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ABSTRACT: Despite advancements in the application of artificial intelligence for monitoring and predicting
pavement conditions, current models are not extensively utilized due to their limited adaptability and inadequate
consideration of environmental variables. This study focuses on developing enhanced models for predicting the
Pavement Condition Index (PCI) using artificial neural networks and the backpropagation algorithm. The aim is
to improve the accuracy of the predictions. The models were trained using a dataset of 1,614 samples collected
during an experiment conducted on a motorway between Kostanai and Astana. The dataset included information
on asphalt pavement thickness, subgrade, traffic loads, temperature, precipitation, and deflectometer data. The
architecture model with the highest performance, labeled as 9-9-1, attained peak efficiency with a value of
0.0344 after 22 training iterations. The results demonstrated a high level of accuracy, as indicated by a multiple
correlation coefficient (R?) of 0.954, a mean absolute error (MAE) of 0.125, and a root mean square error
(RMSE) of 0.162. The developed models possess the capability to extrapolate information, adjust to variations,
and accurately forecast the rate of roadway deterioration.

Keywords: Neural Networks, Infrastructure Optimization, Web Condition Prediction, Error Backpropagation,
Asphalt Wear, Machine Learning

1. INTRODUCTION structure condition data is created using Al and
neural networks [2]. The system of monitoring road
Road network infrastructure helps sustain construction based on neural networks is cost-
development and citizen comfort. Road surfaces effective and practical, significantly reducing the
need regular maintenance and repair under heavy costs of construction and maintenance of road
transport infrastructure use. The costs of such works infrastructure [3]. Systems based on neural networks
question the road management model's sustainability. have a unique ability to successfully adapt to a
Given these challenges, artificial intelligence (Al) variety of environmental conditions [4].
has become a powerful tool for optimizing and Artykbaev et al. highlight that current techniques
improving road infrastructure in recent decades. Al for automatically identifying pavement defects using
can revolutionize road surface maintenance and computer vision and deep learning often have
management with machine learning, data analytics, restrictions in their ability to be applied across
and automation [1]. Machine learning algorithms various environmental conditions and types of
can predict road surface problems' occurrence and defects [5]. They stress the importance of
location. Such models can determine the best time to conducting additional research to create more
repair or maintain, preventing damage and saving resilient and adaptable models.
resources on overly frequent maintenance. Artificial Algawasmeh highlights the limitations of
intelligence can also recommend the best repair traditional empirical and mechanistic models used
methods and road surface materials, improving for predicting the lifespan of pavements [6]. These
repair quality and durability. This optimizes road models often fail to consider different environmental
network maintenance costs, extends road surface life, factors and non-linear relationships. The author
and reduces operating costs, which is crucial for proposes the utilization of artificial neural networks
road network infrastructure sustainability and to enhance the precision and adaptability of
development. modelling. However, the scholar emphasizes the
Al, sensors, and surveillance cameras can create necessity  for  additional enhancement and
a road surface composition monitoring system that optimization of these models.
analyzes long-term changes. Overloads and uneven This paper aims to address the current limitations
loads can be identified by measuring pressure and in the applicability and accuracy of existing Al
strain distributions across road sections. Road models for predicting road wear. It proposes the use
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of more flexible and powerful neural network
architectures that are trained on representative data
to improve the performance of these models.

The dataset has inherent limitations such as
restricted geographical coverage from only one
motorway, an incomplete range of variables, and
uncertain data quality and collection methods. The
limitations of extrinsic datasets are related to time
constraints and the inability to consider long-term
changes or seasonal variations. Regarding the model,
there are inherent limitations associated with the use
of a relatively simple ANN architecture. This
architecture may not be able to fully capture
complex non-linear relationships. Additionally,
ANNSs are considered black-box models, which
means that it is difficult to interpret their inner
workings. The limitations of the extrinsic model
include the absence of evidence regarding its ability
to generalize to unseen data from different regions,
its sensitivity to biased or unrepresentative training
data, and potential problems with hyperparameter
tuning, which, if not addressed properly, could result
in suboptimal performance.

