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ABSTRACT

In this study, we utilized the YOLO (You Only Look Once) model to evaluate the performance
of real-time vehicle detection and classification. Additionally, we adjusted the learning rate
parameter to achieve optimal performance. The best results were obtained with YOLOVS,
achieving the highest accuracy of 95.2%, a processing speed of 50 FPS, and a Mean Absolute

Error (MAE) of 2.94
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1. INTRODUCTION

Real-time vehicle identification remains
a challenge due to the complexity of the
data and the actual environment. Recently,
(CNN)
methods have been applied to solve these

convolutional neural network

problems and have yielded remarkable
results [1], [2]. In this study, we focused on
the use of YOLO - a deep-learning the model
is known for its ability to detect objects in
real-time with high speed and accuracy. This
model has been continuously improved,
and the YOLOVS version is one of the most
advanced.

This study uses datasets collected from
traffic cameras in Vietnam, including images
and videos of vehicles such as motorcycles,
cars, trucks, and buses. We aim to build a
vehicle recognition application that can
perform efficiently in real time. The rest
of the article is arranged as follows: Part
2 presents relevant research on vehicle
identification. Part 3 describes in detail the
dataset, pre-processing data, and YOLO
model structure. Part 4 presents the results
of the experiment and evaluation. Part 5
summarizes future development directions
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and concludes.
2. RELATED RESEARCH

Previous studies have shown that
YOLO (You Only Look Once) is one of the
most effective methods for real-time object
recognition thanks to its fast processing and
high accuracy [3]. Redmon and Farhadi’s
research has proposed YOLOvV3, an advanced
version of YOLO that achieves fast processing
speeds with high accuracy in identifying
objects from traffic videos. This model has
proven its ability to recognize objects in
real-life traffic situations with remarkable
performance [3].

Following the success of YOLOV3,
YOLOVvVS5 and YOLOVS versions have been
developed and improved, bringing significant
improvements in accuracy and processing
speed. Recent studies show that YOLOVS5
can achieve processing speeds of up to 50
FPS and accuracy of up to over 95%, which
is especially important in applications that
require real-time object recognition, such as
traffic monitoring and security applications.
This
applying deeper neural network techniques
and optimization of model parameters [4].

improvement mainly comes from
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A study by Wang et al. applied YOLOv4
to detect vehicles in low-light conditions and
crowded environments. The results show
that YOLOvV4 performs more efficiently than
other models such as Faster R-CNN and
SSDs in these complex situations. Research
shows that YOLOv4 can maintain high
accuracy and stable processing speed even in
difficult traffic situations such as at night or
when many vehicles are moving at the same
time [5].

In other studies, YOLO has been widely
applied in areas such as security surveillance,
object recognition in medical videos, and
image analysis from surveillance cameras
[6], [7]. Recent studies continue to expand
the applicability of YOLO, including the
development of new model versions such as
YOLOv7 and YOLOvS8 with improvements in
small object recognition, enhanced accuracy
in unstable environments, and reduced latency
in real-time applications [8], [9].

3. RESEARCH METHODOLOGY

This section will introduce the research
method consisting of 3 parts. First, in this
section, we present our research methodology,
which consists of three main sections. In
section 3.1, we present the dataset used in
the study. This dataset includes 30,000 traffic
images and videos, annotated in detail with
information about the types of vehicles and
their location in the frame. Next, in section
3.2, we introduce image preprocessing steps,
especially when the initial data is unbalanced.
Then, carry out the training process with the
YOLOvV8 model. Section 3.3, describes the
architecture and settings of each model, and
section 3.4 will provide information about the
study environment, including programming
languages, required libraries, and computer
configurations. Finally, the parameters that
evaluate the model’s performance include
MAE (Mean Absolute Error) to predict the
accuracy of object positions and accuracy to
evaluate the ability to classify different types
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of vehicles.
3.1. Datasets:

We used a dataset collected from traffic
cameras in Vietnam, including 30,000 traffic
images and videos, annotated in detail about
vehicles and their location in the frame. This
dataset contains information about vehicle
types such as motorcycles, cars, trucks,
and buses, along with the coordinates of
each vehicle in the frames. Due to memory
limitations, only the first 20,000 images
are used to train and test the model. Table
1 describes the dataset in detail, including
labels that have been annotated according to
the .jpg format structure. These labels contain
information about the type of media and their
location in the image.

