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The escalating number of vehicles on the roads has exacerbated 
traffic congestion, presenting a significant and inevitable challenge 
for road users. Traffic congestion not only increases the travel time 
of road users; it also causes air pollution since more vehicles are 
stuck on the road. To address this issue, deep learning algorithms, 
including YOLOv5 and DeepSORT, have been leveraged to enable 
vehicle detection and estimate the number of vehicles through 
image processing. This study focuses on training a custom YOLOv5 
dataset of vehicles and compares its performance with a 
pretrained YOLOv5 dataset in terms of feasibility for detecting and 
estimating the number of vehicles. In the proposed approach, 
YOLOv5 is employed to detect vehicles in video streams, 
DeepSORT is used for vehicle tracking and counting as they pass 
through the detection zone, and the number of vehicles in each 
lane is estimated with the aid of Supervision. The custom dataset's 
validation demonstrates promising results, with the precision 
curve indicating convergence for all classes at 97.4% precision and 
an 87% accuracy in predicting vehicle classes. Additionally, the 
precision-recall curve assesses the ability to detect individual 
vehicle categories, such as bus, car, motorcycle, and truck, with 
accuracies of 68.2%, 95.2%, 79.9%, and 70.1%, respectively. 
Furthermore, the overall accuracy for detecting all vehicle classes 
combined is 78.3%. The F1 curve indicates that the system 
achieves a confidence level of 30.9% F1 score, ensuring 78% 
confidence in accurately predicting all classes. Both the pretrained 
and custom datasets exhibit similar accuracy in counting the total 
number of vehicles passing through the detection zone as well as 
estimating the number of vehicles in each lane. However, it is 
evident that the custom dataset's performance can be further 
improved by incorporating more extensive and diverse datasets 
during the training process to enhance the accuracy of vehicle 
detection and estimation. In conclusion, the integration   of   deep   
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learning   algorithms, specifically   YOLOv5 and DeepSORT, offers 
a promising solution for addressing traffic congestion by 
efficiently detecting and estimating vehicle numbers, which allow 
traffic systems to identify which lane is congested and prioritise 
ensuring the congested lane has a smooth traffic flow. Continued 
research with larger datasets can lead to further advancements 
and refined results in the field of traffic management and 
optimization. 

1. Introduction 

Up to this day, traffic congestion has become a significant and inescapable predicament for drivers. The rising 
number of vehicles each year is directly proportional to the increase in population. In Malaysia, for example, the 
number of registered vehicles grew from 16,892,812 in December 2019 to 17,486,589 in December 2020, and 
17,728,482 in December 2021, as reported by CEIC Data Global Database [1]. This escalating number of vehicles 
relative to the population will only exacerbate road congestion. The effect of the increasing number of vehicles 
can be seen in places with a large population, such as Kuala Lumpur in Malaysia. The congestion often occurs 
during peak hours, such as early in the morning when people are going to work or going back home from work. 

To alleviate this issue, traffic lights are introduced to facilitate smoother traffic flow on the road, as poor traffic 
flow is one of the factors that lead to traffic congestion. The first traffic light with red and green lamps was set up 
in London, England in 1868, while the first traffic light consisting of the three lamps, red, yellow, and green, which 
is now commonly used, was installed in New York City in 1918 [2]. Traffic lights regulate traffic flow by indicating 
the lanes that are permitted to move in intersections, thus enabling vehicles from different lanes to take turns 
moving. Traffic lights not only help to reduce traffic congestion but also guarantee the safety of road users, 
including drivers and pedestrians. 

The Induction loop method, also known as vehicle detection loops or inductive-loop traffic detectors, is the 
most common way to detect the presence of vehicles at traffic lights. Induction loops are typically installed 
underground beneath the road surface enabling them to detect passing vehicles. Then, there is smart traffic light, 
which is a combination of traditional traffic light with sensors and artificial intelligence (AI) to remotely control 
the traffic flow according to the situation without human interference. In a situation where heavy traffic 
congestion occurs, human intervention such as traffic police officers will help to manage the traffic flow in place 
of the traffic light as normal traffic lights have fixed-preset timing. A smart traffic light on the other hand will be 
able to change and adjust the duration of the lights sequence according to the real time data collected around the 
traffic light. 