The primary goal of this research is to create and
assess an Al system for the upkeep and restoration
of road surfaces. The system will utilize machine
learning algorithms to examine data from diverse
sources, including sensors, cameras, and weather
forecasts, to forecast the degradation of the road
surface and determine the most favorable moment
for maintenance and repair. The system will
additionally offer suggestions regarding the optimal
road surface materials and repair techniques, taking
into account the distinct conditions and needs of
each road segment.

2. RESEARCH SIGNIFICANCE

The research demonstrates the potential of neural
networks with error backpropagation algorithms, to
forecast pavement deterioration and inform strategic
decision-making. The authors developed models that
can reliably predict pavement condition indices and
the rate of deterioration. This has significant
practical implications, enabling more efficient
allocation of limited resources, extended pavement
lifespan, and reduced disruptions to road users.

3. MATERIALS AND METHODS

The software used during the work included the
MATLAB program. The data obtained for building
the artificial neural network model were collected
during the experiment conducted by LeaderStroy
LLP on the road between Kostanay and Astana. A
total of 1614 datasets representing 51 different
sections along the road were used to build an
artificial neural network model. The dataset that was
available for analysis included various parameters
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such as inspection date, air temperature, asphalt
pavement thickness, base course thickness, traffic
volume, and precipitation and deflection data
obtained using a falling weight deflectometer. These
data were used as input parameters to train artificial
neural networks to predict the values of the
pavement condition index (Table 1).

Table 1. Dataset description

Dataset Number of Samples
Total Dataset 1614

Training Set (70%) 1130

Validation Set (15%) 242

Testing Set (15%) 242

Mean Absolute Error (MAE) measures the
difference between predicted and actual values.
Coefficient of multiple correlations (R?) is a
statistical measure that indicates the proportion of
the variance in the dependent variable (y) that is
predictable from the independent variable (x). Root
Mean Square Error (RMSE) is a measure of the
difference between the predicted values and the
actual values, similar to the MAE. Pavement
condition index (PCI) is a numerical rating that is
used to assess the overall condition of a pavement
section. They were determined by the formulas (1-

4):

MAE = (1/n) * X|yi - xi], (2),
where yi - actual value; xi - predicted value; n -
number of data points.
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where yi - actual value; xi - predicted value.
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where In is the different distress types; wn -
weighting factor.
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Fig.1 Error backpropagation algorithm [8]

The analysis of statistical data made it possible to
identify the most significant factors affecting their
efficiency and accuracy. The comparative analysis
provided a basis for identifying ways to optimize the
parameters of systems using artificial intelligence.
The analysis method also allowed us to analyze the
properties and characteristics of some materials and
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technologies used in road pavements. Artificial
neural networks with error backpropagation
algorithms were used in this study (Figure 1); they
are computer models that are inspired by biological
neural networks in the human brain [7].

The error backpropagation algorithm was a key
component in the training of neural networks. The
training process consisted of selecting optimal
weights and network parameters to minimize the
difference between predicted and actual data [8]. At
the beginning of training, the weights of neurons in
the neural network are initialized by random values
or other special methods. These weights are the
parameters that the model will optimize. Learning
starts by passing input data through the network to
obtain predictions. Each neuron in the network
calculates its output using a weighted sum of the
input signals, which is then passed through an
activation function. This creates the predictions of
the model. After direct propagation, model
predictions are compared with actual data. The
difference between predictions and actual data is
measured using a loss function. Backpropagation is
a widely used algorithm in training artificial neural
networks, which involves calculating the gradient of
the loss function with respect to the weights of the
network by propagating the error backwards through
the layers. After the gradients are calculated, the
neuron weights are updated.

These steps are repeated several times to
optimize the model. During each epoch, the weights
are updated, and the forward and backward error
propagation procedure is repeated. Training is
completed when the model achieves satisfactory
performance or convergence of the loss function.

input data

r-roughness
p-linearity (37

Fig.2 The architecture of the neural model used

The database for input to the neural network
includes two categories of information: a set of input
data and a set of output data. The measured values of
several parameters including pavement durability,
asphalt pavement thickness, base layer thickness, p
(fatigue), p (roughness), and p (rutting) indices are
used as input data. The modulus of elasticity for the
pavement layers was represented as average values
for each road segment. The database was randomly
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divided into three data sets: 70% of the information
was used to train the neural network, 15%
represented the training validation set, and the
remaining 15% of the data was allocated to test the
neural network (Figure 2).

