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Abstract: Intelligent transportation systems (ITSs) derive significant advantages from advanced
models like YOLOv8, which excel in predicting traffic incidents in dynamic urban environments.
Roboflow plays a crucial role in organizing and preparing image data essential for computer vision
models. Initially, a dataset of 1000 images is utilized for training, with an additional 500 images
reserved for validation purposes. Subsequently, the Deep Simple Online and Real-time Tracking
(Deep-SORT) algorithm enhances scene analyses over time, offering continuous monitoring of
vehicle behavior. Following this, the YOLOv8 model is deployed to detect specific traffic incidents
effectively. By combining YOLOv8 with Deep SORT, urban traffic patterns are accurately detected
and analyzed with high precision. The findings demonstrate that YOLOv8 achieves an accuracy of
98.4%, significantly surpassing alternative methodologies. Moreover, the proposed approach exhibits
outstanding performance in the recall (97.2%), precision (98.5%), and F1 score (95.7%), underscoring
its superior capability in accurate prediction and analyses of traffic incidents with high precision
and efficiency.

Keywords: object tracking; object detection; traffic incident; sustainable transportation

1. Introduction

The rise in car ownership and road traffic due to modernization has led to several
transportation and traffic control issues like severe traffic jams having become more com-
mon as the number of vehicles on the roads has increased dramatically [1]. This congestion
wastes time, fuel, and money for drivers. The higher volume of traffic has contributed
to a rise in car accidents and crashes [2]. More vehicles on the roads, especially in urban
areas, means a greater risk of collisions occurring [3]. Increased car usage has negative
environmental impacts, including higher air pollution and greenhouse gas emissions from
vehicle exhaust. This worsens air quality and contributes to climate change [4]. The need
for more parking spaces has led to the construction of large parking lots and garages, which
can take up valuable urban land that could be used for other purposes [5]. Traffic noise
pollution has risen as a result of the higher number of vehicles, negatively impacting quality
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of life for those living near busy roads. Maintaining and expanding road infrastructure
to handle the increased traffic requires significant public spending on construction and
repairs [6].

A number of problems appear as a result of road traffic accidents globally: approxi-
mately 1.35 million fatalities each year and millions more seriously injured or disabled [7].
Road traffic injuries are the leading cause of death for children and young adults aged
5–29 years [8]. Over 90% of road traffic deaths occur in low- and middle-income countries,
even though these countries have only about 60% of the world’s vehicles [9]. Road traffic
crashes cost most countries around 3% of their gross domestic product in medical costs,
lost productivity, and other expenses [10]. Accidents have significant economic impacts,
including healthcare costs, loss of productivity, increased insurance and legal costs, prop-
erty damage, and strains on emergency services [11]. Accidents cause profound emotional
trauma for families and communities, as well as psychological issues like PTSD, anxiety,
and depression for survivors. Injuries can lead to temporary or permanent disabilities
that reduce quality of life and financial stability for victims and their families [12]. Over
50% of road traffic deaths are among vulnerable road users like pedestrians, cyclists, and
motorcyclists [13].

The development of autonomous vehicles and smart cities is closely linked to road
safety. Road safety can be improved using autonomous vehicles, which ultimately reduces
the accidents [14]. It is found that human error caused 94% of road accidents; however,
autonomous vehicles have the capability to avoid accidents at around 1/3 [15]. Advanced
technologies based on sensors, artificial intelligence, and surroundings connectivity would
help to design autonomous vehicles, which leads to a more secure environment [16]. One
example of advanced technology is machine learning, which helps to analyze the received
signal from the sensors and make some real and timely decisions for reducing accidents [17].
By using the sensor network, the road condition data and real-time traffic environment
should be captured in the autonomous vehicles for adjusting the speed of the vehicle
and monitor the roads accordingly where all types of vehicles are moving with different
speeds [18,19]. Alongside this, AI helps to react quickly before any danger and resolve the
decision making problems for the driver. Furthermore, traffic flow can be managed through
communication among autonomous vehicles. Autonomous vehicles can be equipped with
adaptive cruise control and lane keeping, to further enhance safety [20].

Moving and immovable objects can be easily detected from the driving ends [21].
Moving objects are human beings (passengers/drivers), wild and domestic animals, busses,
cars, bicycles, motorcycles, and many other objects that are moving on the roads. On the
other hand, some immovable objects are stationary devices that are used to regulate the
traffic flow and guide the driver on when they should slow down, stop, or go with the
uniform speed [22]. These two objects are very necessary for smart cities and autonomous
vehicles to classify and detect the exact object location in the environment and facilitate the
efficient and safe movement of vehicles.

