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Abstract: In today’s rapidly evolving transportation infrastructure, developing long-lasting,
high-performance pavement materials remains a significant priority. Integrating machine
learning (ML) techniques provides a transformative approach to optimizing asphalt mix
design and performance prediction. This study investigates the use of waste plastics,
including Polyethylene Terephthalate (PET), High-Density Polyethylene (HDPE), and
Polyvinyl Chloride (PVC), as modifiers in asphalt concrete to enhance durability and
mechanical performance. A predictive modeling approach was employed to estimate the
bulk-specific gravity (Gmb) of asphalt concrete using various ML techniques, including
Artificial Neural Networks (ANNs), Support Vector Machines (SVMs), Gaussian Processes
(GPs), and Reduced Error Pruning (REP) Tree. The accuracy of each model was evaluated
using statistical performance metrics, including the correlation coefficient (CC), scatter
index (SI), mean absolute error (MAE), and root mean square error (RMSE). The results
demonstrate that the ANN model outperformed all other ML techniques, achieving the
highest correlation (CC = 0.9996 for training, 0.9999 for testing) and the lowest error values
(MAE = 0.0004, RMSE = 0.0006, SI = 0.00026). A comparative analysis between actual and
predicted Gmb values confirmed the reliability of the proposed ANN model, with minimal
error margins and superior accuracy. Additionally, sensitivity analysis identified bitumen
content (BC) and volume of bitumen (Vb) as the most influential parameters affecting Gmb,
emphasizing the need for precise parameter optimization in asphalt mix design. This
study demonstrates the effectiveness of machine learning-driven predictive modeling in
optimizing sustainable asphalt mix design, offering a cost-effective, time-efficient, and
highly accurate alternative to traditional experimental methods.

Keywords: mix design; machine learning; bitumen content; polyethylene terephthalate;
high-density polyethylene; polyvinyl chloride; bulk-specific gravity

1. Introduction
Road construction and maintenance agencies frequently employ performance mea-

sures to evaluate asphalt mixes before they are used in construction. These index-based
tests are being enhanced and integrated into performance-based frameworks, such as a
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balanced mix design or performance–engineered mixture design. Regardless of the perfor-
mance metric used to evaluate mix performance, determining an ideal mix design involves
modifying several mix design factors. Even if a mix design fits all the required criteria,
there is no guarantee that it cannot be improved further within the solution space of all
viable mix designs that meet the criteria. It is necessary to forecast mixture performance
precisely using the elements intrinsic to the mix design process and impact performance to
determine the best mix design [1].

Over 4 million miles of roads and highways, or 96% of all roadways, are built with an
asphalt mixture. The qualities of the asphalt mixture significantly impact the strength and
lifespan of asphalt pavements. The characteristics of an asphalt mixture, which is composed
of asphalt, aggregates, and additives, are determined by the amounts of each component.
The process used to determine the optimum proportion of aggregates to asphalt required
to meet volumetric and mechanical requirements is known as the asphalt mix design.
The asphalt mix design is a critical first step toward achieving optimal asphalt pavement
performance. This technique involves several laboratory processes to determine the most
appropriate and cost-effective bituminous mixes, ensuring aggregate gradation, and asphalt
concentration [2,3]. Volumetric properties are fundamental to asphalt design approaches
and are influenced by various factors such as aggregate grain size, mineralogy, absorption,
asphalt content, mineral filler quantity, and compaction efforts [4]. The bulk-specific gravity
(Gmb) of an asphalt mix is an important volumetric parameter for determining its optimum
asphalt content. It represents the mix’s bulk-specific gravity, eliminating air spaces. The
test process for measuring Gmb is now established in ASTM D2041 [5] standards. Ideally,
an average Gmb value should be calculated for each trial combination during the design
process to test other volumetric parameters and, finally, identify the optimal asphalt content
of the planned mixture [6].

Previous investigations on the performance of asphalt mixtures, including industrial
waste materials, found that using marble as a filler resulted in the highest stability [7].
Furthermore, adding hydrated lime filler significantly increased the asphalt mixture’s
resistance to moisture damage, dynamic modulus, and flow number [8]. Moreover, waste
marble was discovered to improve moisture damage resistance in terms of tensile strength
ratio and loss of stability. Furthermore, the unbound foundation layer features were
discovered as essential elements influencing the performance of flexible pavements, with
results differing according to climate conditions, construction quality, material supply,
traffic level, and pavement structure [9].

Nonetheless, the traditional sample preparation process for the Gmb test takes consid-
erable time, ranging from 3 to 8 h. Furthermore, the vacuum process uses electric energy
and produces waste asphalt mixes weighing 15,000 and 50,000 g per mix design [10]. Alter-
native testing methods, such as vacuum sealing (CoreLok) and pressure meter processes,
have already been offered to overcome these issues. However, researchers have not widely
adopted these methodologies because of their inherent limitations. As stated earlier, the
characteristics of component materials and mixtures—such as the type and concentration
of the additives, the source and gradation of the aggregate, the grade and content of the
asphalt binder, and more—have a substantial influence on the performance of the mixture
against different distresses. A limited number of samples and variables are used in many
research attempts to model these attributes’ impact because of issues with raw material
availability and constituent mechanism comprehension. Data-driven machine learning
(ML) techniques provide helpful answers when no full mechanistic models are available.
This is because they use several variables and datasets [11].

