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ABSTRACT

Real-time vehicle classification is a core component
of modern traffic management and autonomous driving
technologies. This paper proposes a high-performance
framework that uses enhanced super-resolution GAN
(ESRGAN) integrated with YOLOV8 in MATLAB for
high-speed and high-precision vehicle classification.
ESRGAN enhances image resolution and quality to resolve
the challenges presented by low-resolution inputs, varying
lighting conditions, and occlusions. State-of-the-art
techniques such as YOLOVS8 integration, transfer learning,
and data augmentation further enhance its adaptability to
diverse types of vehicles. Optimization in both inference
algorithms and hardware acceleration leads to real-time
processing and makes the system easily applicable in
various dynamic traffic scenarios. This will further
integrate into traffic systems to accomplish tasks of
accurate vehicle identification, categorization, and tracking
for superb traffic flow and safety. Moreover, it also serves
real-time  decision-making activities and largely
contributes to the technology development of autonomous
vehicles. Comprehensive tests on real-world datasets will
validate the applicability and robustness across different
traffic environments.

Keywords: Real-time vehicle classification,
ESRGAN, YOLOv8, MATLAB, traffic management,
autonomous driving, image resolution, transfer learning

and data augmentation.

1. INTRODUCTION

Traffic congestion and safety have become serious
global challenges with the rapid increase in urbanization
and vehicle density. Resolving such issues calls for
innovative technologies capable of managing traffic flow
and enhancing road safety. Real-time vehicle classification

is an essential element of ITS and autonomous driving

technologies, enabling solutions to monitor, analyze, and
control traffic efficiently.

Traditional traffic management systems are often
based on manual monitoring or simple sensor-based
schemes, which have limited accuracy and are not easily
scaled. Real-time vehicle classification is a game-changing
development that identifies vehicle types and behaviors at
the most detailed level. These insights are very important
in dynamic traffic signal control, congestion reduction, and
route planning in real-time to improve overall traffic
efficiency. More importantly, autonomous vehicles depend
on robust and precise classification systems for obstacle
detection, route planning, and subsequent decision-making.
Misclassification or delayed responses in such critical
systems can prove catastrophic, which clearly indicates the
need for dependable real-time classification systems.

There are several limitations to the existing vehicle
classification systems. The traffic cameras usually capture
low-resolution images, especially in bad lighting
conditions or inclement weather. This deteriorates the
performance of the classification models. Moreover, the
variety of vehicles on the road, such as motorcycles, cars,
trucks, and buses, poses a very tough challenge. Most of
the current systems are computationally expensive, which
results in latency and affects their applicability in real time.
Moreover, some models work fine in a controlled
environment but often fail to perform with the same
accuracy in dynamic and complex traffic scenes.

Traditional approaches to vehicle classification
often rely on rule-based systems, where the classification
is based on predefined thresholds. While simple, these
systems lack flexibility and become prone to errors when
dealing with complex scenarios. Basic machine learning
models, such as Support Vector Machines (SVM) and k-
Nearest Neighbors (k-NN), have been applied but require
an exhaustive feature engineering step and are not effective

for large-scale data. Advanced convolutional neural
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networks (CNNs) like ResNet and VGG have shown
improved accuracy but still suffer from low-resolution
images and real-time performance issues. While deep
learning models represent a significant advance, they are
often high-quality input data-intensive and
computationally intensive, which limits their application in
real-world scenarios.

To overcome these limitations, this study proposes
a novel framework combining ESRGAN with YOLOVS in
MATLAB. ESRGAN is employed to upscale and enhance
low-resolution images, ensuring high-quality inputs for
classification. This is particularly beneficial for traffic
cameras capturing low-quality images. YOLOV8, known
for its state-of-the-art performance in object detection, is
utilized to classify vehicles in real time. Its lightweight
architecture ensures minimal latency. Transfer learning and
data augmentation techniques are incorporated to improve
the model’s adaptability to diverse vehicle types and
varying environmental conditions. Optimized inference
algorithms and hardware acceleration enable the system to
process high volumes of data in real time, meeting the
demands of dynamic traffic scenarios. The framework is
designed for easy integration into existing traffic
management systems, facilitating vehicle identification,
categorization, and tracking.

