
Advanced Engineering Research 2022. V. 22, no. 3. P. 272−284.  ISSN 2687−1653  

h
tt

p
:/

/v
es

tn
ik

-d
o
n
st

u
.r

u
 

272 

UDC 625.7/8 Original article 

https://doi.org/10.23947/2687-1653-2022-22-3-272-284 

Evaluation of Pavement Condition Deterioration Using Artificial 

Intelligence Models 

Mohamed Mostafa Mahmoud Elshamy
1,2

, Artem N. Tiraturyan
1
, Evgeniya V. Uglova

1
, 

Mohamed Zakaria Elgendy
2

1Don State Technical University, 1, Gagarin sq., Rostov-on-Don, Russian Federation 
2 Al-Azhar University, 1, Al Mokhaym Al Daem St., Cairo, Nasr-City, Arab Republic of Egypt 

 tiraturjan@list.ru   

Abstract  

Introduction. One of the most significant tasks facing road experts is to maintain the transport network in good 

condition. The process of selecting an appropriate approach to providing such condition is quite complex since it 

requires considering many parameters, such as the existing condition of the pavement, road category, weather 

conditions, traffic volume, etc. Recently, the rising trend of digitization in the industry has contributed to the use of 

artificial intelligence to address problems in several fields, including the bodies in charge of operational control over the 

status of roadways.  Within the context of any control system, the main task of the control system is to carry out reliable 

forecasting of the operational state of the road in the medium and long term.  

Materials and Methods. This study investigated the possibility of using artificial neural networks to assess existing 

pavement characteristics and their potential application in developing road maintenance strategies. A back-propagation 

neural network was implemented, trained using data from 1,614 investigated sections of the M4 “DON” highway in the 

road network of the Russian Federation in the period from 2014 to 2018. Several models were developed and trained 

using the MATLAB application, each with a different number of neurons in the hidden layers.  

Results. The results of the models showed a convergence between the inferred paving state values and the actual values, 

as the multiple correlation coefficient (R
2
) values exceeded 92 % for most of the models during all learning stages. 

Discussion and Conclusions. The findings suggest that public road authorities may utilize the established models to 

choose the best road maintenance strategy and assign the most efficient steps to restore road bearing capacity and 

operation.  

Keywords: artificial neural network, back-propagation algorithm, falling weight deflectometer test, pavement 

maintenance, pavement management system. 
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Introduction. Road infrastructure is one of the resources that are vital to any community, so it is necessary to think 

about ways to maintain its efficiency. However, roads deteriorate over time as a result of being subjected to various 

deterioration mechanisms [1]. As a result, it is essential to manage these resources strategically to maximize their 

service life and technical indicators while also lowering maintenance costs [2].  

Pavement management systems (PMS) aid in the maintenance of pavement performance at an appropriate level for 

use and provide a variety of financial and social advantages. Moreover, it contributes significantly to the cleanliness of 

the surroundings during the usage or maintenance [3]. Accordingly, if the condition of the pavement network is allowed 

to deteriorate, the damages will not only increase the costs of road maintenance to raise their efficiency. But, it will 

cause environmental harm due to emissions and traffic noise, as well as expose travelers to the hazards of automobiles 

travelling on rough roads [4].  

Due to the significant damage caused by the deterioration of roads, transportation agencies in various countries 

allocate a large part of their annual budget to the maintenance or rehabilitation of these damaged roads. The importance 

of maintenance planning work is to choose the appropriate time and method to reduce the rate of deterioration of 

pavement sections according to the available budget. To reach this goal, it is required to develop models that help 

improve the development process and take into account the factors affecting the maintenance decision making [5]. 

Multi-criteria models are commonly used in complicated decision-making situations, like those involving the 

network-wide maintenance of road infrastructure [6]. Multi-criteria models emerge as a scientific approach for 

evaluating multiple alternative interventions in the framework of road rehabilitation, taking into account the properties 

of pavement sections [7].  

It is well recognized that a pavement's surfacing behavior reflects its condition; for this reason, pavement 

administrations depend on knowing the value of the PCI index through the process of visual inspection of the roads 

periodically in order to extend the life of the pavement and improve service levels [8]. The value of the pavement 

condition coefficient is one of the most significant factors based on which the most appropriate method of maintenance 

is determined, in addition to other factors, such as weather factors and traffic volume.  

Over the last two decades, it has become clear that traditional knowledge of road maintenance is not enough, and 

there is an urgent need to develop new methods that help collect and process data for use in pavement management [9]. 