Numerous ML technologies have been widely used for data analysis and prediction
model creation across various engineering applications in recent years. This development
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is driven mainly by their ability to produce accurate prediction models [12,13]. In the field
of asphalt engineering, the volumetric properties of asphalt mixes have been extensively
used in several studies to forecast various qualities and characteristics of bituminous
mixtures. This method helps to reduce the time, material waste, and energy consumption
associated with typical laboratory experimentation [14]. The purpose of this study was
to present different ML models for predicting the design features of bulk-specific gravity
mixtures. These ML model inputs include volume of bitumen (Vb), volume of voids (Vv),
voids in mineral aggregate (VMA), voids filled with binder (VFB), and bitumen content.
Over the last decade, pavement researchers have widely used Artificial Neural Networks
(ANNs) in various applications. ANNs are successful at predicting or backcalculating
pavement modulus. Researchers train ANNs using deflection data from falling weight
deflectometers [15].

Tarefder et al. [16] used ANNs to predict the permeability of asphalt mixtures. They
fed mixture factors such as air voids, particle size, saturation, and effective asphalt-to-dust
ratio into the ANN model. Furthermore, ANN-based approaches have been used for
pavement construction activities. For example, an intelligent asphalt compaction analyzer
based on ANNs was created as a Quality Assurance/Quality Control (QA/QC) tool. This
equipment is intended to determine the density of the asphalt mixture under the roller
during the compaction process. Random forests were used in reference [17] to investigate
how structural characteristics and the asphalt mixture affect pavement performance. These
characteristics included pavement thickness, age, viscosity and content of the asphalt
binder, air voids, bulk specific gravity, and aggregate gradation. The Long-Term Pavement
Performance (LTPP) program’s data from 78 sections were used to examine pavement
performance, with rutting, cracking, and roughness receiving particular attention [17].
The Mechanistic-Empirical Design Guide (ME-PDG), specifically the Reflection Cracking
Design program, employs ANNs as a sub-algorithm within the software. Reference [18]
illustrated how using ANNs makes it easier to calculate fracture growth through an overlay.
Additionally, ANNs have been used in image analysis jobs. For example, Kim et al. [19]
developed an automated quality assessment technique for aggregate production. This
program classifies aggregation sizes using laser imagery and ANN approaches.

Saif et al. [20] used a support vector machine (SVM) and a traditional back-propagation
neural network (BPNN) to evaluate the sustainability of asphaltic concrete mixtures. The
results indicate that SVM outperforms BPNN in predicting the stability of asphaltic concrete
mixes. SVM, multilayer perceptron artificial neural networks (MLP-ANN), M5Prime model
tree approach (M5P), and Random Forest models were used by Cook et al. [21] to compare
the hybrid Random Forest–Firefly Algorithm model (RF-FFA) model performance to that
of frequently used solo ML models. Based on prediction accuracy, the results show that the
hybrid RF-FFA model consistently outperforms solo ML models. Previous research has
highlighted the widespread usage of ANNs as an ML method for calculating the Gmb value
of asphalt mixtures. While ANNs excel at building high-accuracy predictive models, their
inherent structure as computer codes makes mathematical implementation difficult [22].

As a result, it is critical to investigate an alternate ML approach capable of producing a
simple and accurate mathematical equation for forecasting the Gmb values of asphalt mixes.
This study aims to create a direct mathematical predictive model for Gmb of asphalt mixes
using the GP, SVR, and REP Tree. The model will prioritize Vb, Vv, VMA, VFB, and BC as
primary predictors and other characteristics that naturally influence Gmb readings. The
objectives of this study are as follows:

• To create a practical and straightforward model for estimating the Gmb of as-
phalt mixes;
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• To employ key input parameters such as Vb, Vv, VMA, BC, and VFB to predict the
Gmb of asphalt mixes and

• To develop a direct empirical equation for predicting Gmb. This equation aims to
streamline the process, reduce experimental efforts, and offer applicability for asphalt
mix design and quality control purposes.

While it is known that blending various plastics with bitumen has been explored
in prior research, the novelty of our study extends beyond the mere selection and pro-
portioning of plastics. Instead, our research focuses on optimizing the performance of
asphalt mixtures by carefully tailoring the proportions of PET (Polyethylene Terephthalate),
HDPE (High-Density Polyethylene), and PVC (Polyvinyl Chloride) plastics to achieve
specific performance objectives. Unlike previous studies that explored a wider variety of
plastic types and proportions, our research focuses on achieving an optimal balance of
the selected plastics to enhance specific performance metrics, including improved fatigue
resistance, higher rutting resistance, and superior moisture sensitivity. Furthermore, our
study explores the synergistic effects of combining these plastics at unique proportions,
thereby unlocking potential benefits that may not have been realized in previous research
endeavors. Through careful experimentation and analysis, we aim to identify the optimal
blend ratios that maintain the structural integrity of the asphalt mixture and enhance its
overall sustainability and longevity.

