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Abstract

The longevity of continuously reinforced concrete pavement (CRCP) depends on the
accurate prediction of longitudinal cracking. In this work, longitudinal cracking is
predicted using machine learning algorithms, and data from the long-term pavement
performance (LTPP) database. Multiple models, such as support vector machines (SVM),
ensemble trees, Gaussian process regression (GPR], linear regression, regression trees,
artificial neural networks (ANN), and kernel approaches, are compared. The Random
Forest approach is used in statistical studies and feature relevance evaluation to identify
temperature and annual average daily truck traffic (AADTT) as important predictors.
R-squared and root mean squared error (RMSE] metrics are used to assess the models.
Regression trees and ensemble approaches also perform competitively, but the GPR
model with a squared exponential kernel performs better than the others, obtaining

the best R-squared value (0.78) and the lowest RMSE (11.84). The study illustrates the
shortcomings of traditional regression models and the benefits of sophisticated machine
learning methods for identifying intricate nonlinear correlations. Sensitivity analysis
demonstrates that pavement age, traffic loads, and environmental factors—specifically,
temperature and precipitation—have a considerable impact on longitudinal cracking.
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Introduction

Continuously reinforced concrete pavement (CRCP) is a widely used pavement type in transportation
infrastructure due to its exceptional durability and longevity (Benmokrane, et al., 2020). Unlike traditional

concrete pavements, CRCP employs continuous reinforcement, eliminating the need for expansion joints

(Roesler, et al., 2011). This unique feature, achieved by reinforcing the concrete with a continuous grid of

steel bars, provides exceptional resistance to cracking and faulting (Bansal, 2019).

CRCP exhibits remarkable durability due to the absence of expansion joints, which are the primary cause
of pavement deterioration (Abadin, et al., 2023). By eliminating these joints, CRCP effectively mitigates

the infiltration of moisture and incompressible materials, significantly reducing the occurrence of spalling,
cracking, and faulting. This innovative design results in a pavement that can endure heavy traffic loads and
adverse weather conditions for an extended period (Kohler and Roesler, 2006).

CRCP also offers superior load transfer efficiency compared to jointed concrete pavements (Benmokrane

et al., 2020). The continuous reinforcement ensures that loads are effectively distributed across the entire

pavement structure, preventing localized stress concentrations and minimizing the risk of structural failure

(Roesler, et al., 2011). This exceptional load transfer capability contributes to the pavement’s ability to

withstand heavy axle loads and maintain its integrity under demanding traffic conditions (Abadin, et al.
2023).

Furthermore, CRCP exhibits reduced maintenance requirements due to its inherent durability (Bansal,

2019). The absence of expansion joints eliminates the need for routine maintenance tasks associated with

these joints, such as sealing and crack filling (Kohler and Roesler, 2006). This design characteristic reduces
the occurrence of joint-related distresses, which are common in other types of pavements. Additionally, the
continuous reinforcement in CRCP helps distribute stresses more evenly, thereby reducing the likelihood
of major cracking and structural failures. As a result, CRCP offers significant life cycle cost savings by

minimizing maintenance expenses and extending the pavement’s service life (Roesler, et al., 2011). This

extended service life and reduced maintenance requirement translate to less frequent road closures and

repairs, enhancing overall road user satisfaction and safety.

The condition of pavements is of paramount importance for ensuring the safety, efficiency, and smooth
flow of transportation (Chakroborty and Das, 2017). Healthy and well-maintained pavements provide
numerous benefits, including improved ride quality, reduced vehicle operating costs, and enhanced safety
for road users (Khahro, et al., 2021). Conversely, distressed pavements can lead to a myriad of problems that

negatively impact transportation and the economy (Love and Ika, 2021).

Longitudinal cracking, a common form of pavement distress, significantly impacts pavement
performance and safety (Adlinge and Gupta, 2013). These cracks, running parallel to the direction of traffic,
cause multiple issues that deteriorate the pavement’s integrity. Primarily, they allow water to infiltrate
the pavement structure, weakening the foundation and accelerating deterioration. This infiltration can
lead to further cracking, potholes, and other structural problems, compromising the overall durability
and functionality of the pavement. Additionally, longitudinal cracks can pose safety hazards to vehicles
by creating uneven surfaces and potentially causing loss of control. Thus, understanding and mitigating

longitudinal cracking are crucial for maintaining pavement performance and ensuring road safety.

Also, longitudinal cracks can create uneven surfaces and reduce skid resistance, making them hazardous

for vehicles, especially motorcycles and bicycles. The presence of cracks can also increase noise levels
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generated by traffic, causing disturbances to nearby communities. Furthermore, longitudinal cracks can

contribute to tire wear and increase vehicle maintenance costs for motorists.

The economic implications of pavement distress are significant (Love and Ika, 2021). Poor pavement

conditions can lead to increased vehicle operating costs due to higher fuel consumption, tire wear, and
suspension damage. Additionally, pavement repairs and replacements are costly, diverting valuable resources

that could be used for other transportation improvements.

Predicting longitudinal cracking in CRCP using traditional methods presents several challenges (Liu,
et al., 2023). These methods, often based on empirical relationships and statistical models, have limitations

in capturing the complex mechanisms that contribute to cracking.

Predicting longitudinal cracking in CRCP using traditional methods presents several challenges (Liu,

et al., 2023). These methods, often relying on empirical relationships and statistical models, face limitations
in accurately capturing the complex mechanisms contributing to cracking. For instance, empirical

models developed for jointed plain concrete pavements (JPCP), such as the one by Xiao and Wu (2018),
incorporate variables like slab geometry, traffic loading, and base support. However, these models, with an
R-squared value of 0.47, assume linear relationships and may not capture the nonlinear behaviors exhibited
by pavement materials under varying environmental and loading conditions (Xiao and Wu, 2018). This

highlights the novelty of our manuscript, which leverages advanced machine learning techniques to better

model these complex interactions and improve predictive accuracy.

One of the primary challenges lies in the variability of pavement materials and construction practices

(Bansal, 2019). The properties of concrete, steel reinforcement, and subgrade conditions can vary

significantly, affecting the pavement’s response to traffic loads and environmental factors. Traditional
methods may not adequately account for these variations, leading to inaccurate predictions.

Another challenge is the difficulty in quantifying the effects of traffic loading on CRCP (Benmokrane
et al., 2020). Traffic loads, particularly heavy axle loads, play a significant role in initiating and propagating

longitudinal cracks. However, traditional methods often rely on simplified traffic loading models that do not

capture the dynamic interactions between vehicles and the pavement structure.

Furthermore, current practices in pavement management often lack the necessary data and tools for

accurate longitudinal cracking prediction (Peraka and Biligiri, 2020). Pavement condition data collection

and analysis are typically limited to visual inspections and basic distress surveys. These methods may not
provide sufficient information to identify the root causes of cracking or to develop effective maintenance

strategies.

To address these challenges, researchers are exploring advanced modeling techniques and data-driven

approaches for longitudinal cracking prediction (Xie, et al., 2020). These methods, such as finite element
modeling and machine learning algorithms, offer the potential to better capture the complex interactions
between pavement materials, traffic loading, and environmental factors. By leveraging these advancements,
pavement engineers can develop more accurate and reliable prediction models, leading to improved

pavement management and maintenance strategies.

Machine learning stands as a transformative approach revolutionizing the field of predicting pavement
distress, as highlighted by several studies on the subject (Nash, et al., 2018; Huang, 2023; Guan, et al., 2023).

Unlike traditional methods, which often rely on predetermined rules and equations, machine learning

empowers systems to learn and adapt from data, offering a dynamic and efficient way to forecast pavement
conditions. These studies emphasize the pivotal role of machine learning in enhancing the accuracy and

efficiency of pavement distress prediction models.