Due to the rapid development in the domains of information technology and artificial intelligence networks, many 

opportunities have been provided to find solutions to many problems in various fields, including road engineering.  

Artificial neural network models are an application of the field of artificial intelligence used to solve non-linear 

geometric models, such as forecasting, recognition, and estimation of different patterns [10]. Artificial neural network 

models mimic the human brain's ability to solve issues using previous experiences. As a result, we can use this 

approach for choosing the most appropriate way to maintain the road after calculating its current or future condition 

instead of relying on human experience and knowledge.  

Artificial neural networks (ANN) review: 

Many studies focused on the possibility of using the artificial neural networks approach to determine the current and 

future state of the pavement to using it in the development of pavement management systems and determining the 

method of maintenance. We will mention some of these studies as follows:   

R. Kumar, et al. created a neural network model for determining the condition rating of flexible pavements 

depending on pavement distress data collected. The study result appeared that the neural network was able to calculate 

pavement condition rating accurately [11].  

Hamdi, et al. built an artificial neural network model using distress data generated from a visual assessment method 

to determine the Surface Distress Index. The positive modeling results showed that it could be used to determine the 

SDI coefficient [12]. 

After the results of the ANN models showed superiority in predicting the values of the pavement condition, many 

researchers were interested in developing models that can predict the values of pavement distress as an indicator of the 

pavement condition.  

D. T. Thube used a neural networks approach to construct four models to predict pavement defects (cracking, rut 

depth, roughness, and raveling) as pavement condition indicators. The small differences between the observed and 

calculated distress values were evidence of the model's success [13].  

L. Yao, et al. used a neural network approach to construct five models that predict five indicators of pavement 

distress: the transverse crack index, the skid-resistance index, roughness, the rut index, and pavement surface distress. 

The results of the models showed an acceptable performance in predicting the condition of the pavement, with an 

average testing R
2
 of 0.8692 [14].  

A. Shtayat, et al. [15], M. Mazari and D. D. Rodriguez [16] studied the possibility of predicting the International 

Roughness Index (IRI) based on distress data or different pavement performance indicators, such as traffic coefficients 
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and structural properties of pavement through neural network models or combined with gene expression programs or 

regression analysis. However, the results of neural network models showed an acceptable superiority compared to other 

methods.  

A. M. Mosa suggested a neural network-based approach for diagnosing pavement distresses and optimizing 

solutions for maintenance techniques suggestions. The created system supplied the optimal solutions taking into 

consideration technological, economic, and environmental requirements [17].  

The results of the mentioned literature review showed the ability of neural network models to represent the complex 

and nonlinear relationship between several variables. Therefore, it can contribute to solving road engineering problems. 

We also note the use of most previous studies of ANN models with an inverse propagation logarithm, and we will 

mention a summary of them in the following section.  

Description of back-propagation artificial neural networks: 

The back-propagation algorithm is one of the most widely utilized algorithms of artificial neural network models. It 

has a high capacity and speed in processing new data after conducting several iterations for a set of data during the 

education stage [18, 19]. 

The structure of the back-propagation algorithm for artificial neural networks consists of three or more layers, 

including the input layer, the output layer, and one or more hidden layers, as shown in Figure 1. The function of the 

neurons inside the input layer is to receive data and then pass it through the hidden layers, which have the ability to 

examine the correlations between variables and process the data to the output layer, which provides the results by the 

neurons in it [20] .  

 

Fig. 1. Artificial Neural Network Construction Layers 

In order for the neural network to perform the function assigned to it, the data must pass through three stages. The 

first is the process of training the network, in which it understands the effect of each variable and its relationship to 

other variables. Then we move on to the second stage, which is the validating process of the model, and finally, the 

network testing stage [21]. 

The back-propagation approach employs supervised learning, which implies that we supply examples data for the 

inputs and outputs to the network for learning [22]. The model assumes random weights for each variable and then 

passes the data forward to calculate the output. After calculating the difference between the computed output and the 

target values during the back pass, the weights are adjusted again to reduce the error rate and return the data from the 

output layer through the hidden layer to the input layer. The described learning process is repeated several times until 

the learning process is stopped when the error reaches an allowable value [19]. 

The weights determined during the training phase are employed in the testing process to calculate the output of a 

new input data set that was not used during the learning process. An evaluation of the ANN model is based on the 

amount of computed error.  

