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Abstract—With the rapid increase in the number of ve-
hicles on roads, traffic management, and safety enforcement
have become significant challenges worldwide. Traditional speed
violation detection systems either employ high-end hardware,
expensive computational resources, or post-processed video data,
which are inefficient to implement in real time. This study
presents a real-time intelligent vehicle speed violation detection
system using YOLOVS for object detection and SORT for vehicle
tracking, and a new Speed Detection Algorithm (SDA). The
system can effectively detect vehicles and calculate their speed
from video recorded by low-cost fixed cameras. Unlike other
models that process simulated or post-processed video data, the
new model processes real-life scenarios such as changing lighting
and weather conditions. Experimental results indicate that the
system achieves 92% to 95% vehicle detection accuracy while
maintaining a Mean Absolute Error (MAE) of 1.8 km/h and Root
Mean Square Error (RMSE) of 2.5 km/h for speed estimation,
and 98% effective at speed detection compared to various other
systems that came before it in terms of real-time processing
effectiveness. This cost-effective and scalable solution can be
incorporated into traffic observation systems for the improvement
of road safety and regulation of speed limit compliance.
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I. INTRODUCTION

The rapid technological advancements and urbanization in
recent decades have led to a tremendous surge in the number
of vehicles traveling along roads worldwide. As transport
infrastructure continues to advance, more and more vehicles
have come with them, accompanied by terrible problems in
traffic flow, traffic jams, and road safety. Speed violation has
been one of the worst among such problems, and a high rate
of road accidents and casualties has followed from it [1].
Traditional speed detection has been mainly reliant on sensor
and radar based technologies, which, with high performance,
have high operation and maintenance fees and do not scale.
Manual traffic enforcement, on the contrary, is inefficient and
labor intensive, especially in high-density urban and rural
areas with insufficient surveillance infrastructure. To bridge
these gaps, computer vision and Al-based technologies have
come with increasing interest in traffic monitoring and police
enforcement. These technologies offer real-time and automatic
detection and classification of vehicles, thereby increasing
efficiency, reducing human interventions, and increasing road
safety enforcement [2].

In recent years, various Al-based methods have been ex-
plored to estimate vehicle speed, e.g., Optical Flow Analysis,

Support Vector Machines (SVMs), and Convolutional Neural
Networks (CNNs) [3]. These methods have worked very
effectively in moving object detection and tracking; however,
there are various limitations. Most such methods require high-
performance hardware and thus are not feasible to be imple-
mented in low-end environments. Some methods rely upon
synthetic or preprocessed data, which do not depict real-world
traffic situations effectively and lead to inconsistencies when
implemented in real world settings. Another limitation results
from inefficiency in some methods to work in various environ-
mental settings, e.g., in nighttime, rainy, or foggy environments
when visibility reduces [4], [S]. To overcome these constraints,
in this study, a smart traffic monitoring system using deep
learning-based vehicle detection and tracking algorithms to
detect vehicles and estimate velocity with high accuracy has
been proposed. The system employs You Only Look Once
version 8 (YOLOVS) for detection and Simple Online and
Real-time Tracking (SORT) for tracking and a Speed Detection
Algorithm (SDA) developed and implemented in-house to
estimate velocity. Unlike conventional techniques with high-
end hardware demands, our system can be implemented in low-
cost hardware and, therefore, can be deployed in various traffic
environments. Our proposed model has also been tested in
various lighting and environmental conditions to provide robust
performance in real-world environments. The primary concern
in our research is to develop a computationally efficient, real-
time, and scalable speeding violation detection system that can
be implemented in already deployed traffic monitoring infras-
tructures with minimal computational overhead. The system
employs machine learning-based detection and tracking algo-
rithms to achieve high detection performance with real-time
processing efficiency. Experimental results indicate that the
proposed system achieves vehicle detection accuracy ranging
from 92%-95%, while maintaining low speed estimation errors
with an MAE of 1.8 km/h and RMSE of 2.5 km/h.

Key contributions of this work include:

e Development of a real-time, low-cost vehicle speed
detection system using YOLOVS for object detection
and SORT for vehicle tracking.

e  Design and implementation of a custom Speed Detec-
tion Algorithm (SDA) that accurately measures vehi-
cle speed using video footage from low-cost cameras.

e  Validation of the proposed model under diverse envi-
ronmental conditions, including daylight, night-time,
rainy, and foggy weather, ensuring robust real-world
performance.
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e  Comparison with state-of-the-art approaches, demon-
strating higher accuracy and lower processing time.

e  Provision of a scalable solution that can be integrated
into existing traffic management systems, contributing
to enhanced road safety and effective law enforcement.

The remainder of the study is structured as follows: Sec-
tion II presents a comprehensive literature review of existing
speed detection systems. Section III details the proposed
methodology, including dataset creation, model architecture,
and speed calculation techniques. Section IV presents experi-
mental results and comparative analysis, followed by discus-
sions on limitations and future work in Section V. Finally,
Section VI concludes the study.

II. LITERATURE REVIEW

Efficient traffic regulation has always been a problem in
the majority of countries. With a rising number of vehicles
traveling roads, traffic detection and speeding detection have
always remained priority fields to research. Radar-based detec-
tion and man-based detection have always been adopted, which
have been ineffective and expensive. This has prompted studies
in machine learning and deep learning-based algorithms to
automatically detect vehicles and estimate speeding. From
conventional image processing to recent deep learning-based
techniques have been proposed. This section provides a review
of already existing studies in vehicle detection, tracking, and
speeding estimation and classifies them into different method-
ological categories.

