeed - - - 1

toleranceParameter - - - 0.001

* Graphical User Interface. ** The parameter ‘a’ (automatic) was used, which triggers WEKA’s default heuristic to
calculate the number of hidden neurons. This resulted in a single hidden layer with 26 nodes. *** The parameter
‘c’ is the regularization or cost parameter.



Appl. Syst. Innov. 2025, 8, 162 12 of 23

3.3. Results and Discussion
3.3.1. Numerical PCI

Table 7 summarizes the best results obtained by each of the five algorithms considered
for the numerical PCI prediction. Subsequently, Table 8 provides a comparative statistical
assessment of these models, including the overall rankings and statistical significance
testing. Finally, Table 9 presents the Top 15 Relief Attribute Evaluation ranking for the
best-performing model (RF).

Table 7. Validation metrics of the best-performing models for each algorithm considering numerical
PCI (0–100).

Validation
Metric

Algorithms

LR DT RF ANN SVM

Training 80/20 split CV10 CV10 80/20 split 80/20 split

CC 0.88 0.91 0.93 0.88 0.88

R2 0.77 0.82 0.86 0.77 0.77

MAE 8.41 6.22 5.81 7.43 8.26

RMSE 11.48 9.22 8.73 11.39 11.38

RAE (%) 39.83 29.97 27.97 35.18 39.13

RRSE (%) 49.74 40.16 38.02 49.35 49.31

aPCI 58.79 58.58 58.58 58.77 58.77

pPCI 59.68 58.83 60.10 55.87 59.50

Error
(aPCI-pPCI) −1.00 −0.24 −1.51 2.90 −0.72

Note: aPCI means actual calculated PCI, and pPCI means predicted PCI. Shading identifies the best-performing models.

Table 8. Ranking and pairwise statistical comparation of regression models for numerical PCI
(correlation coefficient, p < 0.05).

Algorithm
Ranking

Ranking Analysis Comparation Analysis
>

(Wins)
<

(Losses)
CC

(Mean ± sd)
Comparison vs. RF

(Victories/Ties/Losses)
RF 2 0 0.93 ± 0.03 -

DT 0 0 0.90 ± 0.05
(0, 1, 0)

slightly worse,
significant difference

LR 0 0 0.80 ± 0.19 (0, 1, 0)
worse

ANN 0 1 0.85 ± 0.08 (0, 0, 1)
worse

SVM 0 1 0.80 ± 0.18 (0, 0, 1)
worse

Note: Shading identifies the top-ranked model.

Considering Table 7, for the best-performing models obtained for each tested algo-
rithm, the 80/20 train-test split and the 10-fold cross-validation approaches were considered
appropriate and reliable training options. The RF model achieved the best overall per-
formance, with the highest correlation coefficient (0.93) and coefficient of determination
(0.86), as well as the lowest prediction errors (MAE = 5.81 and RMSE = 8.73). The DT also
performed well, slightly below RF, showing comparable accuracy but higher error values.
LR, ANN, and SVM presented similar and less accurate results, with lower correlation
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values (0.88) and higher residual errors. The predicted PCI (pPCI) values obtained with RF
were the closest to the actual PCI (aPCI), confirming its superior predictive reliability. The
use of the ‘training set’ option was discarded, as it determines the same PCI values used
to train the algorithm, leading to overfitting and no observable difference between aPCI
and pPCI.

To confirm this result, an initial statistical comparation of the regression models was
performed using the corrected paired t-test based on the correlation coefficient as the
performance metric (Table 8). This preliminary ranking analysis confirmed the RF model
as the best-performing algorithm, showing statistically significant improvements over
two of the competing approaches, while the remaining models exhibited no significant
difference among themselves. Consequently, the RF model was selected as the baseline
for the subsequent detailed statistical evaluation. In this second analysis, conducted again
using the corrected paired t-test at the 0.05 confidence level, the RF achieved the highest
correlation coefficient (0.93 ± 0.03), outperforming all other algorithms with statistically
significant differences. The DT model obtained a slightly lower correlation (0.90 ± 0.05),
whereas LR, SVM, and ANN displayed lower correlations (0.88–0.85). Overall, the results
confirm the superior predictive accuracy and robustness of the RF approach for the database
under study.