The research scopes:        

The study aims to use the field of artificial intelligence to build a model that helps engineers or decision-makers who 

prepare a road maintenance map to know the condition of the pavement without the need to conduct a periodic visual 

inspection. This reduces the dangers to individuals in charge of the examination process, as well as the effort, time, 

expense associated with it, and the errors that occur throughout the measuring procedure. To achieve this goal, we 

utilized the values of the deflection measurements coming from the falling weigh deflection test and the pavement 

condition index values from the Russian Road Company project for developing the M4 highway between the periods 
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from 2014 to 2018. We prepared a database for training and testing artificial neural network models by MATLAB 

software. The importance of this research is to accurately describe the future condition of the asphalt pavement to use 

the appropriate maintenance method to slow down the rate of asphalt deterioration. 

Materials and Methods 

Preparation of the database: 

The data obtained for constructing the ANN model were collected from a study carried out by the Russian Road 

Corporation for developing the M4 highway between Moscow and Krasnodar. The available data includes inspection 

date, air temperature, asphalt layer thickness, base layer thickness, traffic volume, and precipitation rate and deflection 

values based on the falling weight deflectometer test.  

The database was used to calculate three criteria that express the condition of the asphalt surface, which are the 

probability of success of the pavement sectors against the following three defects: fatigue, roughness, and rutting, as 

well as the modulus of elasticity of the pavement layers (asphalt layer, base layer, and subgrade layer) that were 

determined using a software package PRIMAX as input data and Regarding calculating the input parameter of 

“pavement surface life”, it was determined by taking the difference between the deflection survey date and the date of 

construction or last rehabilitation date. Also, the initial pavement condition mentioned in the same study, represented by 

PCI values, was used as output data to train ANN models to predict PCI values. 

Calculating pavement defects using the logistic model: 

Non-destructive testing is an important approach for evaluating pavement structures and is widely accepted as a 

reliable way of determining the structural condition of existing pavements [23]. The falling weight deflectometer 

(FWD) is well-known for its effectiveness in determining the structural condition of pavement and assisting in defining 

the best treatment option possible, which reduces the deterioration of the pavement [24, 25]. 

The values expressing the resistance of the pavement sections to the above three pavement defects were calculated 

using the logistic model equations developed by the Federal Highway Administration Long-Term Performance (LTPP). 

Equations 1 and 2 show the general formula, the linear formula, that were produced from the logistic model to 

calculate the three distress indicators of the pavement for all sectors used in building the ANN model. 

Equation (1) described the general formula of the logistic model. 

 p(event)= 
1

1+ e-b
   (1) 

Equation (2) described the calculation formula of the exponent term in the general linear.  

 b= a0+ a1b1+ a2b2+…+ anbn   (2) 

where p represents the probability of an event occurring, b represents the exponent variable and (a0, a1, a2 … an) are the 

constants of the variables of the linear equation. 

The variables that influence pavement fatigue to determine the value of the parameter (b) are:  

– D1 denotes the deflection measured in the loading plate's midpoint; 

– AADTT; 

– the base layer type. 

To compute the exponential component in equation (1), we utilized the variable values generated from the logistic 

model for pavement fatigue cracking in Table 1. 

Table 1  

The coefficients values utilized in the linear equation to calculate the condition of fatigue cracking 

Variables (bi) ai 

ai = coefficient values of the 

equation. 

I1 = The utilized deflection value's 

mutual index 

I1 154.764 

AADTT –0.0005073 

Pavement type 0.3774 

Constant –0.2202 

Equation (3) is used to find the variable I1 [26].         

  I1= 
1

D1
     (3) 

The variables that influence pavement roughness to determine the value of the parameter (b) are:  

– D2 is the measured deflection value at distance 200 mm from the center of the loading plate; 

– the volume of trucks in the Class 9 classification; 

– the pavement surface age from construction or from the latest maintenance. 

To compute the exponential component in equation (1), we utilized the variable values generated from the logistic 

model for pavement roughness in Table 2. 
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Table 2  

The coefficients values utilized in the linear equation to calculate the condition of roughness distress 

Variables (bi) ai 

ai = coefficient values of the equation. 

I2 = The utilized deflection value's 

mutual index. 

 

I2 239.849 

Current life –0.189 

Class 9 volume –0.0006781 

Constant 0.8375 

Equation (4) is used to find the variable I2 [26].        

    I2= 
1

D2
     (4) 

The variables that influence pavement rutting to determine the value of the parameter (b) are:  

– D3 is the recorded deflection at a distance of 300 mm from the load plate's center; 

– D4 is the deflection recorded at 450 mm from the load plate's center; 

– the volume of trucks in the Class 9 classification; 

– average annual precipitation in the zone area (mm). 

To compute the exponential component in equation (1), we utilized the variable values generated from the logistic 

model for pavement rutting in Table 3. 