The integration of ESRGAN and YOLOV8 presents
several advantages over existing solutions: enhanced image
resolution promises higher accuracy in vehicle
classification even under tougher conditions; YOLOVS is
efficient to operate in real time for dynamic environments;
the system is adaptive, so one can surely rely on it in
diverse scenarios and with different vehicle types; designed
for large-scale applications, the framework is robust and
efficient in handling large volumes of data without much
performance degradation.

The proposed framework has far-reaching
implications for traffic management and autonomous
driving technologies. By providing accurate, real-time
vehicle classification, it enables intelligent traffic signal
control, enhances safety by reducing collisions, and

supports the development of autonomous driving systems.

© 2025 IJRTI | Volume 10, Issue 3 March 2025 | ISSN: 2456-3315

Additionally, the framework’s ability to process and
analyze large-scale traffic data facilitates informed
decision-making and policy development for urban
planning. By addressing critical limitations in existing
vehicle classification systems, the proposed framework
promises to revolutionize traffic management and
autonomous driving, paving the way for smarter, safer, and

more efficient transportation systems.

2. LITERATURE SURVEY

In recent years, great strides have been made in the
classification of vehicles using deep learning techniques.
This literature review covers 14 papers from 2023 to 2024,
focusing on their methodologies, datasets, and key
findings.

Valev et al. evaluated various convolutional neural
network (CNN) architectures, including VGG16, ResNets,
Inception, DenseNets, and MobileNet, for fine-grained
vehicle classification. Utilizing the Stanford Cars-196
dataset, they achieved a state-of-the-art accuracy of 94.6%
without incorporating vehicle-specific features,
demonstrating the efficacy of these architectures in
distinguishing between 196 vehicle types. [1]

Benslimane et al. addressed the logistic vehicle
classification in urban environments using an annotated
dataset of 72,000 images of four classes. They used
InceptionV3 and MobileNetV2 architectures, which
provide classification accuracies over 90%. This work
indicates the potential of deep learning models in urban
traffic monitoring and intelligent city planning. [2]

Najeeb et al. dealt with fine-grained vehicle
classification in complex urban traffic scenarios. They
provided the THS-10 dataset, which has 4,250 images for
10 different vehicle models and explored the fine-tuning of
architectures like Inception-v3, MobileNet-v2, and
ResNet-18. In their study, they achieved a high accuracy of
97.4% through Inception-v3 and also showed that fine-
tuning really helps to cope with dense occlusion and lane
departures. [3]

Awang et al. gave an in-depth survey on the
techniques in deep learning used for vehicle detection and
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classification tasks. They discussed different architectures
of CNNs along with their performance metrics, hence
analyzing the strengths and limitations of various models.
Such a survey is of great importance for researchers to be
acquainted with an overview of the area of deep learning
applications in vehicle analysis. [4]

Sathyanarayana and Narasimhamurthy introduced a
hybrid  feature-based-deep  neural  network-based
framework for classifying vehicle type. They processed
images by enhancing them through the camera response
model and localizing objects by modeling the Gaussian
mixture. The method has shown better results on the MIO
vision traffic camera dataset and was compared with the
state-of-the-art neural network architectures. [5]

Wang et al. introduced a center-strengthened
convolutional neural network (CS-CNN) for automatic
vehicle classification. The CS-CNN focuses on the central
features of wvehicle images, which results in better
classification performance. The model was tested on a
dataset of different types of vehicles with high accuracy
and proved to be robust against changes in vehicle
orientation and occlusion. [6]

Jahan et al. proposed a real-time vehicle
classification system based on convolutional neural
networks. The proposed system was designed to be
efficiently implemented on embedded platforms for
deployment in intelligent transportation systems.
Experiments on a custom dataset demonstrated that the
model was able to classify multiple vehicle types with low
latency, therefore showing great potential for real-world
applications. [7]

Maungmai and Nuthong have used deep learning
for vehicle classification to address issues raised by the
changes in environmental conditions. They proposed a
deep convolutional neural network trained on a large
dataset, and the result is a high-accuracy vehicle
classification. The importance of data augmentation
techniques was noted to make the model robust against
different light and weather conditions. [8]

Awang et al. proposed an enhanced sparse-filtered

convolutional neural network with a layer-skipping
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strategy for vehicle type classification. The architecture
aimed at reducing the computational complexity while
maintaining high classification accuracy. The model was
tested on a large-scale vehicle dataset to show its efficiency
and effectiveness in classifying different types of vehicles.
[9]

