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ABSTRACT 

Traffic congestion is a critical issue in urban areas, leading to increased travel time, fuel consumption, and environmental 
pollution. This paper proposes a real-time traffic congestion detection system based on deep learning and multi-object 
tracking. The system utilizes the YOLOv8 model for vehicle detection and ByteTrack for tracking vehicles across video 
frames. A region of interest (ROI) is defined to focus on relevant traffic areas, and congestion is determined using two key 
metrics: vehicle density and Motorcycle Equivalent Unit (MEU) - based traffic representation. Experimental results 
demonstrate that the proposed system achieves competitive detection accuracy, with a mean Average Precision 
(mAP@0.5) of 0.911 for vehicle detection. The system is able to distinguish between congested and non-congested traffic 
conditions in real-world scenarios. These results indicate that the proposed approach is suitable for intelligent traffic 
monitoring and smart city applications. 

Keywords: Congestion Detection; YOLOv8; Multi-Object Tracking; ROI; Motorcycle Equivalent Unit. 

1. INTRODUCTION  
Traffic congestion has become a critical challenge in modern urban environments, particularly in rapidly developing cities 
where the number of vehicles increases significantly over time. In large metropolitan areas such as Ho Chi Minh City, 
traffic congestion frequently occurs at major intersections during peak hours, leading to severe consequences including 
increased travel time, fuel consumption, air pollution, and reduced quality of life [1], [2]. The complexity of urban traffic 
systems, especially in developing countries, is further intensified by the heterogeneous nature of traffic, where motorcycles 
dominate the traffic flow alongside cars, buses, and trucks [3]. 

Traditional traffic monitoring systems rely on manual observation or simple sensor-based approaches, which are often 
limited in scalability, accuracy, and real-time responsiveness. Recently, advances in artificial intelligence (AI) and 
computer vision have enabled the development of intelligent transportation systems (ITS) capable of automatically 
analyzing traffic conditions from video data [4]. Object detection models such as YOLO [5] and Faster R-CNN [6] have 
been widely used to detect vehicles, while tracking algorithms such as SORT [7] and ByteTrack [8] allow for monitoring 
vehicle movement over time. These technologies provide a promising solution for real-time traffic analysis and congestion 
detection. 

Despite these advancements, existing studies still exhibit several limitations. First, many approaches focus solely on 
image-level classification of congestion without explicitly detecting and tracking individual vehicles, which limits the 
ability to derive meaningful traffic parameters such as vehicle speed and density [9]. Second, some methods rely on optical 
flow techniques, which are sensitive to noise, camera vibration, and lighting variations [10]. Finally, most existing systems 
are designed for homogeneous traffic conditions and are not well suited for mixed traffic environments, particularly in 
countries like Vietnam where motorcycles constitute a large proportion of the traffic flow [3]. 

To address these challenges, this study proposes a real-time traffic congestion detection framework based on deep learning 
and multi-object tracking, specifically designed for mixed traffic environments. The proposed system integrates YOLOv8 
[11] for vehicle detection and ByteTrack [8] for multi-object tracking, enabling accurate identification and continuous 
tracking of multiple vehicles in video streams. In addition, a Region of Interest (ROI)-based analysis is introduced to focus 
on specific areas of an intersection, allowing localized traffic assessment. To better represent heterogeneous traffic 
conditions, different types of vehicles are converted into a unified metric using the Motorcycle Equivalent Unit (MEU), 
which reflects their relative impact on traffic flow [3]. 
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Based on the tracked vehicle data, the system computes key traffic indicators including vehicle density, average speed, 
and temporal stability. A congestion decision mechanism is then formulated using empirically determined thresholds 
derived from real-world observations. This approach enables the system to distinguish between normal traffic conditions 
and congestion states more effectively, particularly in dense and complex traffic scenarios. 

The main contributions of this paper include the development of a real-time traffic congestion detection framework that 
combines YOLOv8 and ByteTrack for accurate vehicle detection and tracking, the introduction of an ROI-based analysis 
method for localized and flexible traffic monitoring at urban intersections, the proposal of a congestion evaluation model 
that integrates vehicle density, speed, and duration using MEU to handle mixed traffic environments, and the experimental 
validation on real-world traffic data demonstrating the effectiveness and applicability of the proposed system. 