Table 3 

The coefficients values utilized in the linear equation to calculate the condition of rutting distress 

Variables (bi) ai  

ai = coefficient values of the 

equation. 

CI3 = Curvature index for the i
th
 

deviations values. 

CI3 –0.01146 

Precipitation (mm) –0.0005259 

Class 9 volume –0.0007688 

Constant 2.6586 

Equation (5) is used to find the variable CI3 [26].      

     CI3= D3 –  D4             (5) 

Initial Database for Neural Networks  

The database for entry in the neural network is comprised of a set of input data and a set of output data. The input 

data are the measured values of the following parameters: pavement surface life, asphalt layer thickness, base layer 

thickness, p(fatigue), p(roughness), p(rutting), the elastic modulus of (surface layer, base layer, and subgrade layer) 

shown as their mean value for an individual pavement segment. The model outputs are the pavement condition index 

values for the pavement sections that are available in the database. The goal of this database is the preparation and 

sorting of data in a format appropriate for entering it into the neural network. 

Application of ANN 

For the objective of this study, artificial neural networks with back-propagation algorithms and different numbers of 

neurons (8, 9, 10, 11, 12, 13, and 14) in two hidden layers were applied using the MATLAB software. The total 

quantity of inspection data utilized in the construction of the ANN model was 1,614 representing 51 different sectors 

along the M4 highway. The data used in the training process included the minimum and maximum values of the 

variables to increase the efficiency of the models. 

The database was divided into three groups: a large amount of database in which the neural network conducts the 

learning process on 70 % of the randomly selected data; the second group represents the validation process with 15 % 

of the database; the remaining 15 % of the data for the third group was for testing the developed network. Figure 3 

shows the configuration for one of the created neural networks during training. 
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Fig. 2. The Applied ANN Model Structure 

Each of the input parameters is represented by one of the nine neurons in the input layer. Eleven neurons are applied 

in the hidden layers, split into seven neurons in the first hidden layer and four neurons in the second layer. The output 

layer includes one neuron that represents the number of output data. The previous figure shows the direction of data 

transmission from the input layer to the output layer through two hidden layers and vice versa to correct the error rate in 

the output values until the permissible limit is reached.  

Several numbers of layers and neurons inside the hidden layers were applied to increase the performance of the 

developed network. The training procedure was repeated several times until the optimal model that accurately expressed 

the relationship between the input and output data was found. The effectiveness of the trained models were compared 

using statistical analysis of the outputs, which were represented by the mean absolute error (MAE), and coefficient of 

multiple correlations (R
2
), Root Mean Square Error (RMSE), and mean absolute percentage deviation (MARD). 

Results. After the learning step, the neural network was subjected to testing. In the testing process, weights were 

fixed to values adopted at the end of the learning process. A new group of input and output data was offered to the 

network. Network output results were compared with required output and statistically analyzed. 

The following regression and performance plots illustrate the output of the network models concerning training, 

validation, and test sets. Throw the training process, the optimal values of the network elements were carried out after 

1,000 repetitions with (MSE = 0.0224). The best validation performance of the demonstrated model was 0.0344, which 

was achieved after 22 repetitions for the model with structure (9–10–1), as shown in Figure 3 (a, b). The optimal values 

of the network elements were carried out after 1,000 repetitions with (MSE = 0.0234). The best validation performance 

of the demonstrated model was 0.03171, which was achieved after 11 repetitions for the model with structure (9–11–1), 

as shown in Figure 4 (a, b). The low value of MSE of the selected models indicates that pavement conditions of roads in 

the same domain may be anticipated more accurately. 
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b) 

Fig. 3. Results of training an ANN model with a structure (9–10–1): a — regression graphs; b — performance chart 

 

a)  

 
b) 

Fig. 4. Results of training an ANN model with a structure (9–11–1): a — regression graphs; b — performance chart 

According to the output results, notice a high correlation coefficient between the outcomes of the neural network 

computation and the needed outputs. There is a significant correlation between them where most of the data falls near a 
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45-degree line. As shown in the previous regression charts displayed for all stages, whether training, validation or 

testing phases, the correlation coefficients (R) values are greater than 95% for all stages, indicating the quality of the 

generated models and the ability to estimate the outputs correctly. 

Evaluation of Artificial Neural Network: 

The created ANN model may be saved as a MATLAB file once the training procedure is completed, and the desired 

accuracy is achieved. We can use it to do a forward computation and forecast pavement conditions for maintenance and 

rehabilitation purposes. 

