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Durable and secure roadway networks underpin sustainable mobility systems and
urban growth. In recent years, Artificial Intelligence models have increasingly been
employed to estimate the structural condition of roads and pavements. Such
approaches enable agencies to organise maintenance schedules more effectively
and to channel resources based on evidence-driven priorities. When combined
with continuous sensor streams and traffic information, these systems support
anticipatory and financially efficient road management, thereby strengthening
decision reliability. This investigation develops machine learning frameworks to
evaluate pavement structural condition. Variables including asphalt temperature
and pavement layer depth are incorporated to forecast overall pavement
performance. The resulting model offers a cost-efficient, unobtrusive technique for
assessing current pavement status and anticipating emerging defects, which
subsequently aids maintenance planning and resource distribution. Linking this
modelling approach with wider smart city and smart mobility platforms facilitates
real time surveillance of pavement behaviour, enhances road safety, and reinforces
transport networks that favour long-term sustainability. The study compares long
short-term memory techniques with alternative machine learning methods. The
outcomes reveal that the long short-term memory model demonstrates superior
behaviour during both training and validation, showing high predictive precision
and stronger generalisation when applied to unseen datasets. Consequently, it is
identified as the most suitable predictor for the data employed in this research. The
results indicate that transport authorities can utilise Artificial Intelligence-based
structural health monitoring systems for continuous pavement evaluation. These
agencies are also encouraged to integrate sensor outputs and traffic information
within unified data environments. Furthermore, policy measures that advance
predictive maintenance practices are essential, as they contribute to extended
pavement longevity, reduced expenditure, and improved public safety.
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1. Introduction

Structural health monitoring and predictive pavement analysis play a central role in ensuring the
safety, longevity, and functional efficiency of road networks, which underpin contemporary
transport systems [17]. The structural health monitoring components contribute across the early
planning and design stages of road development, as well as during construction, mobility planning,
transport modelling, and subsequent maintenance operations [39]. Conventional techniques for
evaluating pavement condition are often limited by high operational costs, logistical constraints,
and the risk of traffic interruption, which collectively weaken their suitability for wide-area
infrastructure management [44]. An increasing number of machine learning approaches have been
introduced to overcome these limitations and address the identified research gaps [3; 8; 9; 36; 37].

These models commonly incorporate influential variables such as asphalt surface temperature
and pavement layer depth, including asphalt, base, and subbase components, each of which shapes
the structural response and functional behaviour of the pavement system [41]. The predictive
strengths of machine learning are utilised to establish proactive and efficient maintenance planning,
thereby improving resource distribution and contributing to the enhancement of road safety [47].
Incorporating structural health monitoring within broader smart city and smart mobility frameworks
is presented as a strategy for urban infrastructure governance that is both adaptive and data driven
[33]. Smart mobility, which aims to optimise the movement of people and goods through advanced
technological solutions, benefits substantially from precise, real-time assessment of pavement
conditions.

The proposed smart structural health monitoring concept is positioned to reinforce intelligent
transport systems, as immediate pavement evaluations support smarter traffic control, route
optimisation, and adaptive maintenance planning [28]. This methodology ensures that the road
network evolves in line with the broader objectives of smart mobility, fostering transport systems
that are safe, sustainable, and operationally efficient. The smart structural health monitoring
framework is therefore regarded as fundamental to improved pavement management and is
established as a core component within smart city and smart mobility agendas [2]. It offers a
scalable and environmentally responsible approach to infrastructure stewardship, promoting urban
environments that are both resilient and responsive to the needs of current and future populations.

