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The increase in road travel has a significant impact on road safety, fuel
consumption, and environmental pollution. Continuous efforts have been
made to increase road safety and reduce fuel consumption and pollution. One
of the factors that is of great importance in this regard is driver behavior. In

this study, an advanced artificial intelligence model using convolutional
neural networks is used to accurately classify driving behaviors under speed
threshold criteria. In this modeling, a dataset with 370 data points is used with
five inputs. The input data for modeling and predicting driver behaviors
include fuel flow rate/hour, engine speed, speed, acceleration, and grade. Four
classes (labels) are considered: normal (class 1), moderate (class 2),
aggressive (class 3), and dangerous (class 4). The obtained results indicate
that the convolutional neural network model achieved very high classification
performance during the modeling process. In addition to classification
accuracy, the proposed framework contributes by establishing a structured
behavior classification scheme based on telematics data and speed-threshold
criteria, which can support intelligent safety monitoring, eco-driving
assessment, and transportation management applications. Finally, the most
important factors that affect driver behavior classification are the speed of
cars and engine speed.
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1. Introduction

The continuous increase in road travel in recent decades has had widespread consequences in
the fields of safety, energy consumption, and environmental pollution [1,2]. The growth in the
number of vehicles, increasing traffic density, and changing movement patterns have put significant
pressure on transport infrastructure and at the same time increased the likelihood of traffic accidents
and fuel consumption [3,4]. Meanwhile, driver behavior, as one of the main components of the
transport system, plays a decisive role in the formation of these consequences. Differences in the
way of accelerating, choosing speed, reacting to road conditions, and paying attention to traffic
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restrictions can lead to significant changes in the level of safety, fuel consumption, and pollutant
production. Despite technological advances in vehicle design and improvements in safety standards,
the contribution of driver behavior to the occurrence of many accidents and energy inefficiencies
remains significant. On the other hand, management and control policies will have limited
effectiveness without accurate knowledge of driver behavior patterns. In recent years, the expansion
of vehicle data recording systems and access to telematics information has enabled the observation
and analysis of driving behavior on a large scale [5]. This data has the potential to lead to a deeper
understanding of driver behavioral differences. In such circumstances, accurate classification of
driving behavior and differentiation between its different levels is not only essential for improving
road safety but can also be the basis for reducing fuel consumption, controlling pollution, and
designing smart solutions in transportation management [6,7]. Therefore, it is obvious that there is
an urgent need to conduct studies that can analyze and classify driver behavior accurately and based
on data.

Over the past years, in order to reduce fuel consumption, accidents, and pollutant production,
much attention has been paid to analyzing driver behavior and classifying it. For example, Brahim et
al. [8] designed a mobile phone-based system that uses machine learning methods to classify driver
behavior. The system extracts information from the phone's internal sensors, such as the
accelerometer and gyroscope, to identify different driving patterns, including normal, moderate,
high-risk, and aggressive, in different conditions, such as speed limits and different weather
conditions. The CARLA simulator was used to generate data, which allows the generation of time
series data without the problems and limitations of real experiments. In this study, several machine
learning algorithms were evaluated, with a focus on methods based on boosted decision trees (GBDT)
and long-short-term memory (LSTM) networks to evaluate their ability to identify and classify driving
behaviors. The results showed that the Light GBM model performed best compared to other
methods, with an F1 score of 88%. Also, among the LSTM-based models, the FCN-LSTM structure
performed best with an F1 score of 74%. The findings of this study emphasize the potential of using
low-cost smartphones to monitor driver behavior in real-time and identify risky driving patterns, with
the aim of increasing road safety. In this approach, sensor data is combined with artificial intelligence
methods to provide a reliable and cost-effective solution for applications such as fleet management
and the insurance industry, while also helping to improve traffic safety and develop autonomous
driving systems. Zhang et al. [9] introduced a model that used low-level sensors in cars and
smartphones to classify driver behavior. Accordingly, it can be said that this model uses on-board
diagnostic (OBD) data and smartphone sensors and uses window-based support vector machine
(SVM) for classification. In this method, they tested the model with respect to two datasets collected
under controlled conditions and achieved classification accuracies of 75.83%, 85.83%, and 86.67%
for the average classification, smartphone sensors, and vehicle sensors, respectively. Since combining
smartphone and vehicle data significantly improves classification performance, they emphasized the
importance of sensor integration. Bohsesin et al. [10] initially examined the different dimensions of
driving behavior, then focused on previous studies between 2015 and 2022, as well as methods, types
of studies, data sources, and algorithms. Their study classified driver behaviors into several
categories, including abnormal, aggressive, and distracted driving. It examined the influence of
contextual factors such as driver status and environmental conditions. Lindow et al. [11] investigated
the use of data obtained from smartphone sensors and also evaluated machine learning techniques
to monitor abnormal driving behavior. The results of their study indicate that drivers’ behavior plays
an important role in traffic safety, as differences in driver behavior patterns may lead to accidents.
Given the availability of smartphone sensors to most drivers, their proposed system is designed to
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be a practical solution for both modern and older vehicles. The authors present a reference model
for a driver decision support system by analyzing and reviewing previous studies.

