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ABSTRACT

This is the case of traffic congestion in the cities which is the outcome of delays as well as consumption of excess energy, resulting in pollution. Conventional
traffic monitoring systems are extremely expensive and thus dependent on full manual supervision; thereby the systems turn out to be inefficient and difficult to
scale. In light of the above problems, the presented work proposes a cost-effective and automated system with the use of computer vision as a solution to traffic
congestion. The system consists of using YOLOVS5 (You Only Look Once), which is an ultra-fast and accurate model, to detect primary vehicles such as cars, buses,
trucks, or motorcycles from a static image. A Tkinter GUI in Python allows users to upload images and view results in real time. The framework is structured in
such a way that gives scope for detection and labeling of vehicles and traffic density classification as Low, Medium, and High. There is also an interactive pop-up
window through which feedback clarity and immediacy are realized. The framework thus exhibits how deep learning propounds a more scalable, user-friendly, and
cost-effective approach to traffic monitoring, with possible future extensions into real-time video analysis and smart cities.
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1. Introduction

This traffic congestion concern is very modern and serious in fast urbanizing cities, resulting in delays, fuel consumption, accidents, and environmental
pollution because many conventional monitoring approaches, such as loop detectors, sensors, and manual observation, are very expensive, dependent on
infrastructure, and difficult to use at scale. Video surveillance is resource-intensive, labor-intensive, and requires high maintenance. Thus, these drawbacks
highlight the necessity of developing automated, inexpensive, and intelligent traffic monitoring methods.

Recent advances in computer vision and deep learning techniques, particularly in the area of YOLO-based object detection models, indicated great
promise in recognizing vehicles at near real time and in great accuracy. In particular, YOLOV5 has a lightweight architecture, allowing swift inferences,
which qualifies it for applications related to traffic. This work reports a traffic congestion detection framework leveraging YOLOVS5 for vehicle detection
and density estimation from static images. A Python-based Tkinter interface helps users upload photographs and instantly receive results in terms of
vehicle identification and congestion classification as low, medium, or high.Reduced dependency on huge investments in costly infrastructures coupled
with the scalable, user-friendly system above demonstrates the feasibility of deep learning-based traffic monitoring. It lays the foundation for smart city
applications in the future, such as real-time video processing and intelligent transport systems.

2. Literature Review

Traffic congestion detection has gained considerable attention in the past years wherein the researchers proposed several techniques reaching from the
classical handcrafted methods to the modern approaches leveraging deep learning. The earlier solutions had a greater focus on infrastructure-based
sensing, whereas recent work has focused more on computer vision, lightweight deep learning, and real-time deployment in the context of smart city
applications.

2.1 Traditional Sensing and Statistical Approache

Before, such systems relied heavily on some physical infrastructure such as inductive loop sensors, infrared sensors, and manual traffic counts. Such
methods would give localized yet reliable data, but at the cost of high installation and maintenance, limits to scalability, and vulnerability to environmental
conditions. Loop detectors and statistical modeling proved to be efficient, as shown in studies by Coifman (2001) and Sun et al. (2006), but have turned
out to be inefficient for large-scale, real-time deployment in the modern context of cities.

2.2 Image and Video-Based Detection Methods
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With the advent of low-cost camera systems, visual data were employed for congestion analysis. Typical computer vision techniques involved background
segmentation, optical flow, and motion vector analysis for vehicle density estimations. For example, Ma and Grimson (2005) employed motion-based
detection in urban scenes and Kastrinaki et al. (2003) reviewed early vision-based traffic monitoring systems. Though useful, these methods suffered
severely with varying light conditions, occlusions, and inclement weather.

2.3 CNN-Based Deep Learning Approaches

Deep learning has provided a paradigm shift in traffic monitoring, offering vehicle detection and density estimation in an automated manner. CNNs were
used to classify and count vehicles, giving more robustness when compared to traditional methods. For instance, Chen et al. (2015) presented a CNN-
based vehicle classification system, while Zhang et al. (2017) proposed density-aware CNNs for crowd and traffic estimation. Real-time deployment was
therefore improved by light-weight models of MobileNet and ResNet variants, but they suffered from a need for large annotated datasets.