2. Literature Review

Before the introduction of artificial intelligence, structural health monitoring depended heavily
on conventional techniques such as manual inspections and direct testing procedures [26]. These
processes involved checking structures for visible forms of deterioration, including cracking and
corrosion. Static and dynamic load tests were conducted to observe how structures responded to
applied forces [23]. Stress variations were recorded using strain gauges, while hidden internal
defects were identified through acoustic emission and ultrasonic examinations [59]. Monitoring
changes in vibration patterns was a frequent approach for detecting shifts in structural stiffness,
whereas radiographic methods using X rays and gamma rays supported internal diagnostic
assessments [53]. Ground penetrating radar was employed to understand the condition of
underlying layers Bernard and Yakovenko [12], and infrared thermography located surface
irregularities by capturing temperature contrasts [51]. Pavement systems were further evaluated
using falling weight deflectometers, which replicated traffic-induced pressures [34]. Although these
techniques offered valuable insights, they lacked robust predictive ability. Subsurface or early-stage
defects were often overlooked, and many procedures required extensive operational interruptions,
making monitoring both inefficient and complex.

Artificial intelligence, including machine learning and deep learning, has altered the structural
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health monitoring landscape because it enables the rapid and continuous interpretation of
extensive datasets in real time [42]. Traditional approaches are constrained by labour-intensive
inspections, costly tools, and limited analytical capacity, which means that early deterioration is
frequently missed or structural conditions are assessed only intermittently [24]. Artificial
intelligence enhances monitoring by continually analysing data from sensors, imagery, and historical
records, enabling precise and forward-looking evaluations of infrastructure conditions. Machine
learning offers predictions of future degradation and maintenance requirements, while deep
learning detects fine-scale damage features in drone imagery or sensor streams that conventional
techniques typically fail to identify [21]. These systems progressively improve with additional data,
which reduces the dependence on manual inspections, lowers maintenance expenditures, and
contributes to longer service life. In pavement asset management, artificial intelligence is
particularly advantageous because it permits non-intrusive, real-time monitoring of traffic effects,
environmental variations, and material fatigue without stopping vehicular movement. Predicting
maintenance needs ahead of time supports timely interventions, increases road safety, and
strengthens the lifespan of transport networks. Such developments help cities advance towards
smarter mobility systems and foster sustainable patterns of urban development [49].

A range of studies illustrates these benefits. For instance, research in Alnaqgbi et al. [6] applied
machine learning algorithms such as decision trees, random forests, and support vector machines to
forecast the degradation of flexible pavements using historical performance information, traffic
data, and climate-related variables. These models demonstrated that deterioration trends could be
identified early, enabling engineers to plan rehabilitation measures and extend pavement service
life. Another investigation employed artificial neural networks to estimate the remaining lifespan of
asphalt pavements [57]. Drawing on pavement survey data, core samples, and environmental
conditions, the model offered reliable indicators of maintenance needs and supported the
optimisation of repair schedules. Support vector machines have also been used to forecast the
performance and residual life of rigid pavements [6]. Additional studies, for example Ali et al. [5],
integrated pavement condition index data, traffic loads, and material properties, resulting in
dependable performance predictions and more effective prioritization of maintenance tasks.

A separate real time monitoring framework analyzed information from accelerometers and
deflection sensors placed within the pavement structure [60]. This system captured the pavement’s
response to weather and vehicle loads, enabling earlier identification of structural issues and
lowering disruption to traffic. Deep learning approaches, particularly convolutional neural networks,
have been used to process ground penetrating radar data for pavement evaluation [14]. These
methods successfully detected subsurface anomalies such as voids and cracking, which improved
forecasting of pavement deterioration and informed maintenance planning. Large-scale big data
platforms combined with artificial intelligence have also been developed to produce predictive
pavement maintenance systems. These platforms utilize extensive datasets including traffic
patterns, weather histories, and performance records [52], improving deterioration projections and
enabling timely and efficient allocation of maintenance resources.