Despite extensive efforts in the field of driving behavior analysis, a significant part of previous
studies has either focused on a limited set of indicators or has not been able to accurately distinguish
between different levels of driving behavior in real-world conditions. In many studies, the boundary
between aggressive behavior and truly dangerous behavior is not clearly defined, and the
simultaneous role of different telematic variables has received less attention. Moreover, the
classification accuracy in some studies has not reached a level that can be used in practical
applications and safety decision-making. To address these limitations, this study proposes a
convolutional neural network (CNN)-based framework for driving behavior classification using
vehicle telematics data under speed-threshold behavioral definitions. The main contributions of this
study can be summarized as follows:

i. Development of a CNN-based framework for distinguishing four levels of driving behavior
using telematics variables.

ii.  Examination of the relative influence of vehicle motion and engine-related parameters on
behavioral classification.

iii.  Evaluation of the applicability of CNN models for structured numerical transportation
datasets.

iv.  Provision of a framework that may support intelligent safety monitoring and
transportation management applications.

Based on the identified research gaps, this study addresses the following research questions:

i.  Can a CNN-based framework accurately classify different levels of driving behavior using
vehicle telematics data?
ii.  Which telematics variables have the greatest influence on distinguishing behavioral
levels?
iii. To what extent can speed-threshold behavioral definitions improve the separation
between normal, moderate, aggressive, and dangerous driving patterns?

2. Methodology

Deep learning methods typically use structures called deep neural networks. The main feature of
these networks is the extensive use of neural network frameworks, and the word "deep" in this
context refers to the presence of multiple hidden layers in the network structure [12]. Unlike
standard neural networks, which often have only two or three hidden layers, deep neural networks
can consist of a much larger number of layers, in some cases as many as 150. For this reason, deep
learning is considered a separate and distinct branch of machine learning. One of the most important
challenges in this area is to strike a balance between the depth of the network and its accuracy and
processing speed. Typically, increasing the number of layers improves accuracy, but on the other
hand, it creates more computational requirements and can ultimately lead to a slowdown in network
performance [13].

The development of CNN was inspired by the way the human visual system works. These
networks were initially designed for object recognition. However, over time, their applications have
expanded. Today, they are used in the field of deep learning to perform a variety of tasks such as text
recognition, activity recognition, classification, and regression. However, image processing and
analysis remain the most common application of these networks [14,15]. Compared to many other
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methods in the field of image classification, CNNs require fewer preprocessing steps. CNNs consist of
a collection of neurons, each with specific weights and biases that can be trained. These neurons are
essentially mathematical functions that try to simulate the behavior of biological neurons as closely
as possible by calculating the weighted sum of the inputs and producing an activation value. CNNs
consist of a set of different layers of artificial neurons, including an input layer, an output layer, and
several hidden layers. These intermediate layers typically include convolutional, pooling, and fully
connected (FC) layers [16,17].

The convolutional layer is originally designed to extract image features, such as edges, and there
is no specific limit to the number of convolutional layers in a CNN. Typically, the initial layers of the
network are responsible for identifying more basic features, such as the direction of gradients and
color information. In the later stages of the network, especially in the fusion layers, the
computational effort is reduced by reducing the size of the feature space, a process known as
dimensionality reduction. The FC layer then learns a nonlinear function in this space, adjusting
parameters such as initialization, learning rate, and regularization methods via name-value pairs
[18,19].

