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AnHoTanusi. Makamnaaa TepeH OKbITyFa HET13/IeITeH KOTIK KYpaaAapbIHbIH Map-
kacel MeH MojieniH TaHy (Vehicle Make and Model Recognition, VMMR) Taciini ycbi-
ueutagbl. ResNet50, AlexNet, VGG19, MobileNet, EfficientNet, ViT-B/16, ConvNeXt,
SimCLR >xone CLIP Mmonenbaepin naiijanana OTbIpbII, 1€PEKTEP KUBIHTHIFbIH AaHHOTA-
LUsUIay, CHIHBIITAP apachlHIAFbl TEHIEPIMCI3/IK KoHE HAKThI JKar1aiiapaa kamepasiap
apKbLIbl aJbIHFaH KECKIHJEPJIIH carachl CUSKTbl Macelenep KapacTelpbliaabl. Kesik
KypangapbiHblH 283 899 KecKiHIHEH TYpaTblH AEPEKTEp >KUBIHTBIFbl KaJbINTACThI-
PBUIBII, TECTUICH II; BaIUJAUUSAIIBIK JIepeKTep KUbIHbIHIAFb! Aanaik 0,07-gen 0,32-re
neiinri apanbikta 6onabl. Keuik KypalblHBIH 6JIIeMi, YAeyl )KoHe OypblTy pajuycChbl
CHUSKTHI (PaKTOpIApAbIH TaHy THIMIUIITIHE 9CEP1 TaJAaHbBII, AKbUIIbI KaJlaJapIblH KOJI1K
KYHenepiH OHTalIaHAbIpy OAFBITTapbl YCHIHBUIIBL.

Tyiinai ce3nep: TepeH OKbITY, Kok KypainaapelH TaHy, VMMR, ResNet50,
JEPEKTEP KUBIHTHIFBIH ayrMEHTAlMsIIAY, HHTEIUIEKTYalIbl KeJliK Kyhenepl, KajlajiblK
KOJIIK KO3FaJIBICHI, MOJICIIbIICP/I1 JKIKTEY, aKbUIIbI Kajanap

Joaiiexco3nep ymin: Mopasunies H., OpanbexoBa XK., bakuesa A. (2026). Te-
PEH OKbITYFa HET13/IeJITeH KOJIIK KypaJJapbIHbIH MapKachl MEH MOJIEJIH TaHy: KaJlaJbIK
KOJIIK KO3FaJIbIChIH/IaFbl IEPEKTEP KUBIHTBIFBIHBIH MACEJIeNIepl )KOHE bIKIaI eTyml (ak-
TopJyap // XaJblKapajiblK aKMapaTThIK *KoHE KOMMYHHKAIUSUIBIK TEXHOJIOTHsUIAp Kyp-
Hanbl. T. 7. No 25. b. 285-314. https://doi.org/10.54309/1JICT.2026.25.1.017. (A¥bLn.
TIJL.).

Myanesiep KaKTbIFbICBI: ABTOpJIap OChl MaKaiaja MyIeep KaKThIFbIChI JKOK
JeT MAIIIMAEH 1.
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AHHoTauusi. B craree mpeacTaBieH MOIXo] K paclo3HABAaHUIO MapKd U MO-
nenu TpancnopTHbIX cpeacts (Vehicle Make and Model Recognition, VMMR) nHa oc-
HOBe mybokoro oOyuenus. C ucnonszoBanueM mozeneit ResNet50, AlexNet, VGG19,
MobileNet, EfficientNet, ViT-B/16, ConvNeXt, SImCLR u CLIP paccmarpuBarorcs
po0IeMbl aHHOTHPOBAHUSI HAOOPOB TaHHBIX, TUCOaaHCca KIIacCOB U KayecTBa H300pa-
KCHUH, MMOJTydaeMbIX KaMepaMu B pealbHBIX yCIOBUsAX. BbUT chopMupoBaH U mpore-
CTHpOBaH HAbOP AaHHBIX, cofepkauuii 283 899 u3o0pakeHul TPAaHCIIOPTHBIX CPENICTB;
TOYHOCTh Ha BaJMJIAMOHHOMN BBIOOpKE coctaBmia ot 0,07 mo 0,32. [Ipoanammu3upo-
BaHO BIIMSTHUE pa3Mepa TPAHCIIOPTHOTO CPEJCTBA, YCKOPEHUS U pajnyca OBOPOTa Ha
3 PEKTHBHOCTh PACTIO3HABAHMS, a TaKXKe IMPEJIOKCHBI HAIPABICHHUS ONMTHUMHU3AIIH
TPAHCIIOPTHBIX CUCTEM YMHOTO TOPO/IA.

KuaroueBble ciioBa: miyOokoe oOydyeHHe, paclo3HaBaHHE TPAHCIOPTHBIX
cpenctB, VMMR, ResNet50, ayrmenTarus Habopa TaHHBIX, HHTEUICKTYaJIbHbIC TPAHC-
MOPTHBIE CHCTEMBI, TOPOJCKON TPAHCIIOPTHBINA MOTOK, KJIACCH(HUKALUS MOJeNeH, yM-
HBIE TOpOJa

Jast umTupoBanusi: Mopasunies H., OpanGexoBa XK., bakuea A. (2026). Pac-
MO3HABaHUE MAapPKU M MOJICIT TPAHCIIOPTHBIX CPEJCTB HA OCHOBE TITyOOKOTO OOyUYCHHS:
po6sieMbl HAOOPOB JTaHHBIX U (PAKTOPHI, BIUSIOUIME HA PabOTy CUCTEMBI B yCIIOBH-
SIX TOPOJICKOTO NTBHMKEHUS // MeXITyHapOIHBIA KypHAT WHPOPMALMOHHBIX U KOMMY-
HUKaMOHHBIX TexHojoruid. T. 7. No. 25. Crp. 285-314. https://doi.org/10.54309/
1JICT.2026.25.1.017. (Ha anr.).

KonduukT nHTEpecoB: aBTOPHI 3asBISIFOT 00 OTCYTCTBUH KOH(IIUKTA HHTEPE-
COB.

Introduction.
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Deep learning has become a fundamental approach for vehicle make and model
recognition (VMMR) within intelligent transportation systems (ITS). Convolutional
Neural Networks (CNNs) are widely employed to automatically extract hierarchical
features from vehicle images, progressing from low-level visual cues to high-level
semantic representations. Various architectures have been proposed to enhance VMMR
performance, including semi-supervised CNNs, coarse-to-fine frameworks for fine-
grained classification, and hybrid methods integrating dimensionality reduction
techniques such as Principal Component Analysis (PCA) to accelerate training. These
deep learning models ensure reliable recognition from multiple perspectives (Jabeen
et al., 2021). Also current paper made comparison with more advanced models like
MobileNet, EfficientNet and Vision Transformer VIT b16, ConvNeXt, SiImCLR, CLIP. In
deep learning, channel fusion methods play a vital role in improving model performance,
mainly through concatenation, summation, and multiplication. Concatenation merges
feature maps from different levels along the depth dimension, improving the model’s
ability to represent features. This is often used in encoder-decoder architectures where
low- level and high-level features are combined.