Early research in vehicle detection and estimation relied
heavily upon frame-by-frame analysis-based techniques in im-
age processing. One early attempt was by P.G. Michalopoulos,
who suggested Autoscope, a real-time vehicle detection system
that compared frames to determine motion. The system was
equipped with a camera with a frame rate of 30 frames
per second and a frame rate with a value of 97% accuracy.
However, one key shortcoming with such a technique was that
it could not be designed to be adaptable to varying weather
and therefore was not robust in real-world environments [6].
Another conventional approach was to utilize motion-blurred
images to estimate vehicle velocity. The technique, suggested
by Lin et al., utilized Sum Modified Laplacian (SML) focus
measure to determine the best frame and get estimates for
speed. Though such a system had a frame rate with a value of
95% accuracy, it was impacted in terms of reliability in low-
visibility environments and when cars had very high speeds
[7]. On a related note, a Combination of Saturation and Value
(CVS)-based technique was suggested by Karim and Dehghani
that compared frames to determine motion. However, such a
technique was computationally expensive and could analyze
just 12 frames in a second, which had a very negative im-
pact on real-time performance [8]. Though such conventional
image processing-based techniques were useful in terms of
learning about vehicle detection, they had high computational
complexity, low dynamic environment adaptability, and low
generalization to different lighting and weather environments.

The evolution of machine learning (ML) has significantly
improved vehicle detection and speed estimation, allowing
for more robust and adaptable systems. Pavlidis et al. in-
troduced a Fuzzy Neural Network (FNN) classifier, which
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used infrared imaging signals to detect vehicles and count
their numbers. However, despite using a dual-band camera
system, the model’s accuracy was lower than 50%, making
it unsuitable for real-world deployment [9]. Another notable
ML-based study was conducted by Li et al., who developed
an Intelligent Visual Internet of Things (IVIoT)-based system
for vehicle monitoring. Their approach integrated haze removal
techniques to enhance image clarity under poor weather condi-
tions. Despite its capability to extract vehicle labels from urban
traffic footage, the model only achieved an accuracy rate of
85.80%, limiting its performance for large-scale applications
[10]. For speed estimation, Shim et al. proposed an optical
character recognition (OCR) based vehicle speed estimation
method (VSEM). This method assessed speed by analyzing
alterations in video playback speed and achieved an impressive
94.99% accuracy rate. However, its major drawback was its
dependency on preprocessed or re-encoded video data, making
real-time deployment infeasible [11]. These ML-based ap-
proaches introduced significant improvements over traditional
image processing methods, particularly in object classification
and adaptability. However, challenges such as low real-time
efficiency, computational overhead, and dependence on high-
quality datasets still need to be addressed.

Deep learning has revolutionized vehicle detection and
estimation of vehicle speed with successful real-time traffic
monitoring applications. Deep learning using Convolutional
Neural Networks and advanced detection algorithms has been
extensive in high-precision and scalable detection processes.
One such pioneering contribution in this direction has been
by Grent et al., wherein Region-Based CNN-based models
have been applied in detection. It had a detection rate with
a rate of accuracy as high as 78% with their approach, which
utilized SORT tracking algorithm. It was, however, constrained
by poor processing rates and poor real-time responsiveness
[12]. A performance-optimized solution with a better use of
DL was brought by Luvizon et al., wherein a vehicle speed
estimation system in a video has been proposed using a
Kanade—Lucas—Tomasi algorithm and T-HOG descriptors to
detect license plates. Though it had a precision rate of 0.93
and recall rate of 0.87, it had a drastic limitation in detecting
vehicle speeds at a distant location, as it required cameras to
be installed very close to vehicles [13]. To enhance detection
efficiency even more, Sentas et al. combined a Histogram of
Oriented Gradients (HOG), Support Vector Machines (SVM),
and You Only Look Once (YOLO) for vehicle classification.
Though it ensured better classification accuracy, it led to a
problem with overfitting, reducing generalization across dif-
ferent sets [14]. Though huge breakthroughs were brought by
deep learning, a lot of researches continued to rely upon high-
end computational power, manipulated sets, or constrained
environments, reducing real-world and low-budget deployment
effectiveness.

A comparative analysis of prior work reveals intrinsic
limitations in existing vehicle detection and speed estimation
algorithms. One such limitation is the utilization of synthetic
or pre-processed data and thus real-time applicability in ques-
tion. V2I network-based and OCR-based speed estimation
researches were very accurate but tested with simulations
or re-encoded video and thus could not be performed in
real-time traffic [15], [11], [16]. Most researches lack the
flexibility to environmental and illumination factors and per-

www.ijacsa.thesai.org

800 |[Page



(IJACSA) International Journal of Advanced Computer Science and Applications,

form best in day-time and breaks in the night-time, fog,
or rainy environments and thus reduces usability in real-
time traffic [6], [10], [13]. Another limitation is utilizing
high-end hardware and it becomes infeasible to be scaled
in low-end environments. Most researchers utilize specialized
cameras, IR sensors, or computationally heavy deep networks
and thus prove infeasible to be mass-deployed, particularly in
developing nations [7], [8], [12]. Furthermore, some researches
focus on vehicle detection without real-time speed estimation
and thus proves infeasible to deploy in automated policing
[9], [17]. This research proposes a real-time, low-cost, and
high-accuracy vehicle speed violation detection system trained
on real-world data across multiple environmental conditions.
The system efficiently runs in low-configuration hardware
by utilizing a combination of YOLOv8 and SORT tracking
to perform real-time, high-precision detection, tracking, and
velocity estimation and thus provides a practical and scalable
solution to traffic monitoring.

Table I presents a comparative overview of existing vehicle
detection and speed estimation approaches. Earlier image-
processing-based techniques suffered from limited adaptabil-
ity to dynamic traffic conditions and environmental varia-
tions. Machine learning approaches improved classification
performance but often lacked real-time capability or required
computationally expensive hardware. Recent deep learning-
based methods achieved higher detection accuracy; however,
many systems remained dependent on constrained datasets or
post-processed video inputs. In contrast, the proposed system
combines YOLOvV8, SORT, and a custom Speed Detection
Algorithm to provide real-time vehicle monitoring with robust
performance under diverse environmental conditions using
low-cost surveillance infrastructure.

III. METHODOLOGY

To develop a robust and efficient vehicle speed violation
detection system, a custom dataset was created from real-world
traffic footage. The dataset was carefully designed to include
vehicles under various environmental conditions, ensuring the
model generalizes well in real-world scenarios. The dataset
consists of 12,000 manually labeled images, extracted from
video footage recorded on urban roads, highways, and inter-
sections. The dataset includes six distinct vehicle categories:
bikes, auto-rickshaws, cars, trucks, buses, and other vehicles.