In essence, the novelty of our study lies not only in the selection of plastics and
their proportions but also in our deliberate pursuit of specific performance enhancements
through finely tuned compositions. By elucidating the intricacies of these tailored blends,
we contribute to advancing the understanding of sustainable and high-performance asphalt
technologies in pavement engineering.

2. Machine Learning
2.1. Gaussian Processes

Carl Friedrich Gauss is credited with developing the notion of Gaussian Processes (GP)
and is best known for his work on normal distribution. GP can occur in infinite dimensions
and are essentially multivariate normal distributions. This approach uses the Gaussian
distribution as a foundational idea and is applied in machine learning. GP is an essential
tool for using kernels to interpret models. They offer a valuable method for learning kernel
machines and shed light on the connections and patterns found in the data. A Gaussian
process encompasses a set of random variables that follow a joint Gaussian distribution.
Each regression problem aims to uncover the relationship between two sets of parameters:
the dependent variable (r) and the predictor variables (si). The dependent variable can be
associated with an underlying regression function j(s), with the inclusion of independent
identically distributed Gaussian noise (p), as depicted in Equation (1).

r = p + j(s) (1)

The noise, denoted by p, has a mean of zero and a variance of Rn
2, indicating ε~T (0, Rn

2).

j(s) ∼ GP
(
q(s), v

(
s, s′

))
+ Rn2i (2)

In this context, GP represents the Gaussian process, where q(s) represents the mean
value, v(s, s′) is the covariance function, and “i” denotes the identity matrix.

2.2. Support Vector Machine

Developed by Cortes and Vapnik in 1995 [23], the SVM has established itself as a
formidable asset in machine learning, particularly in binary classification tasks. It oper-
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ates by ingeniously addressing nonlinear problems through the strategic employment of
kernel functions. These kernel functions are pivotal in reshaping the original data spaces,
elevating them to higher-dimensional feature spaces. This transformation enables SVM to
effectively handle complex data patterns, overcoming the limitations of linear approaches.
This innovative transformation empowers SVM to discern nuanced global solutions with
remarkable precision, unfettered by the proliferation of local minima that can impede other
methodologies [24].

SVM analysis can be approached in two distinct ways. Firstly, an optimal margin
classifier, which acts as a linear separator to delineate the decision surface, is utilized.
Alternatively, one can opt for the kernel function approach, which involves computing
the inner product of two vectors. This method begins by mapping the input data into an
n-dimensional feature space. Subsequently, a nonlinear kernel function is employed to
establish a fitting in the high-dimensional space via a predefined mapping process. When
the kernel mapping is applied to the original data, it effectively separates the information
linearly across the high-dimensional feature space without altering the input space [25].
This approach ensures that the input space remains unchanged while achieving a linear
data separation of the transformed feature space [26]. Because kernel variables significantly
impact the SVM solution’s accuracy and complexity, choosing the correct variable is crucial.
Since the effectiveness of SVMs depends on the kernel function used, each application
scenario requires careful consideration when selecting the proper kernel function and
parameters. It is essential to give this considerable thought to achieve outstanding results
and best practices for SVM-based analysis [27].

2.3. Artificial Neural Network

An artificial neural network (ANN) is a computational model comprising multiple
interconnected nodes. These nodes function similarly to neurons, enabling signal trans-
mission and simulating how information is processed in the brain. ANN is designed as
a processing unit with input and output layers as well as hidden layers positioned in
between [28]. This architecture often includes input, hidden, and output layers, as shown
in Figure 1. Neural network techniques can be utilized to build fatigue life prediction
models for asphalt mixtures while considering the interaction of several components. For
this, an MLP-ANN, a type of artificial neural network trained using back-propagation, is
frequently used [29]. An input layer with neurons representing input variables, one or
more hierarchical hidden layers with computational neurons in charge of combining and
transmitting information from earlier layers, and an output layer with a computation node
in charge of producing the final prediction are the typical components of this network
architecture [24]. The ANN model is trained using a training dataset and evaluated using
a separate testing dataset. This method aids in quickly addressing complex problems
and appropriately computing outcomes. Back-propagation in ANNs refers to a set of
learning principles that regulate error propagation in reverse. This technique evaluates the
weight-related error function, increasing the model’s reliability [30].

2.4. Reduced Error Pruning Tree

The REP Tree, which stands for Reduced Error Pruning Tree, is a rapid and efficient
approach for constructing decision trees. This method generates decision trees by utilizing
information gain or reduction in variance criteria. As a decision tree splitter and pruner,
the REP Tree employs information gain as its primary criterion for splitting and pruning
decision or regression trees. In detail, the REP Tree algorithm evaluates the potential
splits within the dataset based on their ability to reduce error or increase information
gain. This entails identifying the feature that best separates the data into distinct classes or
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reduces variance in the case of regression tasks. Subsequently, the algorithm recursively
partitions the dataset into subsets based on the selected features until a stopping criterion
is met, such as reaching a maximum depth or a minimum number of instances per leaf
node [31]. The REP Tree represents a streamlined version of decision tree learners. Within
this framework, depending on the nature of the problem, either a regression tree or a
decision tree is constructed, with information gain as the primary criterion for splitting.
Notably, the model undergoes pruning via Reduced Error Pruning techniques, ensuring
the optimization of tree structure. A one-time sorting process handles numeric attributes
while missing values are effectively managed by segmenting related instances [32].
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3. Materials and Methodology
The utilization of various materials in asphalt mixtures has been the subject of ex-

tensive research to enhance the performance and sustainability of pavements. This study
focuses on incorporating different proportions of PET, HDPE, and PVC in asphalt mixtures
and traditional materials such as aggregate, marble powder, and bitumen VG 30. Figure 2
provides a clear overview of the methodology used in the study. The objective is to assess
the impact of these additives on the mechanical properties, durability, and sustainability of
the asphalt mixtures. The details of the materials are given in the subsequent sections.
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3.1. Aggregate