Several European countries have incorporated Al-based pavement management systems to
forecast pavement deterioration and refine maintenance strategies [35]. These systems integrate
sensor outputs, traffic-related loading, meteorological conditions, and historical pavement records,
which enhance the ranking of repair needs, decrease unexpected disruptions, and contribute to
long-term infrastructure renewal. As a result, more sustainable and resilient road networks are
supported. These applications demonstrate that Al is reshaping SHM for pavements because
performance forecasting and RSL estimation are significantly improved. In addition, ML, DL, and
large-scale data analytics deliver continuous monitoring, early-stage fault detection, and optimized
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maintenance scheduling, all of which extend network life, reduce operational expenditure, and
reinforce sustainable transport systems [38]. Although Al shows considerable capability in
forecasting pavement condition and RSL, a number of research limitations remain [50]. Many
existing models struggle with generalization, as they are calibrated for specific climatic, geographic,
or operational contexts and cannot be reliably transferred to other settings. Predictive accuracy is
also weakened by incomplete integration of relevant data sources such as detailed traffic profiles,
extended weather histories, and environmental records. Furthermore, advanced Al techniques
including DL and reinforcement learning are not yet fully utilized. Another constraint involves the
limited representation of uncertainty. Pavement degradation is driven by unpredictable variations
such as shifts in traffic load intensity or rapid weather fluctuations. These elements are often
ignored in existing Al models, which highlights the need for uncertainty quantification and
probabilistic modelling to strengthen predictive robustness [15].

Current Al systems also act largely as black boxes, offering limited insight into how predictions
are generated. This introduces challenges for transparency and reduces confidence among
engineers and decision-makers. The lack of strong linkage between Al-driven SHM and PMS further
restricts the practical use of predictions for direct maintenance planning. Hybrid modelling
approaches, continuous learning frameworks, and improved data acquisition strategies have been
recommended to address these shortcomings. Such improvements would enhance proactive
maintenance planning and support longer-lasting road infrastructure. Recent progress in Al, ML,
and DL has notably advanced pavement condition assessment. DL, particularly through CNNs,
demonstrates high accuracy in identifying cracking and other damage forms [20]. Tools that
incorporate geotagged imagery and geospatial mapping provide spatial context by highlighting the
exact locations of defects, enabling quicker and more precise repair interventions [10]. Collectively,
these technologies are guiding pavement SHM towards faster, more intelligent, and more
dependable systems.

ML continues to transform performance tracking and damage detection by processing large-
scale datasets in real time, surpassing manual methods in both efficiency and reliability [18]. Several
developing technologies also have the potential to address existing SHM challenges. The integration
of Al with big data analytics is anticipated to enhance pavement monitoring by converting extensive
sensor streams into practical maintenance insights [13]. GANs are being explored to generate
synthetic datasets for training ML models, helping to reduce issues related to limited real-world
data, which is a common barrier in SHM applications [54]. The integration of Al and loT further
expands real-time monitoring capabilities by using inputs from sensors such as accelerometers and
GPS devices to detect irregularities and assess pavement conditions with heightened accuracy [19].
Nevertheless, the practical feasibility of these technologies depends on their operational cost, data
collection frequency, and implementation complexity, all of which require careful evaluation to
ensure long-term sustainability [56].

Despite major advancements, several modelling challenges persist. The black box characteristics
of Al methods continue to impede interpretability, responsibility, and user confidence. Ongoing
research on model transparency and explain ability seeks to mitigate these issues [58].
Environmental and operational variability also remains a substantial concern because Al models
may vyield inconsistent outcomes under changing conditions such as variable weather patterns,
temperature fluctuations, or traffic volume shifts. There is a need for resilient models capable of
adapting to such dynamic inputs to maintain reliable SHM performance [48]. A multidisciplinary
strategy that integrates technological progress with practical implementation considerations is
essential to enable Al-driven SHM systems to reach their full potential in supporting efficient and
sustainable pavement maintenance.
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Fig.1: Taxonomy of ML Applications for Pavement Modelling

ML is increasingly recognised as a central component in forecasting the RSL of pavement
structures, and its incorporation into PMS enhances the accuracy and operational efficiency of
maintenance planning by offering analytical insights that exceed the capabilities of conventional
assessment techniques [56]. Regression-based approaches have shown reliability in estimating
asphalt friction performance Garcia-Segura et al. [25], while more sophisticated ML methods such
as Random Forests provide significant gains in predicting roughness progression, rutting behaviour,
and fatigue-related cracking [61]. SVM and ANN models also demonstrate strong predictive
capability, with ANN frequently producing superior estimations for roughness-related parameters
[4].