Each of the nine input parameters is represented
by an individual neuron in the input layer. Hidden
layer neurons learn and represent complex input-
output patterns. They do this by applying
mathematical operations to previous layer input
signals. The number of hidden layer neurons is
usually determined by experimentation and
parameter tuning. This study used neural network
models with 11 hidden neurons, 7 in the first layer
and 4 in the second. Sensor placement on the road
surface is crucial for monitoring and predicting road
surface conditions. Strain sensors, accelerators, and
thermocouples are embedded or attached to the road
surface. Roadway type, traffic loading, and
environmental ~ conditions  determine  sensor
placement and spacing. For optimal data collection,
sensors can be placed at joints, cracks, and stressed
areas. This study uses the mistake backpropagation
algorithm, a popular neural network training
algorithm. The backpropagation of the mistake
algorithm iteratively changes neuron weights and
biases to minimize the difference between predicted
and actual output values.

The study has limitations in that it did not take
into account variables such as vehicle velocity,
drainage state, and climatic conditions.

4. RESULTS

The performance of the trained models was
evaluated using metrics such as MAE, R? and
RMSE. MAE assesses how close or far the model
predictions are from the actual values. Smaller MAE
values indicate that the mean predictions of the
model are closer to the real data, indicating that the
model is highly accurate [9, 10]. The R? is also an
important statistical metric used to assess the quality
of models. R? measures how closely the model fits
the data set. The closer the R? to 1, the greater
percentage of the variance in the data is explained by
the model [11]. RMSE takes the square root of the
RMSE difference. This is done to convert the errors
into the same units of measurement as the original
data. A model with a lower RMSE value is more
capable of making more precise predictions [12].
The regression and performance results graph
demonstrate the data associated with the training,
validation, and testing process of the neural network.
The researchers in this study conducted training on
several neural network models with varying
architectures, specifically by altering the number of
neurons in the hidden layers, ranging from 8 to 14.
The validation loss was calculated for each model
after every training epoch. The model, designed with
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a (9-9-1) architecture, attained the minimum
validation loss of 0.0344 following 22 training
epochs (Figure 3).
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Fig.3 Regression and efficiency plots are presented
for the best model

The (9-9-1) architecture refers to an artificial
neural network with nine input neurons, nine
neurons in the hidden layer, and one output neuron.
This architecture is commonly used in regression
and prediction problems, where the goal is to predict
a single continuous value based on a set of input
features. After that, a new dataset consisting of 37
partitions was applied. At this stage, only input data
for the specified parameters are provided to the
models. As a result, the developed network
successfully predicted the PCI based on previous
experience gained [13] (Table 2). These results also
confirm the ability of the models to generalize
information and adapt to different conditions and
variations in the data (Table 3).

Table 2: Observed vs. Predicted PCI Values

Road Section Observed PCI Predicted PCI

501 4.2 4.1
713 3.8 3.7
1043 4.5 4.6
1216 3.9 4

To evaluate the ability of the developed neural
network models to predict the rate of pavement
deterioration, each model defined the input data for
each pavement section and fixed them by excluding
one variable related to service life. The models were
then allowed to predict output values based on their
previous experience. This experiment was conducted
on sites numbered 501 and 1216, as shown in
Figures 4 and 5. These graphs clearly show that as
the service life increases, the value of the pavement
condition index decreases, which is consistent with
the real observations on the roads. This demonstrates
that the models are successful in capturing the
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relationships between pavement parameters and their
changes over time. By analyzing load and traffic
flow data, it is possible to more accurately assess
where road surfaces are most susceptible to
deterioration [14]. Artificial neural models can
automatically detect various defects and deficiencies
that may occur during the construction process.