The selection of appropriate aggregates is crucial in asphalt mixture design as it
significantly influences the mechanical properties and performance of pavements. In this
study, locally sourced 20 mm aggregate obtained from the vicinity of Shoolini University
is utilized as a primary component in asphalt mixtures. The aim is to investigate the
suitability and performance of this aggregate in asphalt pavements, considering factors
such as gradation, particle shape, and durability. The mechanical characteristics of the
aggregates are listed in Table 1.

Table 1. Physical characteristics of aggregates.

Index Coarse
Aggregate

Marble
Powder Unit Standard

Water absorption 2.99 2.32 %

ASTM C-128 [33]Bulk density 2.05 - g/cm3

Bulk specific gravity 2.99 1.74
Apparent specific gravity 2.93 2.61
Crushing value of aggregate 13.13 - %

ASTM C-127 [34]Impact value of aggregate 12.34 - %

Aggregate abrasion value 29.3 - % ASTM
C131/C131M [35]

Flakiness index 17.3 - %
ASTM D-4791 [36]Elongation index 11.9 - %

Specific gravity - 2.53
ASTM D792 [37]Fineness - 2.09 %

3.2. Bitumen

This research explores the vital role of bitumen in asphalt mixtures for constructing
durable pavements, emphasizing its binding properties crucial for pavement integrity.
Specifically, the study focuses on VG30-grade bitumen sourced from S.D. Bitumen & Allied
Products in Haryana, India. The objective is to evaluate the feasibility and performance
implications of incorporating different plastic additives into this bitumen. The investigation
spans various content of varying plastic additives, ranging from 4.5% to 6%, to understand
their potential impact comprehensively. By assessing the compatibility of plastic additives
with bitumen and analyzing their effects on the mixture, the research seeks to provide
insights into optimizing asphalt mixtures for enhanced durability and performance in
pavement construction. The physical properties of the bitumen are presented in Table 2.

Table 2. Bitumen characteristics.

Index Value Standard

Flash point test 267 ◦C ASTM D92 [38]
Penetration test 94.56 mm ASTM D5 [39]

Ring and ball test 44.4 ◦C ASTM D36 [40]
Specific gravity 1.14 ASTM D70 [41]

3.3. Marble Powder

A filler is strategically introduced to enhance its overall consistency and performance
to achieve the necessary uniformity within the asphalt mixture. This filler takes the form
of marble powder, added in a proportion equivalent to 10% of the weight of the coarse
aggregate. This careful incorporation of marble powder serves a dual purpose: Firstly, it
promotes uniformity within the asphalt mixture, ensuring the composition meets strin-
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gent standards. Secondly, it contributes to optimizing the asphalt mixture, bolstering its
durability and suitability for construction applications.

The asphalt composition undergoes refinement by precisely integrating marble powder
as a filler, leading to a well-balanced, robust, and enduring mixture. This approach aligns
with industry specifications and underscores the commitment to delivering high-quality
asphalt solutions tailored to construction needs.

3.4. Waste Plastic

Our ongoing research explores the intricate interplay of three distinct types of plastic
materials: PET, HDPE, and PVC. These materials are carefully combined in diverse propor-
tions, forming the cornerstone of our experimental framework to unravel their complex
properties and interactions. The primary objective of our study is to gain profound insights
into the collective impact of PET, HDPE, and PVC on the targeted properties and outcomes,
all achieved through the deliberate manipulation of their respective ratios. Both control
and modified asphalt samples contained plastic additives in varied quantities ranging
from 0% to 15%. To investigate their impacts on the asphalt mixture, PET, HDPE, and
PVC combinations were used in ratios of 100:0:0, 50:50:0, 25:25:50, 0:100:0, 0:50:50, 50:25:25,
0:0:100, 50:0:50, and 25:50:25.

What sets our research apart is the careful selection of these plastics and their pro-
portions and our purposeful endeavor to engineer specific performance enhancements
through precisely calibrated compositions. By exploring a wide spectrum of blending
ratios, we aim to unlock novel synergies and clarify the nuanced effects that arise from
the unique combination of these materials. Through our endeavors, we strive to push the
boundaries of understanding in polymer science, offering valuable contributions to the
field’s knowledge base. Our research endeavors unveil the intricate dynamics between PET,
HDPE, and PVC, providing a deeper understanding of their interactions. Additionally,
these insights pave the way for developing advanced materials with tailored properties and
enhanced functionalities, addressing pressing challenges and fostering innovation across
various industries.