An analyzed study shows that the ITS system includes dynamic data transfer,
where the machine model definition will help to provide some data (Vahora et al.,
2025). Conventional traffic monitoring systems depend largely on manual observation
or basic sensor-based methods, which restrict their accuracy, coverage, and real-time
responsiveness. The integration of Deep Learning (DL) and Computer Vision (CV) has
emerged as an advanced approach for intelligent traffic surveillance, enabling automated,
scalable, and adaptive systems capable of analyzing and responding to traffic situations
in real time without human intervention (Siva et al., 2025). Intelligent traffic lights,
smart parking guidance systems, and advanced public transportation technologies are
employed to enhance traffic flow, alleviate congestion, and boost overall traffic efficiency.
By leveraging the centralized learning and decentralized execution framework of the
Actor- Critic strategy gradient algorithm, additional information is utilized by critics
to streamline the traffic signal control process and achieve optimized traffic signal
management (Wei et al., 2024). In the article of the analyzed research, the author
includes queue length, average speed, and ambulance data in the system architecture.
Deep learning on the semantic data of cars adds data on the model and type of car to
the architectures, and therefore more detailed physical data on car models (Girhe et al.,
2022). While several studies have applied deep learning to vehicle make and model
recognition (VMMR), this research uniquely focuses on adapting and evaluating state-
of-the-art CNN architectures (ResNet50, VGG19, AlexNet, MobileNet, EfficientNet,
VIT bl6, ConvNeXt, SimCLR, CLIP). By incorporating physical characteristics of
vehicles (such as acceleration, size, and turning radius) into the analysis, this work
provides a multi-dimensional framework that goes beyond image classification — aiming
to support smart city traffic optimization efforts.

Materials and methods.

Building a deep learning system architecture component from camera data to
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obtain data on traffic volume, car type, car brand, and hence subsequent aspects about
each car and aggregated road line values. Maintaining and overcoming the difficulties of
maintaining a deep learning model in the form of creating datasets.

How can deep learning techniques be applied to develop an accurate and efficient
car brand detection system for traffic roads, and how can we create a reliable dataset
using existing tools for training these models?

Objectives:

e Identifying the factors related to car models that influence city traffic and
investigating these factors for specific brands through official vehicle documentation;

e Analyze modern approaches to data processing and analysis, focusing on
existing methods and technologies for vehicle detection and identification;

eTrain models on the identified datasets and evaluate their performance.

ResNet50 is a widely used deep learning model from the ResNet series,
consisting of a structured arrangement of Bottleneck modules—specifically, 3, 4, 6,
and 3 modules in its second to fifth layers, respectively. These modules include two
distinct block types: Conv Blocks and Identity Blocks. Positioned between shallow
and deep networks, ResNet50 balances model complexity and performance, making
it well-suited for small-scale image datasets while reducing overfitting risks. While
primarily designed for image classification, ResNet50’s architecture can be further
optimized for specialized tasks. For instance, enhancements such as a detail extraction
module, which incorporates differential convolution for improved texture and contour
recognition, can refine feature detection. Additionally, multi-channel fusion techniques,
such as incorporating a binary mask, help the model focus on essential image regions,
improving classification accuracy (Wang et al., 2022).

ResNet50 is a convolutional neural network architecture developed by
researchers at Microsoft Research and introduced at the CVPR conference in 2015. It
consists of 50 layers, with batch normalization applied after each convolution to ensure
more stable and faster training. The network uses the ReLU (Rectified Linear Unit)
activation function. Following the initial layer, a Max Pooling layer is applied to reduce
the dimensionality of the data. At the end of the model, Global Average Pooling is used
to reduce the number of parameters and prevent overfitting. ResNet50 is widely used
for image classification, object detection, and segmentation tasks. In this work, a pre-
trained ResNet50 model from torchvision.models was used, with the final layer replaced
to predict one of 43 classes. The model was fine-tuned, freezing all layers except the last
one. The CrossEntropyLoss function was used for training, with the Adam optimizer set
at a learning rate of 0.001. The model was trained for 10 epochs (Sharma et al., 2023).

ResNet (Residual Network) is a deep convolutional neural network (CNN)
architecture introduced by He et al. in 2015. It introduced residual learning, which
uses skip connections (shortcuts) to bypass certain layers, addressing the vanishing
gradient problem in very deep networks. This innovation allowed for the training of
extremely deep networks, such as ResNet-50, ResNet-101, and ResNet-152, without
performance degradation. ResNet achieved state-of-the-art results on the ImageNet
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dataset, significantly improving classification accuracy (Elgendy, 2020).

ResNet introduced residual connections to address the vanishing gradient
problem in deep networks, allowing for deeper and more accurate models. However,
its complexity and depth can lead to increased computational costs and training time.
Additionally, ResNet is known to be vulnerable to adversarial attacks and overfitting
in small datasets if not properly regularized. Research by Li et al. (2022) highlights
that Although ResNet reduces the issue of gradient vanishing, it is computationally
intensive and may struggle to generalize to unconventional image distributions (Wang
et al., 2022).