Conventional technologies like Viola–Jones Detector (VJD) of 2001, Histogram of
Oriented Gradients (HOG) of 2006, and Deformable Part Models (DPMs) of 2008 are con-
sidered to be computer vision technology [23]. VJD is used to detect the objects using a
sliding window approach and Haar wavelet features, HOG is used to detect the objects
using a feature descriptor, and DPM detects the pedestrians using images [24]. However,
advanced technologies like deep learning- and machine learning (YOLO)-based ones are
used currently, which accurately detect and classify objects in real time, enabling proactive
traffic management [25]. A comparative analysis of advanced technologies for object detec-
tion is given in Table 1. In the previous literature, up to YOLOv7 is used for traffic incidents
but this study used the YOLOv8 model to configure this study. However, the latest version
of YOLOv9 and YOLOv10 has also been developed but their applications have not matured
yet to take on traffic incident detection issues. Computer vision-based algorithms can
identify and monitor vehicles on the road, providing data on traffic density and flow [26].
Computer vision can recognize traffic signs and lights, enabling automated enforcement of
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traffic rules and regulations. Computer vision systems can identify pedestrians, cyclists,
and other obstacles, alerting drivers and traffic managers to potential hazards. Computer
vision-based algorithms can rapidly detect accidents, stalled vehicles, and other traffic
incidents, allowing for faster emergency response. Computer vision can identify unusual
traffic patterns or behaviors that may indicate an impending incident, enabling proactive
intervention [27]. Hence, the method adopted in this study follows a sequence of steps as
listed below:

1. Video streams from road surveillance cameras are collected as input data using Roboflow.
2. Video frames are preprocessed to enhance image quality and reduce noise through

Deep-SORT.
3. The YOLOv8 model is initialized with pre-trained weights obtained from a large

dataset. The model is fine-tuned using the labeled dataset. After training, the model
is capable of real-time accident detection.

4. Upon accident detection, immediate alerts are generated and directed to relevant
authorities or integrated into broader traffic management systems.

Table 1. Comparative analysis of advanced technologies (YOLO) for object detection.

S. No. Reference Study Year Study Model Study Purpose

1 [28] 2023 YOLOv2 This article proposes an approach for detecting Chinese traffic
signs using a deep convolutional network.

2 [29] 2021 YOLOv2 In order to address the traditional traffic incident detection,
YOLOv2 algorithm is proposed in this study.

3 [30] 2021 YOLOv2

In this research, an enhanced model of YOLOv2, which aims
to address the shortcomings in its inability to recognize small
targets, is proposed. The enhanced model is able to identify

more little things than the original model for the same image
that contains small objects. This new approach could identify
items more reliably in photos with complicated backgrounds.
To put it briefly, this enhanced model becomes more sensitive

to small objects and improves recognition accuracy.

4 [31] 2020 YOLOv3

Vehicle detection using images and video capturing is an
important task for sustainable transportation. However, to

achieve this, YOLOv3-DL model is built on the
Tensorflow framework.

5 [32] 2020 YOLOv3 Traffic sign detection scheme is proposed in this study using
YOLOv3 for real-time detection with high precision.

6 [33] 2021 YOLOv4

With enough annotated training data, Convolutional Neural
Networks (CNNs) reach the pinnacle of traffic sign

identification. The dataset uses CNN to assess the overall
visual system’s quality. Sadly, there are not many databases

available for traffic signs from most countries in the world. In
this case, more realistic and diverse training images could be
generated via Generative Adversarial Networks (GANs) to

complement the real image arrangement.

7 [34] 2022 YOLOv4

This research analyzes object detection techniques like Yolo V4
and Yolo V4-tiny merged with Spatial Pyramid Pooling (SPP).
In this work, the significance of the SPP principle is assessed in
terms of improving the efficiency with which Yolo V4 and Yolo

V4-tiny backbone networks extract features and learn
object features.

8 [35] 2021 YOLOv4 YOLOv4 model is proposed in this study for making accurate
detection of traffic incidents to avoid accidents.
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Table 1. Cont.

S. No. Reference Study Year Study Model Study Purpose

9 [36] 2021 YOLOv5 Digital driving system is proposed using YOLOv5 model that
predicts the multi-scale objects in the traffic.

10 [37] 2022 YOLOv5

A lot of conjecture has recently surrounded advanced
driver-assistance systems (ADASs), which give drivers the

greatest possible driving experience. Today’s traffic accidents
are often caused by unsafe driving conditions, which are

detected by ADAS technology.

11 [38] 2021 YOLOv5
The ability to identify irregularities like traffic accidents in real
time is proposed in this study for intelligent traffic monitoring

system using deep learning approach.