Table 9. Top 15 Relief Attribute Evaluation ranking results for the RF model applied to the numerical
PCI (0–100) original database with 10-fold cross-validation (CV10).

Rank Attribute
(Independent Variable and Severity Level) Score

1 Raveling (Medium) 0.0756
2 Depression (High) 0.0513
3 Weathering (Medium) 0.0464
4 Rutting (High) 0.0409
5 Swell (High) 0.0398
6 Swell (Medium) 0.0333
7 Alligator Cracking (Medium) 0.0270
8 Raveling (High) 0.0262
9 Alligator Cracking (Low) 0.0236

10 Longitudinal and Transverse Cracking (High) 0.0226
11 Rutting (Medium) 0.0225
12 Weathering (Low) 0.0181
13 Patching and Utility Cut Patching (High) 0.0170
14 Raveling (Low) 0.0140
15 Depression (Medium) 0.0139

Finally, an analysis of the independent variables’ importance in a numerical PCI
prediction for the RF model is detailed in Table 9. These findings indicate that three of
the five most influential variables, namely Raveling (Medium), Depression (High), and
Weathering (Medium), are also among the top 15 variables with the most database entries.
However, the other two influential variables, Swell (High) and Rutting (High), have no
database records. This lack of data for key variables represents a significant constraint on
the model’s reliability, underscoring the necessity of including entries for them to properly
evaluate their true impact on the PCI.

3.3.2. Three- and Seven-Class PCI

Tables 10–16 summarize the best results obtained by each of the four algorithms con-
sidered for the three- and seven-class PCI predictions. They also provide a comparative
statistical assessment of these models, including the overall rankings and statistical signifi-
cance testing, and the Top 15 Information Gain ranking for the best-performing model (RF)
for the three-class PCI.
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Table 10. Validation metrics of the best-performing models for each algorithm considering 3-class
PCI (good, fair, and poor).

Validation Metric
Algorithms

LR DT RF ANN SVM

Training - CV10 CV10 CV10 CV10

Kappa statistic - 0.80 0.88 0.82 0.80

MAE - 0.09 0.10 0.07 0.26

RMSE - 0.24 0.21 0.23 0.33

RAE (%) - 24.65 25.58 19.56 67.58

RRSE (%) - 57.11 48.15 54.00 75.60

Error (%)
(Incorrectly classified) - 10.72 6.51 9.96 11.11

Note: Shading identifies the best-performing model.

Table 11. Detailed accuracy for 3-class PCI using RF with 10-fold cross-validation.

Confusion Matrix
Precision ROC Area Class

a b c

99 4 2 0.93 0.97 a
6 12 4 0.75 0.81 b
1 0 133 0.95 0.992 c
- - - 0.93 0.970 Avg.

Note: a = poor; b = fair; c = good; Avg. = average.

Table 12. Ranking and pairwise statistical comparation of regression models for 3-class PCI (Kappa
statistic, p < 0.05).

Algorithm
Ranking

Ranking Analysis Comparation Analysis
>

(Wins)
<

(Losses)
Kappa Statistic

(Mean ± sd)
Comparison vs. RF

(Victories/Ties/Losses)
RF 2 0 0.88 ± 0.09 -

ANN 0 0 0.82 ± 0.11
(0, 1, 0)

slightly worse,
significant difference

DT 0 1 0.83 ± 0.09 (0, 0, 1)
worse

SVM 0 1 0.80 ± 0.11 (0, 0, 1)
worse

Note: Shading identifies the top-ranked model.

Table 13. Top 15 Information Gain Attribute Evaluation ranking results for the RF model applied to
the 3-class PCI original database with 10-fold cross-validation (CV10).

Rank
Attribute

(Independent Variable and Severity Level) Score

1 Join Reflection Cracking (Low) 0.6776
2 Longitudinal and Transverse Cracking (Low) 0.6032
3 Join Reflection Cracking (Medium) 0.5469
4 Patching and Utility Cut Patching (High) 0.4993
5 Weathering (High) 0.3800
6 Longitudinal and Transverse Cracking (Medium) 0.3542
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Table 13. Cont.