3.5. Asphalt Sample Preparation

In our experimental procedure, we conducted assessments to gauge the performance
of asphalt mixes. These evaluations encompassed both modified and unmodified spec-
imens. The modified samples underwent a transformation facilitated by incorporating
waste plastic compositions with varying bitumen content compositions. To commence
the experimentation, cylindrical specimens measuring 101.6 mm in diameter and 63.5
mm in height were utilized as the foundation. The aggregates were subjected to heating
within the 170 to 190 ◦C range; subsequently, waste plastic materials were introduced in
differing proportions. Following this, heated bitumen at a temperature of 160 ◦C was
introduced to facilitate the formation of the asphalt mix. The prepared asphalt samples
underwent a compaction process, subjected to 75 blows on both sides, utilizing a 4.5 kg
compaction device. This rigorous compaction process was instrumental in ensuring the
homogeneity and integrity of the asphalt samples, laying the groundwork for subsequent
performance evaluations.

In asphalt mix design, volumetric parameters such as VMA, Vv, VFB, and Vb play a
critical role in determining mix performance. Since our study predicts Gmb as the output, we
must estimate these parameters using independent inputs such as BC, aggregate gradation,
and material-specific gravity values without relying on direct Gmb measurements. The
parameters are estimated using the empirical relationships presented in Equations (3)–(6).
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VMA =

100 ×
(

1 − BC
100

)
Gsb

−
(

100 × BC
Gb

)
(3)

Vv = VMA −
(

BC
Gb

× 100
)

(4)

VFB =

(
VMA − Vv

VMA

)
× 100 (5)

Vb =

(
BC
Gb

)
× 100 (6)

where
BC = bitumen content, Gsb = bulk specific gravity of the aggregate, and Gb = specific

gravity of bitumen
Through these experimental procedures, we aimed to clarify the influence of waste

plastic composition variations on the properties and performance characteristics of the
asphalt mixes. Such insights are crucial for advancing sustainable practices in asphalt
construction while concurrently addressing environmental concerns associated with plastic
waste disposal.

4. Data Collection
In this study, 539 observations were gathered from experiments conducted at the

Shoolini University laboratory, focusing on the utilization of waste plastic. Subsequently,
the dataset was split into training and testing subsets in a 70/30 ratio, resulting in 377
observations for training and 162 for testing. The range and sizes of these datasets are
summarized in Table 3. Four ML techniques, ANN, GP, REP Tree, and SVM, were imple-
mented to predict the Gmb of modified asphalt mixture using Weka 3.9.5 software. The
input parameters considered for prediction included BC, Vb, Vv, VFB, and VMA. Statistical
characteristics of these input parameters are presented in Table 4, and Histograms depicting
the datasets are presented in Figure 3.

Table 3. Range of experimental work dataset.

Sr. No Bitumen
Content Vv Vb VMA VFB Gmb

Total Obser-
vations

1 4.5–6 0.007–13.043 8.146–11.873 7.848–21.189 38.445–121.377 2.135–2.496 539

Table 4. Statistical characteristics of the input parameters.

Bitumen
Content Vv Vb VMA VFB Gmb

Training

Mean 5.245 4.031 10.302 14.33 72.70 2.335
Median 5.5 4.079 10.47 14.326 71.698 2.335
Mode 5.5 4.49 10.713 15.203 70.465 2.317
Standard Deviation 0.553 1.530 0.911 1.985 7.722 0.045
Sample Variance 0.305 2.341 0.831 3.941 59.63 0.002
Range 1.5 13.441 3.571 12.182 74.78 0.33
Minimum 4.5 −1.241 8.225 8.244 40.27 2.156
Maximum 6 12.2 11.796 20.426 115.05 2.486
Count 377 377 377 377 377 377
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Table 4. Cont.

Bitumen
Content Vv Vb VMA VFB Gmb

Testing

Mean 5.265 4.130 10.32 14.45 72.52 2.332
Median 5 4.2085 10.1945 14.429 71.745 2.3315
Mode 6 4.202 8.975 13.176 68.111 2.378
Standard Deviation 0.574 1.841 0.974 2.1240 9.46 0.050
Sample Variance 0.3297 3.392 0.950 4.511 89.50 0.0026
Range 1.5 14.721 3.727 13.341 82.932 0.361
Minimum 4.5 −1.678 8.146 7.848 38.445 2.135
Maximum 6 13.043 11.873 21.189 121.377 2.496
Count 162 162 162 162 162 162
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Performance evaluation of the predictive models was conducted using various metrics
outlined in Table 5. This assessment aimed to determine the accuracy and generalization
abilities of the ML techniques employed. The study endeavors to enhance the under-
standing and prediction of hybrid asphalt concrete properties, thereby contributing to
developing more sustainable and resilient infrastructure materials.

Table 5. Evaluation metrics for performance assessment.

Approaches Training Testing

CC MAE RMSE SI CC MAE RMSE SI

GP 0.9935 0.0017 0.0058 0.00248 0.9846 0.0028 0.0101 0.00433
ANN 0.9996 0.0004 0.0013 0.00056 0.9999 0.0004 0.0006 0.00026
SVM 0.9995 0.0004 0.0015 0.00064 0.9989 0.0007 0.0024 0.00103

REP Tree 0.9551 0.0006 0.0153 0.00655 0.9772 0.0038 0.0098 0.00420

Performance Evaluation Parameters

In the assessment of predicting the Gmb of the asphalt concrete, various evaluation
parameters were employed to gauge the accuracy and reliability of the predictions. These
parameters included correlation coefficient (CC), root mean square error (RMSE), mean
absolute error (MAE), and scatter index (SI).