Hyperparameter tuning, particularly for learning rate, batch size, and the
temperature value t is critical for enhancing the SupCon ResNet model’s performance.
In the referenced work, t was fixed at 0.07, while different combinations of learning
rates and batch sizes were tested, revealing that a batch size of 512 with a learning rate
of 0.05 achieved the lowest average false negative rate (FNR), outperforming larger
batch sizes (Hoang et al., 2024). The Residual Neural Network (ResNet) architecture
to address vanishing gradient issues in deep CNNs by using skip connections, enabling
the training of very deep models like ResNet- 50 and ResNet-18 efficiently and with
improved performance (Naaman, 2022). The ResNet-50 architecture, applied to vehicle
brand detection as reported in the cited research, boosted classification accuracy from
an initial 34 % to a final 95.31 %, highlighting its effectiveness in handling diverse
vehicle scales and improving overall model performance (Mohite et al., 2025). The
FastAl-driven ResNet-32 model demonstrated exceptional diagnostic performance in
classifying ductal carcinoma tissue slides, achieving a classification confidence of 98.6
% and a high Diagnostic Odds Ratio (DOR) of 196.75 across multiple cross-validation
folds (Praveen etal., 2022). Based on the reported results, the improved ResNet-18 model
achieved the highest overall classification accuracy of 96.50 % on the MIT-BIH dataset,
outperforming state-of- the-art models in ECG heartbeat classification, particularly
by leveraging slicing techniques and compensating for class imbalance (Jing et al.,
2021). Based on the results reported by author the iSPLInception model, built upon the
Inception-ResNet architecture, outperformed CNN, CNN-LSTM, and LSTM variants
across four UCI HAR datasets, demonstrating superior adaptability and scalability in
human activity recognition despite dataset imbalances (Ronald et al., 2021). To improve
ResNet-50 performance, Lin and Wu introduced adaptive learning rates and both L1/
L2 regularization to address overfitting and accuracy fluctuations. Additionally, by
combining feature maps from intermediate layers (conv5 block1 out and conv5 block2
out), they enhanced the model’s ability to detect critical patterns such as bleeding in
diabetic retinopathy grading (Lin et al., 2023). The ResNet- 50 method achieves the
highest overall accuracy (OA) due to its residual modules, which effectively solve the
network degradation problem. The deep architecture, combined with convolutional
layers, enhances feature extraction capabilities and training performance. ResNet-50’s
success is attributed to its ability to maintain robust performance even with deeper
networks, setting it apart from other methods like BBO and CSO in this experiment.
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Future work will explore different ResNet variants, such as Wide Residual Networks
(WRN), ResNeXt, and MobileNet, to further investigate facial emotion recognition (Li
et al., 2021). In the work cited by the authors, ResNet models, including ResNet-18 and
ResNet-50, were applied to facial emotion recognition after preprocessing with CLAHE,
using convolution, batch normalization, and residual blocks to effectively extract
features and mitigate degradation in deep architectures (Sarwinda et al., 2021). Recent
advancements in training procedures, as implemented in the timm library, have enhanced
ResNet-50’s performance, offering improved training methods and data augmentations
that contribute to better results compared to the original model (Wightman et al., 2021).
Figure 1 shows ResNet model summary in this study.
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Fig. 1. Used pretrained ResNet model summary in this study.

VGG19

VGG19 is a deep convolutional neural network (CNN) developed by Simonyan
and Zisserman as an extension of VGGNet. It consists of 19 weight layers, including
16 convolutional layers with 3 x 3 filters and three fully connected layers, followed
by a softmax classifier. The network follows a uniform architecture, where small
convolutional filters are stacked in multiple layers, increasing depth while maintaining
a consistent structure. VGG19 improves upon AlexNet by using smaller 3 x 3
convolutional filters, which increase the network’s capacity to capture complex features
while reducing the number of parameters per layer. Despite its greater depth and over
144 million parameters, VGG19 converges faster due to implicit regularization from its
deeper structure. It achieved a top-5 error rate of approximately 7.4 % on the ImageNet
dataset, making it more accurate than its predecessor, AlexNet (Elgendy, 2020).

VGG-19 is widely used for benchmarking due to its deep architecture, which
enhances classification accuracy. It employs dropout layers to mitigate overfitting and
max-pooling for downsampling. Compared to sigmoid activation, ReLU activation
is used for efficient training and gradient stability. The model has been successfully
applied in medical image classification, achieving 96% accuracy and 82% sensitivity on
the Kaggle fundus image dataset (Sudha et al., 2020).
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Sudha and Ganeshbabu (2020) noted that VGG19 suffers from high overfitting
risk, especially on small or imbalanced datasets, which is a common issue in VMMR
when car brands are unevenly represented (Sudha et al., 2020). Additionally, the lack
of residual connections makes it harder for gradients to flow, and training can become
unstable in deeper networks compared to ResNet.

The VGG19 model demonstrated excellent performance with a test accuracy of
97.51 % and a test loss 0f 0.06244, indicating accurate predictions and high classification
effectiveness across the dataset (Chowdhury et al., 2024). VGG19, a deep convolutional
neural network architecture, was used in referenced work with spatial attention and class
balance techniques to achieve an accuracy of 97.38% for recognizing benign malware.
Despite its high performance, the model faces challenges due to dataset imbalance,
where some malware classes have significantly fewer examples than others (Awan et al.,
2021). Based on the findings of the cited study, VGG-19 with transfer learning achieved
an outstanding accuracy of 99.72 % for classifying tomato leaf diseases, utilizing HSV
color space for image segmentation to improve classification performance. The model’s
superior results, including high precision, sensitivity, and F1 score, were achieved by
effectively segmenting leaf regions and eliminating background, in contrast to previous
methods that did not apply such preprocessing (Nguyen et al., 2022). The VGG-19
network offers significant advantages in image recognition, including high verification
accuracy and efficient training and verification times due to its use of consistent 3x3
convolution kernels and a deeper network structure (Yang et al., 2021). In the article,
VGG-16 and VGG-19 both show impressive performance across varying epoch numbers.
VGG-16 achieves high accuracy on both training and test data, with a peak test accuracy
0f0.9656 at epoch 1, while VGG-19 shows slightly better results, reaching a test accuracy
of 0.9744 at epoch 15 and maintaining high performance throughout (Mascarenhas et
al., 2021). In the discussion, the VGG- 19 model is used as the base architecture for the
proposed model, with only the classifier layer being updated. Despite overfitting during
training, careful tuning of hyperparameters helped improve the model’s performance,
though the FER2013 dataset showed lower accuracy compared to the other two datasets
(Meena et al., 2022). The VGG-19 model applied for cataract detection achieved a test
accuracy of 97.47 % on the Kaggle dataset, demonstrating its effectiveness in detecting
cataracts from unfiltered fundus photographs. Despite this success, further research into
feature extraction techniques and classification algorithms is needed for more in-depth
and precise detection, including severity grading (Khan et al., 2021). The use of transfer
learning with the VGG19 network for strip steel defect recognition is effective. The
hierarchical learning rate adjustment, improved feature extraction module, and the Adam
optimizer contribute to significant improvements in the model’s accuracy, robustness,
and convergence speed. The model’s real-time performance is also competitive, with a
detection speed of 54 images per second (Wan et al., 2021). In these results, VGG19
is used as a feature extraction method in the proposed algorithm, offering a nonlinear
transformation approach, unlike the linear transformations (DWT, DCT, and DFT).
This distinction highlights VGG19’s ability to capture more complex, deep features for
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medical image watermarking (Han et al., 2021). The VGG-19 model, when pretrained,
demonstrated exceptional performance with an accuracy of 97.3 %, recall of 99.2 %,
and precision of 96.7 %, making it highly effective for classifying pneumonia from chest
X-ray images. The review article shows the good quality of the model in the analysis of
medical images (Ikechukwu et al., 2021). Figure 2 shows the pretrained VGG19 model
summary.
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Fig. 2. Used pretrained VGG19 model summary in this study.