12 [39] 2022 YOLOv6

There are a lot of accidents and long lines of traffic on Indian
roads these days. All things considered, traffic management is

a crucial issue that affects us frequently. Utilizing expertise,
such as IoT and image processing, can facilitate the movement
of an efficient traffic monitoring system. In order to prevent

collisions between cars during traffic signals, we can assess the
density of the traffic and plan the flow of vehicles at

crosswalks such that no collisions occur and traffic on both
sides of the road is given equal priority.

13 [39] 2022 YOLOv6
Pothole detection tests have demonstrated the immense

potential of CNNs using YOLOv6 as the main objective of
this study.

14 [40] 2023 YOLOv7

Considering when cars, pedestrians, and micromobility
vehicles collide at right angles on an urban road network, the
authors took pedestrian crosswalks into consideration. These

road segments are places where automobiles pass
perpendicular to the path of vulnerable individuals. It is

intended to provide a warning system for cars and pedestrians
in these locations to prevent accidents. This process involves
several steps, including concurrently alerting drivers, people
with disabilities, and distracted pedestrians to the dangers of

cell phone addiction.

15 [41] 2023 YOLOv7

In computer vision, traffic sign detection is an essential job
with broad applications in autonomous driving. This work
provides a small-object detection technique for traffic signs

based on the modified YOLOv7.

16 [42] 2024 YOLOv7

A possible substitute for pothole detection could be a deep
learning- and computer vision-based method. In order to

identify different roadblocks, the suggested system uses the
CNN with YOLOv7 algorithms.

17 Our Proposed
Study 2024 YOLOv8

None of the earlier studies utilized YOLOv8 model for traffic
incident detection, which can handle the challenging task

given the dynamic nature of urban traffic and the multitude of
events that can occur. However, in this study, Roboflow is

used for the data compilation and preparing the image data
for computer vision models. The initial dataset comprised 523

images, with 335 images designated for training, 144 for
validation, and 44 for testing purposes. Then, Deep Simple
Online and Real-time Tracking (Deep-SORT) algorithm is

developed to scrutinize scenes at different temporal layers and
provide continuous information about vehicular behavior.
Then, YOLOv8 model detects the actual traffic incident.
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2. Research Method

In this study, a comprehensive system designed to enhance driving safety and effi-
ciency through the integration of various components is presented. The suggested approach
combines real-time data collection, predictive modeling, and a rule-based prediction system.
This paper presents a novel approach to object detection, focusing on identifying vehicles
such as cars, trucks, and buses within specific regions. Modified YOLOv8 is utilized for
object detection and through traffic cameras. Figure 1 shows the conceptual block diagram
of the proposed methodology. RoboFlow was used to collect the data, Deep-SORT scruti-
nized the collected data, and then YOLOv8 was implemented for an accurate detection of
a traffic incident. Upon a successful detection of a traffic incident, an immediate alert is
generated and directed to relevant authorities.
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Figure 1. Conceptual block diagram of proposed method.

RoboFlow has the capability to manage the dataset of accident detection and provides
accurate and real-time information about accidents on the roads [43]. Deep SORT builds
upon the SORT algorithm, which excels in tracking precision and accuracy but struggles
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with identity switches and occlusions [44]. Deep SORT addresses these limitations by intro-
ducing a better association metric that combines motion and appearance descriptors [45].
Before tracking objects, Deep SORT trains a feature embedding model on a large-scale
dataset to create a well-discriminating feature space [46]. Cosine metric learning is used in
Deep SORT to train the model. Deep SORT uses spatial and temporal features in videos
for locating the exact object tracking and it maintains the object IDs [47]. Furthermore, the
integration of Deep-SORT with YOLOv8 is possible because YOLOv8 is used to detect the
object and Deep-SORT handles tracking.

The deep learning-based YOLOv8 model is used to detect the object and its appli-
cations are diverse including road accident detection [48]. In road accidents, YOLOv8
has the upper hand among all other models and has achieved optimal performance [49].
The CSPDarknet53 architecture in YOLOv8 is considered to be the backbone network for
feature extraction, balancing accuracy and speed [50]. Three detection heads of varying
scales are employed to detect objects of different sizes effectively. The model is trained on a
labeled dataset containing images and annotations of road accidents. The training process
involves optimizing the model’s parameters to minimize detection errors and improve
accuracy [51]. Parameters such as the batch size, learning rate, anchor boxes, IoU threshold,
confidence threshold, and NMS threshold are tuned to achieve optimal performance [52].
As the name implies, YOLO estimates the bounding boxes and class probabilities from
the image pixels with just one glance. This unified detection framework is perfect for real-
time object detection systems since it is incredibly fast and end-to-end-differentiable [53].
Figure 2 illustrates how each bounding box was confined to recognizing a single object,
hence limiting the first iteration of YOLO [54].