One remarkable aspect of machine learning in the context of predicting pavement distress is its ability

to leverage vast datasets, exemplified by the wealth of information available in the Long-Term Pavement

Performance (LTPP) database (Elkins and Ostrom, 2021). This extensive repository encompasses a
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comprehensive range of variables, including traffic loads, environmental conditions, and material properties,
providing a rich tapestry of information for machine learning algorithms to analyze. The application of
machine learning techniques to pavement distress prediction has been widely acknowledged, with studies

demonstrating the effectiveness of leveraging large datasets such as those within the LT'PP database (Martin

and Choummanivong, 2016).

'The volume and diversity of data within the LT'PP database enable machine learning models to discern
nuanced patterns that might elude traditional analytical approaches. Utilizing big data enhances prediction
accuracy, offering a nuanced understanding of pavement deterioration factors. This sentiment is echoed in
the work of Wang, et al. (2017), where machine learning-based pavement performance prediction using

LTPP data is explored, underscoring the significance of leveraging extensive datasets.

Machine learning transforms a deterministic process into a dynamic data-driven one, unlocking potential
within large datasets like those in the LT'PP database. This improves prediction accuracy and provides
deeper comprehension of interactions shaping pavement conditions. Integrating machine learning into

pavement management systems promises to optimize maintenance and ensure road network longevity.

The LTPP database, highlighted by various studies, serves as a comprehensive resource in pavement
engineering (Selezneva, et al., 2022). Developed by the Federal Highway Administration (FHWA), it
archives data from experimental pavement sections across North America (Chang, et al., 2016), covering

diverse climatic zones, materials, and construction practices. This extensive collection provides researchers
with rich insights into pavement performance.
In our study, the LT'PP database’s extensive and longitudinal nature is crucial, as emphasized by reports

on the LTPP program’s history and overview (Corley-Lay and Mastin, 2009). The database encompasses

traffic loads, environmental conditions, material properties, and construction practices, allowing for robust
analysis of pavement behavior over time.

Our study draws inspiration from foundational works, such as the guide for mechanistic-empirical design
of new and rehabilitated pavement structures (Lali, 2023). The LTPP database helps refine and validate

predictive models, identifying critical factors influencing pavement durability and resilience. This extensive

temporal perspective enhances accuracy and applicability in real-world scenarios, improving transportation
infrastructure sustainability and performance.

A noticeable research gap exists in applying machine learning to predict longitudinal cracking in CRCP
(Mokhtari, 2015; Shtayat, 2022). While many studies explore machine learning in pavement distress

prediction, few address the unique challenges of CRCP. This gap highlights the need for tailored models
and methodologies, as emphasized in the LTPP Program’s comprehensive analysis (Uddin, 2015).

'The motivation behind our study stems from recognizing a significant research gap in predicting

longitudinal cracking in CRCP, which necessitates a comprehensive approach (Kim, et al., 2019; Won,
2011). Longitudinal cracking in CRCP poses unique challenges influenced by factors such as steel

reinforcement, construction practices, and environmental conditions, as highlighted in CRCP performance

analyses (Sudoi, 2008). These complexities demand a specialized machine learning approach for accurate

and effective prediction.

Our motivation is twofold: first, to enhance understanding of the factors influencing longitudinal
cracking in CRCP through machine learning, leveraging insights from the LTPP Program’s analysis (Uddin,
2015); and second, to develop a predictive model that improves distress prediction accuracy, facilitating
more informed and proactive maintenance strategies. By addressing this research gap, our study aims to
substantially contribute to pavement engineering, offering practitioners and researchers a valuable tool
for optimizing CRCP maintenance practices and ensuring the sustainability of this crucial transportation

infrastructure component.
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Research objectives

"The main objective of this research is to analyze various machine learning methods for predicting
longitudinal cracking in CRCP using UTPP data. The specific objectives are as follows:

1. Data exploration: Provide an overview of the LI'PP dataset’s structure and variables relevant to
longitudinal cracking.

2. Statistical analysis: Analyze the distribution and variability of variables associated with longitudinal
cracking.

3. Feature importance: Identify key features affecting longitudinal cracking using statistical methods.

4. Model development: Develop predictive models using Linear Regression, decision tree, support
vector machine (SVM), ensemble tree, Gaussian process regression (GPR), artificial neural networks
(ANN), and kernel methods.

5. Model evaluation: Assess model performance using metrics like mean squared error (MSE) and
R-squared.

6. Model comparison: Compare models’ performance using root mean squared error (RMSE) and
R-squared to identify the most effective approach for predicting longitudinal cracking.

7. Sensitivity analysis: Perform a sensitivity analysis on the best-performing model to understand the
impact of individual variables on longitudinal cracking.

8. Practical implications: Provide practical recommendations based on the findings, emphasizing how

the results can be applied in pavement maintenance and management strategies.

Methodology

'The research study adhered to a systematic methodology delineated across various stages, as depicted in
Figure 1. Initially, data retrieval involved extracting asphalt pavement control sections from both cold and
warm climate zones, resulting in the selection of 33 sections that represented diverse climatic conditions.
Subsequently, the raw data underwent thorough processing, integration, and cleaning to ensure their
suitability for exploration, visualization, and modeling. In this study, longitudinal cracking in CRCP served
as the primary pavement performance indicator, acting as the principal dependent variable for analysis.

The research aimed to investigate the relationship between longitudinal cracking in CRCP and all other
independent variables (features) to discern any notable patterns. Cutting-edge machine learning models
were then employed to develop highly effective prediction models for longitudinal cracking in CRCP.
Recognizing the uncertainty surrounding the optimal machine learning technique for modeling longitudinal
cracking in CRCP, the study advocated the use of multiple techniques. Consequently, six state-of-the-art
machine learning techniques were selected, namely, regression tree, support vector machine, ensembles,
Gaussian process regression, artificial neural network, and kernel. Further details on these six techniques will
be elucidated below.

It is important to note that the data preprocessing, filtering, visualization, and modeling stages were
carried out using a combination of Microsoft Excel©, Microsoft Access©, Minitab, and MATLAB®©. More

details of the methodology part are mentioned in the subsections below:

STATISTICAL ANALYSIS

In the initial stage of our methodology, we commence with a comprehensive descriptive statistical analysis
aimed at shedding light on the key characteristics of the dataset. This involves calculating essential statistical
measures such as mean, median, mode, standard deviation, and range for relevant variables. The presentation

of summary statistics will offer a nuanced understanding of the central tendency and dispersion within the
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Figure 1.  Methodology framework.

dataset. Additionally, graphical representations, including box plots, will be utilized to assess the distribution
of the data visually.

A histogram of the output variable will be constructed, specifically focusing on longitudinal cracking.
'This histogram serves as a visual tool to illuminate the frequency distribution of the output variable,
providing insights into the underlying distribution pattern. The shape of the histogram will be scrutinized to

extract valuable information about the distribution characteristics.

Next, we applied conventional regression modeling using Minitab software to derive an equation
representing the relationship between predictor variables and longitudinal cracking. This process involved
conducting a regression analysis to calculate the coeflicients for each predictor variable. To assess the

significance of the regression model, an analysis of variance (ANOVA) was performed.

'The subsequent step in our methodology involves the validation of the conventional regression model
and its underlying assumptions. Normality, linearity, and homoscedasticity of residuals will be assessed, and
diagnostic plots will be utilized for validation. Any necessary adjustments or transformations required to

meet the model assumptions will be discussed in this section, ensuring the reliability of subsequent analyses.