AI is a computer program to mimic the human brain to solve problems and make decisions according to the 
problem at hand. Machine learning is a subfield of AI, which learns and improves itself like humans with data and 
algorithms without being explicitly programmed to improve its accuracy [3]. Deep learning, on the other hand, is 
a subset of machine learning, which learns to recognise objects using artificial neural networks like a human brain. 
One of the deep learning algorithms is called Convolutional Neural Network (CNN) which is good at interpreting, 
analysing, recognising and classifying images. In the training and learning process of CNN, an image is broken 
down into several layers with each layer containing a different set of characteristics [4]. Sharma et al. and Naranjo-
Torres et al. have conducted reviews on the performance of CNN to identify and classify the objects in the images 
[5-6]. CNN learns to identify and classify objects through the characteristics, such that it identifies the object by 
using part of images it learned rather than using the whole image. 

A smart traffic detects the vehicles around the traffic light using sensors, such as CCTV (closed circuit 
television), RFID (Radio Frequency Identification) reader, WSN (wireless sensor network) and Internet of Things 
(IoT) sensors, in order to obtain real time situation and data on the road around the traffic light and send them to 
traffic light controller to be implemented [7-10]. The approach in using CCTV or video captured by the camera has 
become possible with the advancement in the field of AI, specifically through the image processing using deep 
learning. Several research on using image processing to identify specific objects in the video can be found in [11-
14]. 

Through the development of CNN, the YOLO (You Only Look Once) series is introduced, which received its 
name due to the image only passing through CNN algorithm only once in order to get the output, and it is popular 
due to its speed in identifying objects [15]. The first YOLO series was introduced by Joseph et al. and improved it 
into newer versions called YOLOv2 and YOLOv3 [16]. Later, there were several more versions by different authors, 
which are YOLOv4, YOLOv5, YOLOv6, YOLOv7 and YOLOv8. YOLOv5 which was introduced by Jocher et al. has 
become popular in 2020 due to its high flexibility in controlling model and its major competitor was YOLOv4 
which has higher accuracy and faster result [17-18]. Apart from the YOLO series, the development of CNN also 
introduces DeepSORT. DeepSORT is the improvement of SORT (Simple Online Realtime Tracking) where it not 
only uses Kalman filters and Hungarian algorithms to track objects, but also uses CNN to extract and identify 
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appearance features [19]. Several authors have conducted research using both YOLO and DeepSORT together to 
identify objects in the video [20-24]. Mohamed et al. and Kumari et al. have trained a custom YOLOv5 dataset with 
the dataset they prepared and used it to detect vehicles in the video, where YOLOv5 is used to detect and classify 
different classes of vehicles while DeepSORT is used to track vehicles across different frames in the video sequence 
[20-21]. Meanwhile, Dang et al. also uses DeepSORT and a YOLO series, but it is YOLOv3 instead of YOLOv5, to 
detect objects in video [22]. Bo Gao uses pretrained YOLOv5 and DeepSORT to track vehicles in the video [23]. Egi 
et al. has trained a custom YOLOv5 dataset to detect flower, green tomatoes and tomatoes so it can be together 
with DeepSORT so the algorithm will be able to track the detected object [24]. YOLOv5 comes with a pretrained 
dataset which is trained with Common Objects in Context (COCO) dataset and it is able to detect up to 80 types of 
objects. In order to detect specific objects using YOLOv5, a custom dataset has to be trained using a dataset of the 
desired objects. 