The remainder of this paper is organized as follows. Section 2 reviews related work in traffic congestion detection and 
computer vision-based approaches. Section 3 describes the proposed methodology in detail. Section 4 presents 
experimental results and performance evaluation. Finally, Section 5 concludes the paper and discusses future research 
directions. 

2. RELATED WORK 
Recent studies on traffic congestion detection from video data can generally be categorized into three main approaches: 
(i) image-level classification methods, (ii) motion- and speed-based analysis, and (iii) detection and tracking-based 
frameworks. Each category offers distinct advantages but also presents certain limitations, particularly when applied to 
complex and heterogeneous traffic environments.  

In the first category, several studies formulate congestion detection as a holistic image classification problem using deep 
convolutional neural networks. For instance, the work “MobileNetV2 with Spatial Attention Module for Traffic 
Congestion Recognition” (2024) introduces a lightweight CNN architecture with spatial attention to enhance feature 
representation, achieving efficient performance suitable for resource-constrained deployment [12]. Similarly, Jiang and 
Feng (2025) propose a small parallel residual CNN to learn congestion-related features directly from images, 
demonstrating the effectiveness of specialized architectures for end-to-end classification [13]. To improve robustness, 
“Traffic Congestion Recognition Based on Convolutional Neural Networks in Different Scenarios” (2025) focuses on 
generalization across varying lighting and weather conditions [14]. Another study, “Traffic Congestion Detection from 
Camera Images Using Deep Learning Approach” (2024), employs traffic density classification as an intermediate 
representation for congestion detection [15]. While these approaches are computationally efficient and easy to train, they 
primarily rely on global image features and lack interpretability in terms of explicit traffic indicators such as vehicle count, 
speed, or temporal duration, limiting their applicability in real-world traffic management scenarios. 

The second category emphasizes motion-based analysis by leveraging vehicle speed, optical flow, or temporal dynamics 
to characterize traffic conditions. FARSEC (2023) presents a reproducible framework for real-time vehicle speed 
estimation from traffic cameras, incorporating robustness against camera vibration and diverse video conditions [16]. 
Although not directly designed for congestion detection, it highlights the importance of speed as a key indicator of traffic 
states. Similarly, Ashraf et al. (2023) propose HVD-Net, which integrates detection, SORT-based tracking, and speed 
estimation, achieving approximately 87.24% accuracy in speed prediction [17]. Kamil et al. (2023) further demonstrate 
the effectiveness of combining YOLOv5 and DeepSORT for vehicle tracking and speed estimation, reporting RMSE and 
MAE values of 3.926 and 3.155, respectively [18]. Additionally, Azimjonov et al. (2023) develop a vision-based system 
capable of extracting traffic flow parameters such as vehicle count, movement direction, and speed, while analyzing the 
influence of camera placement [19]. Although these methods provide more dynamic and informative representations of 
traffic conditions, they often focus primarily on speed estimation or motion analysis, without integrating multiple factors 
into a unified congestion detection framework. Furthermore, optical flow and motion-based methods may struggle under 
heavy occlusion, complex perspectives, and dense mixed traffic conditions. 

The third category involves detection and multi-object tracking approaches, which enable a more comprehensive 
understanding of traffic by capturing both spatial and temporal characteristics. Shen et al. (2025) propose a real-time 
surveillance system combining YOLOv8 and ByteTrack for accurate detection and tracking of traffic participants, 
demonstrating strong performance with low computational cost [20]. In a similar direction, the study “Passable: An 
Intelligent Traffic Light System with Integrated Deep Learning and Computer Vision” (2025) introduces an adaptive traffic 
signal control system that adjusts signal timing based on real-time traffic density [21]. Another work, “Real-Time Traffic 
Control and Monitoring” (2023), employs EfficientDet and TensorFlow Lite to estimate traffic “bulkiness” from live video 
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streams for control purposes [22]. Additionally, “Smart Traffic Management of Vehicles Using Faster R-CNN-Based Deep 
Learning Method” (2024) explores the use of two-stage detectors for vehicle detection in dense and occluded 
environments, achieving competitive detection accuracy [23]. While these approaches provide more interpretable outputs 
such as vehicle count, flow, and spatial distribution, many of them focus primarily on surveillance or simplified indicators 
like density, without integrating key factors such as speed and temporal persistence into a unified congestion model. 