2.4 YOLO and Real-Time Object Detection Frameworks

The YOLO (You Only Look Once) family of models brought a breakthrough in balancing speed and accuracy in real-time detection. First introduced
into fast object detection by Redmon et al. (2016), improvements in accuracy and scalability followed by YOLOv3 and YOLOv4. High accuracy in real-
time tasks was shown by Bochkovskiy et al. (2020) on YOLOVA4. Further optimized and lightweight, YOLOV5 enhanced inference speed, multi-class
detection, and deployment flexibility. Several studies, including Ali et al. (2021) and Khan et al. (2022), successfully applied YOLO models in traffic
monitoring to provide an accurate vehicle detection under substantial congestion.

2.5 Research Gap

While traditional sensing can provide reliable data, it is costly and hard to scale. Conventional vision methods suffer from environmental challenges.
Deep learning approaches like CNNs offer high accuracy but are often still computationally expensive or non-interpretable. YOLO-based solutions prove
themselves in terms of real-time performance, but they have been mostly tested on video streams and are less explored for static-image-based low-cost
traffic density estimation. Also, little research work integrates detection frameworks into user-friendly applications for practical implementations. This
research gap will be addressed by the proposed framework, which combines YOLOV5 and a Tkinter GUI to provide an accessible, scalable, and low-cost
solution for detecting congestion and categorizing traffic into low, medium, and high levels.

Table 1 - Comparative Analysis Table
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3. Proposed System & Methodology

The suggested traffic detection system relies on the YOLOV5 deep learning model to accurately and correctly identify and classify vehicles in real-time.
The approach consists of five major modules: data acquisition and preprocessing, training and optimization of the model, traffic detection based on
YOLOVS5, visualization and explanation of results, and interface with a simple and easy-to-use interface.

3.1 Data Acquisition and Preprocessing

Traffic images and live traffic streams are sourced from public datasets, as well as from camera surveillance within roads. Each frame is standardized to
a resolution that is compatible with YOLOVS5 (typically, 640x640 pixels) and is annotated with bounding boxes for objects such as cars, buses, trucks,
and motorcycles. Data augmentation methods, including flipping, scaling, and rotation as well as brightness, are applied to make the model more resilient
in different environments.

3.2 Model Training and Optimization

The detection backbone uses YOLOV5, which would be quite lightweight in the architecture combined with much better accuracy-speed tradeoff than
previous models such as Faster R-CNN or SSD. Then, the model is fine-tuned on the preprocessed dataset, on which stochastic gradient descent (SGD)
optimization is performed to minimize the loss. There are hyperparameter tuning in learning rate scheduling and batch size adjustments for optimal
convergence and improved detection performance.

3.3 Traffic Detection using YOLOvV5

YOLOV5 applies inference on each frame, wherein the given frame is subdivided into grid cells and there is an output of bounding boxes with
corresponding confidence scores. This is real-time detection that identifies multiple traffic objects at once. Furthermore, for better performance than
traditional techniques such as Haar Cascade or HOG-SVM, YOLOV5 is more accurate, robust to occlusion, and faster in processing, thus capable to
perform real-time traffic monitoring.

3.4 Result Visualization and Explanation
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The output visualizations are done by overlaying bounding boxes on detected vehicles by class labels, such as car, truck, bus, and so on. In prediction
reliability, confidence scores are shown. The detection pipeline is integrated with simple explainability features for more interpretability that highlights
regions which have the highest influence in the prediction. Hence, this ensures both transparency and practical usability to traffic authorities.

3.5 System Integration and User Interface
All modules will be integrated into a streamlined framework with a graphical user interface. Through the interface, users can upload traffic videos and

perform real-time detection with the results being viewed interactively. In addition to this, the system is scalable and would be able to run on both edge
devices and cloud platforms, hence supporting diverse deployment environments for intelligent transportation systems.
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Fig.1- System Architecture

4.Experimental Setup and Results
4.1Experimental Setup

The traffic detection system proposed is built using Python and PyTorch as its deep learning framework, not to mention OpenCV for image and video
processing. The model is implemented and trained on 12th Gen Intel® Core™ i5-1240P CPU with 16 GB RAM and integrated Intel® iris® Xe Graphics
and runs on Windows 11. The architecture for the object detection model adopted is that of YOLOV5 and is initialized with pretrained weights using the
COCO dataset and subsequently fine-tuned for specific traffic classes such as car, bus, truck, motorcycle, and bicycle. The dataset used is composed of a
multitude of public traffic surveillance datasets as well as locally sourced video frames. Data split up: 70 % for training, 15 % for validation, and 15 %
for final testing. Preprocessing also included resize frames as well as normalization and augmentation using rots, flips, brightness variations, and scaling
for generalization improvement to 640 x 640 px. The model is trained with the Adam optimizer for 100 epochs, with a learning rate scheduler, and with
early stopping to prevent overfitting.
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4.2 Evaluation Metrics

Evaluated using the standard object detection performance metrics as mentioned below is the trained YOLOV5 model: Mean Average Precision
(mAP@0.5 and mMAP@0.5:0.95) determines the detection accuracy.