AlexNet is a deep neural network architecture developed in 2012 for image
classification. It includes convolutional and pooling layers. The model uses activation,
dropout, and overlapping pooling (ReLU) to reduce overfitting. AlexNet won the
ImageNet competition (Lietal.,2021). AlexNet is a deep neural network that significantly
improves computer vision, optimized for large-sized images. It was the winning model
of the 2012 ImageNet Large Scale Visual Recognition Challenge (ILSVRC) and was
developed by Alex Krizhevsky, Ilya Sutskever, and Geoffrey Hinton. The architecture
includes five convolutional layers with subsequent max-pooling layers, three fully
connected layers, and a final softmax layer for classification. Unlike earlier models
like LeNet, AlexNet incorporates Rectified Linear Unit (ReLU) activation functions to
speed up training, dropout layers to reduce overfitting, and overlapping max pooling for
improved feature extraction. Its depth and complexity, with approximately 60 million
parameters and 650,000 neurons, enabled it to learn intricate patterns and significantly
outperform previous approaches in image recognition tasks (Elgendy, 2020).

AlexNet, though revolutionary when introduced, is now considered relatively
shallow and outdated for complex tasks like fine-grained vehicle classification. It has
only eight layers and lacks the depth and modularity of newer architectures. AlexNet
tends to underfit when applied to large scale, high resolution datasets and does not
include advanced mechanisms for extracting fine-grained features (Elgendy, 2020).

Moreover, its use of large filter sizes in early layers and fewer total layers reduces
its ability to capture fine details required for tasks like distinguishing between visually
similar car models.
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AlexNet demonstrated effective clothing classification, achieving a 74 %
accuracy on clean images and 68.28% accuracy on a combined dataset of clean and loss
images, showcasing its ability to classify various clothing types using deep learning
(Noh, 2021). AlexNet, a deep learning model, is highly efficient in facial expression
recognition (FER) due to its computational speed, providing faster results in comparison
to other models. It performs well in real-time applications, offering a balance between
accuracy and time consumption, making it suitable for dynamic environments such as
human- computer interaction and healthcare (Paulchamy et al., 2025). In the comparison
of different deep learning models for 3D image segmentation, 3D AlexNet demonstrated
superior performance, with higher accuracy and faster training times compared to models
like ResNet50 and Inception-V4. Its optimized architecture, including reduced layers
and channels, resulted in a classification performance with an AUC value of 0.964,
outperforming the other models in terms of accuracy, sensitivity, specificity, and F1-
score (Chen et al., 2021). For instance, the modified AlexNet architecture has shown to
be a strong and efficient CNN model for the early identification of crop diseases (Chen
et al., 2022). It attained an accuracy of 81.07 %, a precision of 82.70 %, and a recall of
80.24 %, indicating competitive effectiveness among similar models (Nugraha et al.,
2023). AlexNet, when applied to the CEW dataset for eye state recognition, achieved an
accuracy of 97.11% and an AUC of 99.42 %, demonstrating competitive performance.
Although it did not outperform the proposed DCNN in terms of both accuracy and
AUC, it remains a strong alternative for eye state detection in real-world applications
(Kayadibi et al., 2022). Based on the results, the proposed 3D AlexNet achieved
competitive performance in brain tumor classification, surpassing existing methods
in precision for LGG, HGG, and healthy subjects, though slightly underperforming
in overall accuracy compared to a deep CNN approach (Rani, et al., 2022). Based on
the results, AlexNet demonstrated superior recognition accuracy (87.8 %) and faster
detection performance compared to VGG16 and ResNet18, making it a suitable choice
for real-time traffic signal recognition, especially when combined with YOLOvVS5s and
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low-light enhancement techniques (Niu et al., 2022). Based on the results, introducing
deconvolution layers into AlexNet significantly reduces model parameters, especially in
the fully connected layers, and improves test accuracy by 1-3%, making the enhanced
AlexNet both more efficient and more accurate for small-scale image classification (Li
etal., 2021). The improved AlexNet model, modified for tomato leaf disease recognition
using transfer learning, achieved superior performance with 98.72 % accuracy by fine-
tuning layers, adjusting the output to 8 classes, and employing weighted fusion of
HOG and LBP features. Compared to traditional models like VGG and SVM based
methods, it demonstrated faster convergence, higher recognition accuracy, and stronger
generalization (Qiu et al., 2024).

Vehicle Make and Model Recognition (VMMR) refers to the task of identifying
a vehicle’s make (manufacturer) and model (specific product) from an image or video
input. This process is essential for applications in Intelligent Transportation Systems
(ITS), where it is used for tasks like traffic management, surveillance, behavior analysis,
and monitoring. VMMR helps in automatic vehicle detection at toll stations, real-time
traffic condition analysis, and locating stolen vehicles (Lyu et al., 2022). The proposed
solution is deeply embedded in the Internet of Things (IoT) ecosystem, linking physical
vehicle tags with cloud-based data systems for seamless identification and monitoring
(Mufti et al., 2023). Driving style (DS) can be classified as either short term — based
on situational behavior or long term — reflecting consistent driving patterns over time;
classification methods include both continuous indices for precision and discrete
categories for simplicity, influenced by driver, vehicle, and environmental factors
(Mei et al., 2025). A hierarchical cloud platform architecture for intelligent vehicle
systems, organized into four key layers application, network, platform, and terminal.
The terminal layer handles data collection from vehicles and sensors. The network layer
ensures communication between vehicles and the cloud. The platform layer is central to
the system, offering powerful computing and storage for processing large-scale vehicle
data. At the top, the application layer supports services such as driving style recognition,
vehicle coordination, and speed planning—leveraging the data processed in the lower
layers to deliver intelligent transportation solutions (Mei et al., 2023) (Figure 3).

This study concludes that the proposed TCN-ATM model significantly
outperforms traditional models like LSTM, SVM, and TCN in recognizing lane change
intentions, while multi-task learning approaches, especially MTL-LSTM, enhance
prediction accuracy by leveraging correlations between driving indicators, offering
promising applications for improving autonomous vehicle perception and control (Yuan
etal., 2023). The reviewed literature provides a detailed overview of energy management
strategies (EMSs) for hybrid electric vehicles and driving cycles (DCs) (Liu et al., 2020).
This aspect affects road traffic in terms of electric vehicles.