Overall, despite significant progress across these three research directions, several limitations remain. Image-level 
classification methods lack interpretability, motion-based approaches often fail in complex urban scenarios, and detection–
tracking frameworks do not fully exploit multi-factor traffic indicators. In particular, there is still a lack of robust and 
adaptive models capable of simultaneously incorporating vehicle density, speed, and temporal duration to accurately 
identify congestion in mixed traffic environments, such as those commonly observed in developing countries. These 
challenges motivate the development of more comprehensive frameworks that combine detection, tracking, and multi-
factor analysis for real-time traffic congestion detection. 

3. METHOD 
This section presents the proposed framework for real-time traffic congestion detection at urban intersections. The system 
is designed to process traffic video streams and infer congestion status by combining vehicle detection, multi-object 
tracking, and traffic metric analysis. The overall pipeline consists of four main stages: input acquisition, vehicle detection, 
object tracking, and congestion decision-making. In particular, the proposed method emphasizes region-based analysis 
and a mixed-traffic representation using MEU, allowing the framework to better adapt to urban traffic environments where 
different vehicle types occupy different amounts of road space. 

3.1. System pipeline 

The overall system pipeline, as illustrated in Fig. 1, consists of a sequence of processing stages, including input video 
acquisition, vehicle detection, multi-object tracking, traffic metric computation, and congestion decision. 

At the first stage, traffic video streams are captured from surveillance cameras installed at urban intersections. These video 
frames serve as the primary input for the system. Each frame is then processed by a vehicle detection model, specifically 
YOLOv8, to identify and classify different types of traffic participants such as motorcycles, cars, buses, and trucks. 

In the next stage, a multi-object tracking algorithm, namely ByteTrack, is employed to associate detected vehicles across 
consecutive frames. This process assigns a unique identity to each vehicle and enables the reconstruction of its trajectory 
over time. As a result, the system can maintain temporal consistency and avoid duplicate counting of vehicles. 

Following the tracking stage, the system performs traffic analysis within a predefined ROI. Only vehicles whose positions 
fall inside the ROI are considered for further processing. Based on these tracked vehicles, several traffic metrics are 
computed, including vehicle density, average velocity, and temporal persistence. To better reflect mixed traffic conditions, 
different vehicle types are converted into a unified representation using MEU, allowing the system to account for their 
varying impact on road occupancy. 

Finally, the computed traffic indicators are integrated through a rule-based decision mechanism to determine the 
congestion status. Specifically, congestion is identified when the density exceeds a predefined threshold, the average 
velocity falls below a certain limit, and these conditions persist over a specified duration. The output of the system is a 
binary or categorical congestion state, indicating whether the traffic condition is normal or congested. 

 

 
Figure 1. Proposed system pipeline for traffic congestion detection. 
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The proposed pipeline has two key characteristics. First, it performs localized analysis by focusing on vehicles within user-
defined ROIs, making it suitable for intersection-level monitoring rather than full-frame analysis. Second, it is designed 
to handle mixed traffic environments, where heterogeneous vehicle types coexist. By incorporating MEU-based 
normalization, the system provides a more realistic representation of traffic conditions compared to simple vehicle 
counting methods. 

3.2. Vehicle detection 

The vehicle detection stage is responsible for locating and classifying traffic participants in each frame. In this study, 
YOLOv8 is adopted as the detector due to its favorable balance between detection accuracy and real-time performance. 
Compared with lighter variants, YOLOv8 provides stronger feature extraction capability, which is beneficial in dense 
traffic scenes with overlapping or partially occluded vehicles, while still maintaining sufficiently low latency for real-time 
deployment compared to heavier detectors. Given an input frame It at time t, the detector outputs a set of bounding boxes, 
denoted as 𝐷!, as defined in (1). 

 𝐷! = {(𝑏" , 𝑐" , 𝑠")}"#$
%!  (1) 

where: 𝑏" = (𝑥" , 𝑦" , 𝑤" , ℎ") denotes the bounding box of the i-th detected vehicle, 𝑐" is the class label,  𝑠" is the confidence 
score, 𝑁! is the number of detections in frame t. 

