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ABSTRACT 

This study aimed to estimate the permanent deformation of Asphalt Mixtures (AMs) of pavements (Fn) 

utilizing a hybrid LGBM-GSO machine learning model, which combines Light Gradient-Boost Machine 

(LGBM) regression and Grid Search Optimization (GSO). In this study, input physical parameters, 

namely Filler (FP), fine aggregate (S), coarse aggregate (C), bitumen percent (BP), Marshall stability (M), 

Voids in Mineral Aggregate (VMA), air voids (Va), and Marshall flow (F) were used to predict Fn. 

Laboratory data from 118 AMs were analyzed. Model validation was carried out using various standard 

evaluation indicators, namely Mean Absolute Error (MAE), Root Mean Square Error (RMSE), R2 

(determination coefficient), and learning curve. The proposed LGBM-GSO model (R2 = 0.943) performed 

well for the estimation of the Fn compared with the base model LGBM (R2 = 0.909), showing that LGBM-

GSO is an effective tool for accurate Fn estimation, and GSO is an effective optimization technique for 

LGBM to improve prediction performance. 
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I. INTRODUCTION  

The performance of asphalt concrete used in road and 
bridge pavements is largely influenced by the permanent 
deformation of the Asphalt Mixture (AM) layers [1]. Under 
repeated traffic loads, stress accumulates in these layers at the 
contact area between vehicle tires and the pavement surface, 
leading to progressive deformation. This phenomenon, 
commonly known as asphalt rutting, is particularly severe in 
high-temperature regions. Rutting significantly affects 
pavement durability, reducing the functional lifespan of roads, 
potentially compromising vehicle stability, and posing safety 
risks to highway users [2]. 

Since asphalt is a composite material, aggregates, which 
constitute over 90% of its weight and 80% of its volume, play a 
critical role in determining the extent of permanent deformation 
[3]. Among various aggregate properties, coarse aggregate 
geometry has a particularly strong influence on AM’s 
deformation behavior [4]. The morphological characteristics of 
aggregates, such as angularity, are directly linked to the 
mechanical strength of AMs, affecting skeleton stability, 
interlocking force, shear resistance, and overall deformation 
resistance [3]. In addition to aggregate properties, permanent 
deformation in AMs is influenced by factors such as air voids, 
binder content, material selection, mix design, pavement 
structural design, environmental conditions (e.g., extreme 
temperatures), and overloading [5-7]. 

Various laboratory tests and analytical methods have been 
proposed to evaluate the permanent deformation behavior of 
AMs [8-10]. These include the softening point (ring and ball 
test) for hardening properties, penetration, resilience, and 
apparent viscosity tests for traditional asphalt 50/70 [11], 
triaxial repeated, wheel tracking, and recently developed partial 
triaxial tests and single penetration repeated shear test [12]. 
Various tests have been accelerated, including loading, static 
and dynamic creep, dynamic modulus, uniaxial and triaxial 
loading, and wheel tracking [2, 13, 14]. However, since the 
permanent deformation of AMs is affected by various complex 
and highly nonlinear elements, the development of a 
correlation model to effectively explain their performance has 
proved challenging. Early models based on mechanistic-
empirical rutting studied the strains in the subgrade [15], 
involving some mechanistic approaches such as deflection 
level or computed strain, and regression models on permanent 
strain and strain ratio [16, 17]. HDM-III rutting performance 
models are considered the most well-known among other 
regression approaches, and several other terms could also be 
considered for environmental variables, mixture characteristics, 
and other factors [11]. In [18], a multiple linear regression 
model was used as a function of the mix volumetric, stiffness in 
terms of resilient modulus, and gradation parameters for 
predicting PD behavior. In [19], the rutting resistance of AM 
was examined as a function of gradation and dynamic modulus. 
Furthermore, statistical study of the connection between elastic 
and plastic compressive stresses determined by repeated-load 
uniaxial/triaxial testing often yields the general form of hot-mix 
asphalt rutting models [20]. 