This paper proposes a method to detect and count the number of vehicles on the road in the video to estimate 
the traffic congestion by using deep learning algorithms. The deep learning algorithms that were utilised in this 
work are the YOLOv5 and DeepSORT. YOLOv5 is used to detect and identify the vehicles while DeepSORT is used 
to track vehicles that are detected by YOLOv5. Since the pretrained YOLOv5 dataset has 80 different types of 
objects, a custom dataset is trained using YOLOv5 such that it will only detect different types of vehicles such as 
buses, cars, motorcycles and buses so it only focuses on these objects rather than having a broad range of detection 
unrelated to vehicles. 

2. Methodology 

The methodology flowchart is as shown in Figure 1.  

 

Fig. 1 Methodology flowchart 
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2.1 Dataset Collecting 

In order to train a custom YOLOv5 dataset, a dataset of vehicles is prepared. Sena Traffic System Sdn. Bhd have 
provided 15 videos of road traffic. The video was then being converted into image frames that were used as the 
dataset and trained in YOLOv5. The video consists of daytime, and night-time videos as shown in Figure 2. In order 
to annotate and label each vehicle in each image, Roboflow Annotate is used to create a bounding box on each 
vehicle and identify its class as shown in Figure 3. The classes of vehicles needed for the dataset are bus, car, 
motorcycle and truck. The labelled images are then split into two categories, which are trained and valid. The 
labelled images in the trained category will undergo data augmentation by having the images flip horizontally and 
vertically to have more images with different positions. The dataset is then exported to YOLOv5 Pytorch TXT 
annotation format to be trained using YOLOv5. 

  
(a) (b) 

Fig. 2 Road situation (a) Daytime; (b) Nighttime 

 

Fig. 3 Labelling vehicles on robotflow annotate 

2.2 Custom Data Training and Validation 

Figure 4 shows the architecture of YOLOv5 which consists of three main parts called Backbone, Neck and Head. 
The Backbone will extract the key features and characteristics from an image such that it can train the dataset 
with it. The Neck will create feature pyramids, which are basic components in recognition systems for detecting 
objects at different scales. The Head will determine the result of the detection. 
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Fig. 4 Architecture of YOLOv5 

The two categories of labelled trained and valid images are used for training and validation respectively. 
There are 2,800 images in the trained category while there are 700 images in the valid category. Results of the 
evaluation of the custom dataset through validation are given in the form of precision curve, recall curve, 
precision-recall curve and F1 curve. The equation of precision, recall and F1 score are by Eq. (1), Eq. (2) and Eq. 
(3), respectively. 

 

 

 

(1) 
 

 

 
 

(2) 

 

 

 

(3) 

2.3 Vehicle Detection, Counting and Congestion Estimation 

2.3.1 Total number of vehicles 

After training and validation of the dataset, the weight of custom dataset is obtained. Weight is the file contains 
the output after the YOLO model is trained. Weight of both pretrained dataset and custom dataset are used to 
detect and count the number of vehicles in the video using YOLOv5 and DeepSORT. The function of YOLOv5 is to 
detect the vehicles in the video while DeepSORT will assign the detected vehicles with an ID and track them. The 
performance accuracy of DeepSORT is determined by MOTA (Multiple Object Tracking Accuracy) as given in Eq. 
(4). When the detected vehicle passes through the detection zone, the counter, which indicates the number 
ofvehicles in the video, will increase. The percentage error of the number of vehicles counted in the video is 
calculated using Eq. (5). 
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2.3.2 Congestion Estimation On Each Lane 

In order to estimate the congestion on each lane, the coordinates of each lane in the video are determined using 
Robotflow PolygonZone. By using an algorithm called Supervision, it will estimate the number of vehicles within 
the coordinate of each lane. The vehicle density in the predetermined area will determine the congestion level on 
the road. Supervision requires the YOLOv5 weight to detect objects, therefore, weight of both pretrained dataset 
and custom dataset were used. 