The detector considers five main vehicle categories: motorcycle, bicycle, car, truck, and bus. These categories were 
selected because they are common in urban traffic and sufficiently represent the diversity of mixed traffic flow. The use 
of class-specific outputs is essential for the subsequent MEU conversion, where different vehicle types contribute 
differently to congestion estimation. 

To reduce false positives, only detections with confidence scores above a predefined threshold are retained. The filtered 
detections are then passed to the tracking stage. 

3.3. Multi-object tracking 

After detection, the system performs multi-object tracking to preserve the identities of vehicles across frames and recover 
their trajectories over time. This study employs ByteTrack because of its strong performance in crowded scenes and its 
ability to recover valid objects even when their confidence scores are relatively low. Specifically, the detection results in 
frame t, denoted as Dt, are divided into two groups: high-confidence detections 𝐷𝑡

ℎ𝑖𝑔ℎ and low-confidence detections 𝐷𝑡𝑙𝑜𝑤. 
ByteTrack performs data association in two stages, where existing tracks are first matched with high-confidence detections 
using Intersection over Union (IoU)-based similarity, followed by a second stage in which unmatched tracks are associated 
with low-confidence detections to recover vehicles that may be partially occluded or weakly detected. The matching cost 
between a track Tj and a detection Di is defined as in (2). 

 𝐶"- = 1 − 𝐼𝑜𝑈(𝑇- , 𝐷") (2) 

where: 𝐼𝑜𝑈7𝑇- , 𝐷"8 =
./0123"∩5#6

./0123"∪5#6
 

The Hungarian algorithm is then applied to minimize the total association cost and produce the optimal matching between 
current detections and existing tracks, resulting in a set of tracked objects, denoted as 𝑇!, as defined in (3). 

 𝑇! = {(𝑖𝑑8 , 𝑏8 , 𝑐8)}8#$
9!  (3) 

where: 𝑖𝑑8 is the unique ID of the tracked vehicle, 𝑏8 is its current bounding box, 𝑐8 is its class label, 𝑀! is the number of 
active tracks. 

Tracking plays a crucial role in the proposed system for three reasons. First, it prevents duplicate counting by ensuring 
that the same vehicle is not counted multiple times across frames. Second, it provides temporal continuity, which is 
necessary for estimating vehicle speed. Third, it improves system robustness in dense traffic scenes with occlusion and 
overlapping vehicles. 
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3.4. Congestion metric 

The congestion decision module is the core contribution of the proposed framework. Instead of treating congestion as a 
pure image-level classification problem, the system estimates congestion from interpretable traffic indicators derived from 
tracked vehicles inside an ROI. Four key components are used: ROI filtering, MEU conversion, density estimation, and 
velocity estimation. 

3.4.1. Region of interest 

A ROI is defined as a polygonal area corresponding to a traffic lane, waiting zone, or intersection segment to be monitored. 
Let the centroid of vehicle k at frame t be denoted as 𝑝𝑘

𝑡 = (𝑥𝑘𝑡 , 𝑦𝑘
𝑡 ). A vehicle is included in the congestion analysis if its 

centroid satisfies 𝑝𝑘
𝑡 ∈ 𝑅𝑂𝐼. 

This ROI-based filtering allows the system to focus on specific traffic regions rather than the entire frame, improving both 
computational efficiency and interpretability. 

3.4.2. Motorcycle equivalent unit 

In mixed traffic environments, simply counting vehicles is insufficient because different vehicle types occupy different 
amounts of space and influence traffic flow differently. To address this issue, the proposed framework converts each 
detected vehicle into a MEU. 

Let nc denote the number of vehicles of class c inside the ROI, and let αc be the MEU coefficient assigned to class c. Then, 
the total equivalent traffic load is defined as in (4). 

 𝑀𝐸𝑈!;!1< = ∑ 𝛼=>
=#$ ∗ 𝑛= (4) 

where C is the number of vehicle classes. 

In this study, the MEU coefficients are assigned as follows: motorcycle: 1.0, bicycle: 1.0, car: 3.4, truck: 6.0, and bus: 
10.5. These coefficients reflect the relative road occupancy and traffic influence of each vehicle type compared to a 
motorcycle [3]. 