Rank
Attribute

(Independent Variable and Severity Level) Score

7 Raveling (High) 0.3216
8 Patching and Utility Cut Patching (Medium) 0.1561
9 Weathering (Medium) 0.1492
10 Raveling (Medium) 0.1235
11 Alligator Cracking (Medium) 0.0905
12 Weathering (Low) 0.0520
13 Depression (High) 0.0520
14 Patching and Utility Cut Patching (Low) 0.0466
15 Swell (High) 0.0466

Table 14. Validation metrics of the best-performing models for each algorithm considering 7-class
PCI (good, satisfactory, fair, poor, very poor, serious, and failed).

Validation
Metric

Algorithms

LR DT RF ANN SVM

Training - CV10 CV10 CV10 CV10

Kappa statistic - 0.56 0.58 0.54 0.51

MAE - 0.09 0.10 0.10 0.21

RMSE - 0.2642 0.23 0.26 0.32

RAE (%) - 46.78 51.34 49.09 103.70

RRSE (%) - 82.53 72.83 80.52 98.85

Error (%)
(Incorrectly classified) - 30.65 29.11 32.56 33.33

Note: Shading identifies the best-performing model.

Table 15. Detailed accuracy for 7-class PCI using RF with 10-fold cross-validation (CV10).

Confusion Matrix
Prec. ROC Area Class

a b c d e f g

33 5 3 5 1 0 0 0.51 0.89 a
16 9 1 2 1 0 0 0.45 0.86 b
12 4 7 3 0 0 1 0.54 0.87 c
3 1 1 12 5 0 0 0.52 0.83 d
0 1 0 1 117 3 0 0.91 0.99 e
0 0 0 0 5 7 0 0.70 0.98 f
1 0 1 0 0 0 0 0.00 0.99 g
- - - - - - - 0.68 0.93 Avg.

Note: a = very poor; b = poor; c = serious; d = fair; e = satisfactory; f = good; g = failed; Avg. = average; Prec. = precision.

Considering Table 10, for the best-performing models obtained for each tested algo-
rithm, the 10-fold cross-validation approach was identified as a reliable and consistent
training option. Among the tested algorithms, the RF model achieved the best overall
performance, presenting the highest Kappa statistic (0.88) and the lowers error rate (6.51%),
confirming its superior classification capability. The DT and ANN models also yielded
competitive results, with Kappa values of 0.80 and 0.82, respectively, but slightly higher
misclassification rates. Conversely, the SVM displayed weaker performance, with a Kappa
value of 0.80 and the highest error rate (11.11%).
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Table 16. Ranking and pairwise statistical comparation of regression models for 7-class PCI (Kappa
statistic, p < 0.05).

Algorithm
Ranking

Ranking Analysis Comparation Analysis

>
(Wins)

<
(Losses)

Kappa Statistic
(Mean ± sd)

Comparison vs. RF
(Victories/Ties/Losses)

RF 1 0 0.59 ± 0.10 -

DT 0 0 0.53 ± 0.11
(0, 1, 0)

slightly worse,
significant difference

ANN 0 0 0.54 ± 0.10
(0, 1, 0)

slightly worse,
significant difference

SVM 0 1 0.52 ± 0.08 (0, 0, 1)
worse

Note: Shading identifies the top-ranked model.

The confusion matrix presented in Table 11 further supports the robustness of the
RF model. The RF achieved high precision across all three PCI classes (0.93, 0.75, and
0.95 for good, fair, and poor, respectively), with an overall average precision of 0.93 and a
ROC area of 0.97, indicating strong discrimination ability between classes and excellent
generalization performance.

To confirm these findings, a statistical comparation of the models was also performed
using the corrected paired t-test based on the Kappa statistic, as shown in Table 12. This
ranking analysis reaffirmed the RF as the top-performing algorithm, achieving the highest
mean Kappa statistic (0.88 ± 0.09). Compared with RF (first-ranked model), the ANN
model presented a slightly lower correlation (0.82 ± 0.11) with a statistically significant
difference, while DT (0.83 ± 0.09) and SVM (0.80 ± 0.11) also performed worse, though
without significant improvement over one of the other models. Overall, the results confirm
the superior predictive accuracy, consistency, and robustness of the Random Forest model
for the three-class PCI classification.