3. Driving Behavior Classification Criteria

In this study, driving behavior was categorized into four behavioral levels based on speed-
threshold criteria derived from previous studies [20]. One of the most common of these categories
was presented in 2022 by Brahim et al. [8]. They put the driving behavior into four groups and
considered a range of speed for each group. The definition of these groups is as follows (Table 1):

i.  Normal — The driver moves within the speed limit according to the weather conditions
and does not pose a danger to other road users.
ii. Intermediate — The driver sometimes shows relatively aggressive behavior but still does
not endanger the safety of others.
iii.  Aggressive — The driver is speeding, making sudden turns, and swerving between lanes.
iv.  Dangerous — The driver repeatedly makes risky moves, such as dangerous steering or
excessive speed, which increases the likelihood of an accident.

Table 1
Degree of severity of the speeding
Behavior aggressiveness Speed degree
Normal Under speed limit
Intermediate Overspeed [10,33] %
Aggressive Overspeed [33,66] %
Dangerous Overspeed 66%

According to the classification provided by Brahim et al. [8] and according to the modeling done
in this research, an average speed of 50 meters per second was considered for urban routes. The
results of this classification in the project are given in Table 2.

Table 2
Driver behavior classification
Behavior aggressiveness Class
Normal <13.89 (m/s) 1
13.89 (m/s) < Intermediate < 15.32 (m/s)
15.32 (m/s) < Aggressive < 18.56 (m/s)
18.56 (m/s) < Dangerous

A WN
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4. Results

In this research, a dataset of 370 data points was used to model the classification of driving
behavior. The input data for modeling and predicting driver behavior include fuel consumption rate
per hour (FFRH), engine speed (ERMP), speed (S), acceleration (A), and road gradient (G). Four classes
are also considered for labeling:

i.  normal (class 1);

ii. intermediate (class 2);
iii. aggressive (class 3);
iv.  dangerous (class 4).

It should be noted that CNNs are usually used to process image data, in which images are
converted into numerical vectors. The data set included measurements of some parameters from a
sample of private cars (three passenger cars and one commercial vehicle) collected through the OBD
interface and smartphones inside the car. The dataset was collected from vehicles operating under
different urban traffic conditions and included variations in speed, acceleration, and driving
responses during regular daily trips. The purpose of using this dataset was to evaluate the feasibility
of behavior classification using telematics variables under realistic operating conditions rather than
to establish a universal behavioral benchmark. The data collection system is based on sharing vehicle
movement routes, which are recorded by mobile technology and the OBD interface, and sent by
users to a central server to be processed and organized based on the desired points. The system
consists of two parts. The first, user part (client), includes a mobile device that receives and stores
the data sent from the OBD interface via Bluetooth. The second part is a central server based on
Linux-MySQL-PHP that processes the data and returns the synchronized information.

4.1 Modeling and Results for Driving Behavior Classification

In this modeling, a CNN-type deep learning network was used to classify driver behavior. Since
the data under study were numerical, some convolution layers were removed so that the data was
directly fed into the network as a numerical vector. Before running the model, the dataset was
normalized, and the control parameters required for the CNN network were also preset [12].
Therefore, in this modeling, a value of 1e-2 was considered for this parameter. Other parameters
examined were the learning rate reduction factor (LRDF) and the learning rate reduction period
(LRDP). Several different values were tested for each. For LRDF, the numbers were 0.4, 0.5, 0.6, and
0.7. For LRDP, the values were 20, 30, 40, and 50. The next parameter is the mini-batch size; i.e., a
positive integer that specifies the number of samples used in each training step. In fact, a mini-batch
is a subset of training data that is used to calculate the gradient of the error function and update the
weights [21,22]. In this study, a value of eight was chosen for the mini-batch. The last parameter to
mention is the number of epochs. Each time the entire training data is used to update the weights,
an epoch is completed. For this purpose, the model was tested with different values, such as 100,
200, 300, 400, and 500 epochs. The value of 400 showed the best performance. Then, 75% of the
data (278) was considered for training. The remaining data (i.e., 10% (37)) was used for validation,
while 15% (55) was employed for testing the model.