3.4.3. Density estimation 

Traffic density is estimated based on the total MEU load inside the ROI. Let AROI denote the effective area of the ROI. 
Then the density can be defined as in (5). 

 ρ! =
9?@!$!%&(!)

.'()
 (5) 

where: ρ! is the traffic density at time t, 𝑀𝐸𝑈!;!1<(𝑡) is the total equivalent vehicle load at time t.  

In practice, if precise geometric calibration is not available, the density can be approximated directly by the total equivalent 
number of vehicles inside the ROI as (6). 

 ρ!C = 𝑀𝐸𝑈!;!1<(𝑡) (6) 

This approximation is often sufficient when the ROI is fixed for a given camera setting. 

3.4.4. Velocity estimation 

Vehicle speed is estimated from the displacement of tracked centroids across frames. Let the centroid of vehicle k at frames 
t-1 and t be 𝑝8!D$ and 𝑝8! , respectively. The displacement in image coordinates is defined as in (7). 

 Δd8! = ‖𝑝8! − 𝑝8!D$‖ (7) 

If the video frame rate is FPS and a spatial calibration factor β is available to convert pixel distance into real-world distance, 
the speed of vehicle k is computed as (8). The resulting speed can then be converted into km/h by applying an appropriate 
unit conversion factor. 

 𝑣8! = Δd8! ∗ 𝐹𝑃𝑆 ∗ 𝛽 (8) 

The average speed of all tracked vehicles inside the ROI at time t is computed as in (9). 
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 𝑣! =
$

9!
'()∑ 𝑣8!

9!
'()

8#$  (9) 

where 𝑀!
EFG is the number of tracked vehicles inside the ROI. 

3.4.5. Congestion decision logic 

The congestion thresholds used in this study were determined empirically based on real-world traffic observations and 
practical traffic monitoring criteria commonly used in Vietnam. In particular, the speed threshold of 5 km/h was selected 
because urban traffic conditions with average vehicle speeds below this level are generally considered congested in 
practical traffic monitoring systems. The density threshold of 50 MEU-equivalent vehicles inside the ROI was determined 
through repeated observations on traffic videos collected at major intersections in Ho Chi Minh City, where traffic 
conditions above this threshold consistently corresponded to visually congested states. In addition, a temporal persistence 
threshold of 2 minutes was introduced to reduce false congestion alarms caused by temporary stopping behavior during 
traffic-light cycles or short-term fluctuations in vehicle flow. Although fixed thresholds were adopted in this study for 
interpretability and practical deployment, future work may investigate adaptive threshold estimation methods based on 
historical traffic patterns and environmental conditions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The system determines the congestion status by jointly considering traffic density, average speed, and persistence duration. 
A traffic region is considered to be in a congested state if the following conditions are simultaneously satisfied, as defined 
in (10). 

Algorithm 1. Real-Time traffic congestion detection 

Input: 

       Video stream V 

       Predefined ROI 

       Detection model YOLOv8 

       Tracking model ByteTrack 

       Density threshold τρ 

       Speed threshold τv 

       Time threshold τT 

Output: Congestion status for each time interval 

1:   Initialize tracker 

2:   For each frame It in video stream V do 

3:        Detect vehicles using YOLOv8 

4:        Filter detections by confidence threshold 

5:        Track detected vehicles using ByteTrack 

6:        Select tracked vehicles whose centroids lie inside ROI 

7:        Count vehicles by class inside ROI 

8:        Convert vehicle counts into MEU_total 

9:        Estimate speed of each tracked vehicle 

10:      Compute average speed vt inside ROI 

11:      If (MEU_total > τρ) and (vt < τv) continuously for τT then 

12:           Set congestion status = 1 

13:      Else 

14:           Set congestion status = 0 

15:      End if 

16: End for 

17: Return congestion status 
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ρ!C > τH 

 𝑣! < τI (10) 

ΔtJ0/K"K! > τL 

where: τH is the density threshold, τI is the speed threshold, τL is the temporal persistence threshold. In this study, the 
default thresholds are: τH = 50 MEU-equivalent vehicles in ROI, τI = 5	𝑘𝑚/ℎ, τL = 2	𝑚𝑖𝑛𝑢𝑡𝑒𝑠. 