A. Dataset Collection Process

Since publicly released dataset will be non-real-time ap-
plicable to speeding detection, a real-world video dataset has
been set. The dataset generation was achieved in three steps
in a principal manner: video collection, frame capture, and
annotation to encompass traffic scenarios in a holistic fashion.

The first set consisted of high-resolution video frames
from fixed roadside cameras installed along urban roads,
highways, and intersections. The frames were recorded in
various environmental conditions like day, night, fog, and rainy
environments to provide real-world variability to the dataset.
The video recording was recorded at a frame rate of 30 frames
per second to provide a smooth tracking of vehicle motion and
vehicle speed estimation. Following the video recording set,
frame pulling was performed to pull frames from recorded
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video. Frames were pulled at regular time steps to provide
temporal continuity to support correct tracking. A total of
12,000 frames were selected from different traffic scenarios
to provide a representative set in terms of vehicle speeds,
densities, and orientations. Frames were manually inspected to
discard duplicate or low-quality frames to increase reliability
in the dataset.

The final operation in dataset generation was annotation
and labelling using Labellmg, which is a free and open-sourced
labelling tool. Individual frames captured were manually la-
belled to generate bounding boxes around detected vehicles
and respective class labels for object detection. Six categories
of vehicles were present in the dataset: bikes, auto-rickshaws,
cars, trucks, buses, and others. Timestamps for each frame
were also captured to support vehicle tracking and estimation
of vehicle speed precisely. Annotations were in YOLO format
with each labelled object described by a Class ID, bound-
ing box coordinates (x-center, y-center, width, height) and
detection correctness in terms of a confidence score. Manual
checking ensured high-quality labelling and removal of errors
that would have otherwise affected model performance. This
structured method to create a dataset ensured that a robust
dataset representative, diversified, and suitable for real-world
traffic environments was established, providing a solid basis to
design a good vehicle speed detection system. Table II presents
the classification of objects based on vehicle type.

Table III and Table IV summarize the distribution of ve-
hicle categories and environmental conditions in the proposed
dataset. The dataset was intentionally designed to include a
diverse range of vehicle types and traffic scenarios to improve
the model’s generalization capability in real-world environ-
ments. Cars constituted the largest portion of the dataset due to
their high frequency in urban traffic, while motorcycles, trucks,
buses, and auto-rickshaws were also sufficiently represented.
Additionally, the dataset incorporated challenging environmen-
tal conditions, including night-time, rainy, and foggy scenes,
enabling the proposed system to learn robust vehicle represen-
tations under varying visibility and illumination conditions.

B. Data Annotation and Labelling

To ensure proper detection and tracking of vehicles, a man-
ual annotation was carried out to mark vehicles in each frame
extracted. The annotation was carried out using Labellmg, a
widely used open-source tool for annotating images in deep
learning. A bounding box and a class label were assigned to
each vehicle in the dataset. The six types of vehicles considered
in this study were bikes, auto-rickshaws, cars, trucks, buses,
and other vehicles. Each frame was annotated carefully to
give the precise location of vehicles to ensure bounding boxes
correctly capture them. The annotation was in the YOLO
format, in which each item annotated was represented in terms
of a Class ID and normalized bounding box coordinates (x-
center, y-center, width, height). This format best supports
real-time detection of objects and effective model training.
To maintain quality and consistency in annotation, different
annotators worked simultaneously in annotation and cross-
checked each annotation to minimize errors. Any erroneous or
ambiguous bounding boxes were rectified to enhance detection.
Furthermore, frame timestamps were recorded for each frame
that had been annotated to facilitate vehicle tracking and
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TABLE I. COMPARATIVE ANALYSIS OF EXISTING VEHICLE DETECTION AND SPEED ESTIMATION METHODS

Study Methodology Key Strength Limitation Real-Time Support
Michalopoulos [6] Frame-based image processing | High detection accuracy Poor adaptability to weather conditions Partial
Lin et al. [7] Motion blur analysis Accurate speed estimation Sensitive to visibility and motion blur No
Karim and Dehghani [8] CVS-based motion detection Effective motion comparison Computationally expensive Limited
Pavlidis et al. [9] Fuzzy Neural Network Infrared-based detection Low detection accuracy No
Li et al. [10] IVIoT-based monitoring Weather enhancement capability Moderate accuracy Partial
Shim et al. [11] OCR-based VSEM High estimation accuracy Requires post-processed video No
Grents et al. [12] CNN + SORT Deep learning-based tracking Low real-time efficiency Limited
Luvizon et al. [13] T-HOG + KLT tracking Good precision and recall Camera placement dependency Partial
Sentas et al. [14] HOG + SVM + YOLO Improved classification Overfitting issues Partial
Proposed System YOLOvV8 + SORT + SDA Real-time, multi-weather, low-cost deployment Minor errors at extreme speeds Yes

TABLE II. CLASSIFICATION OF THE OBJECTS ACCORDING TO THE
VEHICLE TYPE.

Class
Bike
Auto
Car
Truck
Bus
Other Vehicles

Classification Number

v K| W] =

TABLE III. DATASET DISTRIBUTION ACROSS VEHICLE TYPES AND
ENVIRONMENTAL CONDITIONS.

Category Number of Images Percentage (%)
Cars 4,200 35.0
Motorcycles / Bikes 2,300 19.2
Auto-Rickshaws 1,500 12.5
Trucks 1,700 14.2
Buses 1,200 10.0
Other Vehicles 1,100 9.1
Total 12,000 100

TABLE IV. ENVIRONMENTAL DISTRIBUTION OF THE DATASET

Condition Number of Images Percentage (%)
Daylight 5,400 45.0
Night-time 2,600 21.7
Rainy 2,100 17.5
Foggy 1,900 15.8
Total 12,000 100

velocity estimation. Such timestamps played a very important
role in velocity estimation from frame positional differences.