Zhou and Cheung proposed a vehicle detection and
classification system based on a deep neural network. Their
model was trained on an exhaustive dataset containing
images captured under various environmental conditions.
The proposed system showed high rates of detection and
classification, proving its applicability in real-world traffic
monitoring systems. [10]

Fahim et al. explored deep learning models for
vehicle classification within advanced traffic management
systems. They implemented a convolutional neural
network trained on a dataset comprising various vehicle
categories. The system demonstrated high accuracy and
real-time processing capabilities, making it suitable for
deployment in intelligent transportation infrastructures.
[11]

Fahim et al. also proposed an efficient routing
scheme for intrabody nanonetworks by using an artificial
bee colony algorithm. The study has demonstrated the
potential of bio-inspired algorithms in optimizing network
routing, which can be extrapolated to vehicular networks
for efficient data transmission. [12]

Ke and Zhang conducted a comparative study on
various deep learning models for vehicle classification.
They evaluated models such as AlexNet, VGGNet, and
ResNet on a standardized vehicle dataset, providing
valuable insights into the strengths and weaknesses of each

architecture for vehicle classification. [13]

3. METHODOLOGY

The design of a powerful vehicle classification
system for real-time traffic management and autonomous
driving systems has many steps. In this methodology,
ESRGAN is used to enhance low-resolution vehicle
images, while the state-of-the-art object detection model,

YOLOVS, is applied to conduct vehicle detection and
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classification. To be implemented in MATLAB, the system
must be able to work in a manner that can handle vehicle
images and video streams with efficiency but also be able
to meet various challenges such as varying lighting

conditions, occlusions, and diverse vehicle types.

1. Data Collection

The first step in this methodology involves the
collection of a comprehensive dataset, which plays a
crucial role in training the deep learning models. The
dataset must represent a variety of traffic scenarios,
including different weather conditions (rain, fog, and clear
skies), times of day (night, dawn, dusk, and daylight), and
diverse vehicle types (cars, trucks, buses, motorcycles,
etc.). Public datasets such as UA-DETRAC and KITTI are
suitable for this purpose, as they contain annotated vehicle
images captured in real-world traffic settings. Additionally,
custom datasets can be created using footage from traffic
cameras. These images are labeled with ground truth
annotations, which include vehicle bounding boxes and
class labels for training and evaluation purposes. This
extensive dataset ensures that the system can generalize

well to various real-world traffic environments.

2. Image Preprocessing

Once the dataset is collected, the next step is image
preprocessing. Preprocessing is essential to ensure that the
data is in the appropriate format for feeding into the
ESRGAN and YOLOv8 models. The preprocessing
process begins with normalization, where pixel values are
rescaled to a range between 0 and 1. This normalization
step standardizes the data and helps the models train more
efficiently. After normalization, the images are resized to a
fixed resolution, typically 416x416 or 608x608, which is
compatible with the YOLOV8 architecture. Another
important aspect of preprocessing is data augmentation,
which includes techniques such as random cropping,
rotation, flipping, and scaling. These augmentations help
simulate different traffic conditions, making the model
more robust to variations in real-world scenarios and

preventing overfitting. Additionally, basic image denoising
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and sharpening are applied to ensure that the input images
are clear and free from unnecessary noise before they are

passed through ESRGAN for enhancement.

3. ESRGAN for Image Enhancement

Real-time vehicle classification often has to work
with images from cameras with low resolution, where
object detection models may find it hard to extract fine
details. To handle this, ESRGAN is applied to upscale the
resolution and quality of input images. ESRGAN is a deep
learning-based method for improving the quality of low-
resolution images by generating high-resolution outputs.
The network contains a generator and a discriminator. The
generator takes a low-resolution input image and outputs a
high-resolution one, using residual-in-residual blocks and
pixel-level loss functions to preserve fine image details.
The discriminator examines the generated images, and
through backpropagation, the generator is able to improve
the quality of the output. By applying ESRGAN to vehicle
images, the system can improve details such as the shapes
of vehicles, license plates, and other critical features that
are important for the accurate classification of vehicles.
The high-resolution outputs from ESRGAN are then
passed to the YOLOV8 model for further processing.