CC is a metric that ranges from −1 to 1, where a higher CC value indicates a stronger
correlation between predicted and actual values. A CC value closer to 1 signifies a more
accurate prediction. RMSE and MAE are indicators of the average prediction error. Lower
values of RMSE and MAE are desirable as they indicate a minor discrepancy between
predicted and actual values, thus reflecting better prediction accuracy. SI provides insights
into the dispersion of predicted values around the line of best fit. A lower SI value
signifies better prediction accuracy, indicating less scatter or variability in the predictions.
Equations (7)–(10) were used to calculate these evaluation parameters.

CC =
∑n

i=1 (ti − t)(ri − r)√
∑n

i=1 (ti − t)2∑n
i=1(ri − r)2

(7)

RMSE =

√
1
n

n

∑
i=1

(ti − r)2 (8)

MAE =
1
n

n

∑
i=1

|ti − ri| (9)

SI =
RMSE

q
(10)

where

ri = observed value;
ti = predicted value;
q = average observed value;
n = number of observations.

The evaluation results of these parameters are presented in Table 5, where the per-
formance of the predictive models is assessed based on these metrics. The aim is to
identify the model that yields the highest CC value and the lowest RMSE, MAE, and SI
values, indicating superior predictive capability and accuracy in estimating the Gmb of
asphalt concrete.
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5. Results
5.1. GP Model Predictions

The GP model demonstrated outstanding predictive prowess, as evidenced by its
remarkable performance across various metrics. Notably, the model attained exceptionally
high CC values of 0.9935 and 0.9846 for the training and testing datasets. This indicates a
robust linear relationship between the predicted and actual values, affirming the model’s
ability to capture the underlying patterns in the data accurately. Furthermore, the GP model
exhibited minimal MAE values of 0.0017 for training and 0.0028 for testing. These low
MAE values indicate that, on average, the GP model’s predictions deviate by a very small
margin from the actual values, emphasizing its precision and reliability. Similarly, RMSE
values of 0.0058 for training and 0.0101 for testing further highlight the model’s accuracy
and consistency. These values suggest that the model’s predictions have low variability
and are close to the actual values, as shown in Figure 4, indicating its robust performance
in predicting the Gmb of asphalt concrete.

Overall, these findings underscore the effectiveness and reliability of the GP model in
accurately predicting Gmb values for training and testing datasets. Its ability to achieve high
CC, low MAE, and RMSE values demonstrates its robustness and suitability for practical
applications in asphalt concrete prediction.
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Figure 4. Comparison of actual and predicted values for the GP model in training and testing.

5.2. SVM Model Predictions

SVM is a robust machine learning algorithm that is particularly effective for classifica-
tion and regression tasks. It works by finding the optimal hyperplane that separates data
points into different classes or predicts continuous target values in the case of regression.
SVM achieves this by maximizing the margin between different classes or minimizing
the error between predicted and actual values, depending on the task. The SVM model
exhibits exceptional predictive performance, as demonstrated by the extremely high CC
values of 0.9995 for training and 0.9989 for testing. The model achieves impressively low
MAE values of 0.0004 for training and 0.0007 for testing. These values suggest that, on
average, the SVM model’s predictions deviate by an incredibly small margin from the
actual values, underscoring its precision and accuracy (Figure 5). Similarly, the RMSE
values of 0.0015 for training and 0.0024 for testing indicate that the model’s predictions
have minimal variability and are very close to the actual values overall.
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Figure 5. Comparison of actual and predicted values for the SVM model in training and testing.

The extremely high CC values and the low MAE and RMSE values indicate that the
SVM model effectively captures the complex relationships between input features and Gmb

values, resulting in highly accurate predictions for training and testing datasets. These
results highlight the SVM model’s exceptional performance and potential as a reliable
predictive tool for asphalt concrete properties.

5.3. ANN Model Predictions

The results indicate that the ANN model outperforms all other models used in this
study, with CC values of 0.9996 for training and an even higher value of 0.9999 for testing.
The model achieves impressively low MAE values of 0.0004 for training and testing datasets.
Similarly, the RMSE values of 0.0013 for training and an even lower value of 0.0006 for
testing indicate that the model’s predictions have minimal variability and are extremely
close to the actual values overall. The hidden layers consist of nine neurons, as shown in
Figure 6, with a momentum of 0.2 and a learning rate of 0.2.
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Figure 6. Architecture of the optimal ANN model.

The ANN model demonstrates exceptional accuracy and robustness in predicting the
Gmb of asphalt concrete. Its ability to achieve such high CC values, along with low MAE
and RMSE values, as depicted in Figure 7, confirms its effectiveness as a reliable predictive



Mach. Learn. Knowl. Extr. 2025, 7, 30 14 of 21

tool in this context. Compared to the findings of [9], who applied ANN to predict the
theoretical maximum specific gravity of asphalt concrete and obtained lower accuracy,
this study exhibits a significant improvement in precision and reliability. Additionally,
reference [10] explored the impact of aggregate gradation and asphalt mix volumetrics
on the thermal properties of asphalt mixtures. However, their study did not incorporate
machine learning techniques for predictive modeling. The present research extends the
application of machine learning by utilizing multiple input parameters to optimize Gmb,
thereby enhancing the mix design process.
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Figure 7. Comparison of actual and predicted values for the ANN model in training and testing.