The annotated dataset was then put to use as ground
truth to test and train the model to make sure that vehicle
detection algorithm would be robust and effective in detecting
and classifying vehicles in different real-world settings. The la-
belling exercise proved useful in making the proposed vehicle
speeding violation detection system robust and effective.

C. Data Preparation

In order to ensure optimal performance in the vehicle
detection model with YOLOvVS, a variety of preprocessing
methods was performed across the annotated dataset. The
preprocessing methods were important in normalizing input
images, enhancing the ability of the model to generalize,

and boosting detection performance in different environmental
settings. Preprocessing involved resizing, normalization, and
augmentation and was important in effectively preparing the
dataset for training.

1) Resizing of images and format standardization: Owing
to the particular input dimensions required by YOLOvVS, each
annotated image was resized to a resolution of 640x640 pixels.
This helped to provide consistent input dimensions to the
model, thus improving detection effectiveness and lowering
computational requirements. In addition, each image was con-
verted to the RGB color space in order to provide consistent
color representation and to remove inconsistencies with non-
standard or grayscale images.

2) Normalization: To facilitate convergence during the
training process, pixel intensities were normalized to a value
between 0 and 1 by dividing each pixel by 255. This normal-
ization helped to stabilize the gradient descent algorithm and
prevented problems associated with vanishing and exploding
gradients in terms of deep learning. In addition, normalization
enabled adaptive learning in different lighting environments
because pixel intensities were normalized uniformly across the
dataset.

3) Data augmentation: To enhance the model’s perfor-
mance in recognizing vehicles in different real-world en-
vironments, a variety of data augmentation techniques was
utilized. Systematic augmentation expanded the set’s variety
and thus prevented overfitting and improved robustness in
different environmental settings. The following augmentations
were applied:

e To include perspective changes, random rotations not
more than 15 degrees and horizontal reflection were
applied.

e  Contrast and brightness levels have been altered to
mimic different lighting environments, such as dark
settings and very brightly lit settings.

e  Gaussian blur in conjunction with the use of random
noise was utilized to improve robustness to motion
blur and poor camera input quality.

e To improve the model’s performance in recognizing
vehicles in environments with poor visibility, partial
occlusions were introduced into some images.

All augmentation techniques were applied in a randomized
fashion with a controlled probability, ensuring that no two
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batches during training had the same images. This helped to
improve the model’s capacity to generalize, thus making it
more responsive to real-world situations.

D. Dataset Splitting

To facilitate a successful training and testing procedure, the
dataset was divided into three unique sets: test set, validation
set, and training set. This specific stratification technique
was carefully designed to maintain class balance and reduce
bias in the learning phase of the model. The dataset setup
ensured that each set contained a representative proportion
of different vehicle types and environmental settings, thus
ensuring strong generalization by the model in terms of real-
world traffic scenarios. Additionally, the dataset included a
broad mix of vehicle types, road types, and environmental
differences, enabling the model to learn efficiently from data
representative of real-world scenarios (see Table V).

TABLE V. DATASET SPLIT FOR TRAINING YOLOVS8

Dataset Split Percentage Number of Images
Training Set 70% 8,400
Validation Set 20% 2,400

Test Set 10% 1,200

E. YOLOvS-Based Object Detection

YOLOV8 (You Only Look Once version 8) was selected
for vehicle detection due to its balance between detection
accuracy, computational efficiency, and real-time inference
capability. Compared to two-stage detectors such as Faster
R-CNN, the YOLOVS8 network architecture used for vehicle
detection is presented in Fig. 1. YOLOVS offers significantly
lower inference latency while maintaining competitive de-
tection performance, making it more suitable for intelligent
traffic surveillance applications.YOLOVS represents a one-
stage model for detection of objects that processes an image
in a single pass, thus exhibiting high efficiency in real-time
applications [18]. Unlike two-stage detectors like Faster R-
CNN, YOLOv8 allows for direct predictions in terms of
bounding boxes and class scores, thus reducing computational
requirements to a great extent. The model features a CSPDark-
Net backbone, which improves feature acquisition through
cross-stage partial connections (CSP) to promote gradient flow
and reduce redundancy in feature maps. The features thus
extracted are then passed through a sophisticated Feature
Pyramid Network (FPN) and a Path Aggregation Network
(PAN) to provide detection across various scales by combining
low-level and high-level feature representations [19], [20]. This
design ensures effective detection of small and huge vehicles
even in complex traffic scenarios. Another major innovation in
YOLOVS includes adoption of anchor-free detection paradigm,
which does away with anchor boxes. This modification eases
training and eliminates localization errors, thus producing
better bounding box predictions. The bounding box prediction
mechanism adopted in YOLOVS involves a direct regression
approach, wherein the model predicts bounding box center
(x,y), width w, height h, and confidence score C for each
detected object. The bounding box B predicted in output can
be expressed as given below.
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Fig. 1. YOLOv8-network-architecture-diagram

The bounding box B is defined as:

B = ((E>y7w7hvc) (1)

where, ',y represent the center coordinates of the bound-
ing box. The values w,h define the width and height of
the bounding box, and C' represents the confidence score
associated with the detection.

To improve detection accuracy, YOLOvVS utilizes the Com-
plete Intersection over Union (CIoU) Loss, which refines
the bounding box predictions by considering not only the
overlap between predicted and ground truth boxes but also their
distance and aspect ratio. The CloU loss function is given by:

p?(b,bd")

LCIOU =1-IoU+ 2

+ av 2)

where, IoU is the Intersection over Union between the
predicted and ground truth bounding boxes. The term p(b, b9!)
represents the Euclidean distance between the center points
of the predicted and ground truth bounding boxes, while c
is the diagonal length of the smallest enclosing box covering
both predicted and ground truth boxes. The term v accounts
for aspect ratio consistency, and « is a trade-off parameter.By
optimizing the detection pipeline using the CloU loss function,
YOLOV8 achieves better object localization, reducing the
chance of misalignment between predicted bounding boxes
and actual vehicle positions. The combination of CSPDarkNet
backbone, anchor-free detection, and CloU-based loss opti-
mization makes YOLOv8 well-suited for vehicle detection in
dynamic traffic environments.