Initially, the modeling was run once with different epochs. Considering the number of control
parameters taken into account, a total of 16 models were built, and the prediction accuracy of each
was evaluated for the training and test data. Finally, a model with mini-batch values of eight, LRDF of
0.7, and LRDP of 50 achieved the best performance. Figure 1 shows the accuracy of this superior
model.
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Fig. 1. The values of accuracy in 400 epochs by CNN

Figure 2(a) and Figure 2(b) show the confusion matrix for the training and testing data,
respectively. According to Figure 2(a), most of the training samples are placed in their correct
categories, showing that the network has learned the underlying patterns well. Only a few mix-ups
appear between nearby behavior levels, which slightly lowers accuracy but does not affect overall
reliability. Based on Figure 2(b), on the test set, the CNN classified Classes 1, 2, and 4 almost perfectly,
with only a small spillover from Class 1 into Class 2. The main weakness is Class 3, where half of the
samples were confused with Class 2, which pulls the overall accuracy down to about 90.9%.
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Fig. 2. Confusion matrix outcomes for the top-performing CNN model on the training (a) and
testing (b) datasets

Figure 3(a) and Figure 3(b) show the ROC plot for the training and testing data. As indicated by
Figure 3(a), the curves in the training set are almost close to the upper left corner, indicating that the
model distinguishes the four classes with very high accuracy and the false alarm error is very small.
Such performance indicates a very good fit to the training data. According to Figure 3(b), in the test
set, the curves remain close to the same area, indicating that the model maintains its high
discrimination ability with very few false positives. This indicates good generalizability of the classifier
and maintaining high sensitivity on new data.
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Fig. 3. ROC curve results of the best CNN model for the training (a) and the testing dataset (b)

To examine the influence of each variable, the cosine amplitude method was applied as described
in Eqg. (1):

r _ Yh=1(XuXYjp)
L 1
1/211:X12k 2Y)2k &

where, the symbol n refers to the number of samples in the dataset. The notation X represents the
input variables of the model, while Yj corresponds to the predicted outputs. The coefficient r;
expresses the degree of correlation between inputs and outputs [23].

Based on Eq. (1), a sensitivity analysis was conducted to evaluate the relative influence of input
variables on the model output, and the corresponding results are illustrated in Figure 4. As shown,
Speed (S) exhibits the highest sensitivity value, followed by ERMP and FFRH, while Acceleration (A)
and Grade (G) demonstrate comparatively lower effects. This outcome is logically consistent with the
modeling framework, since the behavioral classes were primarily defined according to speed
thresholds. Consequently, S naturally plays a dominant role in the classification process. The slight
variation in the ranking of ERMP and FFRH can be attributed to their correlation with S, which
indirectly affects class boundaries. It is important to note that in this study the dataset was employed
for driver behavior classification, whereas previous investigations using the same dataset focused on
fuel consumption and CO, prediction through regression models, which explains the observed
differences in sensitivity patterns.

4.2 Discussion

In this part, an attempt has been made to examine the results obtained from the proposed CNN-
based framework more closely and analyze them from an applied and methodological perspective.
The goal is not simply to recount the numbers and statistical indicators, but rather to focus on what
these findings suggest about the ability of deep learning methods to distinguish different levels of
driving behavior and how they can play an effective role in improving transportation safety and
increasing energy efficiency. By relying on structured telematics data and speed-based behavioral
thresholds, the study provides a clearer separation between different levels of driving
aggressiveness. The results clearly show the strengths of the chosen modeling approach and where
it can still be improved. In particular, it was found that striking the right balance between the level of

201



Spectrum of Engineering and Management Sciences
Volume 4, Issue 1 (2026) 195-205

model complexity, the way in which the optimization parameters are set, and the model's ability to
generalize to new data plays a decisive role in achieving reliable classification performance.