Thus, the congestion decision function can be formulated as in (11). 

 𝐶𝑜𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛𝑡 = !
1,			𝑖𝑓	ρ𝑡

′ > τρ, 𝑣𝑡 < τ𝑣, 𝑎𝑛𝑑	Δt𝑝𝑒𝑟𝑠𝑖𝑠𝑡 > τT	
0,			𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒																																																				

 (11) 

This rule-based formulation makes the system interpretable and practical. Instead of predicting congestion as a black-box 
label, the model explains congestion through physically meaningful traffic indicators. This is especially useful in intelligent 
traffic systems, where the output may support downstream tasks such as adaptive traffic signal control. 

The complete procedure for real-time congestion detection is summarized in Algorithm 1. This algorithm formalizes the 
proposed framework by integrating vehicle detection, tracking, ROI-based filtering, MEU computation, and multi-factor 
decision logic into a unified process. In particular, the congestion state is determined by jointly evaluating density, average 
velocity, and temporal persistence over a predefined time window. 

4. EXPERIMENTAL RESULTS AND EVALUATION 
4.1. Data Collection 

The dataset used in this study was constructed from three primary sources: the AI Challenge HCMC 2020 – Vehicle 
Counting Dataset, the COCO dataset (specifically selected classes such as buses and bicycles), and a custom dataset 
collected by the research team. 

For the custom data, images and video sequences were captured at pedestrian overpasses in Ho Chi Minh City. The cameras 
were positioned at elevated viewpoints and oriented downward toward intersections, simulating the perspective of real-
world traffic surveillance systems. This setup ensures that the collected data closely reflects practical deployment 
conditions in urban traffic monitoring. 

The raw data were manually annotated using Roboflow, where bounding boxes were created and class labels were assigned 
to each detected object. In total, the dataset consists of 1,268 labeled images with 4,933 annotated objects, which were 
used for training the detection model. Table 1 summarizes the distribution of object classes in the dataset. 

Table 1. Dataset statistics 

No. Class Number of objects 
1 Car 1,025 
2 Bicycle 674 
3 Bus 567 
4 Motorcycle 1,921 
5 Truck 746 

 

Before training and evaluation, the dataset was preprocessed through several steps. First, images were resized to a standard 
resolution of 640×640 pixels. Pixel values were normalized to the range [0, 1] to stabilize model training. In addition, data 
augmentation techniques such as random cropping and perspective transformations were applied to increase data diversity 
and improve model robustness under varying real-world conditions. 

Finally, the dataset was divided into training, validation, and testing subsets with a ratio of 70%, 10%, and 20%, 
respectively. 
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4.2. Model selection and detection performance 

4.2.1 Comparison of object detection models 
In the initial stage of the experiments, several object detection models, including SSDLite, Faster R-CNN, and YOLO-
based models, were evaluated on the same traffic dataset to assess their effectiveness in detecting vehicles in urban traffic 
conditions in Vietnam. 

As shown in Table 2, YOLO-based models significantly outperform traditional detection approaches such as Faster R-
CNN and SSDLite. SSDLite exhibits the lowest performance, with a Precision of 0.24 and Recall of 0.37, making it 
unsuitable for real-world traffic monitoring. Faster R-CNN achieves a relatively high mAP@0.5 of 0.85, but its low Recall 
(0.27) indicates that many vehicles are missed, which limits its applicability in traffic analysis. 

Table 2. Performance comparison of object detection models 

Model Precision Recall mAP@0.5 mAP@0.5:0.95 

Faster R-CNN 0.57 0.27 0.85 0.49 
SSDLite 0.24 0.37 0.504 0.32 
YOLOv5 0.85 0.85 0.89 0.53 
YOLOv7 0.862 0.861 0.915 0.596 
YOLOv8 0.882 0.845 0.911 0.597 

 

Among the YOLO-based models, YOLOv5 demonstrates strong performance with balanced Precision and Recall values 
(both 0.85), serving as a solid baseline. However, more recent models, including YOLOv7 and YOLOv8, provide further 
improvements. YOLOv7 achieves higher Precision (0.862) and Recall (0.861), along with improved mAP values, due to 
its enhanced feature aggregation architecture. YOLOv8 achieves the highest overall Precision (0.882) and competitive 
mAP performance, demonstrating the effectiveness of its anchor-free design and improved label assignment strategy. 