World Electr. Veh. J. 2024, 15, x FOR PEER REVIEW 6 of 20 
 

Figure 1. Conceptual block diagram of proposed method. 

RoboFlow has the capability to manage the dataset of accident detection and pro-
vides accurate and real-time information about accidents on the roads [43]. Deep SORT 
builds upon the SORT algorithm, which excels in tracking precision and accuracy but 
struggles with identity switches and occlusions [44]. Deep SORT addresses these limita-
tions by introducing a better association metric that combines motion and appearance de-
scriptors [45]. Before tracking objects, Deep SORT trains a feature embedding model on a 
large-scale dataset to create a well-discriminating feature space [46]. Cosine metric learn-
ing is used in Deep SORT to train the model. Deep SORT uses spatial and temporal fea-
tures in videos for locating the exact object tracking and it maintains the object IDs [47]. 
Furthermore, the integration of Deep-SORT with YOLOv8 is possible because YOLOv8 is 
used to detect the object and Deep-SORT handles tracking. 

The deep learning-based YOLOv8 model is used to detect the object and its applica-
tions are diverse including road accident detection [48]. In road accidents, YOLOv8 has 
the upper hand among all other models and has achieved optimal performance [49]. The 
CSPDarknet53 architecture in YOLOv8 is considered to be the backbone network for fea-
ture extraction, balancing accuracy and speed [50]. Three detection heads of varying scales 
are employed to detect objects of different sizes effectively. The model is trained on a la-
beled dataset containing images and annotations of road accidents. The training process 
involves optimizing the model’s parameters to minimize detection errors and improve 
accuracy [51]. Parameters such as the batch size, learning rate, anchor boxes, IoU thresh-
old, confidence threshold, and NMS threshold are tuned to achieve optimal performance 
[52]. As the name implies, YOLO estimates the bounding boxes and class probabilities 
from the image pixels with just one glance. This unified detection framework is perfect for 
real-time object detection systems since it is incredibly fast and end-to-end-differentiable 
[53]. Figure 2 illustrates how each bounding box was confined to recognizing a single ob-
ject, hence limiting the first iteration of YOLO [54]. 

 
Figure 2. YOLO basic architecture [54]. 

YOLOv2, or YOLO9000, was an enhancement of YOLO in a number of areas. The 
addition of multi-scale training has improved the model’s ability to estimate bounding 
boxes. Additionally, a novel 19-layer architecture called Darknet-19 was presented, which 
serves as the foundation for feature extraction [55]. YOLOv2 integrated the advantages of 
the Faster R-CNN and YOLO frameworks, enabling the detection of over 9000 distinct 

Figure 2. YOLO basic architecture [54].

YOLOv2, or YOLO9000, was an enhancement of YOLO in a number of areas. The
addition of multi-scale training has improved the model’s ability to estimate bounding
boxes. Additionally, a novel 19-layer architecture called Darknet-19 was presented, which
serves as the foundation for feature extraction [55]. YOLOv2 integrated the advantages
of the Faster R-CNN and YOLO frameworks, enabling the detection of over 9000 distinct
object kinds [56]. By including three additional scales at which detections were produced,
YOLOv3 improved upon YOLOv2 [57]. This is similar to the idea of feature pyramid
networks. The capacity to detect at various scales made smaller objects simpler to identify.
Because YOLOv3 employed three distinct anchor box sizes for every scale, bounding box
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prediction was enhanced [58]. It also made use of a recently created network architecture
called Darknet-53, a blend of ResNet and Darknet-19 [59].

YOLOv4 included several novel techniques to increase object identification speed and
accuracy [60]. The SAM block, PANet, and CSPDarknet53 backbone architecture were
among its characteristics. It also used the Mish activation function and the CIOU loss for
better performance [61]. One of the best real-time object identification methods is YOLOv4,
which greatly improved detection accuracy and speed. The community produced YOLOv5,
a decent version of the YOLO series, in an effort to enhance YOLO’s accuracy, portability,
and speed [62]. The basic block diagram of YOLOv5 is given in Figure 3 [63].

World Electr. Veh. J. 2024, 15, x FOR PEER REVIEW 7 of 20 
 

object kinds [56]. By including three additional scales at which detections were produced, 
YOLOv3 improved upon YOLOv2 [57]. This is similar to the idea of feature pyramid net-
works. The capacity to detect at various scales made smaller objects simpler to identify. 
Because YOLOv3 employed three distinct anchor box sizes for every scale, bounding box 
prediction was enhanced [58]. It also made use of a recently created network architecture 
called Darknet-53, a blend of ResNet and Darknet-19 [59]. 