Table 13 presents the importance analysis of the independent variables used in the RF
model for three-class PCI prediction. The analysis reveals that all five of the most influential
variables, namely Joint Reflection Cracking (Low, Medium), Longitudinal and Transverse
Cracking (Low), Patching and Utility Cut Patching (High), and Weathering (High), are
among the top 15 variables with the highest number of database entries.

For the seven-class PCI prediction, the results proved to be inefficient and lacked the
robustness required for reliable replicability, particularly for the classes ‘poor’, ‘serious’, and
‘failed’. This weak performance can be attributed to the small size and highly unbalanced
distribution of the database across the seven PCI classes, which hindered effective model
calibration. To address this limitation, the SMOTE and RUS techniques were applied to
balance the database.

The application of the SMOTE technique generated additional synthetic cases for the
underrepresented classes, increasing the total number of cases from 261 to 739. In contrast,
RUS reduced the number of cases in the overrepresented classes, resulting in a smaller
database of 114 cases. Because SMOTE appends synthetic cases at the end of the database,
the Randomize function was subsequently applied to ensure an unbiased and randomized
distribution of instances.

Table 17 and Figure 5 present a comparison between the original PCI class distribution
and the balanced distributions obtained after applying SMOTE and RUS.
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Table 17. Number of cases by PCI class for the original and treated databases (over and under sampling).

PCI
Classes

No. of Sample Units

Original
Database Database After ROS (SMOTE) Database After RUS

Very Poor 47 94 20
Poor 29 116 20

Serious 27 108 20
Fair 22 88 20

Satisfactory 122 122 20
Good 12 96 12
Failed 2 115 2

Total cases 261 739 114

Figure 5. Comparison between the distribution of the original and treated databases (over and under sampling).

A clear impact can be seen on the distribution of cases in the database by PCI class,
with ROS (SMOTE) being the most efficient, as it was able to correct underweighted classes
by creating new cases based on the original 261 sample units. On the other hand, al-
though balanced, the reduction in cases by the RUS method can significantly impact the
model results, as not enough cases are considered for consistent seven-class PCI modeling.
Tables 18–21 present a comprehensive comparison of the best-performing models derived
from the original and treated databases. These tables include validation metrics, detailed ac-
curacy results for the best algorithm, the overall model rankings, and statistical significance
testing results.

Table 18. DT and RF model results for 7-class PCI considering original, RUS, and ROS (SMOTE)
databases, and 10-fold cross-validation (CV10).

Parameters
DT RF

Original RUS ROS
(SMOTE) Original RUS ROS (SMOTE)

Training CV10 CV10 CV10 CV10 CV10 CV10
Kappa statistic 0.56 0.46 0.80 0.58 0.55 0.91

MAE 0.09 0.13 0.05 0.10 0.15 0.05
RMSE 0.26 0.32 0.22 0.23 0.27 0.14

RAE (%) 46.78 56.86 19.61 51.34 62.23 22.55
RRSE (%) 82.53 94.03 62.63 72.83 78.60 39.64
Error (%)

(Incorrectly
Classified)

30.65 44.73 16.78 29.11 36.84 7.17

Note: Shading identifies the best-performing model.
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Table 19. ANN and SVM model results for 7-class PCI considering original, RUS, and ROS (SMOTE)
databases, and 10-fold cross-validation (10CV).

Parameters
ANN SVM

Original RUS
ROS

(SMOTE) Original RUS
ROS

(SMOTE)

Training CV10 CV10 CV10 CV10 CV10 CV10

Kappa statistic 0.54 0.48 0.83 0.51 0.39 0.71
MAE 0.10 0.14 0.05 0.21 0.22 0.21
RMSE 0.26 0.32 0.17 0.32 0.32 0.31

RAE (%) 49.09 57.16 20.72 103.70 90.79 85.61
RRSE (%) 80.52 92.68 50.29 98.85 93.13 88.52
Error (%)

(Incorrectly
Classified)

32.56 42.98 14.88 33.33 50.00 24.35

Table 20. Detailed accuracy for ROS (SMOTE) 7-class PCI using RF with 10-fold cross-validation (CV10).