For this purpose, a new dataset of 37 sections was assigned to asphalt pavement to evaluate the ability of the 

developed neural networks used in the previous section to predict the output values. In this step the models were 

defined by input data for the specified parameter values, which were: (asphalt layer thickness, base layer thickness, 

surface life, p (fatigue), p (roughness), p (rutting), E (asphalt), E (base), and E (subgrade)). As a result, the created 

networks were able to anticipate output data (pavement condition index- PCI) based on early experience. 

The criteria for choosing the best iteration for every model were: mean absolute error (MAE), coefficient of 

multiple correlations (R
2
), Root Mean Square Error (RMSE), and mean absolute percentage deviation (MARD) of 

the estimates (PCI). They ensured that the predicted values were within reasonable data limits, as shown in Table 4. 

Figure 6 (a, b, c, d, e, and f) presents the relationship between the prediction results of the best iteration for every model 

with different numbers of neurons in the hidden layers, and the target output results.  

Table 4 

Statistical assessment of the created models' output (forecasted results) 

Statistical comparison 

criteria 

Pavement Condition Index – PCI 

8n 9n 10n 11n 12n 13n 14n 

MAE 0.1415 0.1242 0.1185 0.1317 0.1362 0.1594 0.1190 

R
2
 0.9204 0.9493 0.9451 0.9365 0.9342 0.8686 0.9483 

RMSE 0.2058 0.1651 0.1710 0.1840 0.1862 0.2765 0.1666 

MARE 3.4478 3.0430 2.8738 3.1545 3.2909 3.9488 2.9649 
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                                                 e)                                                                                           f) 

Fig. 5. Relation between actual PCI and predicted PCI for all ANN models: a — model with 8 neurons; b — model with 9 neurons; 

 c — model with 10 neurons; d — model with 11 neurons; e — model with 12 neurons; f — model with 13 neurons 

 

Looking at the results of the statistical analysis of the outputs of the developed models represented in Table 4 

and Figure 5 (a-f), we find that they have an acceptable ability to predict the condition of pavement based on the 

variables that were used in training the models. Also, notice that the best results were for t wo models with the 

structure (9–9–1) and (9–10–1), as they had the highest coefficient of multiple correlations (R
2
), which is 0.9493, 

0.9451, as well as the lowest values of MAE, RMSE, and MARE. 

Evaluation of pavement deterioration via ANN model:  

To recognize that the developed neural network models can help in predicting the rate of pavement deterioration, the 

idea arose to select several asphalt sectors and determine the effect of changing the operational life on the condition of 

each sector. To achieve this goal, each model defined the input values for each sector and fixed them, except for one 

variable, which was the operational life. Then we left the opportunity for the models to calculate the output values based 

on their previous experience. The sectors that were subjected to this experiment were numbers 504, 1227, 430, and 544, 

as shown in Figures. 6 (a, b, c, and d).  
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b)  

 

с) 

 

d) 

Fig. 6. Pavement sections deteriorations against service life: a — deterioration of section no. 504; b — deterioration of section  

no. 1227; c — deterioration of section no. 430; d — deterioration of section no. 544 

It is clear from the previous figures that the developed models have the ability to predict the condition of the asphalt 
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consistent with what happens in the field. 
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the pavement condition by anticipating the pavement condition in advance and intervening promptly by choosing the 

appropriate treatment method in proportion to the capabilities available to the authority entrusted with this matter. 

Discussion and Conclusions. To achieve the objectives of this research, artificial neural network techniques were 

used to construct condition data deterioration models for pavement surfaces to assist decision-makers to choose the 
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from previous investigations for various sectors of the Russian highway network to use as a database helping in creating 

the developed ANN models. Using MATLAB software, a large number of models with different numbers of neurons in 

the hidden layers were established, trained, and the results validated. The results of the models were studied, and the 

following conclusions were made: 

– ANN models showed their ability to represent the nonlinear relationship between a large number of variables and 

the pavement condition coefficient with high accuracy, as indicated by the high value of the multiple correlation 

coefficient (R
2
) for all stages of model learning (training, validation, and testing). 

– According to models’ validation, the variations between the actual PCI values and the predicted output results of 

the models were close to each other. 

– Evaluation of models generated with different numbers of neurons in the hidden layers showed that they all 

assumed close patterns as well as similar flows of surface deterioration rates. 

– The developed models save a lot of time and effort to determine the condition of the pavement and reduce the 

risks for the examiners compared to the visual examination method due to its dependence on the results of the dropped 

pregnancy test. 

– The obtained results suggested that decision-makers might use the created modeling to optimize maintenance or 

rehabilitation methods for the most impacted roads to lower the rate of degradation based on available resources. 
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