YOLOv4 included several novel techniques to increase object identification speed 
and accuracy [60]. The SAM block, PANet, and CSPDarknet53 backbone architecture were 
among its characteristics. It also used the Mish activation function and the CIOU loss for 
better performance [61]. One of the best real-time object identification methods is 
YOLOv4, which greatly improved detection accuracy and speed. The community pro-
duced YOLOv5, a decent version of the YOLO series, in an effort to enhance YOLO’s ac-
curacy, portability, and speed [62]. The basic block diagram of YOLOv5 is given in Figure 
3 [63]. 

 
Figure 3. YOLOv5 block diagram [63]. 

This backbone is used to extract features from the input photos. It is composed of 
convolutional layers that generate several feature maps by processing the input through 
a variety of filters. These feature maps capture significant information about the image, 
including its boundaries, textures, and forms [64]. YOLOv8’s real-time object detection is 
made possible by the backbone’s efficient and timely architecture. It can also be made to 
receive input in many sizes and scales due to its versatility. As a result, YOLOv8 can be 
used in many different contexts, including small-scale object recognition in images and 
large-scale video monitoring. The detailed block diagram of YOLOv8 is given in Figure 4 
[65]. 

Predictions based on the traits that the backbone extracts have are made by the 
YOLOv8 head. It is composed of bottleneck, SPF, convolutional, and c2f blocks, among 
other layers. The head’s convolutional layers refine the features even more and get them 
ready for the last prediction step by applying more filters to the feature maps [66,67]. The 
2D feature maps are converted into a 1D vector by the c2f (convolution to fully connected) 
layers so that the fully connected layers can analyze it [68]. By lowering the dimensionality 

Figure 3. YOLOv5 block diagram [63].

This backbone is used to extract features from the input photos. It is composed of
convolutional layers that generate several feature maps by processing the input through
a variety of filters. These feature maps capture significant information about the image,
including its boundaries, textures, and forms [64]. YOLOv8’s real-time object detection is
made possible by the backbone’s efficient and timely architecture. It can also be made to
receive input in many sizes and scales due to its versatility. As a result, YOLOv8 can be used
in many different contexts, including small-scale object recognition in images and large-
scale video monitoring. The detailed block diagram of YOLOv8 is given in Figure 4 [65].

Predictions based on the traits that the backbone extracts have are made by the
YOLOv8 head. It is composed of bottleneck, SPF, convolutional, and c2f blocks, among
other layers. The head’s convolutional layers refine the features even more and get them
ready for the last prediction step by applying more filters to the feature maps [66,67]. The
2D feature maps are converted into a 1D vector by the c2f (convolution to fully connected)
layers so that the fully connected layers can analyze it [68]. By lowering the dimensionality
of the features, the bottleneck layers serve to increase the model’s efficiency and avoid
overfitting [69]. Predicting the scale of the items in the image is the job of the SPF (scale
prediction feature) blocks, and it is essential for precise object detection. YOLOv8 is superior
to YOLOv54 in a number of ways, including the following: The C2f module was used in
lieu of the C3 module. The purpose of this upgrade was to increase the model’s efficiency.
Furthermore, 3 × 3 convolution is preferred as compared with the 6 × 6 convolution [70].
The descriptive performance analysis of YOLO models is given in Table 2.
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Table 2. Comparison between Yolo-based models.

Model Accuracy (mAP) Speed (FPS)

YOLOv4 High Moderate

YOLOv5 High High

YOLOv6 High High

YOLOv7 Very High Moderate

YOLOv8 Very High Very High

2.1. Setting for Yolo Implementation

The YOLOv8 model can be implemented easily as follows: The dataset should be
collected using images and videos; then, preprocess the data by resizing, normalizing,
and augmenting the images to enhance the quality and reduce noise. Then, by using
the backbone network, configure the YOLOv8 model. For achieving good performance,
the following parameters should be monitored accurately, the batch size, anchor boxes,
detection heads, learning rate, and confidence threshold, and should be implemented.
The preprocess dataset should be used to train the YOLOv8 model through OpenCV and
Google Colab and fine-tune the model for reducing the errors and enhancing accuracy.
Integrate the trained YOLOv8 model into a system that can analyze video streams from
surveillance cameras. Real-time analyses on each frame, detecting accidents, and generating
alerts should be performed using the YOLOv8 model. Further, implement the system on
highways and monitor the sustainable operation of transportation.
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2.2. Dataset