Nowadays, machine learning (ML) methods are well-
known as more advanced than conservative methods in 
prediction problems, due to their outstanding learning features 
in diverse research fields [21]. Predictive modeling can 
estimate the results of a given system using probability theory 
approaches and data mining tools. Each model is built utilizing 
various predictors that could have an impact on future events. 
In [22], machine learning-based models were used to predict 
AM rutting behavior. To prevent extrapolation, these models 
tried to specify the n-dimensional input space, taking into 
account the issues that were mostly ignored in previous 
pavement predictive models. Such frameworks can utilize 
optimization techniques to discover the optimal design. In [23], 
Multi-Objective Particle Swarm Optimization (MOPSO) was 
proposed for multivariate, multilevel optimization problems 
with multiple constraints. In [24], an automatic tool was 
developed to optimize AMs using the local experience of road 
agencies, an Artificial Neural Network (ANN), mix properties 
from construction projects, and an optimization strategy using a 
Genetic Algorithm (GA) to automate the mix design process.  

Among ML models, Light Gradient-Boost Machine 
(LGBM) regression is an effective distributed gradient-
boosting system. This method has been successfully utilized in 
a variety of research in various scientific fields and in the 
prediction of different modes of deformation and failure in 
materials and systems. As the accuracy of the LGBM model 
relies on its parameters, an optimization technique should be 
used to optimize and improve it. The main objective of this 
study is to evaluate the performance of a hybrid model, namely 
LGBM-GSO, a hybridization of LGBM and Grid Search 
Optimization (GSO), to estimate the permanent deformation of 
AM. A dataset of 118 asphalt mixture samples, including eight 
key input parameters, namely Filler (FP), fine aggregate (S), 
coarse aggregate (C), bitumen percent (BP), Marshall stability 
(M), voids in mineral aggregate (VMA), air voids (Va), and 
Marshall flow (F), was used to train and validate the model. 
Model performance was assessed using statistical indicators, 
namely Mean Absolute Error (MAE), Root Mean Square Error 
(RMSE), and the coefficient of determination (R²). The Python 
programming language was used to implement and evaluate the 
model. 

II. MATERIALS AND METHOD  

A. Data Used  

This study used data from [11], analyzing a total of 118 
samples to model the permanent deformation of AM. These 
data considered one output (Fn), a dependent variable, and a set 
of inputs, including FP, S, C, BP, M, VMA, Va, and F, as 
independent variables. The reason for selecting these input 
parameters was presented specifically in [11]. To train and 
validate the models, the data were divided into two parts, one 
(70%) used for training and constructing them and the 
remaining (30%) used to validate their predictive ability. 
Figure 1 shows the histogram of the parameters used, and 
Figure 2 indicates the correlation analysis of the parameters. 
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Fig. 1.  Histogram of the variables used for modeling the permanent deformation of AM. 

 

Fig. 2.  Correlation matrix analysis input variables in this study. 

B. Methods Used 

1) Light Gradient-Boost Machine (LGBM) 

ML and artificial intelligence are the fastest-spreading 
fields in the modern world. LGBM is one of the most 
successful ML algorithms. As the accuracy of LGBM 
regression models is much better than that of others due to their 
extremely effective process and perfectly accurate 
performance, it has been widely employed in data modeling 
[25]. LGBM works on the principle of building a strong learner 
with the training data, including a large number of decision tree 
learners. Every new regression tree is generated by using the 
residual error of preceding weak learners. The final predictive 

output is then derived from the summation of projected value 
from several decision trees [25]. The advantages of LGBM 
include reduced memory utilization, robust training, speed, 
greater effectiveness, support of equivalent and GPU learning, 
ease of handling large-scale data, and enhanced precision [26]. 
In [27], these advantages were described as fast training speed 
by turning large feature values into discrete bins, which 
accelerates the training process. Replacing these discrete bins 
with continuous feature values requires low memory usage 
using a leaf-wise split approach, producing a more complex 
tree that achieves high accuracy. The training process is even 
faster because of its capacity to support features and data 
parallelism using GPUs. Although LGBM is one of the most 
efficient procedures and performs well on small datasets, it is 
sensitive to overfitting, especially in small datasets (with rows 
less than 10,000), as it splits leaf-wise and produces much more 
complex trees. 