Within DL, models including YOLOV5 and U-Net achieve notable precision for crack identification
and segmentation tasks [27]. Time-series analyses benefit from architectures such as RNN and
LSTM, with hybrid configurations like LSTM—-FCNN consistently outperforming conventional
modelling strategies [43]. Integrated systems such as SOS-LSSVR further advance predictive
performance by coupling optimisation procedures with regression-based techniques [45]. These Al-
enabled methods contribute to more efficient asset management by refining maintenance
scheduling, prolonging pavement lifespan, and lowering overall repair expenditures [46]. Linking Al
with continuous, real-time data acquisition further accelerates condition assessment and supports
earlier, more targeted remedial actions [19]. Nonetheless, several constraints remain, particularly
concerning labour-intensive data annotation and the limited capacity of models to adapt reliably
across varied climatic, structural, and operational settings [49]. Continued research is required to
embed Al throughout the entire pavement management cycle, extending from system design to
long-term maintenance, to ensure broader adoption and deliver sustainable improvements in road
infrastructure performance.

As shown in Figure 2, DL approaches play a central role in advancing pavement performance
forecasting. Architectures such as RNN and LSTM demonstrate strong capability in analyzing time-
series datasets to anticipate changes in pavement condition, while CNN models effectively detect
and classify pavement distress patterns [22]. These methods improve the precision of deterioration
and modulus prediction, contributing to more dependable estimates of pavement reliability and
overall service life [1]. Ensemble learning offers further gains by integrating multiple modelling
strategies. Techniques such as RFR and GBM have proven effective in forecasting deterioration
trends and addressing diverse mechanisms of pavement degradation [11]. Deep ensemble
frameworks that merge neural networks with tree-based algorithms enhance predictive quality for
indicators including surface roughness and cracking [30]. Such approaches support the formulation
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of targeted maintenance actions and strengthen the optimisation of pavement management
programmes. Despite these benefits, notable challenges remain, including restricted data
availability and the inherent complexity involved in linking different model types. Approaches such
as data augmentation and hybrid methods that combine regression-based modelling with physically
informed representations can help mitigate these issues. Accordingly, the proposed framework
emphasises robust modelling principles to generate accurate, actionable, and efficient predictions
of pavement life, thereby reinforcing sustainable maintenance practices and long-term
infrastructure resilience.
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Fig.2: Taxonomy of DL Applications in Pavement Modelling

3. Materials and Methods

3.1 Data Description

In this study, data were compiled to estimate the RSL of pavement sections, defined as the
number of years remaining before the pavement falls below an acceptable performance threshold.
RSL serves as the dependent variable and is derived from surface deflection measurements
collected using the FWD. The FWD generates a dynamic load that replicates traffic effects, and the
resulting deflection profiles are processed through back-calculation procedures to evaluate the
structural capacity of the pavement. The key inputs for determining RSL include the thickness of the
AC layer, the thickness of the BS layer, and the asphalt surface temperature. Measurements of AC
and BS thicknesses are obtained using GPR, a non-destructive technique capable of identifying
subsurface layering characteristics. Asphalt surface temperature is recorded directly during field
inspections, thereby incorporating environmental influences into the RSL estimation process. This
data set forms the basis for developing models capable of estimating RSL without reliance on costly
instruments such as the FWD and GPR, providing a more economical assessment option for regions
with constrained resources. Model validation uses data obtained from detailed field investigations,
including both HWD and GPR measurements, ensuring that the predictive output remains reliable
and robust. The resulting model delivers a cost-efficient and non-intrusive SHM approach, drawing
on ML to interpret complex interactions among input variables and the associated pavement
response behaviour.