CORRELATION MATRIX AND FEATURE IMPORTANCE ASSESSMENT

In the initial phase of our methodology tailored for the study on longitudinal cracking, we initiate the
computation of a correlation matrix to explore the relationships among input features. The dataset is
imported, and using MATLAB, we calculate the correlation matrix by analyzing the relationships between
the first 16 variables. Subsequently, for enhanced interpretability, we generate a heatmap visualization. This
heatmap serves as a graphical representation of the correlation matrix, offering insights into the strength

and directionality of the relationships among the input features.

Continuing with our methodology, we extend our approach to the assessment of feature importance
utilizing the Random Forest algorithm. Using Random Forest, previously hidden and subtle linkages in
the dataset were revealed, allowing for the development of a more precise and resilient predictive model for
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“longitudinal Cracking (m).” This method is extremely useful in pavement engineering and management
because it provides critical insights into how different design aspects affect pavement longitudinal, which is

necessary for informed decision-making and optimum maintenance methods.

We performed data preparation prior to using the Random Forest feature importance approach to ensure
the dataset’s integrity and suitability for analysis. This procedure included cleansing the data, addressing any

missing values, and confirming the presence of the critical input features and the target variable.

A Random Forest regression model was created to assess the impact of various design elements on

fatigue cracking. Here is a rundown of the stages involved in building this model:

1. Data splitting: The dataset was divided into two parts: the first contained 40 design-related features
of the pavement (X), while the second included the target variable, longitudinal cracking, which is
critical for assessing pavement performance.

2. Ensemble learning: In this study, an ensemble of 100 decision trees was utilized, which characterizes
the Random Forest technique. Employing a substantial number of trees bolsters the model’s
resilience and its predictive precision.

3. Regression task: Considering the predictive nature of the task, the Random Forest model was
tailored for regression, targeting the prediction of continuous values, specifically the levels of
longitudinal cracking.

4. Out-of-bag (OOB) estimation: The Random Forest model’s prediction accuracy was tested using
the Out-of-Bag approach, which employed a dataset subset that was not used during the training of

each tree to estimate the model’s performance.

'The core element of this process involves determining feature importance scores. These scores signify the
individual contributions of each input factor toward the model’s capability to predict levels of longitudinal
cracking (Elbaz, et al., 2020; Naeem, et al., 2023). The algorithm computes feature importance through the

following steps:

1. Out-of-Bag data: While training the model, each decision tree is trained on a bootstrap sample of
the data, leaving aside a subset known as the Out-of-Bag data.

2. Prediction with OOB data: The OOB data are utilized for predictions by each individual decision
tree, and the variation between these predictions and the genuine target values (longitudinal cracking
levels) is measured to estimate the prediction error.

3. Importance calculation: The Random Forest algorithm calculates the decrease in prediction error
upon including each input feature in the model. Features that notably reduce the error are regarded

as more significant.

MACHINE LEARNING MODELS

In the machine learning model development phase tailored for predicting longitudinal cracking in CRCP,
our objective is to employ diverse algorithms to ensure a comprehensive approach. Six distinct models, each
with unique strengths, will be implemented and evaluated rigorously. The selected models for this study
encompass linear regression, regression decision tree, SVM, ensemble tree (Bagged and Boosted), GPR,
ANN, and kernel methods. Table 1 summarizes the advantages and disadvantages of each model and how
they are utilized in the study.

To initiate the process, the dataset, consisting of pertinent features and the target variable (longitudinal

cracking in CRCP), undergoes meticulous preparation for model training. Subsequently, we embark on

the development of a linear regression model, serving as a baseline for predictive performance. The dataset
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longitudinal cracking in CRCP

Linear regression

Regression decision
tree

SVM

Ensemble trees

GPR

ANN

Kernel methods

Simplicity, ease

of interpretation,

efficient for large
datasets

Handles nonlinear
relationships, easy to
interpret

Effective in high-
dimensional spaces,
robust to overfitting

High accuracy,
reduces overfitting by
combining models

Provides uncertainty
measures,
captures nonlinear
relationships

Captures intricate
patterns, high
flexibility

Handles nonlinear
data by transforming
to higher dimensions

Assumes linearity,
sensitive to outliers

Prone to overfitting,
less stable with data
changes

Computationally
intensive, sensitive
to kernel and
parameters

Computationally
intensive, less
interpretable

Computationally
expensive, lacks
scalability

Requires large
datasets, extensive
computational
resources, prone to
overfitting

Computationally

intensive, sensitive to

parameter selection

Advantages, disadvantages, and usage of machine learning models in predicting

Baseline model for
comparison

Capturing nonlinear
patterns

Handling complex
relationships

Enhanced predictive

performance using

Bagged and Boosted
trees

Modeling complex
nonlinear functions,
probabilistic
predictions

Modeling complex
patterns and
interactions

Enhancing SVM
with different kernel
functions

is split into training and testing sets, and a 10-fold cross-validation method is employed to ensure robust

evaluation.

Moving forward, a regression decision tree is implemented to capture nonlinear relationships within the
data. The decision tree is trained using the training set, and its performance is assessed through the 10-fold

cross-validation framework.

The SVM’s predictive capability is then harnessed, focusing on handling complex relationships within
the dataset. Normalization of input features precedes the training of the SVIM model, and its effectiveness is
rigorously evaluated using the 10-fold cross-validation approach.

Ensemble tree models, namely, Bagged and Boosted, are introduced to exploit the benefits of ensemble
methods for enhanced predictive accuracy. The Random Forest (Bagged) and Gradient Boosting (Boosted)

models undergo training and evaluation within the 10-fold cross-validation setup.
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patterns within the data. Input feature normalization precedes the training of the GPR model, and its

performance is rigorously evaluated through the 10-fold cross-validation methodology.

ANN and kernel methods are subsequently introduced, leveraging the capabilities of deep learning and
kernelized algorithms. The input features are normalized, and an ANN model is designed and trained for
regression. An SVM with a kernel, such as the radial basis function (RBF) kernel, is implemented. Both
models are subjected to thorough evaluation using the 10-fold cross-validation technique.

Table 2 presents the specific configurations of the machine learning models utilized in our study,
outlining the hyperparameters adjusted to optimize each model’s performance. The hyperparameters for
each model were selected based on a combination of empirical evidence, literature review, and preliminary
testing to ensure optimal model performance. These settings reflect our commitment to leveraging the
strengths of each model to accurately predict fatigue cracking, taking into account the complexities of the

dataset.
Table 2. Hyperparameter settings for machine learning models
Model type | Specifications Hyperparameters
Linear Linear Terms: Linear; Robust option: Off
regression
Robust linear Terms: Linear; Robust option: On
Regression Fine Minimum leaf size: 4; Surrogate decision splits: Off
tree
Medium Minimum leaf size: 12; Surrogate decision splits: Off
Coarse Minimum leaf size: 36; Surrogate decision splits: Off
Support Linear SVM Kernel function: Linear; Kernel scale: Automatic; Box
vector constraint: Automatic; Epsilon: Auto; Standardize data: Yes
machine
Quadratic Kernel function: Quadratic; Kernel scale: Automatic; Box
SVM constraint: Automatic; Epsilon: Auto; Standardize data: Yes
Cubic SVM Kernel function: Cubic; Kernel scale: Automatic; Box constraint:

Automatic; Epsilon: Auto; Standardize data: Yes

Fine Kernel function: Gaussian; Kernel scale: 1.1; Box constraint:
Gaussian Automatic; Epsilon: Auto; Standardize data: Yes
Medium Kernel function: Gaussian; Kernel scale: 4.5; Box constraint:
Gaussian Automatic; Epsilon: Auto; Standardize data: Yes