The article (Li et al., 2023) reviews an integrated control strategy for mechanical-
electrohydraulic hybrid vehicles (EHHVs) with real-time driving mode recognition. By
using PCA for dimensionality reduction, K-means clustering for offline classification,
and LVQ neural networks for online mode recognition, the proposed LVQ-fuzzy EMS
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improves energy allocation and recovery, optimizing consumption without compromising
dynamic performance. The study highlights the potential of EHHV for efficient power
and energy recovery, offering a foundation for future hybrid vehicle EMS and intelligent
mode switching.

According to the analysis conducted in the cited study, we developed an
algorithm for recognizing and correcting vehicle maneuvers in vibration-based road
quality measurement systems. The algorithm demonstrated a 93 % classification
accuracy and improved road surface classification by 7 % in suburban areas and 10 % in
urban environments, where aggressive maneuvers are more common. By compensating
for the impact of these maneuvers, the approach significantly enhanced the accuracy
of road quality measurements, offering a scalable and low-cost solution that integrates
seamlessly into existing systems (Nagy et al., 2025). This paper introduces an adaptive
energy management strategy for hybrid electric tracked vehicles (HETVs), combining
deep reinforcement learning (DRL) and transfer learning (TL) to address the challenges
of long training times. The proposed bi-level control framework optimizes energy
management by integrating DDPG and TL, with a focus on improving adaptability
and performance across different driving cycles. Experimental results demonstrate the
effectiveness of the approach, offering significant improvements in training efficiency
and energy savings (Guo et al., 2020). This paper proposes a multi-sensor feature fusion
classification method for vehicle micro-motor noise recognition, inspired by auditory
perception principles. By transforming multi-sensor time-domain signals into Mel
spectrograms, the method effectively extracts and optimizes features, achieving a high
recognition accuracy of 94.90%. The approach also employs SpecAugment for data
augmentation, increasing sample volume and improving model training. Experimental
results demonstrate its effectiveness, especially in resisting interference in vehicular
environments, with an accuracy of 94.27 % under low signal-to-noise ratio conditions
(Zhao et all., 2023).

This paper discusses the development of Automatic License Plate Recognition
(ALPR) systems, which are widely used in intelligent transportation systems for tasks
such as traffic law enforcement, toll collection, and security monitoring. It highlights
the transition from traditional methods to deep learning-based approaches, which offer
superior accuracy and speed for both license plate detection and recognition. The paper
also emphasizes the need for large, diverse datasets to train these models, and it introduces
the challenge of character wise annotation for European license plates, which the study
aims to address. Furthermore, the work describes a bimodal re-identification system that
employs YOLOVS for detecting vehicles and license plates (Ramajo-Ballester et al.,
2024). This paper introduces a GPS trajectory-based machine learning method to better
understand vehicle mobility patterns by capturing both travel actions and intentions.
It uses DBSCAN clustering to identify high-frequency access locations and a graph-
based PCA method to infer the intended destinations of vehicles. The study, based on
data from 11,590 vehicles in Beijing, demonstrates that the method can reveal drivers’
travel intentions beyond their actual parking locations. The findings show significant
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differences between intended destinations and parking behaviors, with drivers heading
home more likely to park near residential areas, while those heading to work are less
likely to park near office buildings. The method also identifies commuters and non-
commuters by analyzing frequent access points, revealing that commuters tend to travel
shorter distances compared to non-commuters (Su et al., 2025). VMMR has recently
attracted growing interest in Al and computer vision. However, issues like low lighting,
bad weather, occlusion, and angle variation still hinder detection accuracy (Berwo et al.,
2023).

A standard convolutional network, such as ResNet, can be progressively
modernized toward the hierarchical architecture of vision Transformers like Swin,
while excluding any attention-based modules. Model accuracies within the ResNet-50 /
Swin-T computational regime are represented by the foreground bars, whereas results in
the ResNet-200 / Swin-B regime are shown in gray. Hatched bars indicate architectural
modifications that were not applied. Detailed quantitative results for both regimes are
provided in the appendix.

Incorporation of Transformer-inspired architectural components, such as
patchified convolutional stages, normalization refinements, and depth scaling,
consistently improves performance. Through these cumulative enhancements, the
resulting architecture, known as ConvNeXt, emerges as a purely convolutional model
that matches or exceeds the accuracy of the Swin Transformer while maintaining
comparable computational efficiency (Liu et al., 2022).

SimCLR,orSimpleFramework forContrastive LearningofVisual Representations,
is a self-supervised learning method designed to learn image representations without
using labeled data. It operates by maximizing the agreement between two differently
augmented views of the same image while minimizing the similarity between views of
different images. The approach relies on strong data augmentation techniques—such as
random cropping, color distortion, and Gaussian blur—to create correlated image pairs
used for training.

A convolutional neural network, typically a ResNet, serves as the base encoder
to extract feature representations, which are then mapped to a latent space through a
small projection head composed of a multilayer perceptron. In this latent space, the
contrastive loss, known as the normalized temperature-scaled cross-entropy (NT-Xent)
loss, is applied. This objective encourages high cosine similarity between positive pairs
and low similarity between negatives drawn from the same mini-batch.

Through this contrastive framework, SimCLR effectively learns robust and
transferable visual representations. It achieves 76.5 % top-1 accuracy on ImageNet
under the linear evaluation protocol, surpassing previous self-supervised approaches
and establishing a new state of the art in self- and semi-supervised learning (Chen et al.,
2020).

CLIP is a language and image based pretraining model that represents and
compares visual and textual embeddings. The model jointly encodes textual and visual
embeddings on large data sets, optimizing the classification process using cosine
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similarity between vectors.

This neural network differs from computer vision models in that it processes
natural language, enabling it to generalize to a wide range of visual concepts without
explicitly training it on a specific task. During inference, the text encoder can transform
class names or descriptions into embeddings, forming a zero-shot linear classifier that
allows the model to recognize new categories directly from text.

Through this contrastive training paradigm, CLIP acquires highly transferable
and robust representations. It demonstrates strong performance across diverse tasks,
including object recognition, OCR, action understanding, and geo-localization, while
surpassing supervised ImageNet models in both efficiency and zero-shot generalization
capability (Radford et al., 2021).