3.2 Modelling
In this study, modelling was performed to predict SHM of pavements. AC surface temperature,
AC thickness, and BS thickness were treated as independent variables, while RSL served as the
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dependent variable. Seven established ML techniques formed the core of the comparative analysis:
Stochastic Gradient Descent (SGD), Extreme Gradient Boosting (XGboost), standalone ANN, ANN
coupled with particle swarm optimizer (PSO), ANN integrated with grey wolf optimizer (GWO),
AdaBoost, and LSTM. The modelling was executed using Python 3.6.5 with TensorFlow, Scikit-learn,
and XGBoost libraries on a Win10 64-bit system (32 GB RAM, Intel i7-9750H), as well as MATLAB
2018 on the same hardware configuration. A 75:25 split was applied to divide the dataset into
training and testing subsets, ensuring sufficient learning capacity while maintaining unbiased
evaluation. Hyperparameters were optimised via a guided trial-and-error approach, using
performance metrics including MAE, RMSE, and R? to determine the most effective configurations.
In this study, model selection was guided by both literature-based reasoning and practical
experience. Basic algorithms such as SGD and ANN served as benchmarks, whereas more advanced
approaches, including XGBoost, AdaBoost, and hybrid ANN models augmented with PSO and GWO,
were employed due to their capacity to capture complex non-linear patterns and enhance
predictive accuracy. LSTM was incorporated for its ability to process sequential data, which is
critical for analysing pavement performance over time. All modelling was conducted in Python and
MATLAB on high-performance systems to ensure efficient computation. The dataset underwent
careful preparation, including normalisation, treatment of missing values, and selection of the most
informative features.

3.2.1 Stochastic Gradient Descent (SGD)

SGD functions as an optimisation algorithm and is also classified as an ML technique [7]. It
determines the optimal learning pathway for ML models by randomly selecting a single data point
in each iteration. This approach facilitates the computation of loss gradients with respect to model
parameters. In this study, the optimal configuration was identified through a trial-and-error
procedure. The resulting model employed an epsilon-intensive loss function of 0.31, elastic net
regularisation with a mixing ratio of 0.15, and a learning rate of 0.15, which was determined to
provide the best performance.

3.2.2 Extreme Gradient Boosting (XGBoost)

XGBoost is an ensemble-based ML technique that constructs a robust predictive framework by
combining multiple decision trees [16]. The process begins with an initial estimate, typically the
mean of the target variable, and iteratively refines predictions by training successive models on the
residuals of prior iterations. This approach allows XGBoost to emphasise previously misclassified
instances and mitigate bias, thereby enhancing overall predictive accuracy. In this study,
hyperparameters were fine-tuned using a trial-and-error approach, with the number of trees set to
25, the learning rate to 0.3, and the regularisation parameter lambda to 0.8, achieving optimal
prediction performance.

3.2.3 Atrtificial Neural Network (ANN)

ANN is an ML technique inspired by the structure of the human nervous system [4]. It is
designed to emulate human learning and information processing. The network is composed of
interconnected nodes, or “neurons,” organized in layers. Typically, an ANN contains three types of
layers: an input layer, which receives data from the environment; one or more hidden layers, which
process information through weighted connections and activation functions; and an output layer,
which produces the final predictions. In this study, the ANN architecture was determined via a trial-
and-error approach, resulting in a configuration of 3-18-4-1 with a RelLU activation function and SGD
solver, which provided the most accurate predictions.
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3.2.4 ANN Integrated with Particle Swarm Optimizer (PSO)

In this stage, the previously designed ANN architecture was combined with PSO to optimise
weights and biases more effectively. This approach enhances the training process by dynamically
adjusting the network parameters. PSO is a population-based optimisation algorithm in which each
particle represents a candidate solution and updates its position in the search space by considering
both its individual experience and that of neighbouring particles. This mechanism directly influences
ANN performance. In this trial-and-error procedure, the existing network architecture was retrained
using PSO with 150 particles and a maximum of 680 iterations, yielding the optimised configuration.

3.2.5 ANN Integrated with Grey Wolf Optimizer (GWO)

In this phase, the ANN developed in the previous step was integrated with GWO to enhance the
optimisation of weights and biases. The use of a supplementary optimiser during ANN training
improves parameter tuning, resulting in more accurate predictions. GWO is a swarm intelligence
algorithm that emulates the social hunting behaviour of grey wolves, relying on hierarchical
leadership and cooperative strategies to navigate the solution space [31]. The parameters for this
method were selected through a trial-and-error process, using 100 wolves and 510 iterations to
achieve the optimised configuration.