FE. Model Training and Optimization

The training protocol defined for the YOLOv8 model was
designed with a strategic emphasis on detection accuracy with
real-time operational effectiveness. To realize this aim, the
model was trained using a custom vehicle dataset that was
previously created. This method of training was performed in
the framework of supervised learning, with the model being
carefully optimized to reduce differences between bounding
box predictions and associated ground truth labels. Implemen-
tation and training of the YOLOvV8 model was performed using
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the PyTorch framework for deep learning, taking advantage
of GPU acceleration to improve computational effectiveness.
Stochastic Gradient Descent (SGD) was used as the optimizer
for model optimization, systematically adjusting model pa-
rameters according to evaluated loss function. Training was
performed with a resolution input image of 640x640 pixels
for a period of 100 epochs with a batch size of 16. The
AdamW optimizer was also adopted for adaptive learning rate
optimization with the initial learning rate set to 0.001 and
following a cosine schedule for learning rate decay. Regarding
bounding box regression, Complete Intersection over Union
(CIoU) Loss function was adopted by the model. A strategy
using a mini-batch gradient descent was adopted, which in-
volved weight updates following processing by small batches
of images and not by the entire set in a single pass. This
method helped in stabilizing convergence and improving the
model’s generalization.

The model was trained using a mini-batch gradient descent
approach, where weights were updated after processing small
batches of images rather than the entire dataset at once. This
method helped stabilize convergence and improve generaliza-
tion performance.The total loss function used during training
was a combination of three key components:

Liotar = Leis + Lobj + Lciou (3)

where, L is the classification loss, which measures how
accurately vehicles are classified into different categories,
such as cars, bikes, and trucks. The term Ly, represents the
objectness loss, ensuring that the model correctly identifies
whether a region contains a vehicle or not. Finally, Lciey is
the Complete IoU loss, refining the bounding box prediction
as described in the previous section.

To further improve performance, learning rate scheduling
was applied, where the learning rate was gradually reduced
after each epoch using the cosine decay method:

1+ cos (%)

> “4)

Nt = Ninit X

The model was trained using the training set (70% of
the dataset) and validated on the validation set (20%). Af-
ter each epoch, the model was evaluated based on Mean
Average Precision (mAP@50), precision, and recall metrics.
The best-performing model checkpoint was saved, and early
stopping was applied if the validation loss stopped improving
for a predefined number of epochs.By leveraging optimized
hyperparameters, loss function adjustments, and validation
monitoring, the YOLOvS model was effectively trained for
accurate and efficient vehicle detection in real-world traffic
environment

G. Object Detection and Bounding Box Generation

Following the training, the YOLOv8 model was applied
to real-time vehicle detection in traffic videos. The model
processed each video frame, recognized cars, and marked them
using bounding boxes and confidence values for accurate ve-
hicle localisation before tracking and speed measurement [21].
Unlike typical anchor-based strategies, YOLOvV8 employed a
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Fig. 2. YOLO in object classification, object detection and segmentations.

direct regression strategy whereby each vehicle identified was
assigned a bounding box that included a centre coordinate,
height, width, and confidence level. Detections with a confi-
dence greater than a threshold of 0.5 were considered valid
for analysis. The idea of YOLO in object classification, object
detection and segmentations is presented in Fig. 2.

For improved detection accuracy, Non-Maximum Suppres-
sion (NMS) discarded duplicate detections by preserving high-
confidence bounding boxes and suppressing overlapping ones
by using an IoU threshold of 0.45. Resizing each video frame
to 640x640 pixels was performed, and features were extracted
using the CSPDarkNet backbone. Boxes were constructed and
low-confidence detections were rejected. When a car was
detected, bounding box information about it was propagated
to the tracking module, which assigned a special tracking ID
so that consistency over frames was preserved. This tracking
ID was invaluable for estimating velocity over time. With
good bounding box generation and filtering, YOLOVS achieved
proper real-time localization of vehicles accurately, which in
turn formed the basis for the tracking of the vehicles using
SORT.

H. SORT-Based Vehicle Tracking

SORT was selected as the vehicle tracking algorithm due
to its simplicity, low computational overhead, and strong
real-time performance. Although advanced tracking algorithms
such as DeepSORT and ByteTrack provide improved identity
preservation through appearance-based feature matching, they
require additional computational resources and more com-
plex feature extraction pipelines. In contrast, SORT combines
Kalman filtering and the Hungarian assignment algorithm to
achieve efficient multi-object tracking with minimal latency,
making it suitable for real-time traffic surveillance systems
operating on low-cost hardware platforms.After detection of
vehicles in all frames using YOLOVS, their tracking from one
frame to the other is required for speed measurement and
motion estimation. For this purpose, Simple Online and Real-
time Tracker (SORT) was chosen since it is light in weight,
capable of real-time, and tracks several moving objects. SORT
assigns a unique track ID to all detected vehicles and keeps up-
dating the bounding box coordinates of each track constantly,
rendering it consistent frame by frame [22].

SORT applies Kalman filtering and the Hungarian algo-
rithm together to predict and match vehicle locations. The
Kalman filter predicts a tracked vehicle’s next location from its
previous movement. It describes each vehicle’s movement with
a state vector having position and velocity components. Upon
receiving a new detection, the Hungarian algorithm is applied
to associate it with an ongoing tracked object by Intersection

www.ijacsa.thesai.org

804 |[Page



(IJACSA) International Journal of Advanced Computer Science and Applications,

over Union (IoU). If there is association, the tracking ID
is retained; otherwise, a new ID is generated. The tracking
mechanism is able to effectively handle occlusions and vehicle
exits. When a vehicle goes out of detection for several frames,
its motion is predicted through the Kalman filter. If it goes
undetected more than a specified limit (e.g., 10 frames), the
tracking ID is deleted. This real-time tracking process allows
precise speed estimation, and thus, the system is capable of
operating in high-traffic areas with numerous moving vehicles.