Coarse Kernel function: Gaussian; Kernel scale: 18; Box constraint:
Gaussian Automatic; Epsilon: Auto; Standardize data: Yes

Ensemble Boosted trees Minimum leaf size: 8; Number of learners: 30; Learning rate:
trees 0.1

Bagged trees Minimum leaf size: 8; Number of learners: 30
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Model type Hyperparameters

Gaussian Squared
process exponential
regression GPR
Matern
5/2 GPR

Exponential
GPR

Rational
quadratic
GPR

Artificial Narrow
neural neural
network network

Medium
neural
network

Wide neural
network

Bilayered
neural
network

Trilayered
neural
network

Kernel SVM kernel

Least
squares
regression
kernel

Basis function: Constant; Kernel function: Squared exponential;
Use isotropic kernel: Yes; Kernel scale: Automatic; Signal
standard deviation: Automatic; Sigma: Automatic; Standardize
data: Yes; Optimize numeric parameters: Yes

Basis function: Constant; Kernel function: Matern 5/2; Use
isotropic kernel: Yes; Kernel scale: Automatic; Signal standard
deviation: Automatic; Sigma: Automatic; Standardize data: Yes;

Optimize numeric parameters: Yes

Basis function: Constant; Kernel function: Exponential; Use
isotropic kernel: Yes; Kernel scale: Automatic; Signal standard
deviation: Automatic; Sigma: Automatic; Standardize data: Yes;

Optimize numeric parameters: Yes

Basis function: Constant; Kernel function: Rational quadratic;
Use isotropic kernel: Yes; Kernel scale: Automatic; Signal
standard deviation: Automatic; Sigma: Automatic; Standardize
data: Yes; Optimize numeric parameters: Yes

Number of fully connected layers: 1; First layer size: 10;
Activation: ReLU; Iteration limit: 1,000; Regularization strength
(Lambda): 0; Standardize data: Yes

Number of fully connected layers: 1; First layer size: 25;
Activation: ReLU; Iteration limit: 1,000; Regularization strength
(Lambda): 0; Standardize data: Yes

Number of fully connected layers: 1; First layer size: 100;
Activation: RelLU; Iteration limit: 1,000; Regularization strength
(Lambda): 0; Standardize data: Yes

Number of fully connected layers: 2; First layer size: 10;
Second layer size: 10; Activation: ReLU; Iteration limit: 1,000;
Regularization strength (Lambda): 0; Standardize data: Yes

Number of fully connected layers: 3; First layer size: 10; Second
layer size: 10; Third layer size: 10; Activation: ReLU; Iteration
limit: 1,000; Regularization strength (Lambda): 0; Standardize

data: Yes

Learner: SVM; Number of expansion dimensions: Auto;
Regularization strength (Lambda): Auto; Kernel scale: Auto;
Epsilon: Auto; Iteration limit: 1,000

Learner: Least squares kernel; Number of expansion
dimensions: Auto; Regularization strength (Lambda): Auto;
Kernel scale: Auto; Iteration limit: 1,000
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'The final stage involves a comprehensive model comparison, considering relevant metrics such as mean
squared error, R-squared, and others. The diverse characteristics of each model, including interpretability,
computational efficiency, and predictive accuracy, are taken into account to inform the selection of the most

effective approach.

Through this meticulous and systematic methodology, we thoroughly explore various machine learning
approaches, providing valuable insights into their effectiveness for predicting longitudinal cracking in
CRCP:The use of 10-fold cross-validation enhances the reliability and robustness of our model evaluations.

Data description, preprocessing, preliminary analysis, and
visualization

The data employed for the study originated from the LTPP database, established in 1987 with the

primary goal of exploring effective pavement construction methods under diverse conditions (Martin and
Choummanivong, 2016). This comprehensive database incorporates information from over 600 pavement
sections, including archival data from more than 1,900 pavement sections, and is managed by the Federal
Highway Administration. Researchers and professionals in pavement engineering can access this valuable

repository at https://infopave.thwa.dot.gov/ to support their analyses and studies.

This research study selected 33 CRCP sections from the LTPP database based on specific filtering
criteria. First, we selected sections that had not received any maintenance or rehabilitation to ensure that
the data reflected the true performance of the original pavement. Second, we focused exclusively on CRCP
sections. These filters resulted in the selection of 33 sections.

These 33 sections encompass a variety of conditions relevant to CRCP performance, including different
climatic regions (both cold and warm) and varying environmental conditions (with and without freezing).
The data selection process yielded a total of 395 individual records that met these stringent criteria.

The extracted data types encompass structure, climate, traffic, and performance-related information.

Table 3 outlines the chosen attributes within each category, specifying the variables used in the analysis. By

selecting sections with these considerations, we ensured a robust and comprehensive analysis, enhancing the
external validity of our study and making our findings applicable to a broad range of real-world conditions.

Their geographic locations were plotted on a map to visually depict the selected LI'PP pavement
sections and categorized according to their respective states (Figure 2). This mapping provides a spatial
representation of the distribution of the 33 sections and facilitates a geographical understanding of the

locations under consideration for the study.

Results and discussion

STATISTICAL ANALYSIS

'The analysis of longitudinal cracking in CRCP based on descriptive statistics in Table 4 reveals insightful

findings. The pavement sections, sourced from the LTPP database, exhibit an average age of 18.51 years,
indicating a predominance of relatively younger sections. The distribution of the number of lanes is slightly
positively skewed, suggesting a tendency toward a higher number of lanes. Layer thicknesses vary, with L2,
L3, and L4 displaying notable averages of 169.78,155.95, and 142.61 mm, respectively, contributing to an
overall total thickness of 468.34 mm. Precipitation averages 1,044.50 mm, showing a slightly left-skewed
distribution, while temperature averages at 15.52°C with a negatively skewed distribution. The Freeze
Index exhibits high variability and a right-skewed distribution, indicating potential challenges in freezing
conditions. Humidity ranges widely, with minimum and maximum values showing positive skewness,

suggesting a prevalence of higher humidity levels. Traffic parameters, including annual average daily traffic
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Table 3. Summary of the collected data.
Structure Age (years]) Number
Construction number Number
Layer #2 type Categorical
Layer #2 thickness (mm) Number
Layer #3 type Categorical
Layer #3 thickness (mm) Number
Layer #4 type Categorical
Layer #4 thickness (mm) Number
Total thickness (mm) Number
Climate Climate zone Categorical
Annual average precipitation (mm) Number
Annual average temperature (°C) Number
Annual average freeze index (°C - days) Number
Min. relative humidity (%) Number
Max. relative humidity (%) Number
Traffic Number of lanes Categorical
KESALs Number
Annual average daily traffic (AADT) Number
Annual average daily truck traffic (AADTT) Number
Performance Initial IRI (m/km) Number
Longitudinal cracking (m) Number

(AADT), average annual daily truck traffic (AADTT), and kilo-equivalent single axle loads (KESAL),
display positive skewness, indicating concentrations of higher traffic conditions. The initial International
Roughness Index (IRI) averages 1.33, suggesting acceptable initial pavement roughness. However, the
variable for longitudinal cracking presents substantial variability, with an average of 6.69 and a right-skewed
distribution, indicating the presence of extensive cracking in some sections, supported by a maximum value
of 188.40. These descriptive statistics provide a foundational understanding for subsequent analyses and
model development, highlighting areas of interest such as the impact of age, layer thickness, environmental
factors, traffic conditions, and initial pavement conditions on longitudinal cracking in CRCP. Attention to
the right-skewed distribution and outliers in longitudinal cracking is crucial for accurate predictions and

effective pavement management strategies.