FFRH
1.000

ERMP

A S

Fig. 4. Sensitivity analysis of the input variables based on
the CNN model results for driving behavior classification

In terms of modeling, it can be said that the optimization section had a very important impact on
achieving high prediction accuracy. The appropriate selection and adjustment of parameters such as
the learning rate reduction coefficient and interval, the minibatch size, and the number of epochs
significantly affected the convergence process of the model and the classification quality. Experience
with running the model with different values showed that when the learning rate is reduced in a
balanced manner, and the number of training iterations is considered sufficient, the network can
better learn nonlinear relationships between telematic variables, without suffering from severe
overfitting or remaining dependent only on the training data. Although the model achieved very high
accuracy in the training phase, the slight decrease in performance in the test data, especially in the
case of Class 3, shows that there is no clear boundary between some close behavioral levels. Such a
situation is not far from expected in real data, because in practice, the change from moderate to
aggressive driving usually occurs gradually and not with a completely clear boundary. However, the
overall CNN architecture was able to demonstrate acceptable resolution, indicating that even when
the inputs are mostly numerical data, convolutional networks can extract meaningful and reliable
patterns from the data if the model is properly tuned.

In the analysis of driver behavior, the results showed that some telematic variables, such as fuel
flow rate and engine speed, have a significant relationship with different levels of driving aggression.
The high accuracy of the model in identifying normal and dangerous behaviors indicates that extreme
driving patterns usually have a clear reflection in the vehicle performance data and somehow leave
their mark on these data. In contrast, the observed overlap between moderate and aggressive levels
reflects the fact that driving behavior is not a completely discrete phenomenon, and the change
between these levels occurs gradually. Drivers change their driving style depending on traffic
conditions, road conditions, and even their individual circumstances, and do not necessarily remain
at a constant level. This shows that for a more accurate analysis of driver behavior, it is necessary to
rely on several parameters simultaneously and not only on speed thresholds. The results also
highlight the practical value of such classification systems for fleet monitoring, eco-driving feedback,
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and insurance risk assessment, where identifying risky changes in behavior may be more important
than labeling fixed categories.

The findings of this study also have broader implications for both research and transportation
management practice. From a theoretical viewpoint, the results indicate that CNNs can effectively
classify driving behavior using structured telematics variables even when the dataset consists of
numerical transportation data rather than image-based information. The study further emphasizes
the importance of combining speed-threshold definitions with vehicle performance indicators to
improve behavioral differentiation.

In practical terms, the proposed framework may support transportation agencies, fleet
operators, and insurance-related monitoring systems in identifying risky driving patterns more
efficiently. The findings may also contribute to the development of driver monitoring programs, eco-
driving policies, and safety-oriented transportation management strategies.

5. Conclusions

In this study, a data-driven framework for driving behavior classification using vehicle telematics
information and a CNN model was developed. The findings show that the proposed framework is
able to distinguish four behavioral levels with high reliability, even when the inputs include numerical
engine and motion parameters instead of images. The model maintained its strong performance not
only during training but also on unseen test data, indicating acceptable generalization ability. The
findings showed that S and ERMP play a decisive role in distinguishing driving patterns, which
confirms their effectiveness in real monitoring systems. Although in some cases, the boundary
between close behavioral levels was not completely clear, the coherence and reliability of the results
were generally maintained. Accordingly, the proposed framework can be a practical basis for the
development of intelligent safety systems, management and evaluation of transportation fleets, as
well as the formulation of policies based on driver behavior. Overall, this research shows that the
simultaneous use of telematics data and deep learning methods can lead to more accurate and
practical analysis of driving behavior in real-world conditions.

Despite the acceptable results of this study, some limitations should be noted. First, the data used
was limited in terms of the number of input variables and the number of vehicles, which could affect
the generalizability of the results to different driving conditions and between different groups of
drivers. Therefore, the findings should be interpreted as an initial validation of the proposed
framework rather than a universally generalizable classification model. Expanding the dataset with
additional vehicles, drivers, and roadway conditions would further improve the robustness and
transferability of the results. It seems that if variables such as steering angle, brake pedal pressure,
throttle opening, or even indicators related to traffic conditions were added to the data, a more
comprehensive and accurate picture of driving behavior could be obtained. Such information could
help to better understand behavioral differences between drivers. Also, although the CNN model
performed reasonably well in terms of accuracy, interpretable methods such as SHAP were not used
in this study to determine the effect of each variable on the model output. As a result, the internal
decision-making process of the model remains difficult to interpret in detail.