Two-step detectors (e.g., R-CNN, Fast R-CNN, Faster R-CNN, R-FCN) generally
offer higher accuracy but are computationally heavier. One-step detectors (e.g., SSD,
YOLO variants, RetinaNet) are faster and better suited for real-time use (Berwo et al.,
2023). This paper introduces an enhanced activation function combining ReLU and
sigmoid, which shows a significant improvement in recognition accuracy — 8.58 % higher
than ReLU and 16.55 % better than LreLU, when tested on the University of Berkeley’s
road scene dataset. The model also outperforms sigmoid and Tanh functions on large
road datasets, addressing the oscillation issues of LReLU and the inability of ReLU to
handle the negative half-axis effectively. While the model still has room for improvement
in certain categories, future work will focus on expanding the dataset and optimizing
network parameters to boost accuracy. The paper highlights that deep learning models,
closely linked to traditional computer vision systems, are improving rapidly in structure,
design, and training, with significant advancements expected in the coming years (Li et
al., 2023). This paper (Liu et al., 2024) introduces a view-independent vehicle model
recognition framework using object detection and image retrieval techniques, designed
for edge-cloud systems. Tested on the Stanford Cars dataset, the approach outperforms
most previous methods in terms of accuracy and efficiency. The image screening and
component detection processes reduce search time and calculation costs, making the
model more efficient. Unlike traditional end-to-end methods, this two-stage approach
avoids repeated training when the sample set changes, offering adaptability for large-
scale and multi-category vehicle recognition. The results suggest strong potential for
real-time applications, with future work focusing on improving feature descriptors and
developing an adaptive vehicle model recognition system (Liu et al., 2024). ViTs have
gained attention for their strong performance in image tasks, thanks to the MSA module
that models global interactions. However, their generalization can be limited due to a
lack of inductive bias for local relations. To overcome this, CNN-Transformers (HVTs)
combine self-attention and convolution, enhancing performance by learning both local
and global features. Various methods, like early and parallel integration, have been
proposed to incorporate convolutional bias into transformers. Despite challenges, HVTs
show great potential for real-world computer vision applications (Khan et al., 2023).

Convolutional Neural Networks (CNNs) have become a popular choice for
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Acoustic Target Recognition (ATR) in acoustic images, offering superior performance
over traditional template-matching techniques. Unlike template matching, which
struggles with generalizing patterns and handling multi-scale objects, CNNs are capable
of learning relevant features directly from the data. The hierarchical structure of the
CNN allows for the extraction of simple edge features and complex patterns in deep
layers. This is suitable for ATR tasks such as object detection and classification in
acoustic images. In the paper, the models demonstrated their effectiveness even with
computational limitations and in an underwater environment (Bresciani et al., 2024). The
reviewed study discusses the issues of hyperparameter tuning for deep reinforcement
learning (DRL), in particular the impact of network capacity on performance (Palomeras
et al., 2024).

This study focuses on the detection and recognition of vehicles and their license
plates using deep learning methods, specifically leveraging pre-trained YOLO models
for vehicle detection. The task involves identifying regions of interest (ROIs) within
images that correspond to vehicles and license plates. The work also highlights the
importance of large, diverse datasets for training vehicle recognition models, with several
datasets mentioned, such as Stanford-Cars, VehicleID, and VeRi-776, which contain
extensive image collections with varying levels of camera coverage and annotations.
These datasets are critical for improving the performance of vehicle re-identification
systems, ensuring the models can handle different vehicle types, camera angles, and
environmental conditions (Ramajo-Ballester et al., 2024). The study under review
examines the use of long-short-term memory (LSTM) models for recognizing vehicle
engine dynamics. Instead of k-means methods, the paper uses an autoencoder for data
dimensionality reduction and spectral clustering. Nonlinear dimensionality reduction
improves the model’s robustness to noisy data (Chen et al., 2024). The TSDR-KNN
model was created for character recognition in clear images. It processes inputs through
a convolutional layer to extract relevant features and applies a max-pooling operation
to enhance its efficiency. On the other hand, HRU-Net focuses on image recovery by
combining a compact CNN with a self-adaptive image processing (SAIP) module for
enhanced image clarity post-defogging. This approach incorporates filters for white
balance, contrast, gamma correction, and sharpening, optimizing the image by reducing
chromatic aberration and restoring lost details in darker regions (Rani et al., 2024). This
study compares five driving condition recognition methods, highlighting the navigation-
based method’s high accuracy in most driving cycles, though it struggles with blended
conditions like WLTP. Clustering showed the best fuel economy improvement, while
fuzzy logic had the lowest. The study recommends using the navigation based method
in the vehicle concept phase and clustering in production. Future research may focus on
hardware testing and the impact of autonomous driving technologies (Xu et al., 2023).
The proposed representative sample selection method significantly improves recognition
rates compared to random and regular methods, offering a foundation for targeting
and obtaining samples that optimize recognition algorithm performance in limited
conditions (Zhang et al., 2024). This article explores different motion segmentation
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and appearance-based methods used for vehicle recognition. The text emphasizes the
importance of these techniques in applications like traffic surveillance, urban planning,
and security (Kanagamalliga et al., 2024).

MobileNet is built on depthwise separable convolutions, a form of factorized
convolution that divides a standard convolution into two stages: a depthwise convolution
and a pointwise convolution. In this structure, the depthwise convolution applies
a single filter to each input channel independently, while the pointwise convolution,
implemented as a 1x1 convolution, combines the resulting feature maps across channels.
This separation of spatial filtering and channel mixing drastically reduces computational
cost and model size compared to conventional convolutions (Khasoggi et al., 2019).
MobileNets are lightweight convolutional neural networks designed to minimize
computational latency while maintaining accuracy. They achieve this efficiency through
depthwise separable convolutions, which separate spatial and channel operations to
reduce parameters and operations. This architecture enables fast inference on resource-
limited devices such as mobile and embedded systems (Howard et al., 2017). Thus, it
is a more advanced neural network that optimizes and creates new features to classify
using adaptive depthwise and pointwise convolutions. The mobile network structure
used in the study is also shown in Figure 4.

| 3x3 Coree | |3x3 Deplhwizs Cony
| aN 1T B
| Hr!ll ] | [ Hn:l U

| 151 Caiv

| B

|
| Ral L)

Fig. 4. “Left: Standard convolutional layer with batchnorm and ReLU. Right: Depthwise Separable
convolutions with Depthwise and Pointwise layers followed by batchnorm and ReLU.” (Howard et al., 2017; p. 4).

EfficientNet is a convolutional neural network architecture designed to optimize
both accuracy and computational efficiency through compound scaling of network depth,
width, and resolution. It achieves high performance with fewer parameters by uniformly
scaling these dimensions using a simple, principled method (Pu et al., 2024). EfficientNet
is a family of convolutional neural networks developed through neural architecture search
and compound scaling, which jointly optimizes network depth, width, and resolution.
This design achieves a balance between accuracy and efficiency, outperforming previous
convolutional models in both performance and computational cost. EfficientNet
architectures also generalize well across diverse datasets, demonstrating strong transfer
learning capabilities with compact model sizes (Tan et al., 2020). EfficientNet scales,
allocates resources, and adapts to feature classification using 5 scaling methods.