1) Camera calibration and homography transformation:
Accurate vehicle speed estimation requires converting pixel
displacement in video frames into real-world distance measure-
ments. Since surveillance cameras capture a two-dimensional
projection of a three-dimensional road scene, a homography
transformation is applied to establish the relationship between
image coordinates and actual ground-plane coordinates. The
homography matrix is computed using four reference points
selected from the road surface with known real-world dis-
tances. These reference points are manually identified from
lane markings and fixed roadside structures visible in the
surveillance footage. The corresponding real-world distances
are measured directly from the road environment to ensure
accurate scaling. Let (x,y) denote the pixel coordinates in the
image plane and (X, Y") represent the corresponding real-world
coordinates on the road plane. The homography transformation
is defined as:

X T
s|Y :H[y]7 )
1 1

where, H is the 3 x 3 homography matrix and s is a non-
zero scaling factor.

The homography matrix is estimated using perspective
transformation techniques based on corresponding point pairs
between the image plane and the ground plane. After cal-
ibration, the pixel displacement of vehicles between con-
secutive frames is transformed into real-world displacement
measured in meters. To validate the calibration accuracy, the
estimated vehicle travel distances are compared with manually
measured ground distances across multiple test sequences.
The calibration process produces stable and consistent dis-
tance estimation with minimal deviation, enabling reliable
vehicle speed computation under varying traffic conditions.
Although homography-based calibration significantly improves
real-world speed estimation accuracy, minor estimation errors
may still arise due to perspective distortion, camera vibration,
motion blur, and variations in road elevation.

2) Speed Detection Algorithm (SDA) and calculation:
After vehicle tracking and camera calibration, the system esti-
mates vehicle speed by measuring the real-world displacement
of vehicles between consecutive frames. The calibrated homog-
raphy transformation enables conversion of pixel movement
into actual ground-plane distance, allowing accurate speed
computation in real-time traffic scenarios, a crucial part of the
proposed traffic monitoring system. The Speed Detection Al-
gorithm (SDA) calculates the speed of a vehicle by measuring
the time between predefined tracking points and dividing this
by video frame rate (FPS) to get velocity. This ensures real-
time identification of speed offenses at high accuracy.

Vol. 17, No. 5, 2026

The speed of a vehicle is determined by the distance
traveled between two instants and the time taken to cover that
distance. The equation used is

V= - (6)

where, v represents the speed of the vehicle in meters per
second, d is the distance traveled between two tracking points
(in meters), and ¢ denotes the time taken to cover the distance
d (in seconds).

Since the video frame rate (FPS) is known, the time
between two frames is given by:

1

where, Af represents the number of frames between two
tracking points.

By substituting this into the speed equation, the vehicle
speed can be expressed as:

d x FPS

= — 8

V= %7 ®)

To convert the speed from meters per second (m/s) to
kilometers per hour (km/h), the conversion equation is:

Vkm/h = U X 3.6 (9)

1. Model Architecture

The speed violation detection vehicle designed system
has a deep learning-based, modular structure consisting of
YOLOVS as the object identifier, SORT for tracking vehicles,
and SDA for speed computation. The system operates in
real-time to provide effective and accurate traffic violation
monitoring.

The first process is video preprocessing, through which
real-time video stream of traffic observation cameras is
stripped and preprocessed for analysis. All the frames in the
video stream are resized and normalized before feeding into the
detection model. YOLOVS object detection model identifies the
vehicle, includes bounding boxes and class names, and rejects
low-confidence detections. YOLOVS deviates from mainstream
object detection architecture by using an anchor-free scheme
at the expense of no decreased precision with a rising level of
computational simplicity. Following vehicle detection, SORT
tracking algorithm assigns a distinct tracking ID to every
vehicle and updates every vehicle’s position over frames.
Kalman filter predicts the motion, and Hungarian algorithm
optimizes data association to enable robust tracking even in
cluttered environments. The tracking ID remains valid for
as long as the vehicle is tracked in the frame.To estimate
speed, Speed Detection Algorithm (SDA) calculates the real
motion of a vehicle in the world between two consecutive
frames. Pixel distance is mapped to meters using a homography
transformation, and speed is calculated based on frame rate
(FPS) and time. Vehicles that are speeding above the set
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speed limit are identified, and their number plates are read
for enforcement.

The final output is stored in a database where traffic reports,
violation records, and speed information are represented and
processed. The structure has a low-cost, high-performance
traffic surveillance system that is able to work in real road
environments with variable environmental conditions.The over-
all architecture of the proposed intelligent traffic surveillance
framework is illustrated in Fig. 3.

IV. RESULTS

The performance of the suggested intelligent traffic mon-
itoring system was evaluated in terms of vehicle detection
accuracy (YOLOVS), tracking performance (SORT), estimation
accuracy of speed (SDA), and real-time processing capability.
The system was also evaluated in day, night, foggy, and
rainy conditions to ensure its reliability towards real-world
traffic scenarios. They measured the results against ground
truth data obtained from radar-based speed sensors to estimate
accuracy. mAP@50 and mAP@50:95, Precision, and Recall
were utilized to analyze the accuracy of vehicle detection.
The YOLOVS model achieved an mAP@50 of 94.3% and an
mAP@50:95 of 89.7%, indicating that it can detect multiple
vehicle types sturdily. The model performed reasonably for
different classes, with cars, trucks, and buses registering a
higher mAP rate, while motorcycles and auto-rickshaws were
marginally lower in mAP score due to their small dimensions
and variable motion characteristics. The performance evalua-
tion of YOLOVS across different vehicle types is summarized
in Table VL.

TABLE VI. PERFORMANCE EVALUATION OF YOLOVS8 FOR DIFFERENT
VEHICLE TYPES.