Future studies may focus on expanding the dataset under different roadway and traffic conditions
and evaluating additional deep learning architectures for driver behavior classification. The
application of interpretable artificial intelligence techniques may also improve understanding of the
decision-making process of the model and increase the practical reliability of behavior classification
systems.

203



Spectrum of Engineering and Management Sciences
Volume 4, Issue 1 (2026) 195-205

Acknowledgment
The authors would like to thank Mehdi Ghaem for their valuable guidance and support.

Funding
This research was not funded by any grant.

Conflicts of Interest
The authors declare no conflicts of interest.

References

(1]

(2]

3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

[11]

(12]

(13]

(14]

(15]

Haghshenas, S. S., Guido, G., Haghshenas, S. S., Astarita, V., & Simic, V. (2025). Evaluating determinants of
sustainable urban mobility development using the fuzzy AHP method: A case study of the Calabria Region, Southern
Italy. Transportation Research Procedia, 90, 154-161. https://doi.org/10.1016/j.trpro.2025.06.050.

Saxena, V. (2025). Water quality, air pollution, and climate change: investigating the environmental impacts of
industrialization and urbanization. Water, Air, & Soil Pollution, 236(2), 73. https://doi.org/10.1007/s11270-024-
07702-4.

Dobrodolac, M., Lazarevi¢, D., Trifunovi¢, A., & Petrovi¢, M. (2025). Exploring the Potential Applications of Artificial
Intelligence  in  Parcel Delivery Systems. Management Science  Advances, 2(1), 107-116.
https://doi.org/10.31181/msa21202512.

Shaffiee Haghshenas, S., Guido, G., Shaffiee Haghshenas, S., & Astarita, V. (2024). Predicting number of vehicles
involved in rural crashes using learning vector quantization algorithm. A/, 5(3), 1095-1110.
https://doi.org/10.3390/ai5030054.

Sarkar, A., Goswami, S. S., & Sahoo, S. K. . (2026). Al-Powered Threats and Solutions: A Theoretical Analysis of Risks,
Governance, and Ethical Safeguards. Applied Research Advances, 2(1), 51-73.
https://doi.org/10.65069/ara2120267.

Yiiksel, S., Dinger, H., Erglin, E., & Eti, S. (2026). Assessment of Knowledge-Based Innovative Business Investments
in Electric Vehicle Industry Through Artificial Intelligence and Integrated Quantum Fuzzy Model. International
Scientific Spectrum, 2(1), 73-98. https://doi.org/10.66972/iscis2120269.

Haghshenas, S. S., Astarita, V., Haghshenas, S. S., Guido, G., & Kouvelas, A. (2025). A New Perspective on Artificial
Intelligence Applications in Analyzing Driver Behavior: Advances, Challenges, and Opportunities. In 2025 11th
International Conference on Control, Decision and Information Technologies (CoDIT) (Vol. 1, pp. 1107-1112), IEEE.
https://doi.org/10.1109/CoDIT66093.2025.11321221.

Brahim, S. B., Ghazzai, H., Besbes, H., & Massoud, Y. (2022). A machine learning smartphone-based sensing for
driver behavior classification. In 2022 IEEE International Symposium on Circuits and Systems (ISCAS) (pp. 610-614),
IEEE. https://doi.org/10.1109/I1SCAS48785.2022.9937801.

Zhang, C., Patel, M., Buthpitiya, S., Lyons, K., Harrison, B., & Abowd, G. D. (2016). Driver classification based on
driving behaviors. In Proceedings of the 21st International Conference on Intelligent User Interfaces (pp. 80-84).
https://doi.org/10.1145/2856767.285680.

Bouhsissin, S., Sael, N., & Benabbou, F. (2023). Driver behavior classification: A systematic literature review. |[EEE
Access, 11, 14128-14153. https://doi.org/10.1109/ACCESS.2023.3243865.

Lindow, F., & Kashevnik, A. (2019). Driver behavior monitoring based on smartphone sensor data and machine
learning methods. In 2019 25th Conference of Open Innovations Association (FRUCT) (pp. 196-203). IEEE.
https://doi.org/10.23919/FRUCT48121.2019.8981511.