The Vision Transformer (ViT) is a deep learning architecture that applies the
Transformer model to image analysis by dividing images into patches and processing
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them as sequences using self-attention mechanisms. This approach enables ViT to
effectively capture spatial relationships within images without relying on traditional
convolutional operations (Zhang et al., 2023). The ViT-B/16 model demonstrates high
effectiveness in automated medical image analysis, achieving near-perfect accuracy
in identifying elbow fractures from X-ray images, thereby significantly improving the
reliability of diagnostic systems (Alam et al., 2024). The Vision Transformer (ViT) uses
only the encoder of the Transformer architecture. It divides an image into fixed-size
patches, projects each patch into a vector, and processes them as a sequence. A special
classification token is added to the sequence, and its output represents the final class
prediction (Huo et al., 2023). Visual transformers are closely related to the theory of
text transformers and encoders, they use these methods and divide the main image into

a sequence of embeddings.
Table 1. Comparison of Strengths and Weaknesses of CNN Models

Model Strengths Weaknesses

ResNet50 | Mitigates vanishing gradients; enables deep | High computational cost; struggles with unusual
training; fast convergence; good on small distributions; overfitting without regularization;
datasets; customizable for tasks adversarial vulnerability; redundant features in

deep layers

VGGI19 Simple, uniform architecture; strong feature | Very large parameter count; overfits small datasets;
extraction with small filters; high accuracy; lacks skip connections; inefficient gradient flow
stable training

AlexNet Pioneering deep learning model; includes Shallow depth; underfits high-res data; lacks fine
dropout, ReLU, and overlapping pooling; feature extraction; not suited for fine-grained
efficient early training recognition

MobileNet | Uses fewer resources, more chances for Performance drops on large-scale or complex
feature recognition due to architecture. datasets due to limited representational capacity.
Focus on scaling to achieve the desired Compound scaling is computationally expensive to
accuracy and classification features design and retrain for new domains.

ViT Improved efficiency in object detection. An | Requires large-scale datasets for effective training
approach different from the CNN in defining | due to the absence of inductive biases like locality
objects and translation invariance.

ConvNeXt | Increased convolution layers to 7x7 for High attention cost. Needs more resources to input.
better accuracy, increased kernel size. Fewer
activation functions. Replacing ReLU with
GELU. Fewer normalization layers

SimCLP A simple and effective self-supervised It achieves high accuracy but requires large batch
framework that learns powerful visual sizes and extensive computational resources.
representations without labels.

CLIP A multimodal model that aligns images and | Its broad versatility comes at the cost of reliance
text in a shared embedding space, enabling on massive pretraining data and potential bias from
strong zero-shot generalization. web-scale text sources. Lack of text embeddings

for models.

This work is a continuation of the development of the VMMR application for
analyzing vehicle traffic.

Literature analysis of existing systems. Finding the values of car models that affect
city traffic, searching for these values of certain brands in official vehicle documentation.
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Training existing models to classify car brands and detect cars, determine their type.

In this article, the models described above were trained under identical conditions
and analyzed using metrics, LIME, SHAP, and GradCam analyzers. The output data will
help compare the performance of the models in identifying a car model from an image.

An existing dataset of car models was used for classification training, which
contains 291,752 images of cars of the brand from 1950 to 2016 (Tafazzoli et al., 2017).
This dataset is publicly available. Most vehicle classes refer to the year 2015 when the
image was made. Most of the samples in the dataset are rendered in 3D free (complex
angles). After filtering and dividing the dataset into the training and testing ones,
283,899 images and 7,982 classes of car models (1,188 skipped classes) remained. A
cloud resource with an NVIDIA RTX 4000 Ada Generation GPU was used. The images
were transformed to a size of 256x256 and randomly resized and cropped to 224x224.
Some images were horizontally mirrored. Color Jitter was used to improve robustness,
converting some images to grayscale p=0.03. Standardizes pixel values using ImageNet
normalization parameters mean = [0.485,0.456,0.406], std = [0.229,0.224,0.225].
Preprocessing also used horizontal flipping and zooming methods. The models used the
Adam optimizer. All models were trained under the same enviroment and conditions:
epochs = 10, batch size = 32.

Jupiter notebook, saved models and other resources of this study are available in
cloud storage (Mordvintsev, 2025).

Results and discussion.

Identifying the factors related to car models that influence city traffic and
investigating these factors for specific brands through official vehicle documentation.

The size of a vehicle affects its maneuverability and the space it occupies on the
road. Large vehicles require more room to maneuver, which reduces traffic speed and
increases congestion. Turning radius also plays a significant role, affecting maneuver
times at intersections.

The analyzed modern approaches to data processing, and the focus on vehicle
identification and subsequent interpretation of characteristics.

Re-identification is the process of matching the appearance of objects within and
between camera networks. Typically, this involves a user searching for all occurrences
of a queried object across the cameras in a network. For example, a traffic officer may be
trying to locate a specific car in the city camera system. Using of a deep CNN learning
model to identify same car model images (Elgendy, 2020).

The classification of different machine learning approaches is based on the
varying angles of the datasets utilized in these studies. The main objective of this analysis
is to provide an overview of the current achievements of the VMMR and to highlight
potential areas for development. This classification includes frontal, rear, multiview and
miscellaneous perspectives (Elgendy, 2020). Current research working with frontal and
back side car views.

A deep CNN ResNet50 was used as the backbone network to extract object-level
features. In another approach, a hybrid approach combining the deep VGG16 model
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with a Genetic Algorithm (GA) was proposed. In addition, a new loss function was
introduced to improve the performance of deep CNN models (Elgendy, 2020).

There are three main learning techniques for training a model: supervised,
unsupervised, and reinforcement learning. Hyperparameter tuning is also crucial to
improve the performance of a model. Transfer learning uses pre-trained models to
improve task performance. The model adaptation process uses model coefficients and
trains on a large dataset specific to the task.

Data transformation methods transform images to focus on identifying patterns
and features. This implementation included horizontal flipping, random rotation, and
image normalization.

Accuracy and loss metrics of models.

The evaluation metrics of the trained models are presented in Figures 5—13.
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For the current training, the EfficientNet layers were scaled in depth and finally
in breadth for classification.
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The comparison of model accuracy and loss is presented in Table 2.

Table 2. Comparison of Accuracy and Loss of models from Figures 5-13.