'The conventional regression analysis was conducted to investigate the relationship between various

factors and the occurrence of longitudinal cracking in CRCP. The regression equation obtained is as follows:

Construction Economics and Building, Vol. 25, No. 1 March 2025



Alnaqgbi

C

UTs
ePRESS Sections: (33)
o o [ Use Section Grouping Year: &
mgos)nm Active (13) 1987 2022

B o P 9 2 2 L™ M~
PARS Gt S ”_j i) —

- v ’
AT - B "E3 .G
)

l
i . : S X .
ag*\q °"3"Y § ‘.' ! Slzano B a"qul::{t: k""

\

m BIR. St ) -
! -alF L NORTH
O /vl & o L ¥
WASHINGTON { ‘ DAKOTA -
S ST ) _MINNESOTA
“

% mcmom
1OWA m
NEBRASKA =
—r A OCCTES

i ‘ unsum : "'\..

HIIIOUII

; ﬁi

+

. o Satellite Xﬂ&m‘. ==
~ {1~ {
Go gle eXICO i | Keysoardshorcuz | Map data 02023 Gosgle INEG!  Terms

Figure 2.  Mapping the geographic locations of the chosen asphalt pavement sections

Table 4. Summary of descriptive statistical analysis.
B = e = N e e
18.51 10.20 11.00 18.00 26.00 47.00 15.00
Number of lanes 2.24 0.52 1.00 2.00 2.00 3.00 3.00 1.00 0.24

L2 thickness 169.78  69.35 71.00 112.00 152.00 198.00 366.00 86.00 1.08
L3 thickness 155.95  73.80 41.00 102.00 140.00 216.00 325.00 114.00 0.27
L4 thickness 142.61 117.82 0.00 0.00 203.00  236.00 295.00  236.00 -0.28
Total thickness 468.34 109.07 264.00 376.00 475.00 549.00 694.00  173.00 0.30
Precipitation 1044.50 389.30 62.00 779.30 1104.40 1324.70  2209.20  545.40 =025
Temperature 15.52 3.78 3.00 13.70 16.10 17.90 22.80 4.20 -0.78
Freeze index 112.70  252.90 0.00 4.00 24.00 89.00 1763.00  85.00 3.78

Min. humidity 16.24 6.93 2.00 12.00 16.00 20.00 43.00 8.00 0.62
Max. humidity 116.65  5.59 102.00  113.00 116.00 119.00 145.00 6.00 0.81
AADT 7991.00 6929.00 784.00 3400.00 5121.00 11933.00 51030.00 8533.00 2.48
AADTT 1251.90 1147.00 104.00 524.00 900.00 1544.00 8249.00 1020.00 2.31
KESAL 644.00  693.90 22.00 165.00 410.00 827.00  4305.00 662.00 2.12
Initial IRI 1.33 0.40 0.58 1.00 1.24 1.67 2.31 0.67 0.40
Longitudinal 6.69 24.95 0.00 0.00 0.00 0.80 188.40 0.80 5.20
cracking
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REGRESSION EQUATION

Longitudinal cracking = 94.0 + 0.299 Age + 1.69 Number of lanes + 0.0506 L2 thickness -

0.2000 L3 thickness - 0.0875 L4 thickness - 0.01486 Precipitation - 0.793 Temperature - 0.01662 Freeze
index + 0.300 Min. humidity - 0.267 Max. humidity - 0.000628 AADT + 0.00730 AADTT -

0.00082 KESAL - 6.85 Initial IRT

Upon reviewing the model summary metrics, it becomes apparent that the conventional regression
analysis, as indicated by the modest R-squared values (23.55% for R-sq and 20.74% for R-sq(adj)), may
not comprehensively capture the nuanced relationship underlying longitudinal cracking. The predictive
R-squared (14.56%) suggests a moderate ability to forecast future observations. These accuracy metrics
underscore the limitations of the linear regression model in explaining the majority of variability in
longitudinal cracking. This accentuates the need for more advanced modeling techniques, such as machine
learning models, to better capture complex patterns and nonlinear associations within the data, aiming

for improved accuracy and a more comprehensive understanding of the factors influencing longitudinal

cracking in CRCP.

The results of the regression analysis are presented in Table 5, which details the coefficients, standard
errors, t-values, p-values, and variance inflation factors (VIF) for each term in the model. The constant term,
with a coeflicient of 94.0000 and a significant p-value of 0.0040, indicates the baseline level of longitudinal
cracking when all other variables are held at zero.

Among the significant predictors, age has a positive coeflicient of 0.2990, suggesting that older pavement
sections tend to exhibit higher levels of longitudinal cracking. This is supported by a t-value of 2.4100 and
a p-value of 0.0160, indicating statistical significance. Similarly, the number of lanes, with a coeflicient
of 1.6900, shows a positive relationship with cracking, although this factor is not statistically significant
(p-value of 0.5470).

‘The thickness of the second layer (L2 thickness) has a positive coefficient of 0.0506 and is
statistically significant (p-value of 0.0240), indicating that thicker layers are associated with increased
longitudinal cracking. Conversely, the third (L3) and fourth (L4) layers exhibit negative coefficients
(-0.2000 and -0.0875, respectively), with both factors being statistically significant (p-values of 0.0000 and
0.0020, respectively). This suggests that increased thickness in these layers may reduce cracking.

Precipitation, with a coeflicient of -0.0149 and a significant p-value of 0.0000, indicates that higher levels
of precipitation are associated with reduced longitudinal cracking. Similarly, the Freeze Index has a negative
coefficient (-0.0166) and is statistically significant (p-value of 0.0380), suggesting that regions with more
freeze-thaw cycles experience less cracking potentially due to enhanced design considerations in these areas.

'The analysis also highlights that traffic-related factors such as AADT and AADTT are significant
predictors. AADT has a negative coeflicient (-0.0006) with a p-value of 0.0050, while AADTT shows a
positive coefficient (0.0073) with a p-value of 0.0040, indicating their respective impacts on longitudinal
cracking. The initial IRI is another significant predictor, with a negative coeflicient (-6.8500) and a p-value

of 0.0440, suggesting that pavements with higher initial roughness are more prone to cracking.

Other factors, such as temperature, minimum and maximum humidity, and KESAL, do not show
statistically significant contributions to the model, as indicated by their higher p-values. The VIF values for
all predictors are within acceptable ranges, indicating that multicollinearity is not a significant concern in

this regression model.

'The analysis of variance results in Table 6 offer a detailed evaluation of the statistical importance of
each predictor in the regression model for longitudinal cracking. ANOVA is utilized to determine the
significance of the regression model as a whole and to identify which specific variables make a meaningful

contribution to the prediction of longitudinal cracking.
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Constant 94.0000 32.7000 2.8700 0.0040
Age 0.2990 0.1240 2.4100 0.0160 1.2800
Number of lanes 1.6900 2.7900 0.6000 0.5470 1.6700
L2 thickness 0.0506 0.0223 2.2700 0.0240 1.9000
L3 thickness -0.2000 0.0397 -5.0400 0.0000 6.8500
L4 thickness -0.0875 0.0276 -3.1700 0.0020 8.4700
Precipitation -0.0149 0.0041 -3.6000 0.0000 2.0600
Temperature -0.7930 0.6110 -1.3000 0.1950 4.2600
Freeze index -0.0166 0.0080 -2.0800 0.0380 3.2600
Min. humidity 0.3000 0.2240 1.3400 0.1820 1.9300
Max. humidity -0.2670 0.2300 -1.1600 0.2460 1.3200
AADT -0.0006 0.0002 -2.8300 0.0050 1.8900
AADTT 0.0073 0.0025 2.9300 0.0040 6.5400
KESAL -0.0008 0.0040 -0.2100 0.8350 6.0300
Initial IRI -6.8500 3.3900 -2.0200 0.0440 1.4500

'The collective model shows a notable F-value of 8.36 and a corresponding p-value of 0.000, indicating
that the regression model significantly explains the variability in longitudinal cracking. This suggests that at

least one predictor variable has a significant impact on longitudinal cracking.