5.4. REP Tree Model Predictions

The results from the REP Tree model indicate a strong but comparatively lower
predictive performance compared to other models used in the study. The CC values of
0.9551 for training and 0.9772 for testing demonstrate a substantial linear relationship
between the predicted and actual values. While slightly lower than those achieved by other
models like ANN, GP, and SVM, these CC values still suggest a reasonably good level of
prediction accuracy. However, when considering the MAE and RMSE values, it becomes
evident that the REP Tree model exhibits higher prediction errors compared to models like
ANN, GP, and SVM. Specifically, the REP Tree model has MAE values of 0.0006 for training
and 0.0038 for testing, indicating notable prediction deviations. Similarly, its RMSE value
of 0.0153 for training and 0.0098 for testing further highlights the model’s greater error than
the actual values. Figure 8 illustrates the comparison between actual and predicted values
for the REP Tree model.

Despite these higher errors, the REP Tree model’s performance is still deemed accept-
able within the context of the study. While it may not achieve the same level of predictive
accuracy as ANN or SVM, it still provides reasonably accurate predictions for the Gmb of
asphalt concrete. In practical terms, these results suggest that the REP Tree model can still
be a valuable tool for prediction tasks in civil engineering and materials science, especially
considering its simplicity and ease of interpretation compared to more complex models
like ANN and SVM.
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Figure 8. Comparison of actual and predicted values for the REP Tree model in training and testing.

5.5. Comparison of All the Applied Models

In comparing all applied models, the ANN model emerges as the top performer,
exhibiting unparalleled predictive accuracy and robustness. The exceptionally high CC
values of 0.9996 for training and 0.9999 for testing signify a powerful linear relationship
between the predicted and actual values. This suggests that the ANN model adeptly
captures the underlying patterns in the data, outperforming all other models. Figure 9
illustrates the ANN model’s superior predictive performance with minimal deviation
between predicted and actual values.
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Figure 9. Comparison of actual and predicted values for all the models in training and testing.

Furthermore, the remarkably low MAE values of 0.0004 for training and testing
datasets indicate minimal average deviation between the ANN model’s predictions and
the actual values. Similarly, the RMSE values of 0.0013 for training and 0.0006 for testing
demonstrate minimal variability and closeness of predictions to actual values overall.

In summary, while SVM, GP, and REP Tree models exhibit strong predictive capabil-
ities, the ANN model stands out as the clear frontrunner regarding predictive accuracy,
precision, and robustness. Its exceptional performance underscores its effectiveness as a
reliable predictive tool for predicting the Gmb of asphalt concrete, making it the preferred
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choice among all models evaluated in this study. Figure 10 illustrates the SI, provid-
ing additional evidence to support the superior performance of the ANN model during
model evaluation.
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5.6. Correlation Analysis of Input Parameters and Bulk-Specific Gravity

Our investigation explored how input parameters relate to Gmb and their influence on
asphalt mixture properties. A significant trend emerged: an increase in the volume of VFB
corresponded to higher Gmb values. This positive correlation indicates that a greater binder
volume contributes to increased compactness and density in the mixture. Conversely, a
contrasting trend emerged when analyzing other input parameters such as BC, VMA, Vv,
and Vb. As these parameters increased, Gmb tended to decrease, as depicted in Figure 11.
This inverse relationship implies that higher bitumen content, increased void space, or
larger air void volumes result in lower overall density and reduced Gmb values [42,43].

These findings align with fundamental principles in asphalt mixture design, empha-
sizing the pivotal role of binder content and void characteristics in determining pavement
properties. It underscores the necessity of carefully managing binder content and void
characteristics during mixture design to achieve desired performance attributes. Further-
more, these insights offer valuable direction for optimizing asphalt mixture compositions to
meet specific project objectives, such as attaining target densities and enhancing long-term
performance. By comprehending the connections between input parameters and Gmb,
engineers can make informed decisions throughout the design and construction phases,
advancing more sustainable and durable asphalt pavements.

The predictive performance of the developed models in this study demonstrates
superior accuracy compared to previous research. While the Gene expression programming
(GEP)-based model by reference [44] achieved a coefficient of determination (R2) of 97.6%
and an RMSE of 0.0119, the ANN model in this study outperforms it with a CC of 0.9999 for
testing and significantly MAE = 0.0004, RMSE = 0.0006. This higher precision underscores
the efficacy of ANN in capturing complex relationships between input variables and Gmb