B °CI and service life of 8n [ PCT and service life of 9n
B PCI and service life of 10n [ PCI and service life of 11n
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Fig.4 Deterioration of the road surface during the
operational phase (Sector No. 501)
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Fig.5 Deterioration of the road surface during the
operational phase (Sector No. 1216)

This will not only prevent defects that could have
required costly repairs but will also improve the
overall reliability and durability of road surfaces.
The results reveal how well ANN models predict
and analyze pavement deterioration over time. The
models accurately correlated longer service life with
lower PCI, matching real-world observations. Even
without the service life variable, the models were
able to accurately predict the output PCI values
using other parameters, demonstrating their ability to
simulate deterioration rates. Timely prediction is
essential for predicting pavement performance and
strategically planning maintenance and rehabilitation
interventions to prevent excessive deterioration.
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Table 3. Statistical evaluation of the results of the created models

- PCI
No. Statistical parameters 8N 9n 10-n 11n 12-n 13 14-n
MAE 0.139 0.125 0.116 0.133 0.137 0.157 0.117
R? 0.914 0.954 0.943 0.934 0.931 0.865 0.946
3 RMSE 0.204 0.162 0.173 0.186 0.188 0.279 0.165
Timely prediction is essential for predicting
pavement performance and strategically planning 5. DISCUSSION
maintenance and rehabilitation interventions to
prevent  excessive  deterioration.  Graphical Social importance lies in road system
representations of projected and observed PCI decay development and improvement. Adapting Al

curves throughout operational life could demonstrate
the models' accuracy in predicting deterioration
ratess. The PCI is a widely accepted and
comprehensive indicator that reflects the overall
condition of a pavement, including its surface
distress, roughness, and structural adequacy, which
are all critical factors that affect the pavement's
quality and performance. Therefore, the PCI can be
considered as a key parameter that controls the
quality of the pavement.

The study emphasizes the significance of various
essential input variables when evaluating road
pavement conditions. The durability and age of the
pavement are key factors that significantly impact
the remaining service life. The thickness of
pavement layers, specifically asphalt and base,
directly affects the rate at which deterioration
occurs. Thicker pavements generally experience
slower rates of deterioration. Environmental factors
such as temperature and precipitation can expedite
degradation, particularly when temperatures are
extreme and there is excessive moisture. Traffic load
parameters such as fatigue, roughness, and rutting
indices are affected by higher traffic volumes, which
lead to accelerated deterioration due to repeated
loading. The pavement modulus or stiffness refers to
the ability of the pavement to resist deformation and
cracking. Pavements with higher stiffness are more
resistant to these issues.

The ability of ANN models to integrate the
intricate relationship between crucial construction,
environmental, and operational factors allows for
precise forecasting of the overall pavement
condition. Sensitivity analyses can provide a more
precise quantification of the relative significance of
each variable. Models based on data analysis using
artificial neural networks  can provide
recommendations for selecting the best materials
and construction methods to maximize pavement
durability for specific road conditions. Neural
networks can monitor data on ambient temperature,
asphalt temperature and other factors affecting its
condition. During construction, they can also
determine the optimum temperature regimes for
specific conditions to ensure that asphalt is applied
and compacted according to best practices [15].

140

methods and models to specific geographical and
climatic features requires constant data updates and
consideration of traffic volume, temperature
extremes, precipitation, and other road conditions
variables. Researchers can create more advanced and
accurate artificial neural network models using
machine learning and deep learning algorithms.
Vyas et al. [16] showed that a pavement condition
monitoring system using neural networks can lead to
significant benefits for road infrastructure. This
system provided impressive accuracy in detecting
changes in the road surface, achieving an accuracy
rate of 97%. The model obtained in the current paper
was also able to achieve high accuracy and confirms
that the use of neural networks in pavement
monitoring has the potential to lead to significant
infrastructure benefits.

Sirhan et al. [17] found that the system of
monitoring of motor transport movement based on
the use of artificial neural networks can accurately
measure the speed of vehicles. The results obtained
in the current study demonstrate the high accuracy
of neural networks, which significantly improve
traffic control on roads. Kumar et al. [18] found that
integrating Al into road infrastructure has reduced
road maintenance and repair costs, improving road
surface quality and generating economic benefits.
When comparing these data with the current study, it
should be noted that installing and integrating such
systems into road infrastructure may be costly.
Implementing such systems requires detailed
planning, cost estimation, and selection of the best
technological solutions and equipment suppliers.
System effectiveness depends on regular inspection,
software updates, and maintenance.