Overall, the results indicate that YOLO-based detectors are more suitable for traffic applications. In particular, YOLOv8 
provides the best trade-off between detection accuracy and robustness, and is therefore selected as the backbone model for 
the proposed system. 

4.2.2. Detailed evaluation of YOLOv8 

After selecting YOLOv8 as the detection model, a detailed evaluation is conducted to analyze its performance on the traffic 
dataset. 

Table 4. Training Results of the YOLOv8 Model 

Class Precision Recall mAP@0.5 mAP@0.5:0.95 

All 0.882 0.845 0.911 0.597 

Car 0.856 0.865 0.927 0.585 
Bicycle 0.942 0.852 0.926 0.618 

Bus 0.911 0.919 0.951 0.729 
Motorcycle 0.818 0.787 0.861 0.449 

Truck 0.88 0.804 0.89 0.604 
 

As shown in Table 4, YOLOv8 achieves an overall Precision of 0.882, Recall of 0.845, mAP@0.5 of 0.911, and 
mAP@0.5:0.95 of 0.597, demonstrating strong detection performance and robustness. 

Among the five vehicle classes, buses and cars achieve the highest performance with mAP@0.5 values of 0.951 and 0.927, 
respectively. In contrast, motorcycles and trucks exhibit lower performance due to their smaller size, high variability, and 
frequent occlusion in dense traffic environments. 
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Figure 2. Training results of YOLOv8: loss and evaluation metrics over epochs 

The training process is illustrated in Figure 2, where the loss components (box_loss, cls_loss, and dfl_loss) decrease 
steadily over epochs, indicating stable learning. The validation losses follow a similar trend without significant divergence, 
suggesting that the model does not suffer from overfitting. 

 
Figure 3. Precision–recall curves of YOLOv8 for each vehicle class 

Regarding evaluation metrics, both precision and recall increase rapidly during the early training phase and stabilize 
afterward. The mAP@0.5 approaches 0.9, while mAP@0.5:0.95 reaches approximately 0.6, which is reasonable given the 
diversity of traffic conditions and object appearances. 

The Precision–Recall curves in Figure 3 show that the model maintains high precision across most recall levels for the 
majority of vehicle classes. The bus class achieves the best performance, while motorcycles show lower performance due 
to their small size and high occlusion rate. 
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Figure 4. F1–confidence curves of YOLOv8 for each vehicle class 

The F1–confidence curve (Figure 4) indicates that the optimal confidence threshold is around 0.37, where the F1-score 
reaches its maximum value of approximately 0.86. This reflects a good balance between precision and recall. 

 
Figure 5. Class-wise precision–confidence curves of the YOLOv8 model 

The Precision–confidence curve (Figure 5) demonstrates that precision increases significantly with higher confidence 
thresholds, reaching near-perfect precision at high confidence levels. Meanwhile, the Recall–confidence curve (Figure 6) 
shows that recall remains high at low confidence thresholds but decreases as the threshold increases, particularly for 
challenging classes such as motorcycles. 

 
Figure 6. Class-wise recall–confidence curves of the YOLOv8 model 
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Overall, the results confirm that YOLOv8 is well-suited for vehicle detection in urban traffic environments, providing a 
good trade-off between detection accuracy and robustness. However, performance on small or heavily occluded objects 
still presents challenges and may be improved through further data augmentation or model refinement. 

4.3 Congestion detection performance 

To evaluate the effectiveness of the proposed congestion detection method, experiments were conducted on real-world 
traffic video sequences. The system determines traffic congestion based on vehicle density within the ROI and average 
vehicle speed. 

In congested scenarios, the vehicle density exceeds the predefined threshold (τρ), while the average vehicle speed remains 
below the speed threshold (τv) for a continuous duration (τT). Conversely, in non-congested conditions, vehicles exhibit 
higher speeds and lower density values. 