Haghshenas, S. S., Guido, G., Vitale, A., & Astarita, V. (2023). Assessment of the level of road crash severity:
comparison of intelligence  studies. Expert  Systems  with  Applications, 234, 121118.
https://doi.org/10.1016/j.eswa.2023.121118.

Schulz, H., & Behnke, S. (2012). Deep learning: Layer-wise learning of feature hierarchies. KI-Kiinstliche Intelligenz,
26(4), 357-363. https://doi.org/10.1007/s13218-012-0198-z.

Koopialipoor, M., Tootoonchi, H., Jahed Armaghani, D., Tonnizam Mohamad, E., & Hedayat, A. (2019). Application
of deep neural networks in predicting the penetration rate of tunnel boring machines. Bulletin of Engineering
Geology & the Environment, 78(8), 6347-6360. https://doi.org/10.1007/s10064-019-01538-7.

Xu, H., Zhou, J., G. Asteris, P., Jahed Armaghani, D., & Tahir, M. M. (2019). Supervised machine learning techniques
to the prediction of tunnel boring machine penetration rate. Applied Sciences, 9(18), 3715.
https://doi.org/10.3390/app9183715.

204



Spectrum of Engineering and Management Sciences
Volume 4, Issue 1 (2026) 195-205

[16]

(17]

(18]

(19]

[20]

[21]

(22]

(23]

Ma, X., Dai, Z., He, Z., Ma, J., Wang, Y., & Wang, Y. (2017). Learning traffic as images: A deep convolutional neural
network  for large-scale  transportation network speed prediction. Sensors, 17(4), 818.
https://doi.org/10.3390/s17040818.

Guo, H., Zhou, J., Koopialipoor, M., Jahed Armaghani, D., & Tahir, M. M. (2021). Deep neural network and whale
optimization algorithm to assess flyrock induced by blasting. Engineering with Computers, 37(1), 173-186.
https://doi.org/10.1007/s00366-019-00816-y.

Butt, M. A., Khattak, A. M., Shafique, S., Hayat, B., Abid, S., Kim, K. I., Ayub, M. W., Sajid, A., & Adnan, A. (2021).
Convolutional neural network based vehicle classification in adverse illuminous conditions for intelligent
transportation systems. Complexity, 2021(1), 6644861. https://doi.org/10.1155/2021/6644861.

Kilic, K., Toriya, H., Kosugi, Y., Adachi, T., & Kawamura, Y. (2022). One-dimensional convolutional neural network
for pipe jacking EPB  TBM  cutter wear prediction. Applied Sciences, 12(5), 2410.
https://doi.org/10.3390/app12052410.

Mobini Seraji, M. H., Shaffiee Haghshenas, S., Shaffiee Haghshenas, S., Simic, V., Pamucar, D., Guido, G., & Astarita,
V. (2025). A state-of-the-art review on machine learning techniques for driving behavior analysis: clustering and
classification approaches. Complex & Intelligent Systems, 11(9), 386. https://doi.org/10.1007/s40747-025-01988-
5.

Lv, Z., Zhang, S., & Xiu, W. (2020). Solving the security problem of intelligent transportation system with deep
learning. IEEE Transactions on Intelligent Transportation Systems, 22(7), 4281-4290.
https://doi.org/10.1109/TITS.2020.2980864.

Chen, J., Wu, Z., Zhang, J., & Chen, S. (2019). Driver identification based on hidden feature extraction by using deep
learning. In 2019 IEEE 3rd Information Technology, Networking, Electronic and Automation Control Conference
(ITNEC) (pp. 1765-1768). IEEE. https://doi.org/10.1109/ITNEC.2019.8729442.

Ghanizadeh, A. R,, Ziaee, A., Khatami, S. M. H., & Fakharian, P. (2022). Predicting resilient modulus of clayey
subgrade soils by means of cone penetration test results and back-propagation artificial neural network. Journal of
Rehabilitation in Civil Engineering, 10(4), 146-162. https://doi.org/10.22075/JRCE.2022.25013.1568.

205