According to Hassaballah et al. [19], the use of
systems based on artificial intelligence can
accurately classify and determine the mass of
vehicles on the road. The data obtained confirms that
pavement condition monitoring systems are
becoming a key tool to ensure the control and safety
of road infrastructure. To maximize their potential
and ensure reliable operation, it is also essential that
such systems are regularly calibrated to ensure their
accuracy and reliability during operation.

Neural networks in the road condition
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monitoring system have detected road surface
vibrations and dynamic loads, as claimed by
Olayode et al. [20]. Their integration improved road
condition monitoring and deformation detection,
enabling rapid pavement problem response. Their
study showed that this approach reduces road
deterioration, making roads safer and longer-lasting.
The reviewed study focuses on road surface
vibrations and stresses, while this study uses
artificial intelligence and neural networks to
determine pavement durability. Both research areas
are crucial to road infrastructure safety and
reliability, and their complementary effects can
improve pavement condition management. This can
improve road maintenance and repair, improving
infrastructure quality and safety.

According to Mandal et al. [21], systems that use
sensors with artificial intelligence are successful and
determine the speed of traffic in real time. They can
measure the deformations caused by the movement
of wheels on the road surface. The results of the
study confirmed the accuracy in determining the
speed of traffic at 97%, which indicates the
reliability and high efficiency of such systems in the
context of road infrastructure.

This study reinforces the importance of such
systems in road traffic safety and efficiency and
shows that Al-based systems are valuable in today's
world. Researchers and engineers can improve road
system safety, reliability, and efficiency by using
advanced technologies like artificial intelligence and
neural networks [22-24]. Research and innovation in
this area are essential to providing quality and
modern road infrastructure, which improves people's
quality of life and social development.

The study's findings clearly illustrate the
substantial benefits of employing artificial neural
networks for predicting pavement conditions, as
compared to traditional empirical and mechanistic
models. Unlike Satybaldina et al. [25], who faced

difficulties in  accounting  for  non-linear
relationships, our models, by their adaptable
structure, have successfully demonstrated the

capacity to effectively model intricate dependencies
among multiple factors. The predictions' accuracy
surpasses the result obtained because of the
utilization  of more  comprehensive  and
representative data. Integration of models into road
infrastructure  maintenance optimizes resource
allocation for road repair and maintenance. By
accurately forecasting pavement deterioration,
preventive measures can be taken to avoid excessive
degradation and costly reconstruction. This may
reduce road infrastructure life cycle costs. This study
has limitations. To broaden the models' applicability,
future research should include seismic activity and
hazardous loads and use more advanced neural
network structures.

Pavement condition prediction is difficult, but
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artificial neural networks excel at it. ANNs can
accurately represent complex non-linear
relationships between input factors like pavement
composition, traffic loads, environmental conditions,
and pavement deterioration over time. ANN models
consistently predicted well across road sections and
data partitions with different construction materials
and climatic scenarios [18]. This shows that ANN
models generalize well. The models also accurately
predicted PCI decay curves, allowing precise long-
term deterioration rate estimates. This is crucial for

proactive infrastructure maintenance planning.
Sensitivity analyses clarified input variable
significance, making ANN  decision-making
transparent and interpretable. Due to their

computational efficiency, scalability, and superior
performance over statistical methods and other
machine learning models, ANNs are a cutting-edge
solution for improving pavement management
strategies and extending road network lifespans.