Vehicle Type mAP@50 (%) Precision (%) Recall (%)
Cars 95.2 96.1 94.5
Trucks 94.8 95.4 93.9
Buses 94.5 94.9 93.5
Motorcycles 92.1 93.0 91.2
Auto-Rickshaws 91.7 92.5 90.6
Overall Avg. 94.3 94.7 93.9

Environmental conditions also played a role in detection
performance. As seen in Table VII, accuracy was highest
during daylight conditions (95.6%) and decreased slightly
under night-time (92.8%), foggy (89.4%), and rainy (87.9%)
conditions due to reduced visibility and motion blur. To evalu-
ate the consistency and reliability of the proposed framework,
experiments were conducted across multiple test sequences
captured under different environmental conditions. Detection
accuracy values reported in Table VII represent the average
performance across repeated evaluation runs. The observed
standard deviation remained low across all environmental
scenarios, indicating stable and reliable vehicle detection per-
formance under varying traffic and visibility conditions.

The system effectively detected vehicles across multiple
categories, achieving the highest accuracy for larger vehi-
cles such as trucks and buses, while motorcycles and auto-
rickshaws exhibited slightly lower precision due to their
smaller size and rapid movement, as shown in Fig. 4.

The vehicle detection accuracy rate varied across different
environmental conditions, with the highest accuracy observed
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TABLE VII. DETECTION ACCURACY AND VARIANCE ACROSS
ENVIRONMENTAL CONDITIONS.

Condition Detection Accuracy (%) Standard Deviation (%)
Daylight 95.6 0.8
Night-time 92.8 1.1
Foggy 89.4 1.4
Rainy 87.9 1.5

in daylight conditions, while performance slightly decreased in
night-time, foggy, and rainy environments, as shown in Fig. 5.

The confusion matrix provides further insights into the
classification performance of YOLOvVS, demonstrating strong
differentiation between vehicle types and minimal misclassifi-
cation errors, as shown in Fig. 6.

The SORT tracking algorithm performance was evaluated
for ID consistency, handling occlusions, and overall tracking
accuracy. It was found that the system maintained unique
IDs for 97.1% of vehicles across consecutive frames while
tracking errors were occasionally induced by occlusions under
conditions of high vehicle density. Kalman filter estimates were
confirmed by comparing positions of the calculated bounding
boxes with respective actual vehicle positions with a mean
positioning error of 2.1 pixels. Tracking stability was slightly
reduced during night conditions (94.3%), the major reason
being reduced feature contrast. But the system dealt with
occlusions effectively, 92.7% of cars being successfully re-
identified on temporary loss of visibility from the frame. The
initial frames cut from the traffic surveillance video serve as
input to the tracking module, where YOLOvV8 detects vehicles
and assigns distinctive tracking IDs before passing them along
to the SORT algorithm for continued tracking, as shown is
Fig. 7. After going through the tracking pipeline, the system
can achieve successful distinctive tracking IDs for all vehicles,
including when there are occlusions or changes in motion,
demonstrating the effectiveness of the SORT algorithm.

Estimation of vehicle speed is a main component of the
planned intelligent traffic surveillance system. Speed Detection
Algorithm (SDA) estimates the speed of the vehicle based
on its displacement between two consecutive frames and
correlating pixel movement to real world speed measurement.
The accuracy of SDA was investigated using ground truth
speed measurements of radar-based speed sensors and vehicle’s
estimated speeds. The system had a total Mean Absolute Error
(MAE) of 1.8 km/h and Root Mean Square Error (RMSE)
of 2.5 km/h, which is indicative of high accuracy in speed
estimation. The best was at low- and mid-speeds (0-60 km/h),
where estimated and actual values were almost identical. Minor
inaccuracies were also observed at high-speed cases (above 90
km/h) due to the influence of motion blur and different camera
angles. Despite the challenges, the SDA recorded an accuracy
level appropriate for use in real traffic monitoring scenarios. In
order to further illustrate the performance of the system, Fig. 8
is a plot of estimated speed against actual speed for a test set.
The ideal (y = x) case, represented by the dashed diagonal
line, is where the estimated and actual speeds are perfectly
matched. The blue line represents the model’s estimate, and
it has high correlation with ground truth and zero bias for
high-speed cases. The consistency of the results confirms the
effectiveness of the SDA algorithm in efficiently detecting
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Fig. 3. Overall architecture of the proposed intelligent traffic surveillance and speed violation detection system.

Fig. 4. Implemented speed violation detection application.

speed offenses and facilitating enforcement practicability. As
shown in Table VIII, the MAE increases as the speed range
increases, indicating higher errors at higher speeds.

TABLE VIII. MEAN ABSOLUTE ERROR (MAE) AND ROOT MEAN
SQUARE ERROR (RMSE) ACROSS DIFFERENT SPEED RANGES.

Precision-Confidence Curve

Fig. 5. Vehicle detection accuracy rate
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Fig. 6. Confusion matrix over mAP

Speed Range (km/h) MAE (km/h) | RMSE (km/h)
0-30 1.2 1.9
30 - 60 1.5 22
60 - 90 2.3 2.8
Above 90 2.9 34

The system performed exceptionally well for low- and
medium-speed vehicles, with minimal errors. However, slight
deviations were observed for high-speed vehicles (above 90
km/h) due to motion blur effects and variations in camera
angle.

The effectiveness of an intelligent traffic surveillance sys-
tem depends on its ability to process video streams in real-
time. The proposed system was evaluated based on its frames
per second (FPS), latency breakdown, and computational ef-
ficiency across different hardware configurations. The results
indicate that when executed on a GPU (NVIDIA RTX 3060),
the system achieved an average processing speed of 31.2 FPS,
ensuring smooth real-time performance. In contrast, on a CPU
(Intel i7-10th Gen), the FPS dropped to 11.8, highlighting the
necessity of GPU acceleration for high-speed applications.The
system’s latency was analyzed in three key stages: vehicle
detection (YOLOVS), tracking (SORT), and speed estimation
(SDA). The YOLOvVS8 detection module required an average
of 12.5 milliseconds per frame, while SORT tracking took
5.8 milliseconds per frame, and SDA computed speed within
3.6 milliseconds per frame. The combined processing latency
remained well within real-time constraints, allowing the system
to operate seamlessly at 30 FPS on GPU-enabled devices.
These results confirm that the system is scalable and de-
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Fig. 7. Comparison of two images captured from traffic surveillance footage.

ployable for real-world traffic monitoring, with the potential
to handle multiple camera feeds in high-traffic zones while
maintaining accurate and efficient processing. The processing
speed comparison between GPU and CPU is presented in
Table IX.