Breaking down the contributions of individual predictors, we find that several variables significantly

contribute to the model:

+ Age (F=5.82,p=0.016): Older pavement sections tend to have higher levels of longitudinal cracking.

* L2 thickness (F =5.17, p = 0.024): 'The thickness of the second layer is positively associated with
cracking.

* L3 thickness (F = 25.37, p = 0.000) and L4 Thickness (F = 10.03, p = 0.002): Thicker third and fourth
layers are associated with reduced cracking.

* Precipitation (F = 12.95, p = 0.000): Higher precipitation levels are linked to lower cracking levels
possibly due to moisture’s impact on pavement conditions.

* Freeze index (F = 4.32, p = 0.038): Areas with more freeze-thaw cycles show more longitudinal
cracking.

+ AADT (F=7.99,p =0.005) and AADTT (F = 8.57, p = 0.004): Higher traffic volumes and truck
traffic are significant predictors of cracking.

* Initial IRI (F = 4.09, p = 0.044): Pavements with higher initial roughness index values exhibit more
cracking.

However, some predictors, such as number of lanes, temperature, min. humidity, max. humidity, and

KESAL, do not show statistically significant contributions based on their p-values.
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Additionally, the lack-of-fit test within the error term has a p-value of 0.000, indicating that the model
does not fully capture all relevant features. This suggests the potential need for model refinement, either
through more advanced modeling techniques or the inclusion of additional variables, to enhance the overall

model fit and predictive accuracy.

Table 6. Analysis of variance results.
IS I N A ) I
Model (Regression) 57783 4127.3 8.36
Age 1 2874 2874.3 5.82 0.016
Number of lanes 1 180 179.7 0.36 0.547
L2 thickness 1 2552 2552.3 5.17 0.024
L3 thickness 1 12522 12521.6 25.37 0
L4 thickness 1 4950 4949.5 10.03 0.002
Precipitation 1 6393 6392.6 12.95 0
Temperature 1 830 830.4 1.68 0.195
Freeze index 1 2132 2132 4.32 0.038
Min. humidity 1 882 881.5 1.79 0.182
Max. humidity 1 667 667.2 1.35 0.246
AADT 1 3944 3944.1 7.99 0.005
AADTT 1 4232 4231.6 8.57 0.004
KESAL 1 21 21.3 0.04 0.835
Initial IRI 1 2017 2017.2 4.09 0.044
Error 380 187546 493.5
Lack-of-fit 347 187153 539.3 45.3 0
Pure error 33 B8 11.9
Total 394 245329

'The residual plots for longitudinal cracking are presented in Figure 3, providing valuable insights into
the performance and assumptions of the regression model. Each plot serves a specific diagnostic purpose to

evaluate the model’s validity.

'The Normal Probability Plot illustrates whether the residuals conform to a normal distribution, a key
assumption of the regression model. A linear pattern in this plot indicates that the residuals are normally
distributed, supporting the validity of the model assumptions. Deviations from the line suggest potential
issues with normality, which could affect the reliability of the model’s predictions.

The Versus Fits Plot helps detect patterns or trends in the residuals relative to the predicted values. It
offers insights into potential heteroscedasticity (nonconstant variance) or nonlinearity in the model. Ideally,

the residuals should be randomly scattered around zero without any discernible pattern. Any systematic
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pattern may indicate issues with the model fit, such as missing variables or incorrect functional form,
necessitating further model refinement.

'The histogram provides a graphical representation of the distribution of residuals, aiding in the
assessment of their symmetry and the presence of outliers. A symmetric bell-shaped histogram centered
on zero suggests that the residuals are normally distributed. Skewness or the presence of extreme values
indicates deviations from normality, which could signal that the model does not fully capture the underlying
data structure.

The Versus Order Plot helps identify any systematic patterns or trends in the residuals concerning
the order of observation. It is instrumental in detecting autocorrelation, which occurs when residuals are
correlated across observations. In a well-fitting model, residuals should be randomly distributed with no
apparent pattern over time or order. The presence of patterns in this plot may suggest the need for time
series modeling techniques or the inclusion of lagged variables. Collectively, these residual plots contribute
to the evaluation of the regression model’s assumptions and performance. They guide potential adjustments
or enhancements for a more robust analysis of longitudinal cracking in CRCP.

Residual Plots for Longitudinal Cracking
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Figure 3.  The residual plots for longitudinal cracking.

CORRELATION MATRIX AND FEATURE IMPORTANCE ASSESSMENT

The results of the heatmap correlation matrix in Figure 4 reveal the interrelationships among various
variables in the dataset, providing valuable insights into potential patterns and associations. Notable
correlations include a positive association between total thickness and L2 thickness (0.85) and a strong
negative correlation between L3 thickness and L4 thickness (-0.89), indicating a potential trade-off
between these variables. Additionally, significant correlations with longitudinal cracking are observed,
such as positive associations with AADT (0.31), AADTT (0.31), KESAL (0.23), and initial IRI (0.19),
suggesting a potential influence of these factors on the occurrence of longitudinal cracking. The correlation
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notable correlations between precipitation and total thickness (0.26) and freeze index and temperature
(-0.75), indicating potential impacts on pavement structural characteristics. These findings underscore the
importance of considering multiple factors and their interplay when analyzing longitudinal cracking in

CRCP.

Age
NumberLanes
L2Thickness
L3Thickness
L4Thickness
TotalThickness
Precipitation
Temperature
Freezelndex
MinHumidity
MaxHumidity
AADT
AADTT
KESAL
InitialIRI

LongitCrack

Figure 4. Heatmap correlation matrix result.

To overcome the challenge of capturing the relationship of the correlation matrix, we used sophisticated
approaches such as Random Forest to understand the complicated and nonlinear interactions between
the various design components, as well as “longitudinal Cracking (m).” As an ensemble machine learning
methodology, this method is adept at finding subtle relationships and interactions that an ordinary
correlation analysis may miss.

The feature importance analysis in Figure 5 provides a nuanced understanding of the variables
contributing to the prediction of longitudinal cracking in CRCP. Using the Random Forest algorithm, we
evaluated the significance of various features in our dataset. Temperature emerged as the most influential
factor with an importance score of 0.94, underscoring its pivotal role in influencing the occurrence of
longitudinal cracking. This finding suggests that temperature variations significantly affect the expansion
and contraction of concrete, leading to cracking.
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AADTT follows closely with a score of 0.91, highlighting the substantial impact of heavy vehicular
loads on pavement performance. The high importance of AADTT indicates that sections of pavement
experiencing higher truck traffic are more prone to longitudinal cracking likely due to the increased stress

and wear from heavy loads.

Freeze index, with a score of 0.85, emphasizes the role of climatic conditions, particularly freezing
and thawing cycles, in the development of longitudinal cracks. This variable’s importance suggests that
pavements in regions with significant freeze-thaw cycles require more robust materials and design

considerations to mitigate cracking.

KESAL, a distress indicator associated with the asphalt layer, holds a notable importance score of 0.83,
suggesting that the condition of the asphalt layer significantly contributes to longitudinal cracking. This
indicates that the quality and maintenance of the asphalt layer are crucial in preventing cracks.

L2 thickness, representing the thickness of the second layer, also demonstrates substantial importance
with a score of 0.81.This highlights the influence of structural aspects on pavement performance, suggesting

that thicker layers can provide better resistance to cracking.