Confusion Matrix
Prec. ROC

Area Class
a b c d e f g

78 8 3 4 1 0 0 0.84 0.98 a
9 103 0 3 1 0 0 0.88 0.99 b
4 3 100 1 0 0 0 0.95 0.99 c
2 2 1 80 3 0 0 0.90 0.99 d
0 1 0 1 115 5 0 0.96 0.99 e
0 0 0 0 0 96 0 0.95 1.00 f
0 0 1 0 0 0 104 1.00 1.00 g
- - - - - - - 0.93 0.99 Avg.

Note: a = very poor; b = poor; c = serious; d = fair; e = satisfactory; f = good; g = failed; Avg. = average; Prec. = Precision.

Table 21. Ranking and pairwise statistical comparation of regression models for ROS (SMOTE) 7-class
PCI (Kappa statistic, p < 0.05).

Algorithm
Ranking

Ranking Analysis Comparation Analysis

>
(Wins)

<
(Losses)

Kappa Statistic
(Mean ± sd)

Comparison vs. RF
(Victories/Ties/Losses)

RF 3 0 0.92 ± 0.03 -

DT 1 1 0.84 ± 0.05 (0, 0, 1)
worse

ANN 1 1 0.83 ± 0.05 (0, 0, 1)
worse

SVM 0 3 0.70 ± 0.05 (0, 0, 1)
worse

Note: Shading identifies the top-ranked model.

Table 22 summarizes the Top 15 Information Gain attribute ranking for the best-
performing seven-class PCI model, which utilizes the RF and ROS (SMOTE) techniques.

Considering Tables 18 and 19, the 10-fold cross-validation approach was adopted as a
reliable training option for the seven-class PCI prediction models across all four algorithms
and three databases (Original, RUS, and ROS).
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Table 22. Top 15 Information Gain Attribute evaluation ranking results for the RF model applied to
the 7-class PCI database with ROS (SMOTE) oversampling and 10-fold cross-validation (CV10).

Rank Attribute
(Independent Variable and Severity Level) Score

1 Raveling (High) 0.9552
2 Patching and Utility Cut Patching (High) 0.7793
3 Alligator Cracking (Medium) 0.7650
4 Rutting (High) 0.6651
5 Join Reflection Cracking (Low) 0.6624
6 Raveling (Medium) 0.6523
7 Swell (High) 0.6038
8 Jet-Blast Erosion (Low) 0.5986
9 Swell (Medium) 0.5969

10 Join Reflection Cracking (Medium) 0.5708
11 Weathering (High) 0.5112
12 Longitudinal and Transverse Cracking (Medium) 0.4897
13 Longitudinal and Transverse Cracking (Low) 0.4814
14 Weathering (Medium) 0.3445
15 Patching and Utility Cut Patching (Medium) 0.3333

Among the tested configurations, the RF model trained with ROS (SMOTE) achieved
the best overall performance. It presented the highest Kappa statistic (0.91) and the low-
est error rate (7.17%), clearly confirming its superior classification capability. The other
algorithms’ best-performing configurations were competitive but inferior. The superior
performance of ROS (SMOTE) across all models suggests that data balancing was crucial
for accurate seven-class prediction.

The confusion matrix presented in Table 20 further supports the robustness of the
best-performing model: RF with ROS (SMOTE). This model achieved high precision across
all seven PCI classes, with a minimum of 0.84 for class ‘a’ (very poor). With an overall
average precision of 0.93 and a ROC area of 0.99, the RF model demonstrates excellent
generalization and strong discrimination ability across all seven classes.

Table 21 presents the statistical comparison of the four algorithms using the Kappa
statistic. This ranking analysis reaffirms the RF model as the top performer, achieving
the highest mean Kappa statistic (0.92 ± 0.03). The RF model won all its statistical
comparisons against the other three algorithms (three wins, zero losses). Conversely,
the DT (0.84 ± 0.05), ANN (0.83 ± 0.05), and SVM (0.70 ± 0.05) models all performed worse
than the RF model.

Finally, Table 22 summarizes the Top 15 Information Gain attribute ranking for the
best-performing seven-class PCI model (RF with ROS (SMOTE)). The analysis highlights
the most crucial factors in differentiating the seven pavement classes. The top five most
influential variables are Raveling (High), Patching and Utility Cut Patching (High), Alli-
gator Cracking (Medium), Rutting (High), and Join Reflection Cracking (Low). Similarly,
in the numerical PCI analysis, the Rutting (High) distress was identified as important
despite having no database entries. This result requires a more thorough evaluation of the
variable’s true influence.