The authors used a publicly accessible dataset of 523 traffic incident photos from the
Kaggle public library for this study. A visual depiction of a portion of these photographs
that are used in the dataset is shown in Figure 5. The authors used bounding boxes to
precisely designate the traffic event in the Pascal visual object class, which allowed them to
localize the incident sites within photos. Each image’s annotations were kept in separate
extensible markup language (XML) files. On the other hand, all classes in the dataset were
described in a different protobuf text file. Yet, the YOLOV8 model requires annotations
in the COCO dataset format, which is structured as a JavaScript Object Notation (JSON)
file. The data were then split up by the authors into training, validation, and testing sets at
a ratio of 70:20:10. After that, the authors transformed the Pascal VOC annotations into
the COCO format, combining all of the image annotation data into a single JSON file. The
authors trained the YOLOV8 model using the preprocessed and divided dataset.
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2.3. Data Annotation

Data annotation is a common way to tag or label data to make it easier for models
to understand. Metadata must be added to raw data in order to boost its value and the
computer systems’ ability to access it. In computer vision, data annotation is the process
of labeling or tagging images to show which features or objects are present or not. In
this instance, as Figure 5 illustrates, the incidents were tagged to inform the YOLO model
about the traffic event. In order to provide computer vision models with the information
they need to learn and recognize objects, data annotation is essential. This study uses
RoboFlow that offers a quick and easy method for labeling images for computer vision.
With its easy-to-use interface, users may quickly annotate photos with bounding boxes,
polygons, and points, among other annotation kinds. Using RoboFlow, data annotation
was carried out by uploading the image in the dataset. The Pascal VOC annotation type
was then chosen. The annotated photos were exported in COCO format once annotation
was finished because YOLO needs this format. The pothole detection algorithm was then
trained and tested using these annotated photos.
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2.4. Data Augmentation

Data augmentation was used to create more distinctions of current data with diverse
features. This technique drops the chance of overfitting while enhancing the model’s
ability to generate generalizations. This improves the model’s accuracy and dependability
when forecasting data from the real world. There were 523 photos in the original dataset;
335 were used for training, 144 for validation, and 44 for testing. To improve the dataset’s
diversity and enrichment, data augmentation techniques like zooming, contrast correction,
and image rotation were used. Consequently, 756 photos were added to the dataset. The
enhanced dataset was divided using a 70:20:10 split into three comparable sets for testing,
validation, and training.

2.5. Model Training

Forward propagation is used to depict the results. An image is sent into forward
propagation, which then uses its layers to process the input and provide an output that
includes the locations and classes of the objects in the image. By comparing the prediction
to the actual value, the loss function is used to determine the model’s accuracy. Once the
loss has been calculated, the model could start to learn from its mistakes. This kind of
propagation is known as reverse/back propagation. During backward propagation, the
model calculates the gradient of the loss with respect to each of its parameters. Given that
the gradient points in the direction of the loss’s steepest climb, the model can lower the
loss by changing the parameters in the other direction. The amount that the parameters
are altered at each training step is determined by the learning rate, a hyper-parameter
that controls the pace of learning. High learning rates have the potential to cause non-
convergence and overshooting of the optimal parameters in addition to speeding up the
model’s learning process.

The model may learn more slowly at a low learning rate, but it will also converge
more consistently. Repetition and Periods: For every picture in the training dataset, the
steps of forward propagation, loss estimation, and backward propagation are repeated.
One training epoch ends when the model has processed every image in the dataset. Several
epochs are usually conducted during training, with the model’s parameters being modified
following each epoch. Another critical hyper-parameter to select is the number of epochs.
Underfitting occurs when there are insufficient epochs in the data, causing the model to
be unable to recognize the underlying patterns. Overfitting, in which the model performs
badly on fresh data due to its excessive specialization to the training set, can be caused by
an excessive number of epochs.

2.6. System Integration

Deep-SORT and the YOLOv8 model are integrated since YOLOv8 is utilized for object
identification, estimating bounding boxes and class probabilities for each grid cell and
partitioning the input image into grid cells. Thereby, Deep SORT employs the Kalman
filter and Hungarian algorithm to preserve the identities of the identified objects and
forecast their future locations, thereby merging the two methods to provide precise traffic
incident monitoring.