2)  Cross Validation-based Grid Search Optimization (GSO) 

GSO can help classifiers find the ideal model parameters as 
an alternative to successfully predict unlabeled testing data. 
This method can be categorized as exhaustive, as the procedure 
uses trials and iterations to explore the best parameter values. 
First, the prediction values are sorted. The method then shows 
the score for each parameter value to select for modeling [1]. 
The GSO is valid in the case the required maximum value is 
known to be within the upper and lower limits of each of the 
independent variables. To obtain the best values for model 
training, GSO can be applied along with cross-validation, 
which is a technique to resample existing data to assess 
machine learning models. Various pairs are examined and the 
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one with the best cross-validation accuracy is selected. The 
advantages of the GSO approach are: (a) avoiding exhaustive 
search due to approximation heuristics, (ii) having only two 
parameters, and (iii) less computation time to find decent 
parameters by grid search [28]. In this study, GSO was used to 
optimize the hyperparameters used in LGBM to improve the 
model for the prediction of Fn. 

C. Validation Ιndicators 

1) Popular Statistical Validation Indicators 

This study used popular indicators for the validation of 
regression analysis and comparison of models developed, 
including MAE, RMSE, and R

2
. R

2
 is defined as the proportion 

of the variation in the output which is predictable from the 
inputs, with values ranging from 0 to 1. A closer R

2
 value to 1 

shows better model performance. RMSE shows the differences 
between predicted and actual output values, while MAE 
measures the errors between predicted and actual output values. 
Lower values of MAE and RMSE show better accuracy of the 
model. The equations to calculate these indicators are [29-31]: 

��� � �
� ∑ │	
� �

� 	�
│   (1) 

���� � �∑ ��� ����������
�     (2) 

�� � 1 � ∑ ��� �������
∑ ��� ��� ���     (3) 

where, 	
  denotes the actual values, ŷ
  denotes the ML-
predicted values, 	� is the mean of all actual values, and � is the 
sample size. 

2) Learning Curve Analysis 

Generally, a learning curve is a direct proportion on a graph 
that shows the relationship between a learner's performance on 
a task and the number of tries or times needed to finish it [32]. 
This work used learning curve analysis to evaluate the 
performance of the model with different training/testing ratios. 

III. RESULTS AND DISCUSSION 

A. Evaluation Comparison of the Models 

LGBM-GSO was trained and validated using training and 
testing datasets. In the training process, the hyperparameters in 
LGBM, including max_depth, and learning_rate, were 
optimized using GSO, and their optimal values are presented in 
Table I. In addition, a 10-fold cross-validation was also used 
for training the LGBM-GSO to get the best fit of the model. 
Figures 3, 4, and 5 along with Table II show the validation 
results. Figure 3 shows that the performance of the models 
varied with the change in training data size, and it was the best 
with 70% training data and 30% test data. Therefore, it can be 
concluded that the best-split rate to divide the training and 
testing datasets is 70/30, which is also in line with other studies 
[33, 34]. 

 

 

TABLE I.  BEST VALUES OF LGBM HYPERPARAMETERS 
(USING GSO) 

No Hyperparameters LGBM-GSO 

1 Maximum of depth 4 

2 Learning rate 0.1 

3 Number of cross-validations 10 

 

(a) 

 

(b) 

 

Fig. 3.  Learning curve analysis of (a) LGBM and (b) LGBM-GSO. 

Figure 4 shows the performance of the models using R
2
, 

indicating that both models (LGBM and LGBM-BSO) have 
high R

2
 values. More specifically, the LGBM R

2
 values are 

0.927 for training and 0.909 for testing, while the LGBM-GSO 
R

2
 values are 0.963 for training and 0.943 for testing. When 

comparing the R
2
 of these two models, those of LGBM-GSO 

are higher than those of the single LGBM model.  

Figure 5 and Table II show the performance of the models 
using RMSE and MAE, indicating low error values for both of 
them. More specifically, the RMSE values of LGBM were 
38.761 for training and 43.143 for testing while the RMSE 
values of LGBM-GSO were 27.634 for training and 43.143 for 
testing. The MAE values for the LGBM model were 27.299 
and 32.624 for training and testing, respectively, whereas for 
the LGBM-GSO model, the MAE was 18.754 for training and 
25.843 for testing. When comparing the RMSE and MAE 
values of these two models, the RMSE and MAE values of 
LGBM-GSO were lower than those of the single LGBM 
model. 