3.2.6 Adaptive Boosting (Adaboost)

AdaBoost is an ensemble learning ML technique that combines multiple weak classifiers to
generate a robust predictive model [55]. Initially, the algorithm assigns equal weights to all training
samples, which are then adjusted iteratively after each model is trained. This procedure continues
until the predetermined number of classifiers is reached. The final prediction is derived as a
weighted sum of all weak learners, with models demonstrating higher accuracy contributing more
significantly to the output. In this study, the AdaBoost configuration was determined using a trial-
and-error approach.

3.2.7 Long Short-Term Memory (LSTM)

LSTM is a specialised form of RNN and a subset of DL. This architecture regulates the flow of
information to retain relevant patterns across long sequences while discarding irrelevant data
during training [29]. The network configuration was established through a trial-and-error approach.
The optimised LSTM model consisted of two hidden layers, each containing 50 nodes, with a
learning rate set at 0.0008.

3.2.8 Evaluating the Models

In this study, two commonly applied evaluation metrics, RMSE and CC, were utilised (Eg. 1 and
2). RMSE quantifies the deviation between observed and predicted values, serving as an error-based
performance indicator.

1% ~
RMSE = NZ@Q - )2 (1)
i=1
Correlation Coef ficient
_ Cov(x,%) (2)
- 0y 0%

Here, N represents the total number of samples, x; the observed values, and X; the predicted
values [32; 40].
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4. Results

4.1 Statistical Specifications of Dataset

In this step, the relationships among variables are outlined. Table 1 summarizes the statistical
characteristics of the variables, including mean, sample size, standard deviation, median, minimum,
maximum, variance, and skewness.

Table 1
The Statistical Specifications of Variables
Inl1 In2 In3 Out

Mean 27.6180 170.8413 270.7913 18.0521
N 576 576 576 576
Std. Deviation 4.06419 35.25535 106.38773 15.15706
Median 27.7178 166.0000 282.0000 12.0000
Minimum 19.00 0.00 0.00 0.00
Maximum 35.90 280.00 467.00 40.00
Variance 16.518 1242.940 11318.349 229.736
Skewness -.017 .394 -.062 .463

Table 2 presents the ANOVA results for the variables. The analysis indicates that the influence of
the input variables on the output variable is significant at the 5% level, confirming that the
modelling process can be conducted reliably.

Table 2
ANOVA Results
Sum of Squares df Mean Square F Sig.
In1* Between Groups (Combined) 860.61 39 22 1.38 .046
Out Within Groups 8772.044 8572.04 536 16
Total 9497.656 575
In2 * Between Groups (Combined) 70273.5 39 1802 1.49 .029
Out Within Groups 644416.757 644416.75 536 1202
Total 714690.257 575
In3 * Between Groups (Combined) 563803.97 39 14457 1.35 .048
Out Within Groups 5971966.579 5719696.7 563 10671
Total 6508050.557 575

4.2 Modelling Results

This step comprises two phases: training and testing. Table 3 summarizes the network training
outcomes. The LSTM model emerged as the best performer, exhibiting the lowest RMSE (2.45) and
the highest CC (0.98), indicating very high predictive accuracy and strong alignment with observed
data. The ANN-GWO model also demonstrated strong performance, with an RMSE of 2.82 and a CC
of 0.97, approximately 15% less accurate than LSTM. Following these, the ANN-PSO and ANN
models achieved RMSE values of 2.96 and 3.46, with corresponding CCs of 0.96 and 0.94. In
contrast, XGBoost, despite a reasonable CC of 0.88, showed a higher RMSE (17.04), reflecting lower
predictive precision. SGD exhibited the poorest performance, with an RMSE of 6.92 and a CC of
0.73, rendering it unsuitable for this task. Based on these training results, LSTM and ANN-GWO are
recommended for high-accuracy prediction, although the outcomes of the testing phase must also
be considered to make a final determination.
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Table 3