3. Results and Discussion

The model’s performance was evaluated using a variety of metrics, including mean
average precision (mAP), accuracy, recall, classification loss, and differential loss. The
suggested model’s accuracy is displayed in Figures 6 and 7 with data labeling and an-
notation. The model shows the accuracy (98.4%), recall (97.2%), precision (98.5%), and
F1 score (95.7%) of the proposed approach, which are greater than traditional methods.
The accuracy of the YOLOv8 (98.4%) is greater than Faster R-CNN (87.97%), FA-YOLO
(92.95%), and FESSD (83%).
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3.1. Training and Validation Phase

Throughout the training period, the model displayed a consistent learning trend. The
box loss, classification loss, and differential loss all showed a steady drop over 40 epochs.
This implies that the model was effectively learning from the training data and improving
its ability to recognize automobiles in the images, as seen in Figure 8. In the validation
stage, the model kept yielding favorable outcomes. As for the training period, there was
a decrease in both the classification loss and the box loss. But up until around epoch 20,
the differential loss remained comparatively constant; after that, it began to drastically fall.
This means that, contrary to what Figure 8 indicates, the model was not overfitting the
training set and was successfully able to generalize to unknown data.
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3.2. Recall–Confidence

We evaluated the recall and accuracy metrics as well. These measures showed an
overall rising tendency, even if they varied over the epochs. This implies that the model
improved in precision (high accuracy) and decreased in the likelihood of missing real cars
(high recall) with further training. 4.4 Mean average precision (mAP) and the mAP for
IoU = 0.50 showed volatility before stabilizing at about epoch 20, in contrast to the mAP
for IoU between 0.50 and 0.95, which, as seen in Figure 9, displays an overall increasing
trend. This suggests that the model was improving its bounding box prediction accuracy
even for varying degrees of overlap between the predicted and actual bounding boxes.
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The Recall–Confidence curve is a graphical representation of the model’s performance
over a range of confidence levels. The x-axis displays the confidence level, or the probability
that the projected label is right. Plotted on the y-axis is recall, or the proportion of true
positive events that were correctly identified. Each colored line on the graph represents a
different class. The blue line represents the “accident” class, the green line the “car” class,
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the red line the “truck” class, and the black line the “bus” class. The jagged form of the
lines indicates that changes in confidence levels lead to changes in memory. Throughout
the training period, the model displayed a consistent learning trend.

The loss metrics showed that the model was improving its ability to recognize the
classes in the photographs and learning from the training data, as they dropped over the
course of the epochs. During the validation phase, the model continued to produce positive
results. The model was able to generalize effectively to new data and was not overfitting
the training set, as evidenced by the loss measures declining in a way similar to that of the
training phase. In general, the accuracy and recall metrics showed an increasing tendency,
but they varied throughout the epochs. This implies that the model improved in precision
(high accuracy) and decreased in the likelihood of missing true positive examples (high
recall) as training progressed. The mean average precision (mAP) for IoU = 0.50 varied
before settling after epoch 20, as seen in Figure 9. The mAP for IoU, on the other hand,
showed an overall growing trend between 0.50 and 0.95. This suggests that the model
was improving its bounding box prediction accuracy even for varying degrees of overlap
between the predicted and actual bounding boxes.

3.3. Precision–Confidence

Figure 10 shows Precision–Confidence Curve, a graphical representation of the per-
formance of a classification model. Considering the labels “accident”, “car”, “truck”, and
“bus”, it seems that this graph can be used for tasks involving the recognition of accidents
and object detection. The domains of computer vision and machine learning greatly benefit
from this graph. The graph’s x-axis displays the confidence level, or the probability that the
predicted label will materialize. Plotted on the y-axis, precision represents the proportion
of affirmative identifications that were, in fact, correct. Each of the colorful lines represents
a different class. The blue line represents the ‘accident’ class. It shows how different levels
of confidence have an impact on how accurate “accident” projections are. Similar to this,
the categories “car”, “truck”, and “bus” are indicated by the corresponding red, green, and
black lines. The average performance for all courses is shown by the multicolored line
that reads “all classes 1.00 at 0.98”. It implies that the model has an accuracy of 1.00 at a
confidence level of 0.98 after accounting for all classes.
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3.4. Precision–Recall

Recall is the percentage of true positive cases that were correctly detected, and it
is shown on the graph’s x-axis. Precision is shown on the y-axis as the percentage of
affirmative identifications that were in fact right. Every colored line signifies a distinct
class. The blue line represents the ‘accident’ class. It illustrates how different recall capac-
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ities impact how accurate “accident” forecasts are. The colorful line labeled “all classes
0.933 mAP@0.5” seems to show an overall performance with the intersection over union
(IoU) being 0.5 and the mean average precision (mAP) being 0.933. The precision–recall
curve is shown in Figure 11.

World Electr. Veh. J. 2024, 15, x FOR PEER REVIEW 15 of 20 
 

 
Figure 10. Precision–Confidence Curve. 