Precipitation and age exhibit scores of 0.77 and 0.75, respectively, indicating the relevance of
environmental conditions and pavement age in longitudinal cracking prediction. High precipitation can lead
to moisture infiltration and weakening of the pavement structure, while older pavements are naturally more

susceptible to cracking over time.

Total thickness, reflecting the overall pavement structure, holds moderate importance at 0.67. Initial
international roughness index and annual average daily traffic show scores of 0.63 and 0.62, respectively,

pointing to their contributory roles in influencing pavement performance.

Further down the importance hierarchy, variables such as min. humidity, L4 thickness, and max. humidity
exhibit scores of 0.48, 0.45, and 0.32, respectively, suggesting their relatively lesser impact on longitudinal
cracking. Additionally, features such as climate zone, L2 type, coeflicient of retention (CN), L3 type,

number of lanes, and L4 type contribute to varying extents, as indicated by their importance scores.

'This detailed analysis underscores the complexity of factors influencing longitudinal cracking,
emphasizing the need for a comprehensive consideration of multiple variables in predictive modeling for
effective pavement management and maintenance strategies. Understanding the critical roles of temperature,
AADTT, and other significant factors can help in optimizing maintenance schedules, improving pavement
design, and ultimately enhancing the durability and longevity of CRCP infrastructure.

DEVELOPMENT OF MACHINE LEARNING MODELS

The machine learning models and traditional regression models were evaluated using various specifications,
and their performance metrics were assessed for predicting longitudinal cracking in CRCP as shown in
Table 7 and Figure 6. The linear regression models, both in the linear and robust forms, exhibited RMSE
values of 21.81 and 22.08, R-squared values of 0.24 and 0.22, MSE values of 475.83 and 487.66, and mean
absolute error (MAE) values of 11.34 and 7.05, respectively. The training time for linear regression was
recorded at 15.82 s.

Regression tree models, categorized as fine, medium, and coarse, demonstrated varying levels of performance.
The fine regression tree yielded the lowest RMSE of 18.56, the highest R-squared of 0.45, and the lowest MSE
of 344.57.'The training times for fine, medium, and coarse were 15.73,4.24, and 5.68 s, respectively.

SVM models with different kernel types showed diverse results. The linear SVM model exhibited an
RMSE of 25.64, an R-squared of -0.05, an MSE of 657.36, and an MAE of 6.73, with a training time of
6.71 s.'The Quadratic and Cubic SVMs, along with Fine, Medium, and Coarse Gaussian SVMs, displayed

variations in performance metrics, indicating the influence of kernel choice on model performance.
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Feature Importance

Figure 5.  Feature importance Assessment using Random Forest Algorithm

Ensemble tree models, including Boosted trees and Bagged trees, demonstrated competitive results.
Boosted trees showed the lowest RMSE of 18.48, the highest R-squared of 0.45, and the lowest MSE of
341.51, with a training time of 15.78 s. Bagged trees had an RMSE of 20.39, an R-squared of 0.33, an
MSE of 415.91, and an MAE of 7.86, with a training time of 21.43 s.

GPR models with different kernels displayed varying performance, with Squared Exponential GPR
showcasing the lowest RMISE of 11.84, the highest R-squared of 0.78, and the lowest MSE of 140.19.
ANN models, including narrow, medium, and wide ANN, along with bilayered and trilayered ANN,

exhibited distinctive performances, with wide ANN achieving notable accuracy.

Kernel models, such as SVM kernel and least squares regression kernel, demonstrated diverse performance
metrics, with SVM kernel showing an RMSE of 25.52, an R-squared of -0.04, an MSE of 651.22, and an
MAE of 6.74. Least squares regression kernel exhibited an RIMISE of 20.53, an R-squared of 0.33, an MSE of
421.50, and an MAE of 8.27.The training times for kernel models varied based on the specific kernel type.

'The training times for the machine learning models vary significantly, offering insights into their
computational efficiency. Among the models requiring a short training time (less than 10 s), the regression
tree with a fine specification stands out with a training time of 15.73 s, followed closely by the Medium and
Coarse Gaussian models at 5.74 and 5.34 s, respectively. Additionally, the quadratic and cubic SVM models
demonstrate low training times of 6.14 and 6.97 s, respectively, along with the Exponential GPR model at
15.75 s and the squared exponential GPR model at 19.34 s.

Moving to models with a moderate training time (between 10 and 30 s), the wide ANN with
100 neurons exhibits the longest training time at 38.83 s, followed by the bilayered and trilayered ANN
models at 33.57 and 37.66 s, respectively. The least squares regression kernel model also falls within this
category, requiring 36.89 s for training. Conversely, models such as Bagged trees, linear regression, and

robust linear regression display relatively shorter training times, ranging from 11.12 to 21.43 s.
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and the medium ANN with 25 neurons, both requiring approximately 25 s for training. Notably, the
linear SVM, fine Gaussian, and boosted trees models exhibit training times below 10 s despite their high
predictive performance. Conversely, the kernel SVIM model necessitates a longer training time of 34.39 s,
highlighting the trade-oft between computational efficiency and model complexity. Overall, understanding
the training times of different machine learning models is crucial for selecting an appropriate model that
balances predictive accuracy with computational resources.
Table 7. Machine learning results.
RMSE | R-squared | MAE | Training
time
Linear Linear 21.81 0.24 11.34 15.82
regression Robust linear 2208 022  7.05 11.12
Regression Fine 18.56 0.45 6.28 15.73
free Medium 2119 028 7.4 424
Coarse 23.52 0.11 8.97 5.68
Support Linear SVM 25.64 -0.05 6.73 6.71
vector Quadratic SVM 2350 012  7.08 614
machine
Cubic SVM 20.54 0.33 6.59 6.97
Fine Gaussian 25.63 -0.05 6.75 6.42
Medium Gaussian 25.49 -0.04 6.68 5.74
Coarse Gaussian 25.77 -0.06 6.71 5.34
Ensemble Boosted trees 18.48 0.45 7.14  15.78
frees Bagged trees 2039 033  7.86 21.43
Gaussian Squared exponential GPR 11.84 0.78 4.48 1934
process Matern 5/2 GPR 1236 076 450 17.95
regression
Exponential GPR 14.19 0.68 936 | 19.78
Rational quadratic GPR 11.96 0.77 438  23.78
Artificial Narrow neural network (10 neurons) 24.81 0.02 6.93 25.30
neural Medium neural network [25 neurons) 2267 018 641 2623
network
Wide neural network (100 neurons) 14.29 0.67 7.12  38.83
Bilayered neural network 17.64 0.50 6.79  33.57
Trilayered neural network 21.35 0.27 5.88 37.66
Kernel SVM kernel 25.52 -0.04 6.74  34.39
Least squares regression kernel 20.53 0.33 8.27  36.89
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Figure 6.  Machine learning results.

Sensitivity analysis

The sensitivity analysis was conducted using the best-performing machine learning model identified in

our study. This analysis aimed to evaluate how changes in individual input variables influence the predicted
longitudinal cracking in CRCP. To isolate the effect of each variable, we varied the variable of interest across
its range while holding all other variables constant at their mean values. This approach provides a clear

understanding of the relative impact of each variable on longitudinal cracking.

"The results of the sensitivity analysis are presented in Figure 7. Our analysis (Figure 7a) reveals a strong
positive correlation between pavement age and longitudinal cracking, indicating that older pavements
tend to develop more cracks. This result aligns with the anticipated increase in cracking due to wear and
deterioration over time. This finding emphasizes the importance of timely maintenance interventions to

prolong pavement life.

Total pavement thickness is inversely related to longitudinal cracking (Figure 7b). Thicker pavements
tend to experience less cracking likely due to their enhanced structural capacity. This highlights the
importance of considering pavement thickness in the design phase to minimize future cracking.