Training Results of the Developed Models

Model Architecture RMSE CcC

SGD Loss function of the epsilon intensive type of 0.31, elastic net regulation with 6.92 0.73
mixing of 0.15 and learning rate optimization of 0.15

XGboost Number of trees 25, learning rate 0.3, and lambda 0.8 17.04 0.88

ANN-PSO 3-18-4-1 integrated with PSO by number of particles 150 and maximum iterations 2.96 0.96
680

ANN 3-18-4-1 with activation function, ReLu and SGD solver 3.46 0.94

ANN-GWO 3-18-4-1 integrated with GWO by number of wolves 100 and number of iterations2.82 0.97
510

AdaBoost Number of estimators 12, Learning rate 0.3, loss function of square 5.34 0.88

LSTM Two hidden layers, the number of nodes in each hidden layer was 50, and the 2.45 0.98

learning rate was set to 0.0008

Table 4 presents the testing results. Comparing these outcomes with the training phase, the
LSTM model demonstrated the highest performance in both phases, with an RMSE of 3.01 and a CC
of 0.92, reflecting strong predictive accuracy and robust generalisation to unseen data. A reduction
in accuracy is observed during testing compared to training, with the LSTM model showing an
approximate 20% decrease in performance. The ANN-GWO model also performed well, achieving
an RMSE of 3.55 and a CC of 0.89, although its performance declined by around 40% relative to the
training phase. Other models experienced decreases exceeding 40%, indicating lower reliability.
Notably, SGD and XGBoost exhibited comparatively poor results in the test phase, suggesting
potential overfitting. These findings highlight the high confidence and generalisation capability of
the LSTM model, which is therefore recommended as the optimal choice for this analysis.

Table 4

Testing Results of the Developed Models

Model Architecture RMSE CC

SGD Loss function of the epsilon intensive type of 0.31, elastic net regulation with mixing of 0.15 9.47 0.53
and learning rate optimization of 0.15

XGboost Number of trees 25, learning rate 0.3, and lambda 0.8 20.16 0.62

ANN-PSO  3-18-4-1 integrated with PSO by number of particles 150 and maximum iterations 680 3.75 0.85

ANN 3-18-4-1 with activation function, ReLu and SGD solver 4,92 0.81

ANN-GWO 3-18-4-1 integrated with GWO by number of wolves 100 and number of iterations 510 3.55 0.89

AdaBoost Number of estimators 12, Learning rate 0.3, loss function of square 14.44 0.72

LSTM Two hidden layers, the number of nodes in each hidden layer was 50, and the learning rate  3.01 0.92

was set to 0.0008

Figure 3 presents the plot diagrams of the developed models during the testing phase. As
shown, the regression lines for SGD, XGBoost, and AdaBoost deviate substantially from the one-to-
one line, indicating that the predicted outputs do not align well with the actual values, and thus
their predictions are unreliable. In contrast, models based on ANN and DL exhibit regression lines
closely aligned with the one-to-one line, demonstrating high correspondence and confirming the
reliability of their results. The scatter plot illustrates the relationship between predicted and target
values for the LSTM model. Each point represents a predicted value plotted against its
corresponding observed target. The solid line denotes the ideal 1:1 relationship, where predictions
perfectly match observations, while the dotted line represents the regression fit of predicted versus
actual values. The high coefficient of determination (R? = 0.8566) indicates that the model explains a
substantial proportion of the variance in the target values, reflecting strong predictive performance,
although some deviations reveal occasional under- or over-predictions.
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Fig.3: The Plot Diagram of the Testing Phase. a) Stochastic Gradient Descent, b) Gradient Boosting, c) ANN-
PSO, d) ANN, e) ANN-GWO, f) AdaBoost, and g) LSTM

Figure 4 presents the relative squared error for each model during the testing phase. As
indicated, XGBoost exhibits the highest negative relative error, whereas LSTM achieves the lowest
positive relative error. In this context, a desirable error is minimal and positive. Negative errors
suggest an inverse relationship between predicted and actual values, which is inconsistent with the
objectives of this study. Moreover, analysis of MAE across the models shows that LSTM exhibits the
lowest error, indicating the highest predictive accuracy and reliability. ANN-based models, including
ANN-GWO and ANN-PSO, also demonstrate relatively low errors. In contrast, Gradient Boosting and
SGD performed poorly, suggesting their limited suitability for pavement condition prediction tasks.