Table 1. Dataset statistics used

Class Name Number of Classes
Cars 3266
Bus 211
Bicycle 88
Motorcycles 7335
Truck 849
Background 1639
Total 13388

3.2. Image pre-processing:

As mentioned, the dataset consists of
heterogeneous photos from the traffic library.
Image preprocessing focuses on rebalancing
the data to ensure uniformity between layers
in the dataset. The pre-processing steps:

a. Browse all the image files in the folder
and extract the information from the file name.

b. Use ImageOps.fit to resize the image to
suit the requirements of each model.

c. Create a data frame from the processed
images.

d. Remove unnecessary data, such as
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templates with no objects or invalid labels.

e. Balance the data by randomly selecting
asample portion (20%) from underrepresented
classes and adding it to the training set.

f. Standardize the image data by dividing
by 255 to ensure the pixel values are within
the range [0, 1].

These preprocessing steps help prepare
the data so that the model can learn features
from the images with high performance.

<Video>

B

Using the Yolov8 model
uge __ |Detected the image area
Transportation

Fig 1. Proposed model

Figure 1 is a block diagram illustrating
the vehicle identification process in the video
using the YOLOvVS (You Only Look Once)
model. First, the system receives an input
that is a video recording of a traffic scene,
usually an image of a street or an area with
vehicles. This video is processed to extract
frames at a certain scale to reduce the
computational load and increase processing
efficiency. Each frame is then fed into the
YOLOvV8 model, where the model detects
image areas containing vehicles such as cars
and motorcycles and creates bounding boxes
around the detected objects.

Results from YOLOVS8 will be checked
to determine accuracy. If the correct vehicle
is detected, the system accepts and stores the
results in the form of an image containing
Bounding Boxes, labels (e.g., “motorcycles”,
“cars”), and accuracy (Confidence Score).
If the wrong object is detected or there is
no suitable object, the process will end. The
first illustration (top left) shows an original
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frame from the video, while the second
(bottom left) shows processed results with
specific Bounding Boxes and labels, such
as “motorcycle 0.59” denoting a motorcycle
detected with 59% accuracy. This process
helps the system automatically identify and
classify vehicles effectively.

3.3. Object classification and detection

In this section, machine learning methods
are applied to create object detection and
classification models. The training process
includes selection and testing with the
YOLOvV8 model. Each model is tested with
different parameters to find the classification
model with the highest performance and
accuracy. The YOLOv8 model was chosen
because of its ability to detect objects with fast
speed and high accuracy in complex traffic
environments [10], [11].

3.4. Environment Settings

To train the models, use Google Colab Pro,
with a Tesla K80 GPU environment and about
12 GB of RAM. Essential libraries include
TensorFlow with Keras, Scikit-learn, Pandas,
NumPy, PIL (Python Imaging Library), and
other segmentation models. The dataset is
divided into two parts: one for coaching and
the other for testing. In the test dataset, 20%
of the data from each media group is selected
to test the model.

Two parameters are used to evaluate the
model’s performance: MAE (Mean Absolute
Error) and accuracy. MAE is used to measure
the predictive quality of the location of objects,
while accuracy is used to assess the ability to
accurately classify vehicles. MAE measures
the mean absolute value of the difference
between the predicted value and the actual
value, with a lower MAE value meaning the
more accurate the model is [11], [12].

4. EXPERIMENTAL RESULTS

This section presents the results of the
experimental scenarios of the study. We have
set up the models with default parameters,
including an input image size of 224 x
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224, batch size = 64, epoch = 100, and a
learning rate change (Learning Rate) to
test the model’s performance variation. The

learning rate values tested were 0.001, 0.005,
and 0.01.