3. Result and Analysis 

The results obtained from validation are presented as below, where precision curve, recall curve, precision- recall 
curve and F1 curve are presented in Figure 5, 6, 7 and 8 respectively. The precision curve shows that all classes 
start to converge at 97.4% precision. Meanwhile, the recall curve shows an 87% accuracy to predict the class of 
each vehicle. The precision-recall curve in Figure 6 shows the accuracy of the model in detecting bus, car, 
motorcycle and truck individually and also all the vehicles together. The accuracies in detecting buses, cars, 
motorcycles, and trucks are 68.2%, 95.2%, 79.9% and 70.1%, respectively. Meanwhile, the accuracy to detect all 
vehicles is 78.3%. The F1 curve in Figure 8 shows that the system becomes confident at 30.9% F1 score and has 
78% confidence to accurately predict all classes. 

 

Fig. 5 Precision curve 
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Fig. 6 Recall curve 

 

Fig. 7 Precision-recall curve 

 

Fig. 8 F1 curve 
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Figure 9 shows the vehicles detected and classification into its respective classes by YOLOv5 during the 
validation process. The vehicles detected are classified as either bus, car, motorcycle, or truck. 

 

Fig. 9 Vehicles detected and classified 

The total number of vehicles in the video is determined by estimating the number of vehicles passing through 
the detection zone. The total number of vehicles detected by the pretrained dataset are shown in Figure 10 while 
the result of the custom dataset is shown in Figure 11. Both pretrained dataset and custom dataset detected the 
same total number of vehicles passing through the detection zone, which is 76. When calculated manually, there 
are 62 vehicles passing through the detection zone in the 3 minutes 43 seconds long video. The percentage error 
of the number of vehicles detected passing through the detection zone is 22.58%. Thus, the accuracy of the number 
of vehicles detected is 77.42%. The error in counting the total number of vehicles in the video is caused by the 
overlapping class detection of a vehicle. For example, a truck might be identified as both car and truck by YOLOv5 
due to their almost similar features and characteristics. When the truck with two overlapping classes passes 
through the detection zone, the counter will increase by two rather than one. To reduce the error of misidentifying 
the vehicles, the number of images in the dataset should be increased to improve the accuracy of the detection. 

 

 
 

Fig. 10 Number of vehicles detected using pretrained dataset 
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Fig. 11 Number of vehicles detected using custom dataset 

Figure 12 displays the outcome of the pretrained dataset's estimation of the number of vehicles on each lane, 
while Figure 13 illustrates the result of the custom dataset. The result analysis of each lane using the pretrained 
dataset and custom dataset is as shown in Table 1. Table 1 display that both pretrained dataset and custom dataset 
have a minimum 66.67% accuracy in estimating the number of vehicles in each lane. Despite the accuracy, it is 
able to roughly estimate number of vehicles in each which can help to determine the congestion level in future 
work. Moreover, the results show that the feasibility of both models in estimating the vehicles on each lane are as 
good as each other. The noticeable difference between them is that the pretrained dataset which is trained with a 
lot of images is able to detect vehicles which are small and far away in the video while the custom dataset which 
is trained with 2,800 images is able to detect the near and clearer vehicles only. 

 

 

Fig. 12 Number of vehicles detected in each lane using pretrained dataset 



Online Journal for TVET Practitioners Vol. 9 No. 2 (2024) 224-235 233 

 

 

 

Fig. 13 Number of vehicles detected in each lane using custom dataset 

Table 1 Result analysis of each lane 
 

Lane Number of vehicles 
Pretrained dataset 
estimation (Accuracy) 

Custom dataset 
estimation (Accuracy) 

1 (Red) 8 6 (66.67%) 6 (66.67%) 
2 (Green) 5 4 (75%) 4 (75%) 
3 (Yellow) 3 3 (100%) 4 (66.67%) 

4. Conclusion 

In conclusion, the custom dataset trained using YOLOv5 in this work is on par with the pretrained dataset provided 
by YOLOv5. Although it is not too accurate, we are able to estimate the number of vehicles in each lane with at 
least 66.67%, which is a step further in designing a vehicle detection system to estimate the congestion on the 
road using deep learning. In this research, the size of the dataset trained is limited, which could potentially cause 
biases in the model. In order to improve accuracy, more dataset should be obtained and trained.    
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