3.4. Precision–Recall 
Recall is the percentage of true positive cases that were correctly detected, and it is 

shown on the graph’s x-axis. Precision is shown on the y-axis as the percentage of affirm-
ative identifications that were in fact right. Every colored line signifies a distinct class. The 
blue line represents the ‘accident’ class. It illustrates how different recall capacities impact 
how accurate “accident” forecasts are. The colorful line labeled “all classes 0.933 
mAP@0.5” seems to show an overall performance with the intersection over union (IoU) 
being 0.5 and the mean average precision (mAP) being 0.933. The precision–recall curve 
is shown in Figure 11. 

. 

Figure 11. Precision–recall curve. 

Green = Car 
Red = Truck 

Light Blue (Sky) = Bus 
Blue = Accident 

Orange = Smoothness 

Green = Car 
Red = Truck 

Light Blue (Sky) = Bus 
Blue = Accident 

Orange = Smoothness 

Figure 11. Precision–recall curve.

3.5. F1 Score

The F1 score is a critical metric in evaluating the performance of object detection
models like YOLOv8, providing insights into the balance between precision and recall,
essential for accurate model assessment. The YOLOv8 model achieved an F1 score of
0.89 or 89% as shown in Figure 12. This F1 score graph helps the fields of computer vision
and machine learning immensely. The matrix may be used to calculate a variety of metrics,
such as the precision (the number of relevant items selected), recall (the number of relevant
objects picked), and F1 score (the harmonic mean of precision and recall).
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3.6. Comparative Analysis

Figure 13 displays, on the right-hand side, and offers a comparison of the processing
speed of models. This speed is measured by the latency for the given examples. While it
may not be immediately clear to discern the specific models from the image, it is generally
understood within the field that the latest iterations of YOLO, such as YOLOv8, offer faster
and better performance. Therefore, when one considers both the size of the model and
the speed of production, it becomes apparent that YOLOv8 strikes a highly complex yet
efficient balance. This balance renders it an extremely suitable choice for applications that
necessitate real-time object detection and tracking. An example of such an application is
the detection of obstacles in urban environments.
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Our study covers the latest method for traffic incident detection. However, some
of the past literature covers the traditional methods, which are discussed here: Lately,
there has been a significant increase in the use of Internet of Things (IoT) systems to
shorten the time needed for disaster rescue. This paper proposes an Internet of Things
(IoT)-based automobile accident detection and categorization (ADC) system that reports
the type of accident in addition to detecting it by combining the built-in and connected
sensors of smartphones [71]. Another study [72] offers a process for creating a dependable,
computationally cheap, real-time automatic accident detection system that requires the
least amount of hardware to be installed. To be more precise, we divided our automatic
accident detection system into three main phases: detection, tracking, and classification.
We then suggested less computationally demanding solutions for each phase. Paper [73]
investigates the viability of applying deep learning models to the detection and prediction
of crash risk. For the investigation, data on volume, speed, and sensor occupancy were
gathered from roadside radar sensors along Interstate 235 in Des Moines, Iowa. In this
study [74,75], we use the Quadrant Scan, a recurrence-based technique, to analyze time
series traffic volume data in order to find incidents. Numerous sensors along a stretch of a
metropolitan highway record the data.

Furthermore, our study proposed the latest model of YOLO while the latest studies
used some older models; the details of some of the latest studies are given: This study [76]
uses the YOLOv6 object detection algorithm to identify potential accidents in video frames
by detecting and marking accident-related objects with bounding boxes. Further, this
study [77,78] proposed the YOLO-NAS for the object detection model developed by Deci.
It is pre-trained on extensive datasets such as COCO and Objects365, which enhances its
precision in various tasks, including accident detection.

4. Conclusions

The early identification of potential accidents can enable faster reaction times and poten-
tially prevent accidents. In the current research, the YOLOv8 model is employed to detect
traffic accidents in metropolitan areas. The model is trained to recognize four categories: “car”,
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“truck”, “bus”, and “accident.” Video streams from road surveillance cameras are collected
as input data using Roboflow. The video frames are then preprocessed to enhance image
quality and reduce noise through Deep-SORT. Finally, the YOLOv8 model is initialized
with pre-trained weights obtained from a large dataset. The model is fine-tuned using the
labeled dataset. After training, the model is capable of real-time accident detection. Results
show that the accuracy (98.4%), recall (97.2%), precision (98.5%), and F1 score (95.7%) of the
proposed approach are much greater than traditional methods. These outcomes highlight
the potential of advanced machine learning to improve road safety and traffic management
in metropolitan areas.
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