The flexible ANN model also introduced a new
pavement management method as an intelligent
digital replica of road infrastructure. The model
analyzed pavement composition, age, traffic
patterns, climatic factors, and real-time sensor feeds
to create an ultra-high-dimensional road network
model [26-28]. Users can test the virtual road
surface for accelerated deterioration  using
hypothetical scenarios to help stakeholders develop
optimal maintenance strategies. The ANN can model
pavement condition evolution over time, including
extreme weather, traffic spikes, and ageing
dynamics. This model allows hyper-realistic
projections [29-31]. This predictive intelligence was
transformed into intuitive 4D visualizations using
interactive visual dashboards, allowing stakeholders
to assess corrective intervention, material, and life-
cycle cost trade-offs [32-34]. The model's self-
learning abilities improved as 10T sensor data was
seamlessly integrated, creating a closed-loop road
management solution that includes planning,
execution, and monitoring [35].

This study shows that ANN and ML algorithms
can predict road surface deterioration and inform
strategic  decision-making. The models can
accurately predict pavement condition indices and
deterioration, allowing for more efficient resource
allocation, longer pavement lifespan, and fewer road
user disruptions. The study's limitations include
using a single dataset from a specific location and
not considering other factors that may affect road
surface deterioration, such as vehicle speed and
drainage conditions.

6. CONCLUSION

The study validates the precision and
effectiveness of artificial neural network models in
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forecasting road surface conditions. These models
demonstrated  adaptability to various input
parameters, ensuring flexibility and versatility. They
can assess the rate and likelihood of changes in
pavement condition throughout its operational
period. The 9-9-1 architecture model achieved peak
performance after 22 training cycles, with negligible
disparities between the predicted and actual values.

Utilizing these models enables effective
allocation of resources for road repair and
maintenance  through precise prediction of
deterioration rates and strategic planning of
preventive measures, thereby preventing excessive
degradation and costly reconstruction. However, the
study is limited by its failure to consider other risk
factors, such as seismic activity, and by constrained
model structures.

Future research should include additional risk
factors, explore more sophisticated neural network
structures, integrate with infrastructure asset
management systems, and analyze the technical and

organizational aspects of large-scale implementation.

In conclusion, this neural network-based approach
has the potential to monitor various types of
infrastructure beyond road networks.

7. REFERENCES

[1] Bekmurzaev B., Eryomin D., Kalieva R., and
Alishin T., Application of Artificial Neural
Networks in Video Control Systems, Bulletin of
KazATK, Vol. 127, Issue 4, 2023, pp. 309-321.
Burtyl Y. V., Prerequisites for Improving the
Management Systems of Transport-Operational
Condition of Motorways of the Republic of
Kazakhstan, Bulletin of Shakarim University.
Series of Technical Sciences, Vol. 4, Issue 92,
2020, pp. 153-158.

Izbasarova K. N., Analysis of Research for the
Construction of New Automobile Roads in the
Republic of Kazakhstan, in Proceedings of the
International  Scientific-Practical Conference
“University — A Zone of ldeas” within the
Framework of the Yessenov Forum. Aktau,
Yessenov University, 2019, pp. 345-347.
Shakhmov Z., and Khafiz K., Analysis of the
Study of the State of Highways, Taking into
Account the Freezing and Thawing of the
Roadbed in the Climatic Conditions of
Kazakhstan, Bulletin of KazATK, Vol. 119,
Issue 4, 2021, pp. 7-13.

Artykbaev D., Baibolov K., and Rasulov H.,
Stability Analysis of Fine Soils from a Road
Project, M32 Samara - Shymkent (Russia -
Kazakhstan), GEOMATE Journal, Vol. 19,
Issue 76, 2020, pp. 205-212.

Algawasmeh H., Comparative Assessment of
Various Artificial Neural Network Techniques
for Estimating the Safety Factor of Road

[2]

[3]

[4]

[5]

[6]

142

Embankments, GEOMATE Journal, Vol. 24,

Issue 103, 2023, pp. 42-51.

Wright L. G., Onodera T., Stein M. M., Wang

T., Schachter D. T., Hu Z., and McMahon P. L.,

Deep Physical Neural Networks Trained with

Backpropagation, Nature, Vol. 601, 2022, pp.

549-555.

Wunderlich T. C., and Pehle C., Event-Based

Backpropagation Can Compute Exact Gradients

for Spiking Neural Networks, Scientific Reports,

Vol. 11, 2021, article 12829.