TABLE II.  SUMMARY OF THE PERFORMANCE OF THE 
LGBM-GSO AND LGBM MODELS  

Parameter 
Train Test 

R2 MAE RMSE R2 MAE RMSE 

LGBM 0.927 27.299 38.761 0.909 32.624 43.143 

LGBM-GSO 0.963 18.754 27.634 0.943 25.843 34.280 
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(a) (b) (c) (d) 

Fig. 4.  R2 of the models: (a) training LGBM, (b) testing LGBM, (c) training LGBM-GSO, and (d) testing LGBM-GSO. 

    
(a) (b) (c) (d) 

Fig. 5.  RMSE values of: (a) training LGBM, (b) testing LGBM, (c) training LGBM-GSO, and (d) testing LGBM-GSO. 

The LGBM-GSO model demonstrated high accuracy in 
predicting the permanent deformation of AMs. The key reason 
for its superior performance lies in the combination of the 
strengths of LGBM and GSO. LGBM is widely recognized as 
one of the most effective ML techniques for predictive tasks 
due to its high parallelism efficiency, scalability with large 
datasets, and fast learning speed [25]. On the other hand, GSO 
is a powerful optimization technique that helps identify the 
optimal hyperparameters for machine learning models. It 
enhances model accuracy by allowing parallel processing 
during model training, improving the predictive capability of 
models [28]. This hybrid approach optimizes both the 
prediction algorithm and the hyperparameter tuning process, 
leading to a more robust and accurate model for predicting 
permanent deformation in asphalt mixtures. 

When comparing with the performance of other models, 
namely Multi-Layer Perceptron (MLP) and Multi-Expression 
Programming (MEP) in [11] using the same data, the 
performance of LGBM-GSO (R2 = 0.943) is equivalent to MEP 
and MLP. 

B. Importance of Input Variables Used 

To evaluate the importance of input variables in the 
estimation of Fn, one of the most popular feature selection 
methods, namely the Pairwise Correlation-based method (PC), 
was selected. The main principle of this method is that good 
feature datasets include variables that are highly correlated 
[35]. Figure 5 shows the results of feature selection, indicating 
that of the eight input variables, FP (AM = 6.214), C (AM = 
6.036) and S (AM = 5.844) are the most important factors for 
the prediction of the permanent deformation of AM, followed 

by M (AM = 4.531), VMA (AM = 4.437), F (AM = 4.36), Va 
(AM = 4.16), and BP (AM = 3.957), respectively. These 
feature selection results show that out of eight input variables, 
the six input variables C, M, S, VMA, Va, F, F, and BP have 
contributed to the predictive capacity of the model for correct 
prediction of permanent deformation of AM. 

 

  
Fig. 6.  Feature importance using LGBM-GSO. 

IV. CONCLUSION 

This study used an LGBM-GSO model to accurately 
predict the permanent deformation (Fn) of AMs, a crucial 
parameter in pavement design to mitigate rutting in flexible 
road and bridge pavements. The model was trained using 
laboratory data from 118 asphalt mixtures, incorporating eight 
key input parameters: C, M, VMA, Va, F, FP, BP, and S [11]. 
Validation using statistical metrics such as R², RMSE, MAE, 
and learning curve analysis confirmed that the LGBM-GSO 
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model (R² = 0.943) outperformed the base LGBM (R² = 0.909), 
demonstrating the effectiveness of GSO in improving model 
performance. Looking ahead, there is potential for other ML 
models, such as Support Vector Machines, Bayesian Ridge 
Regression, and Random Forest, for further comparative 
studies in AM prediction. Additionally, feature selection 
techniques such as ANOVA or Extra Tree Regressor (ETR) 
can be used to identify the most informative subset of input 
features, addressing multicollinearity issues and enhancing 
model interpretability. In general, this study underscores the 
importance of hybrid ML techniques in pavement engineering 
and highlights the effectiveness of GSO in optimizing 
predictive models for AM properties. 
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