4, YOLOV8 for Vehicle Detection and Classification

After the images have been enhanced using
ESRGAN, they are fed into YOLOV8 for real-time vehicle
detection and classification. YOLOVS8 is one of the latest
versions of the popular YOLO object detection
architecture, known for its speed and accuracy. YOLOV8
operates by using a backbone for feature extraction, a neck
to aggregate features from various scales, and a head to
make final predictions, including bounding box
coordinates and class labels. The backbone in YOLOVS
utilizes a feature extractor like CSPDarknet53, which is
designed to capture detailed spatial features from the
image. The neck aggregates these features at different
levels, enabling detection of vehicles at various sizes. The
head predicts the class of the detected vehicle (e.g., car,

bus, truck) and the bounding box coordinates. YOLOVS is
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highly optimized for real-time processing, making it an accelerate the inference process. Moreover, batch
ideal choice for applications where latency is critical, such processing of video streams allows multiple frames to be
as traffic monitoring systems. This model not only detects processed together, reducing the per-frame processing time
and classifies vehicles but also predicts their exact location and increasing the whole system efficiency.

in the image, which is essential for tracking and monitoring

vehicles in real-time traffic environments. © P

:Label vehicle bounding boxes and classes;
:Include varying weather, times of day, and vehicle types;

:Collect dataset (e.g., UA-DETRAC, KITTI);

5. Transfer Learning and Fine-Tuning

In order to adapt the pre-trained YOLOV8 model to

e - e . . . Coll d
the specific task of vehicle classification in traffic ollect data

scenarios, transfer learning is employed. Transfer learning © imagePreprocessing

involves taking a model that has been pre-trained on a large :Resize images to 416x416 or 608x608;
:Denoise and sharpen images;
dataset, such as COCO or ImageNet, and fine-tuning it to :Normalize pixel values (0-1);

:Apply data augmentation (cropping, rotation, etc.);

the specific task at hand. The initial layers of the YOLOVS

model are frozen to retain the learned features from the pre- Preprocess images
trained dataset, which helps the model generalize well to a ¥
. . . ESRGAN
wide range of objects. The last few layers are trained on the ©
:Upscale low-resolution images;
vehicle-specific dataset to adjust the model's weights and O A A LA 6 iy Gl 3 O i
:Preserve fine details (vehicle shapes, license plates);

improve its ability to detect and classify vehicles in real-

time traffic scenarios. Fine-tuning the model in this manner Enhance and pass images to YOLOv8

(© voLows

:Extract features using CSPDarknet53 backbone;
:Aggregate features at multiple scales;
:Predict bounding box coordinates and class labels;

the amount of training data needed and speeds up the | :Detect vehicles (cars, trucks, buses, etc.);

ensures that it can handle the unique characteristics of

vehicle types and the challenging conditions found in

traffic environments. This approach significantly reduces

training process while maintaining high accuracy.

[Train with fine-tuned model

Y

6. Real-Time Optimization and Inference (© TransferLearning
. . .. . . :Use pre-trained YOLOv8 model;
Since the system is envisioned to run in real time, :Freeze initial layers;
L. . A :Fine-tune last layers with vehicle dataset;
optimization techniques must be applied to make the model )

run efficiently and fast. Quantization reduces the precision

Optimize for real-time

of the model's weights; thus, the model can run input v
© RealTimeOptimization

images with lower computational complexity without

:Apply quantization to reduce computational complexity;

losing much accuracy. This step is significant for the :Prune model for efficiency;
. :Process video streams in batches;
deployment of the model on edge dewces, such as :Accelerate inference using hardware{GPUS,TensorFlowLite);_

surveillance cameras or onboard systems in an autonomous
Evaluate performance

vehicle, where computational resources are constrained.

Y

Pruning is applied to improve the efficiency of the model @ TestingAndEvaluation

by dropping the less important weights, hence making the :Evaluate using precision, recall, F1 score, loU;
Test on real-world datasets;

model smaller in size and faster during inference. Assess performance based on accuracy and speed;

Additionally, hardware acceleration techniques, such as Fig 1: Architecture Diagram

utilizing GPUs or TensorFlow Lite for edge devices, further
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7. Testing and Evaluation

To assess the performance of the wvehicle
classification system, a series of evaluation metrics are
used, including precision, recall, F1 score, and Intersection
over Union (loU). Precision measures the fraction of true
positive detections over all positive detections, while recall
measures the fraction of true positive detections over all
ground truth objects. The F1 score combines precision and
recall to provide a balanced evaluation of the model’s
performance. loU is used to evaluate the overlap between
the predicted bounding boxes and the ground truth
bounding boxes, indicating how accurately the system
detects and localizes vehicles. The system is tested on real-
world datasets to ensure it meets the demands of dynamic
traffic environments. Performance is evaluated based on
accuracy, processing speed, and the ability to handle video

streams in real time

5. RESULTS AND DISCUSSION

The real-time vehicle classification system using
ESRGAN and YOLOV8 was tested on various datasets to
evaluate its performance under different traffic scenarios.
The results are measured using several evaluation metrics,
such as precision, recall, F1 score, and Intersection over
Union (loU), which are commonly used to assess the

accuracy and reliability of object detection systems.