Hodson T. O., Root-Mean-Square Error

(RMSE) or Mean Absolute Error (MAE): When

to Use Them or Not, Geoscientific Model

Development, Vol. 15, Issue 14, 2022, pp.

5481-5487.

[10]Qi J., Du J., Siniscalchi S. M., Ma X., and Lee
C. H. Analyzing Upper Bounds on Mean
Absolute Errors for Deep Neural Network-
Based Vector-to-Vector Regression, |EEE
Transactions on Signal Processing, Vol. 68,
2020, pp. 3411-3422.

[11]zhang Z., Li Y., Song H., and Dong H.,
Multiple Dynamic Graph Based Traffic Speed
Prediction Method, Neurocomputing, Vol. 461,
2021, pp. 109-117.

[12] Karunasingha D. S. K., Root Mean Square Error
or Mean Absolute Error? Use Their Ratio as
Well, Information Sciences, Vol. 585, 2022, pp.
609-629.

[13] Setiaputri H. A., Isradi M., Rifai A. 1., Mufhidin
A., and Prasetijo J., Analysis of Urban Road
Damage with Pavement Condition Index (PCI)
and Surface Distress Index (SDI) Methods.
World Journal of Innovation and Technology,
Vol. 2, Issue 2, 2021, pp. 82-91.

[14]Piryonesi S. M., and El-Diraby T. E,,
Examining the Relationship between Two Road
Performance Indicators: Pavement Condition
Index and International Roughness Index,
Transportation Geotechnics, Vol. 26, 2021,
article 100441.

[15]1ssa A., Samaneh H., and Ghanim M,
Predicting Pavement Condition Index Using
Artificial Neural Networks Approach, Ain
Shams Engineering Journal, Vol. 13, Issue 1,
2022, article 101490.

[16]Vyas V., Singh A. P., and Srivastava A,
Prediction of Asphalt Pavement Condition
Using FWD Deflection Basin Parameters and
Artificial Neural Networks, Road Materials and
Pavement Design, Vol. 22, Issue 12, 2021, pp.
2748-2766.

[17]Sirhan M., Bekhor S., and Sidess A.,
Implementation of Deep Neural Networks for
Pavement Condition Index Prediction, Journal
of Transportation Engineering, Part B:
Pavements, VVol. 148, Issue 1, 2022.

[18]Kumar R., Suman S. K., and Prakash G.,

[7]

8]

(9]



International Journal of GEOMATE, Sep., 2024 Vol.27, Issue 121, pp.136-143

Evaluation of Pavement Condition Index Using
Acrtificial Neural Network  Approach,
Transportation in Developing Economies, Vol.
7, Issue 2, 2021, article 20.

[19]Hassaballah M., Kenk M. A., Muhammad K.,
and Minaee S., Vehicle Detection and Tracking
in Adverse Weather Using a Deep Learning
Framework, IEEE transactions on intelligent
transportation systems, Vol. 22, Issue 7, 2020,
pp. 4230-4242.

[20]Olayode O. I., Tartibu L. K., and Okwu M. O.,
Application of Artificial Intelligence in Traffic
Control System of Non-Autonomous Vehicles
at Signalized Road Intersection, Procedia CIRP,
Vol. 91, 2020, pp. 194-200.

[21]Mandal V., Mussah A. R., Jin P., and Adu-
Gyamfi Y., Atrtificial Intelligence-Enabled
Traffic Monitoring System, Sustainability, Vol.
12, Issue 21, 2020, article 9177.

[22] Skorokhod A. Z., Sviridova I. S., and Korzhik V.

N., The Effect of Mechanical Pretreatment of
Polyethylene Terephthalate Powder on the
Structural and  Mechanical-Properties  of
Coatings Made from It, Mechanics of
Composite Materials, Vol. 30, No. 4, 1994, pp.
328-334.

[23]Kharlamov M. Y., Krivtsun I. V., Korzhyk V.
N., Ryabovolyk Y. V., and Demyanov O. I.,
Simulation of Motion, Heating, and Breakup of
Molten Metal Droplets in the Plasma Jet at
Plasma-Arc Spraying, Journal of Thermal Spray
Technology, Vol. 24, No. 4, 2015, pp. 659-670.