LSTM

AdaBoost

ANN-GWO

ANN

Models

ANN-PSO
Gradient Boosting

Stochastic Gradient Descent

-5 0 5 10 15

Mean absolute error

Fig.4: Square Relative Error of Testing Phase

5. Discussion

The results of this study demonstrate the superior performance of LSTM in predicting pavement
SHM. With an RMSE of 3.01 and a CC of 0.92, LSTM outperformed all other evaluated models,
showing both high predictive accuracy and strong generalisation to unseen data. Visual analyses in
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Figures 3 and 4 further support their ability to capture complex temporal dependencies within the
dataset. The sequential architecture of LSTM is particularly suited to time-dependent data, which is
critical in infrastructure monitoring where pavement conditions evolve over time. Among ANN-
based models, the ANN-GWO hybrid displayed notable performance, achieving an RMSE of 3.55 and
a CC of 0.89, indicating that optimisation-enhanced neural networks can deliver effective
predictions. However, the gap between ANN-GWO and LSTM highlights the limitations of
conventional ANN models in representing long-term dependencies and nonlinear degradation
processes. These findings align with previous studies reporting that DL methods surpass traditional
models in time-series forecasting and SHM applications.

Other models, including ANN-PSO and standard ANN, showed moderate performance, whereas
XGBoost and SGD were less effective. XGBoost, although robust for structured data, lacks the
capacity to model temporal patterns, while SGD’s relatively poor performance is attributable to
sensitivity to data distribution and limited capability to capture nonlinear relationships without
extensive tuning or feature engineering. Collectively, these results indicate that model selection
should not rely solely on predictive accuracy; generalisation to real-world conditions and accurate
representation of underlying system behaviour are equally important. LSTM addresses both
aspects, making it a strong candidate for practical pavement monitoring. By learning historical
patterns and predicting future deterioration, LSTM facilitates proactive maintenance and long-term
infrastructure planning. These findings corroborate recent research advocating DL in transportation
asset management and point toward future research directions, including the development of
ensemble and hybrid learning techniques, integration of pavement and traffic datasets into unified
models, and the application of explainable Al to enhance interpretability. Incorporating advanced
models like LSTM into operational monitoring systems enables transportation agencies to advance
toward more efficient and sustainable infrastructure management.

6. Conclusion

This study examines the reliability of DL for modelling SHM of pavements, using asphalt
temperature and pavement thickness to predict current conditions and future deterioration. Model
performance was validated with field measurements from HWD and GPR, confirming both accuracy
and robustness. Among the models evaluated, LSTM demonstrated the highest performance,
followed by ANN-GWO. Other methods, including ANN-PSO, ANN, XGBoost, and SGD, exhibited
lower reliability and are considered less suitable for this application. High-performing models can be
integrated with smart city and loT frameworks to enable real-time, cost-effective, and non-intrusive
pavement monitoring. Such integration enhances road safety, reduces maintenance expenditures,
and extends pavement service life. Transportation agencies are encouraged to adopt Al-based
monitoring systems and consolidate sensors, traffic, and environmental data to support informed
decision-making. Policy measures are required to promote predictive maintenance strategies,
optimising budgets while improving public safety and sustainability. Future research should explore
additional models, incorporate larger and more diverse datasets, and validate model performance
across different regions. Further investigations should focus on explainable Al, hybrid, ensemble,
and transferring learning approaches. Moreover, combining traffic prediction with pavement
monitoring through spatiotemporal modelling can facilitate unified systems for urban mobility and
infrastructure management, supporting resilient and sustainable cities.
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