Model Final train loss Final validation | Final train Final validation

loss accuracy accuracy
AlexNet 9.2563 15.9313 21.36 % 8.26 %
ResNet 4.8434 8.7011 24.19 % 10.44 %
VGG19 10.5568 9.8006 9.44 % 7.49 %
MobileNet 2.7533 5.6254 42.95% 16.91 %
EfficientNet | 3.6078 5.8118 32.36 % 15.09 %
ViT bl6 1.6194 4.3545 58.95 % 24.55%
ConvNeXt 24711 3.5753 41.34 % 2421 %
SimCLR 3.7059 6.5539 28.35% 13.27%
CLIP 1.4322 2.6097 56.98 % %

As can be seen in Table 2, scalable networks have an advantage in classifying

machine models, especially ConvNeXt, ViT b16 and CLIP.
Locally Interpretable Model-Agnostic Explanations analysis

From the visualization of 32 main features, it can be seen that the EfficientNet
contains more accurate 2 negative features, while the negative features of the others are
all over the picture Table 3. From the properties of convolutional networks, it can be seen
that all models distinguish between the boundaries of the machine and the environment.
All models except AlexNet mark the components of the car. As you can see, trained
CLIP highlights complex areas grouped together and has greater semantic analysis.

Gradient weighted Class activation mapping analysis.

Table 3 presents Locally Interpretable Model-Agnostic Explanations (LIME)
analysis of models.
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Table 3. LIME analysis of models.

Model Correct Top-k | Top-1 Positive features | Negative features | Mean absolute
First accuracy | on car shape on car shape difference
AlexNet No 0.996 11 1 0.7966
ResNet No 0.168 12 1 0.0580
VGG19 No 0.080 10 1 0.0096
MobileNet Yes 0.857 14 1 0.6702
EfficientNet Yes 0.567 12 2 0.4127
ViTbl6 Yes 0.331 11 1 0.1880
ConvNeXt No 0.074 9 1 0.0159
SimCLR Yes 0.663 11 1 0.4939
CLIP Yes 0.990 5 (2 complex) 1 0.7908

Figures 14-22 show the results of gradient weighted class activation mapping.

wtegrated Gradiants — toyota_corolla_1995

Input

Grad-LAM — toyota_corala 1993

Fig. 14. AlexNet GradCam.

integrated Gradients — toyata_corclla_1995

Grad-CAM — toyota carolla_1995

Fig. 15. ResNet GradCam.
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Fig. 16. VGG19 GradCam.

Integrated Gradients — acura el 2001

¢

Fig. 17. MobileNet GradCam.
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Fig. 18. EfficientNet GradCam.

Integrated Gradients — acura_el_2001

Fig. 19. ViT b16 GradCam.
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Integrated Gradients — audi_ad 2006

Fig. 20. ConvNeXt GradCam.

Integrated Gradients — acura_el_2001

Fig. 21. SimCLR GradCam.

Integrated Gradients — acura_e|_2001
Input

Fig. 22. CLIP GradCam.

The scaled models have a larger gradient on the machine, while in Figures 14-19
they are noisier. Also the gradient being divided into squares in the visual transformer

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0

International License
309



INTERNATIONAL JOURNAL OF INFORMATION AND COMMUNICATION TECHNOLOGIES 2026. Vol. 7. Is. 1 (25).

and CLIP Figures 19 and 22. SHapley Additive exPlanations analysis
Table 4 presents SHAP analysis of models.
Table 4. SHAP analysis of models

Model Correct Top-k Top-1 Mean absolute
First accuracy difference
AlexNet No 0.2 0.048
ResNet No 0.2 0.048
VGGI19 No 0.1 0.000
MobileNet Yes 0.9 0.716
EfficientNet | Yes 0.6 0.422
ViT bl6 Yes 0.4 0.238
ConvNeXt No 0.1 0.022
SimCLR Yes 0.65 0.476
CLIP Yes 0.99 0.791

Although the visual transformer has greater accuracy, MobileNet, SimCLR and
EfficientNet shows a contrast in classification (average absolute difference between top
k) Table 4. Also, the MobileNet does not show attribution in the center of the hit map,
unlike other models.

Discussion.

This work opens up new possibilities for the implementation of road analysis in a
smart city. The semantic capabilities of current deep learning networks for determining
complex information about a car brand model were considered. New possibilities for
dynamic analysis of cars on the road open up a new look at formulas for calculating
traffic lights and other road regulations. This research also observes unpredictable
different behavior of similar deep learning models on the same dataset. The results
show that scalable networks have potential for semantic recognition, and it is also noted
that image tokenization also shows high performance in identifying different models of
similar objects (cars).

The validation accuracy is below 30 %, which may indicate accuracy on new
images in production mode. The evaluation was based on static test sets; model robustness
under varying conditions (motion blur, night lighting, etc.) remains untested. Production
mode of training requires multi-view dataset for recognition. Some highlighted LIME or
SHAP regions may not correspond to true discriminative car features (e.g., background
influence in first 32 features).

Creating simulations of rain, night, blur, and seasons using images from the
dataset. Supplementing the dataset with other points of view on the machine. Increasing
learning epochs.

Conclusion.

In this article, certain factors were found that are related to both the car model
and the user experience of the road and the infrastructure of smart city roads. It was also
found that not all factors are recorded in the documentation of the models with a direct
value, for example, the size of the rotation of the car. Various modern approaches to
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classifying a car model by a two-dimensional image were analyzed. Scalable and non-
scalable models were compared.

This study reviewed current data processing and analysis methods for vehicle
detection and classification based on deep learning architectures. ResNet50, VGG19,
AlexNet, MobileNet, EfficientNet, Vision Transformer (ViT-B16), ConvNeXt, SimCLR,
and CLIP models have been trained and tested on a massive dataset comprised of 283,899
vehicle images.

The experimental results showed that all the models succeeded in learning a
rough appearance-based model of vehicles with a validation accuracy range of 0.07-
0.32, revealing that there remain significant issues regarding dataset complexity, inter-
class similarity, and possible imbalance of the data distribution. Classical convolutional
architectures like VGG19 and ResNet50 were average performers, while more recent
architectures like ConvNeXt and ViT-B16 have superior feature extraction capabilities,
but they are increasingly demanding in terms of fine-tuning and computational power.
Self-supervised and contrastive methods (SimCLR and CLIP) emphasized that transfer
learning from large pre-trained representations is promising, but they are no match for
domain-specific adaptations.

In conclusion, the study confirms that deep learning is still a promising approach
for vehicle recognition but it is still far from trivial to obtain high accuracy with them
without performing proper data pre-processing, class balancing, and model tuning.
The results highlight the relevance of domain adaptation, augmentation techniques,
and architecture dependent tuning for improving generalization. Future works may
investigate hybrid or ensemble methods, transformer CNN based architectures,
contrastive pretraining on domain related vehicle datasets for further enhancements in
the reliability of detection and identification for practical real-life ITSs.
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