[24]Gu Y. F., Xu Y. W., Shi Y., Feng C. G., and
Volodymyr K., Corrosion Resistance of 316
Stainless Steel in a Simulated Pressurized Water
Reactor Improved by Laser Cladding with
Chromium, Surface & Coatings Technology,
Vol. 441, 2022, article 128534,

[25] Satybaldina D. J., Kalymova K. A., and
Sydykov D. M., Application of Transfer
Learning to Convolutional Neural Networks for
Image Classification, Bulletin of Physical &
Mathematical Sciences, Vol. 81, Issue 1, 2023,
pp. 159-1609.

[26] Stepanchuk O., Bieliatynskyi A., Pylypenko O.,
and Stepanchuk S., Peculiarities of City Street-
Road Network Modelling, Proceedings of the
9th  International  Scientific ~ Conference
(Transhaltica 2015), Vol. 134, 2016, pp. 276-
283.

[27]Bieliatynskyi A., Yang S. L., Pershakov V.,
Shao M. Y., and Ta M. Y., Study of Carbon
Nano-Modifier of Fly Ash in Cement Concrete

143

Mixtures of Civil Engineering, Science and
Engineering of Composite Materials, Vol. 29,
No. 1, 2022, pp. 227-241.

[28] Krayushkina K., Prentkovskis O., Bieliatynskyi
A., Gigineishvili J.,,  Skrypchenko A.,
Laurinavicius A., Gopalakrishnan K., and
Tretjakovas J. Perspectives on Using Basalt
Fiber Filaments in the Construction and
Rehabilitation of Highway Pavements and
Airport Runways, Baltic Journal of Road and
Bridge Engineering, Vol. 11, No. 1, 2016, pp.
77-83.

[29] Bieliatynskyi A., Yang S. L., Pershakov V.,
Shao M. Y., and Ta M. Y., Features of the Hot
Recycling Method Used to Repair Asphalt
Concrete Pavements, Materials Science-Poland,
Vol. 40, No. 2, 2022, pp. 181-195.

[30] Baishemirov Z., Tang J. G., Imomnazarov K.,
and Mamatqulov M., Solving the Problem of
Two Viscous Incompressible Fluid Media in the
Case of Constant Phase Saturations, Open
Engineering, Vol. 6, No. 1, 2016, pp. 742-745.

[31] Nurtas M., Baishemirov Z., Tsay V., Tastanov
M., and Zhanabekov Z., Applying Neural
Network for Predicting Cardiovascular Disease
Risk, News of the National Academy of
Sciences of the Republic of Kazakhstan-Series
Physico-Mathematical, Vol. 4, Issue 332, 2020,
pp. 28-34.

[32] Sidliarenko A., Mathematical Models of Road
Construction, Reconstruction and Repair under
Conditions of Uncertainty, Bulletin of Cherkasy
State Technological University, Vol. 28, No. 3,
2023, pp. 113-127.

[33] Karches T., Towards a Dynamic
Compartmental Model of a Lamellar Settler,
Symmetry, Vol. 15, No. 4, 2023, article 864.

[34]Karches T., and Buzds K., Investigation of
Residence Time Distribution and Local Mean
Age of Fluid to Determine Dead-Zones in Flow
Field, International Journal of Computational
Methods and Experimental Measurements, Vol.
1, No. 2, 2013, pp. 132-141.

[35] Babachenko O. I., Kononenko H. A., Podolskyi
R. V., and Safronova O. A., Steel for Railroad
Rails with Improved Operating Properties.
Materials Science, Vol. 56, No. 6, 2021, pp.
814-819.

Copyright © Int. J. of GEOMATE All rights reserved,
including making copies, unless permission is obtained
from the copyright proprietors.




	The use of ANN and machine learning algorithms to predict road surface deterioration
	*Corresponding Author, Received: 03 May 2024, Revised: 04 June 2024, Accepted: 09 July 2024
	1. INTRODUCTION
	2. RESEARCH SIGNIFICANCE
	3. Materials and Methods
	4. Results
	7. referenceS