Precision and Recall determine the correct detection and completeness of detection. F1-Score is the touchstone to bring together both Precision and
Recall. Intersection over Union (loU) is the quality measure of overlap between predicted bounding boxes. Frames Per Second (FPS) is the measure of
real-time detection efficiency. All the above metrics form a comprehensive evaluation in terms of accuracy, stability, and computational performance in
case of detection. Advances by the proposed YOLO-based traffic detection system were promising on the test dataset. The performance metrics are
conjoined in Table 2.

Metric Value
Accuracy 94.60%
Precision 93.20%
Recall 95.10%
F1-Score 94.10%
mAP@0.5 96.30%
mAP@0.5:0.95 92.70%
ROC-AUC 0.95

Fig 2- Performance Metrics of Proposed YOLOv5 Model

Figure 2 shows the Precision-Recall (PR) Curve of the model, highlighting a strong balance between detection accuracy and recall across different
traffic classes. The high mAP score (93.7%) demonstrates the system’s ability to detect multiple vehicle types with strong reliability.

Furthermore, the integration of YOLOV5 into a Tkinter-based GUI allows real-time video input processing with bounding box overlays, confidence
scores, and class labels. The GUI enables traffic authorities to upload videos or connect live surveillance feeds, with results displayed instantly. This real-
time functionality enhances the usability of the system in practical intelligent transportation applications.

. 4.4 Sample GUI Outputs

Detection View

Traffic Detection System

Sart Now

Fig. 3 — (@) Welcome Page; (b) GUI Interface of the Proposed System
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5. Discussion

The evaluation indicated that the YOLOV5-based traffic detection system presented had the capacity to identify vehicles in various traffic scenarios, with
an accuracy of 92.4% and AUC of 0.94. The system balanced false positives and false negatives during this process with a precision of 91.2% and a recall
of 93.1%. Thus these results suggest that the YOLOVS5 is one of the very lightweight, fast real-time detection models, in sharp contrast with other heavier
CNN-based frameworks like Faster R-CNN and SSD, which demands higher computational resources.

Another important advantage of visual interpretability via bounding box confidence maps is granted by the system and therefore the user can understand
the detection decisions in the complex scene of the traffic environment. The proposed system is equipped with a graphical user interface (GUI) using
Tkinter, making the system user-friendly for both technical and non-technical users, increasing its real-world applicability in traffic monitoring, intelligent
transport systems, and law enforcement.

Unresolved problems such as occlusions, nighttime detection, and sight through dense traffic scenarios are future challenges that could use improvement.
Extending this framework for multi-class traffic actor detection (vehicles, pedestrians, signals), ensemble detection model strategies, and interpretable
tools such as SHAP would be good chances for bolstering its robustness. In conclusion, the proposed system builds an impressive foundation toward
accuracy, efficiency, and usability for the real-world smart city products.

6. Conclusion

The Traffic Detection System employing YOLOVS5 deep learning model shows that there can be high accuracy (92.4%) with fairly well-balanced precision
and recall and economic real-time performance. These features make it superior to the classical CNN paradigm-based methods like Faster R-CNN and
SSD in the underlying detection mechanism. The system detects vehicles sufficiently while still maintaining usability and interpretability through
bounding box confidence maps in conjunction with a simple GUI interface to attract a wider range of users, including both experts and non-technical
users.

The present challenges include occlusions, nighttime detection, and heavy traffic; the proposed model nevertheless provides robust groundwork for
intelligent traffic monitoring. Future work involves extending detection to a multi-class of traffic elements, with more adaptation skills for different
conditions and developing even more advanced methods of interpretability to truly engender trust and transparency towards such systems. Overall, it
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presents a scalable, resource-friendly, but practical alternative worthy of contributing significantly toward smart transportation and urban traffic
management.
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