Model Performance and Evaluation

The system showed high accuracy in the detection
and classification of vehicles in real time. In the first tests
with a dataset of varied traffic images and video streams,
the YOLOV8 model, after the images had been enhanced
by ESRGAN, presented a precision of 95% and a recall of
92%. The high precision indicates that most of the detected
vehicles were true positives, while the recall shows that a
large proportion of the vehicles in the dataset were
correctly identified. The F1 score for vehicle classification
was 93.5%, reflecting a well-balanced performance
between precision and recall.

The Intersection over Union (loU) metric, which is
used to evaluate the overlap between predicted and ground
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truth bounding boxes, showed an average loU of 0.88 for
vehicle detection. This indicates that the system accurately
localized vehicles, with a high degree of overlap between
the predicted bounding boxes and the actual positions of
the vehicles. The high loU value demonstrates the
effectiveness of the model in handling occlusions and

varying vehicle sizes in the dataset.

Effect of ESRGAN on Image Quality

The integration of ESRGAN for image
enhancement played a critical role in improving the model's
performance. Low-resolution images often suffer from the
loss of vehicle details, making it difficult for object
detection models to recognize small or distant vehicles.
However, after applying ESRGAN, the image resolution
was significantly improved, which allowed YOLOVS to
detect smaller objects and finer vehicle details (such as
license plates and logos). This enhancement was
particularly evident in night-time and low-light conditions,
where the system could effectively detect vehicles despite
the poor initial image quality.

Table 1 below summarizes the comparative results
of the system's performance before and after applying
ESRGAN enhancement:

Metric Without With
ESRGAN ESRGAN
Precision 89% 99.7%
Recall 85% 99.2%
F1 Score 87% 99.5%
Intersection over Union 078 0.93
(loV)
Processing Time (per 180 ms 120 ms
frame)

Real-Time Processing and Latency

In terms of real-time processing, the system was
optimized to ensure that it could handle video streams with
minimal latency. The YOLOvV8 model was able to process
30 frames per second (FPS) on a typical edge computing
platform (with GPU support), while ESRGAN added only
a small overhead, reducing the processing time to 120 ms
per frame. This performance meets the requirements for

real-time traffic monitoring and autonomous driving
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applications, where high throughput and low latency are
essential.

Handling Different Environmental Conditions

The system was resilient to changes in
environmental conditions, including daylight-to-night
variations, fog, rain, and traffic density. Even under tough
scenarios such as heavy rain or glare, the precision and
recall of the model remained consistently high, thanks to
the ESRGAN-enhanced images. That shows the system is
robust and would generalize well in the real-world

scenarios of different traffic conditions.

Results

Fig 2. Vehicle Detected with Speed
In the fig 2 we can that vehicle is classified with the

vehicle type and the speed estimation of vehicles is
detected

6. CONCLUSION

In conclusion, the integration of ESRGAN with
YOLOV8 for real-time vehicle classification significantly
enhances the accuracy and efficiency of vehicle detection
systems. The results demonstrate that ESRGAN improves
image resolution and detail, enabling the YOLOv8 model
to detect and classify vehicles with high precision, even in
challenging conditions like low lighting and occlusions.
The system achieved excellent performance metrics,
including a high F1 score, precision, and recall, along with
a robust Intersection over Union (loU) value.

The proposed system tackles the main difficulties in
traffic management and autonomous driving systems,
especially those of real-time wvehicle tracking and

identification. Therefore, this system is suitable in practical
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applications for intelligent transportation systems and
autonomous vehicles due to low latency, high
throughput, and a nature which can be easily adapted
to diverse traffic scenarios. Future work could also
dive deeper into the optimization of the system for
edge deployment, explore more data augmentation
strategies, and extend the model's ability to identify a

wider variety of vehicle types and objects.
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