4. Conclusions
Airport pavement management is based on standard procedures and practices. Al-

though efficient, they can be time-consuming and costly. Newer technologies, namely
machine learning, have emerged from the 4.0 industry revolution and could significantly
contribute to the digitalization of civil engineering transport infrastructure processes,
thereby reducing overall costs and increasing operational efficiency.
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PCI prediction by ML was found to be accurate and showed a good degree of replica-
bility. Based on the analyses performed, the following order was considered from worst- to
best-performing algorithms: Linear Regression, Support Vector Machine, Artificial Neural
Network, Decision Tree, and Random Forest. Considering the 39 models built and the
models obtained by applying the ROS (SMOTE) and RUS methods to the original database,
the following points can be considered:

• The ‘training set’ option on the chosen software is not recommended as it reveals overfit-
ting tendencies due to the output calculation being based on the same trained database.

• Random Forest with 10-fold cross-validation was the most efficient and reliable algo-
rithm for both numeric and categorical PCI, with Kappa statistic values between
0.88 and 0.93, error <7.17%, and a ROC area >0.93. Statistical comparison and
ranking analysis consistently identified the RF model as the best-performing algo-
rithm. This was evidenced by the highest mean correlation coefficient (0.93) for
the numerical PCI, and superior Kappa statistics for both the three-class (0.88) and
seven-class (0.92) classifications.

• The success of ROS (SMOTE) in the seven-class PCI prediction was marked by a
significant increase in the Kappa statistical value (from 0.58 to 0.91). Conversely,
RUS proved unsuccessful, likely due to the resulting reduction of an already limited
database. However, the limited number of initial instances in certain classes (e.g.,
‘failed’, ‘good’, and ‘fair’) might have constrained the SMOTE technique’s effectiveness
in generating meaningful synthetic cases.

• The database must contain sufficient information in both quantity and distress variety,
as insufficient data will negatively impact the model’s overall performance. However,
database imbalance can also significantly impact the training of ML algorithms, even
when the total number of cases is adequate.

• The analysis of the independent variables’ influence showed that, consistently across
the best-performing models, Joint Reflection Cracking, Raveling, Weathering, and
Patching and Utility Cut Patching were the most critical distresses for PCI prediction
within the tested database. These results are consistent with the findings presented in
the literature (e.g., [10,31,51]).

• Despite the limitations imposed by a relatively small database size, limited geographi-
cal scope, and airport size, the demonstrated benefits and time savings of using ML
algorithms for PCI prediction are promising. These findings underscore the need
to organize larger and more diverse databases. Once such complete databases are
achieved, the utilization of ML approaches will be especially valuable for resource-
limited airports or management entities. By allowing the incorporation of AI-based
approaches with low computational demands, this strategy significantly enhances effi-
ciency and improves decision-making in airport pavement maintenance management,
particularly for crucial assets like runways.

Based on the promising results of the ML-based approach proposed in this study, a
concerted, global effort to create a collaborative open-access database for airport pavement
information is recommended. The structure and management of this resource should mirror
the successful model of the Long-Term Pavement Performance (LTPP) database for road
pavements [52] to ensure data standardization and long-term utility. Implementing this
universal database is the essential next step to rapidly advance research and maintenance
efficiency within the airport pavement management community.

In conclusion, the prediction of the PCI value from pavement distress data using ML
provides a crucial advantage by overcoming the limitations of conventional manual calcu-
lation. The traditional approach is highly labor-intensive and vulnerable to inconsistencies
arising from human interpretation. Consequently, integrating ML into airport pavement
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management systems represents a strategic opportunity to optimize pavement evalua-
tion, maintenance, and performance, ultimately ensuring longer pavement life and greater
user safety.

Future research will focus on three main developments: exploring the use of larger
databases to improve model performance; investigating the possibility of building models
that are not constrained by all pavement distresses or severity levels defined by the ASTM
D5340 standard [8] (by identifying the most contributing attributes); and applying advanced
boosting-based machine learning algorithms such as Gradient Boosting Machine (GBM),
CatBoost, and XGBoost to develop and optimize predictive models.
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