values, particularly for modified asphalt mixtures incorporating PET, HDPE, and PVC.
Additionally, while [44] model emphasizes aggregate absorption (Ab%), Gmb, and filler
content (F%) as primary predictors, our study identifies BC and Vb as the most influential
parameters. This distinction reflects a more comprehensive understanding of material-
property interactions, especially in sustainable asphalt mixtures utilizing plastic waste. The
superior predictive accuracy and broader input scope make the proposed model a robust
and practical tool for optimizing asphalt mix design and quality control applications.
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perior accuracy compared to previous research. While the Gene expression programming 
(GEP)-based model by reference [44] achieved a coefficient of determination (R2) of 97.6% 
and an RMSE of 0.0119, the ANN model in this study outperforms it with a CC of 0.9999 
for testing and significantly MAE = 0.0004, RMSE = 0.0006. This higher precision under-
scores the efficacy of ANN in capturing complex relationships between input variables 
and Gmb values, particularly for modified asphalt mixtures incorporating PET, HDPE, 
and PVC. Additionally, while [44] model emphasizes aggregate absorption (Ab%), Gmb, 
and filler content (F%) as primary predictors, our study identifies BC and Vb as the most 
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Figure 11. Predicted Gmb vs. input parameters.

5.7. Sensitivity Analysis

The sensitivity analysis conducted for the best model, which in this study is the
ANN, provides valuable insights into the influence of individual input parameters on the
prediction of Gmb of asphalt concrete. By systematically removing one input parameter
at a time and observing the resulting changes in model performance, we can discern the
relative importance of each parameter. In this analysis, it becomes evident that BC and
the percentage of volume of bitumen are the most influential parameters. When these
parameters are removed from the model, its predictive accuracy and performance are
notably affected. This suggests that BC and Vb play pivotal roles in determining the Gmb of
asphalt concrete.

BC is a crucial component in asphalt concrete mixtures, serving as the binding agent
that holds the aggregate particles together. Variations in BC can significantly affect the
overall composition and properties of the asphalt mixture, including its density and com-
patibility. Therefore, changes in BC can substantially influence the resulting Gmb of asphalt
concrete. Similarly, the percentage of the volume of bitumen is a key parameter that di-
rectly affects the volume of bitumen within the asphalt mixture. This parameter influences
bitumen distribution throughout the mixture and can impact its density and compactness.
Consequently, alterations in the percentage of bitumen volume can significantly affect the
Gmb of asphalt concrete. The outcomes of the sensitivity analysis are presented in Table 6.
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Table 6. Sensitivity analysis of the ANN model.

Removed
Parameter

Output
Parameter

ANN

CC MAE RMSE

None Gmb 0.9999 0.0004 0.0006
BC Gmb 0.9994 0.0004 0.0016
Vv Gmb 0.9996 0.0004 0.0012
Vb Gmb 0.9994 0.0004 0.0016

VMA Gmb 0.9996 0.0004 0.0012
VFB Gmb 0.9997 0.0005 0.0012

6. Conclusions and Future Scope
This study demonstrates the effectiveness of machine learning in predicting the Gmb

of asphalt mixtures modified with waste plastics. This study uniquely integrates machine
learning models—ANN, SVM, GP, and REP Tree—to predict the Gmb of asphalt mixtures
modified with waste plastics (PET, HDPE, and PVC). The proposed models provide a
reliable and efficient alternative to traditional experimental methods, offering significant
time and resource savings. ANN exhibited superior accuracy among the evaluated models,
making it the most suitable predictive tool for asphalt mix design optimization. The key
findings of this research are summarized as follows:

• Advanced predictive modeling offers a data-driven alternative to traditional experi-
mental approaches, significantly reducing time and resource consumption.

• The comparative analysis confirms the reliability of ML models in replicating labora-
tory test results with high precision.

• ANN demonstrated the highest accuracy among all tested models, with a CC of 0.9999
and the lowest error metrics (MAE = 0.0004, RMSE = 0.0006). This highlights the
ANN’s potential as the most reliable predictive tool for estimating Gmb in modified
asphalt mixes.

• The ANN model exhibited minimal deviation between predicted and actual Gmb

values, proving its robustness in accurately capturing the nonlinear relationships
among input parameters.

• Sensitivity analysis revealed that bitumen content (BC) and volume of bitumen (Vb)
are the most influential parameters affecting the prediction of Gmb.

• Machine learning models offer a scalable solution for optimizing asphalt mix design,
reducing dependence on extensive laboratory testing.

• The study validates the use of waste plastic-modified asphalt as a viable approach to
enhancing pavement performance and supporting sustainability efforts.

• While the findings of this study highlight the potential of ML models in asphalt mix
design, some limitations remain:

• The reliance on VMA and VFA as input parameters may pose practical challenges, as
they depend on preliminary Gmb measurements.

• The study is based on a specific dataset; the generalizability of the models needs
validation with a larger dataset from diverse sources.

Future research should focus on developing predictive models that eliminate the
reliance on preliminary Gmb values for estimating VMA and VFA, by integrating both
empirical and ML-based estimation techniques to enhance model applicability in real-
world asphalt mix design. Moreover, since volumetric properties alone do not ensure
optimal performance, future studies will incorporate performance-based parameters such
as rutting resistance, fatigue life, and moisture susceptibility, thereby expanding the scope
of ML models in Balanced Mix Design (BMD) and performance-driven optimization. In
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addition, exploring hybrid ML models that combine deep learning with optimization
algorithms is expected to yield enhanced prediction accuracy, while extending model
validation to diverse climatic conditions and traffic load variations will further improve the
generalizability of these approaches.
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