4.1. Performance of the YOLOvVS model

To optimize the training process, we have
combined the YOLOv8 model with ResNet34,
which is used as an encoder extractor that
exports features for the input images. This
combination reduces the complexity of the
training process because the model does not
have to learn basic features from scratch,
while reducing the total number of parameters
that need to be trained. We tested different
Learning Rates, including 0.001, 0.005, and
0.01, to choose the most suitable rate for this
environment.

a. Results of the training process

Loss: The graph in Figure 1 shows
the decline of the types of loss functions,
including box loss, cls_loss, and dfl _losscho
both training and validation. All of them
decreased evenly in epochs, but the level of
reduction on validation fluctuated somewhat
more than in training. This has shown that the
models are specifically trained but still need
to be optimized to improve the stability of the
determination on the dataset.

Evaluation Performance Index:

train/box loss trainfcls loss

train/dfl loss
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+ Accuracy: The accuracy increases
through the epochs in Figure 2, demonstrating
an improvement in the recognition of sub-
object items.

+ Recall: Recall also increases steadily,
reaching higher values in the last epochs,
proving that the model recognizes more and
more objects.

+ mAP50 to mAP50-95: At this time,
the mAP50 increases from 0.7 to mAP50-95
reaching a progress of 0.5 at the end of the
training process.

b. Effect of learning rate
When using different learning speeds:

+ Learning speed 0.001: The model
achieves the best performance with low MAE
error (2.87) and high accuracy (96.5%), which
can show good optimization on the validation

paper.

+ 0.005 learning rate: Although the MAE
error increases (3.24) and decreases the
accuracy rate (94.2%), this speed still ensures
faster learning.

+ Learning speed 0.01: The highest MAE
error (4.12) shifts to the lowest accuracy speed
(92.1%), indicating that the learning speed is
too high, creating a model that is difficult to
converge at the optimal point.
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Fig 2. Coaching and evaluation process
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Table 2. Perform'ance of YOI',OVS model 0.001 287 96.5%
when changing the learning rate
0.005 3.24 94.2%
1 o
Learning speed MAE Accuracy (%) 0.01 412 92.1%
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Fig 3. Prediction results using the YOLOvS model
Table 3 Prediction Dashboard
Label Type True Positives False Positives False Negatives
Cars 2,582 Bus: 20 Bus:
Bicycles: 16 Bicycles: 30
Motorcycles: 47 Motorcycles: 11
Trucks: 15 Truck: 15
Background: 388 Background: 601
Bus 108 Cars: 9 Cars: 20
Bicycles: 7 Bicycles: 24
Motorcycles: 74 Motorcycles: 6
Trucks: 40 Trucks: 15
Background: 21 Background: 69
Bicycle 51 Cars: 16 Cars: 24
Bus: 7 Bus: 7
Motorcycles: 30 Motorcycles: 74
Trucks: 6 Trucks: 6
Background: 20 Background: 213
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Label Type True Positives False Positives False Negatives
Motor cycles 5884 Cars: 47 Cars: 11
Bus: 6 Bus: 74
Bicycles: 30 Bicycles: 30
Trucks: 545 Trucks: 545
Background: 1,360 Background: 997
Truck 545 Cars: 15 Cars: 15
Bus: 40 Bus: 6
Bicycles: 6 Bicycles: 40
Motorcycles: 545 Motorcycles: 545
Background: 234 Background: 234
Background 997 Cars: 388 Cars: 601
Bus: 21 Bus: 69
Bicycles: 20 Bicycles: 213
Motorcycles: 1,360 Motorcycles: 997
Trucks: 234 Trucks: 234

c. Precision-Recall Curve

The horizontal axis represents Recall
(the correct detection rate of the total
number of actual objects), while the vertical
axis represents Precision (the accuracy
of prediction). This graph shows the
Precision-Recall curves for each vehicle
type, including cars (o to), buses (xe bus),

bicycles (xe dap), motorcycles (xe may) and
trucks (xe tai), with performance indicators
such as 0.892, 0.741, 0.302, 0.881, and
0.656, respectively. The dark blue line
represents the sum of all media classes with
a value of mAP@0.5 = 0.694, indicating
the average accuracy of the model across

all media types when the IOU (Intersection
over Union) threshold is 0.5.
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Fig 4. Precision Curve
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This result demonstrates that the model
performs well in classes such as cars and
motorcycles (High Precision and Recall),
while the performance is lower with bicycles
(green curve). This may reflect differences in
the amount of training data between vehicle
types or the hard-to-distinguish characteristics
of each vehicle type in the image. This
Precision-Recall chart is important in
evaluating the object detection model because
it helps determine the balance between Recall
and Precision when deploying the application
in real-time.