Temperature exhibits a nonlinear relationship with longitudinal cracking (Figure 7¢). Both very low and
high temperatures are correlated with increased cracking likely caused by thermal expansion and contraction
stresses on the pavement. This suggests that climate and temperature variations should be factored into

pavement design and material selection.

The Freeze Index, representing the number of freeze-thaw cycles, is positively correlated with
longitudinal cracking (Figure 7d). Higher freeze-thaw cycles lead to more cracking, underscoring the need
for materials and designs that can withstand such environmental stresses, particularly in regions with harsh

winter conditions.
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Traffic-related variables, such as AADTT and KESAL, also play a crucial role in the development of
longitudinal cracking. Both variables show a strong positive correlation with cracking (Figures 7e and 7f),
indicating that heavy traffic loads significantly contribute to pavement deterioration. This finding supports
the need for robust pavement designs that can endure high traffic volumes.

Precipitation is another environmental factor that influences longitudinal cracking (Figure 7g). Increased
levels of precipitation are associated with more cracking, suggesting that moisture infiltration may weaken
the pavement structure over time. This emphasizes the importance of effective drainage systems and

moisture-resistant materials in pavement design.

Finally, the initial IR shows a positive correlation with longitudinal cracking (Figure 7h). Pavements
with a rougher surface condition at the outset are more prone to cracking over time, highlighting the need
for ensuring smooth surface conditions during the initial construction phase to reduce future maintenance

needs.

Practical implications

Our study highlights several critical factors influencing longitudinal cracking in CRCP, such as temperature,
AADTT, and freeze index. Based on these findings, we propose several strategies and recommendations for

pavement engineers and policymakers to enhance the durability and performance of CRCP.

First, maintenance schedules should be adjusted to account for regions with significant temperature
variations and high AADTT. These areas should have more frequent inspections and maintenance activities
to address early signs of cracking. By doing so, potential issues can be identified and remedied before they

develop into more severe problems, thereby extending the lifespan of the pavement.

Second, incorporating design improvements that enhance resilience to temperature fluctuations and
heavy truck traffic is essential. This includes using high-performance concrete and reinforcing materials
specifically designed to withstand environmental and load stresses. Such materials can significantly reduce

the incidence of longitudinal cracking, leading to more durable pavement structures.

In terms of material choices, it is crucial to consider local environmental conditions. For example, in areas
with high Freeze Index values, using materials and construction techniques that minimize the impact of
freeze-thaw cycles is recommended. Improved drainage systems and frost-resistant layers can help mitigate

the detrimental effects of freezing and thawing on the pavement.

Policymakers should consider revising existing guidelines to incorporate the specific requirements
identified in this study. Setting standards for minimum material performance in regions prone to severe
temperature changes or heavy traffic can ensure that pavements are constructed with long-term durability in

mind. These policy changes can lead to more sustainable infrastructure development.

Lastly, pavement engineers should adopt best practices that account for the identified critical variables.
Conducting thorough site assessments to understand local environmental and traffic conditions is vital.
Based on these assessments, engineers can design pavements that are tailored to withstand the specific
challenges of each location, thereby improving overall pavement performance and reducing maintenance

costs.

By implementing these strategies, pavement engineers and policymakers can significantly enhance the
durability and performance of CRCP, leading to longer-lasting infrastructure and reduced maintenance
expenses. These practical implications underscore the importance of integrating our research findings into

real-world applications to improve pavement management practices.
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Conclusion

In conclusion, this study systematically investigated the prediction of longitudinal cracking in CRCP
through a multifaceted approach encompassing descriptive statistics, conventional regression modeling, and
diverse machine learning algorithms. Initial exploration of the LI'PP database yielded 33 control asphalt
pavement sections, forming the basis for rigorous analysis. Conventional regression analysis identified
significant predictor variables, resulting in a regression equation with coefficients detailing the impact of
factors such as age, thickness, and climatic conditions on longitudinal cracking. However, acknowledging
the potential limitations of conventional regression models, the study expanded its scope to include machine
learning techniques.

In our exploration of machine learning algorithms, diverse performances were observed across different
models. Particularly noteworthy was the GPR utilizing a squared exponential kernel, which demonstrated
exceptional accuracy, evident from its low root mean squared error of 11.84 and high R-squared value
of 0.78. Additionally, ensemble tree models, notably Boosted trees, exhibited competitive outcomes with
an RMSE of 18.48 and an R-squared value of 0.45. These quantitative metrics underscore the superior
predictive prowess of select machine learning models when juxtaposed with conventional regression
techniques. This comparison elucidates the specific limitations that machine learning approaches effectively
address, outperforming conventional regression methodologies in terms of predictive accuracy and

robustness.

Feature importance analysis emphasized key variables influencing longitudinal cracking predictions.
Noteworthy contributors included temperature, average annual daily truck traffic, and freeze index, among
others. The correlation matrix provided further insights into relationships among input features, enriching
the dataset’s interpretability.

'The sensitivity analysis confirms that pavement age, traffic loads, and environmental factors such as
temperature and precipitation significantly influence the development of longitudinal cracking in CRCP.
These insights are crucial for developing more targeted and effective pavement maintenance and design
strategies.

In essence, this study presents compelling quantitative evidence affirming the effectiveness of machine
learning models in forecasting longitudinal cracking in CRCP. While the accuracy metrics and model
performances underscore the potential advantages of advanced modeling techniques over traditional
regression approaches, it is imperative to delve deeper into understanding the inner workings of these
models. By shedding light on how machine learning algorithms derive their predictions, and elucidating
how these insights can inform decision-making processes, this research aims to bridge the gap between
predictive accuracy and interpretability. These findings hold significant practical implications for pavement
engineering, providing a data-driven framework for optimizing maintenance strategies and enhancing the
longevity of CRCP infrastructure. As the field continues to evolve with a focus on numerical precision,
elucidating the mechanisms behind machine learning predictions adds a layer of transparency and depth to

pave the way for informed decision-making in pavement management practices.
Limitations and future work

LIMITATIONS

1. Limited scope of machine learning techniques: While the study employs several advanced machine
learning techniques, it does not cover all possible algorithms or hybrid approaches that might offer

improved performance or interpretability.
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2. Resource-intensive analysis: The computational resources required to train and validate advanced
machine learning models are significant. This limitation can be a barrier for smaller agencies or
practitioners with limited access to such resources.

3. Generalization across pavement types: The study focuses on CRCDP, and the findings may not be
directly applicable to other types of pavements such as flexible or composite pavements. Different

pavement types may require distinct modeling approaches.

FUTURE RESEARCH

* Incorporation of additional variables: Future studies should consider integrating new variables that
could influence longitudinal cracking. These might include soil properties, pavement base and subbase
characteristics, and more detailed traffic load distributions. By expanding the range of input variables,
the predictive models can be refined to capture a broader spectrum of influences on pavement
performance.

¢ Advanced machine learning techniques: While this study utilized several machine learning models,
future research could explore more advanced techniques such as deep learning architectures, hybrid
models, and meta-learning approaches. These advanced models have the potential to uncover even
more complex patterns and interactions within the data, leading to improved predictive accuracy.

* Integration with pavement management systems: Future research could focus on integrating
predictive models with existing pavement management systems (PMS). This integration would
facilitate real-time decision-making and optimize maintenance scheduling based on predictive
insights, ultimately leading to more efficient use of resources.

* Validation with field data: Validating the predictive models with real-world field data from various
ongoing and future pavement projects would ensure the reliability and practical applicability of the
models. Field validation can help refine the models further and build confidence in their use for

practical applications.
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