TABLE IX. PROCESSING SPEED COMPARISON BETWEEN GPU AND CPU

Hardware FPS (Frames Per Second)
RTX 3060 GPU 31.2
Intel i7 CPU 11.8

Table X compares the proposed system with several exist-
ing vehicle detection and speed estimation approaches. Tra-
ditional image processing and OCR-based systems demon-
strated reasonable detection performance but often lacked real-
time applicability or robustness under varying environmental
conditions. Deep learning-based methods improved detection
capability; however, many required computationally expensive
hardware or relied on constrained experimental settings. In
contrast, the proposed system combines YOLOv8 and SORT
to achieve robust real-time vehicle detection and tracking while
maintaining low speed estimation error. The system operates
effectively under multiple environmental conditions, including
daylight, night-time, foggy, and rainy scenarios. Furthermore,
the achieved processing speed of 31.2 FPS on GPU hardware
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Fig. 8. Graph comparing estimated speed vs. actual speed.

demonstrates the suitability of the proposed framework for
real-time intelligent traffic surveillance applications.

V. DISCUSSION

This study discussed the development and evaluation of an
intelligent traffic surveillance system integrating deep learning-
based vehicle detection, tracking, and speed estimation for
real-time traffic monitoring. The study confirms that the system
achieves high detection accuracy (mAP@50 of 94.3%), robust
tracking (97.1% ID consistency), and precise speed estimation
(MAE of 1.8 km/h, RMSE of 2.5 km/h), demonstrating its
feasibility for automated traffic law enforcement. One critical
finding is the effectiveness of YOLOVS in vehicle detection,
where single-stage detection ensures real-time efficiency. The
confusion matrix analysis highlights that larger vehicles such
as trucks and buses achieve higher accuracy, while smaller
objects like motorcycles and auto-rickshaws show slight per-
formance drops due to motion variations. Enhancing multi-
scale feature learning could further improve detection for
smaller vehicles. The SORT tracking algorithm successfully
maintains vehicle identity across frames, handling occlusions
and motion variations. However, minor ID mismatches occur
in high-density traffic, where overlapping vehicles interfere
with tracking. Future improvements such as Deep SORT with
Re-ID networks could enhance long-term tracking stability,
especially in dense urban settings.Speed estimation is highly
accurate, with minimal deviations from ground truth radar-
based measurements. However, higher-speed vehicles (;90
km/h) exhibit minor estimation errors, likely due to motion
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TABLE X. COMPARISON WITH EXISTING VEHICLE SPEED DETECTION SYSTEMS

Study Detection Method Tracking Method Speed Estimation Accuracy / Error Real-Time Capability Environmental Robustness
Michalopoulos [6] Image Processing Frame Differencing | 97% detection accuracy Partial Limited
Lin et al. [7] Motion Blur Analysis No Tracking 95% speed estimation accuracy No Poor in low visibility
Shim et al. [11] OCR-based VSEM OCR Tracking 94.99% accuracy No (post-processed video) Moderate
Grents et al. [12] CNN-based Detection SORT 78% detection accuracy Limited Moderate
Luvizon et al. [13] T-HOG + KLT Feature Tracking Precision: 0.93 Partial Camera-distance sensitive
Proposed System YOLOv8 SORT MAE: 1.8 km/h, RMSE: 2.5 km/h Yes (31.2 FPS, GPU) High
blur and perspective distortion. Motion compensation and DECLARATIONS

adaptive calibration could improve accuracy at extreme speeds.
Although the system can operate on CPU-only hardware, the
reduced processing speed (11.8 FPS) may limit deployment in
high-density traffic environments requiring strict real-time re-
sponsiveness, emphasizing the importance of GPU acceleration
for large-scale deployments. Despite its success, the system’s
performance slightly degrades in low-light conditions. Future
work should explore infrared-based detection, adaptive calibra-
tion, and integration with license plate recognition (LPR) to en-
hance traffic enforcement capabilities.While achieving strong
real-time performance, the system faces several challenges. In
high-density traffic, the SORT framework occasionally suffers
from tracking instability and ID switching due to its reliance
on motion rather than appearance. Environmental factors like
heavy rain, glare, and low light also impact detection accuracy,
while high-speed vehicles (over 90 km/h) introduce estimation
errors from perspective distortion. Furthermore, the system’s
real-time consistency depends on GPU acceleration, limiting
its efficiency on CPU-only hardware. Future enhancements
could integrate DeepSORT or ByteTrack for better occlusion
handling and infrared-enhanced detection to ensure robustness
in diverse surveillance environments.

VI. CONCLUSION

In recent time, traffic rule violation is one of the most
alarming news. Even this is so much big that human inter-
ference is even harder to manage the problem. To eliminate
the problem, this overspeed issue should be solved as soon as
possible. With a view to solving the problem, a system has
been proposed where the system starts its working flow by
detecting a vehicle. In tracking the vehicle, the latest YOLO
model, the custom YOLOv8n, has been used. Using a tracking
algorithm named SORT, tracking of the detected vehicle can be
ensured. The model was trained with 12000 images. After that,
the main cause of the road accident, overspeed, can be mea-
sured by calculating the frames per second of the video. This
technology will contribute to a decrease in overspeed-related
fatalities. The system will also include certain further future
developments, such as lane violation detection, pedestrian lane
detection, traffic light detection, etc. In order to enhance road
safety, the proposed system provides a practical and cost-
effective traffic surveillance solution that can operate using
standard camera infrastructure. While CPU-based execution is
feasible for low-density or non-critical monitoring scenarios,
GPU acceleration is recommended to achieve consistent real-
time performance in high-traffic environments
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