Table 4. Performance Stats

Vehicle Name Performance Indicators
Cars 0.892
Bus 0.741
Bicycle 0.321
Motorcycles 0.881
Truck 0.656
Object recognition mAp@0.5 =0.694

215449

Fig 5. Identification results in dark conditions

Figure 5 captures a stretch of road at
night in rainy weather conditions, captured
by surveillance cameras. The recognition
system detects a truck with an accuracy of
0.34 and two cars with an accuracy of 0.59
and 0.77, respectively. The relatively low
accuracy may be due to low light conditions
and wet road surfaces that cause reflections
from the vehicle’s lights. The landscape
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suggests that this could be a suburban area
or a low-traffic road section, with limited
light from outside sources. This image can be
used to evaluate the effectiveness of vehicle
identification in bad weather conditions or at
night and to support traffic safety monitoring
at dangerous road sections. To improve
efficiency, it is necessary to upgrade cameras
with better night shooting capabilities, such
as infrared or anti-interference cameras, and
use advanced image processing algorithms
to increase detection accuracy in low-light
environments.

Fig 6. 1dentification results in crowded
confditions

This image shows a busy street with
many vehicles, including motorcycles and
cars, identified through an integrated Al
system. Motorcycles are recognized with
high accuracies, such as 0.59, 0.81, 0.90, and
0.93, while cars have an accuracy of 0.88
to 0.94. The landscape shows that this is an
innercity area with a high density of vehicles,
some cars are parked on the right side of the
road, and the rest of the vehicles are moving
on the road. This system can be applied in
monitoring and managing traffic in crowded
areas, analyzing vehicle density to optimize
traffic flow, and detecting violations such
as illegal parking. To improve efficiency,
it is possible to upgrade the recognition
algorithm, increase the image quality from
the camera, and integrate features to analyze
the speed and direction of movement of
vehicles participating in traffic.
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Fig 7. Identification results in distant conditions

In the photo, the vehicles are detected
and labeled with corresponding accuracy.
Specifically, the system recognizes three
motorcycles with an accuracy of 0.48, 0.79,
and 0.91, a car with an accuracy of 0.43, and a
truck with an accuracy of 0.81.

Through the above three environmental
conditions, it is shown that the effectiveness
of vehicle identification varies significantly
according to environmental conditions. In
favorable crowded conditions, cars achieve
the highest accuracy, from 0.88 to 0.94, while
motorcycles range from 0.59 to 0.93. However,
in dark conditions, the recognition accuracy
drops markedly, with cars only reaching 0.33,
0.59, and 0.77, and trucks only reaching 0.34.
In remote conditions, the motorbike can still
be kept.

4.2. Comparison with previous studies

Recently, convolutional neural network
(CNN) methods have been widely applied
to detect objects in traffic problems, and
significant improvements have been noted.
To evaluate the performance of the model
in this study, we compared the results with
previous studies.

Redmon and Farhadi’s study [3] used
YOLOV3, which achieved 94.5% accuracy,
while Wang et al’s study [4] applied YOLOv4
and achieved 95% accuracy. The YOLOVS
model in our study achieved a higher accuracy
of 96.5%, showing a significant improvement
in vehicle recognition and classification,
especially in complex traffic conditions.
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5. CONCLUSION

Detecting and identifying objects from
images has always been a complex problem,
requiring overcoming challenges such as
discrepancies in data, ambiguity in labeling,
and external factors such as complex lighting
conditions or backgrounds. This variety and
complexity increase the difficulty of training
the model to achieve stable performance and
optimize results.