Figure 7 illustrates qualitative results of the proposed system. When traffic congestion occurs, the system correctly 
identifies the congested region and labels it accordingly. In contrast, under normal traffic conditions, the system maintains 
a non-congested status. 

Although ground truth annotations for congestion are not available, the experimental observations confirm that the system 
produces consistent and reliable results across different traffic conditions. The combination of spatial density and motion-
based metrics allows the system to detect congestion even in complex urban environments. 

4.4 Qualitative evaluation under real-world scenarios 

To further validate the effectiveness of the proposed system, qualitative experiments were conducted on real-world traffic 
videos collected by the research team. These videos were not used during training or validation, ensuring an unbiased 
evaluation of the system performance. 

The dataset consists of video sequences captured from pedestrian overpasses at urban intersections in Ho Chi Minh City, 
featuring typical traffic conditions with 2–4 lanes. All experiments were conducted under natural daylight conditions to 
reflect realistic deployment scenarios. 

Two representative traffic conditions were selected for evaluation: 

Scenario 1: Congested traffic under favorable lighting conditions 

This scenario evaluates the ability of the system to detect congestion when traffic density is high and vehicle speeds are 
low. The results show that the system successfully detects and tracks vehicles while correctly identifying the congested 
state within the region of interest. 

 
Figure 7. Congested traffic scenario: visualization of vehicle detection and tracking results within the defined ROI. The 

system identifies multiple vehicles with assigned tracking IDs, while high vehicle density and low average speed lead to a 
congestion alert. 
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Scenario 2: Normal traffic flow under favorable lighting conditions 

This scenario evaluates the system under normal traffic conditions, where vehicles are moving at higher speeds, even when 
traffic volume is relatively high. The system is able to correctly distinguish this situation from congestion, demonstrating 
robustness against false positive detection. 

 
Figure 8. Normal traffic scenario: visualization of vehicle detection and tracking results under non-congested conditions. 
Although multiple vehicles are present, higher movement speed and lower density prevent the system from triggering a 

congestion state. 

These experiments demonstrate that the proposed system is capable of reliably distinguishing between congested and non-
congested traffic states in real-world environments. The combination of density and motion-based analysis enables the 
system to provide stable and interpretable results under different traffic conditions. 

5. CONCLUSION 
This paper presents a real-time traffic congestion detection framework for mixed traffic environments based on deep 
learning and multi-object tracking. By integrating YOLOv8 for vehicle detection and ByteTrack for multi-object tracking, 
the proposed system is capable of analyzing traffic conditions within a predefined region of interest (ROI) while 
maintaining temporal consistency of tracked vehicles. In addition, the use of Motorcycle Equivalent Unit (MEU)-based 
traffic representation enables the framework to better reflect heterogeneous traffic characteristics commonly observed in 
urban areas such as Ho Chi Minh City. The congestion decision mechanism combines vehicle density, average speed, and 
temporal persistence, providing a more interpretable and practical approach for congestion detection compared with image-
level classification methods. 

Experimental results demonstrate that the proposed framework achieves competitive vehicle detection performance and is 
capable of reliably distinguishing between congested and non-congested traffic conditions in real-world scenarios. The 
integration of spatial density analysis and motion-based information improves the robustness of the system under complex 
urban traffic environments. Furthermore, the ROI-based analysis allows localized monitoring and reduces the influence of 
irrelevant traffic regions, making the framework suitable for intelligent traffic monitoring applications and potential 
adaptive traffic signal control systems. 

Despite the promising results, the proposed system still has several limitations. First, the experiments were mainly 
conducted under daytime and favorable weather conditions; therefore, detection and tracking performance may decrease 
at nighttime or during heavy rain due to reduced visibility and image quality. Second, camera vibration and unstable 
viewpoints may affect tracking consistency and speed estimation accuracy. Third, the current framework assumes a 
relatively fixed camera angle and ROI configuration, meaning that significant viewpoint changes may require recalibration 
of the ROI and spatial conversion parameters. Finally, extremely dense motorcycle traffic with severe occlusion remains 
challenging for accurate vehicle detection and tracking. 
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Future work will focus on improving system robustness under adverse environmental conditions, incorporating adaptive 
threshold and calibration strategies, and extending the framework for large-scale real-world deployment in intelligent 
transportation systems. 
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