In this study, we use the YOLOv8 model
combined with ResNet34 to solve the problem
of detecting objects in images. The results
show that the YOLOvV8 model achieves the
highest accuracy of 96.5% with MAE error =
2.87 when using a learning rate of 0.001. This
is the best result in the experiments, proving
the model’s superior efficiency compared to
other learning rates.

Besides, when compared to previous
versions such as YOLOv3 and YOLOv4,
YOLOV8 has shown a marked improvement.
Specifically, the accuracy of YOLOv3
and YOLOv4 is only 94.5% and 95%,
respectively, affirming the superiority of
YOLOVS in detecting and recognizing objects
from images.

In the future, we expect to continue to
improve the model by extracting features
by specific object classes, testing different
parameters, and applying data augmentation
techniques. These improvements are intended
to enhance the generalization capabilities of the
model on more diverse and complex datasets.

5.1 Limitations

Although the system has achieved positive
results, there are still some limitations that
need to be overcome before it can be widely
implemented in practice, including:

+ The quality of the camera does not meet
the necessary standards, affecting the accuracy
of vehicle identification and tracking.

+ The current hardware is not powerful
enough to process many large frames at the
same time, resulting in reduced real-time
performance.
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+ The current program has only stopped
at the level of demonstration and has not
been fully optimized to operate in a real
environment with complex conditions.

5.2 Development direction

To improve practical application, the
system can be developed with additional
features such as:

+ Integrate the ability to recognize license
plates and determine speed.

+ Optimized performance to process data
from multiple cameras simultaneously.

+ Applied to smart traffic systems to
support traffic management and automatic
violation detection.

+ Expand the ability to identify and track
in conditions of low light, bad weather, or
high traffic flow.

The results achieved from this project
create a premise for further research and
practical  application, contributing  to
improving smart transportation systems and
more effective urban management.

REFERENCES

[1] A. Krizhevsky, 1. Sutskever, and G. E.
Hinton, “Imagenet classification  with
deep convolutional n eural networks”,
Advances in neural information processing

systems, vol. 25, pp. 1097-1105, 2012.

[2] K. Simonyan and A. Zisserman, “Very deep
convolutional networks for large-scale image
recognition,” arXiv preprint arXiv:1409.1556,
2014

[3] A. Bochkovskiy, C. Wang, and H. Y. Liao,
“YOLO: You only look once”, arXiv preprint
arXiv:2201.08017, 2022.

22

No.12 (03/2025)

[4] Redmon, J., & Farhadi, A. (2018). YOLOvV3:
An incremental improvement. arXiv preprint
arXiv:1804.02767.

[5] Wang, C., Li, Y., & Zhang, M. (2020).
Vehicle detection in low-light and crowded
environments using YOLOv4. Proceedings
of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR),
2020, 6345-6353.

[6] L. Z. Tuan and M. L. T. Nguyen, “Application
of YOLO for real-time security surveillance”,
IEEE Access, vol. 7, pp. 195-206, 2020.

[7] S. F. Liu, W. L. Chang, and X. Y. Zhang,
“Medical image analysis with YOLOVS5”,
IEEE Transactions on Medical Imaging, vol.
39, no. 4, pp. 1209-1218, 2021,

[8] M. A. Johnson, “YOLOV7: The next step for
real-time object detection,” IEEE Transactions
on Artificial Intelligence, vol. 5, no. 2, pp.
244-257,2022.

[9] K. T. Ho and D. P. Dinh, “Enhancing real-
time object detection with YOLOvS8 for
dynamic environments”, Proceedings of the
International Conference on Computer Vision
and Image Processing (CVIP), pp. 99-108,
2023.

[10] A. Bochkovskiy, C. Wang, and H. Y. Liao,
“YOLO: You only look once,” arXiv preprint
arXiv:2201.08017, 2022.

[11] A. Z. Zhang, T. Zhang, and J. Yu, “YOLOVS5:
Improving performance and speed in real-time
object detection,” Proceedings of the IEEE/
CVF Conference on Computer Vision and
Pattern Recognition (CVPR), pp. 273-281,
2021.

[12] A. Bochkovskiy, C. Wang, and H. Y. Liao,
“YOLO: You only look once,” arXiv preprint
arXiv:2201.08017, 2022.



