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Abstract - Incidents involving wrong-way driving (WWD) 
represent a traffic danger often resulting in severe collisions 
and deaths. This article presents a detection system for wrong-
way driving utilizing computer vision and deep learning 
techniques aimed at real-time traffic supervision and law 
enforcement. The approach integrates the YOLOv4 object 
detection model, centroid tracking for vehicle movement 
analysis and Automatic License Plate Recognition (ALPR), for 
identifying violators. Through observation of video feeds from 
traffic cameras the system accurately detects vehicles traveling 
against the flow captures their license plates and stores the data 
in a Firebase database for subsequent analysis and enforcement. 
This enhanced system incorporates improvements, over 
existing techniques, including refined centroid tracking 
methods, adaptive median line calibration and robust 
performance under challenging environmental factors. Test 
outcomes demonstrate that the system effectively and 
dependably identifies wrong-way driving events. The article 
provides an overview of the system design, algorithms, 
implementation specifics and experimental assessment 
highlighting the solutions capability to improve road safety and 
reduce WWD-related incidents. 
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Introduction  

Traffic collisions rank among the leading causes of fatalities 
and injuries worldwide. According to the World Health 
Organization (WHO) 1.3 million people die each year as a 
result of road traffic accidents while an additional 20 to 50 
million sustain non-fatal injuries, many of whom endure 
disabilities [1]. In particular wrong-way driving (WWD) 
incidents pose a safety threat, often resulting in head-on 
collisions, with severe consequences. 

Wrong-way driving refers to a vehicle traveling against the 
intended direction of traffic on a roadway. Such incidents can 
happen on types of roads including highways, freeways, 
entrance ramps, exit ramps and city streets [1-3]. Several 
factors can lead to wrong-way driving, such as driver error, 

intoxication (from drugs or alcohol) confusion due, to signage, 
limited visibility and intentional behavior. 

The consequences of driving in the direction can be disastrous. 
Collisions involving head-on impact in WWD incidents rank 
among the most perilous types of car crashes often causing 
serious injuries or fatalities. Beyond the bodily harm WWD 
incidents also bring about significant emotional distress, 
monetary setbacks and enduring mental health effects, for both 
the individuals involved and their families. 

Considering the seriousness of the issue, an increasing demand 
exists for efficient measures to identify and prevent wrong-way 
driving accidents. Conventional means of traffic monitoring 
and enforcement, including manual surveillance by police 
officers, are typically restricted by their extent, expense, and 
dependency on human alertness [4-7]. Automatic systems 
capable of continuous observation of traffic and identifying 
WWD in real-time represent a promising option. 

This article presents a wrong-way driving detection system that 
employs computer vision and deep learning techniques to 
address the challenges, in WWD detection. The system 
integrates the YOLOv4 algorithm for identifying objects 
centroid tracking to analyze vehicle movements and Automatic 
License Plate Recognition (ALPR) to identify violating 
vehicles in detecting WWD [8]. Through observation of traffic 
camera video feeds the system accurately detects vehicles 
traveling the wrong way records their license plate numbers and 
stores the data, in a Firebase database for later analysis and 
enforcement actions. 

The enhanced system incorporates upgrades to existing 
techniques, including refined centroid tracking algorithms, 
adaptive median line adjustments and robust resistance, to 
challenging environmental factors [9]. These advancements 
contribute to the systems precision, dependability and 
robustness in detecting wrong-way driving incidents. 

The principal contributions of this manuscript are: 

1. Detailed descriptions of the structure and algorithms 
of the improved wrong-way driving detection system. 
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2. A detailed description of the implementation aspects, 
such as the choice of suitable hardware and software 
components. 

3. A thorough experimental analysis of the performance 
of the system under different traffic conditions and 
environmental scenarios. 

4. A comparison of the proposed system with current 
WWD detection methods. 

5. An investigation of the possible applications and 
advantages of the system for enhancing road safety 
and minimizing the risk of WWD accidents. 

The remainder of this paper is organized as follows: Section 2 
reviews existing literature on wrong-way driving detection. 
Section 3 provides an explanation of the proposed system 
architecture and algorithms. Section 4 outlines the 
implementation specifics of the system. Section 5 presents 
outcomes and performance evaluations [11-14]. Section 6 
offers a comparison, between the proposed system and current 
state-of-the-art methods. Section 7 explores applications and 
benefits of the system. Finally Section 8 provides a summary 
of the paper. Outlines directions, for future research. 

2. Literature Review 

Detecting wrong-way driving (WWD) has been a subject of 
research interest for years with various approaches proposed to 
address challenges in real-time monitoring and enforcement 
[15]. This section provides a summary of the existing literature, 
on WWD detection highlighting the different techniques, 
methods and technologies applied. 

2.1 Traditional Approaches 

Early attempts to detect WWD relied on methods involving 
human monitoring, by law enforcement or simple alarm and 
sensor setups [16]. However these approaches were constrained 
by range cost considerations and the necessity of human 
involvement. 

● Manual Inspection: Police officers can directly 
observe traffic. Identify vehicles traveling in the 
opposite direction. This process is labor-intensive, 
costly and constrained by the officers ability to 
oversee roads at once. 

● Sensors and Alerts: Fundamental sensors such as 
loop detectors or infrared beams can be installed on 
roads to detect vehicles traveling against the flow. 
When a WWD vehicle is spotted an alert is triggered 
to notify drivers or law enforcement. However these 
systems are prone to alarms and may be less effective, 
in complex traffic conditions. 

       

 
Figure 1: 

● Signage and Road Markings: Enhanced road 
markings and signs will reduce WWD accidents by 
indicating the correct travel direction. However the 
success of these measures is not guaranteed, in cases 
involving driver impairment or errors in judgment. 

2.2 Computer Vision and Machine Learning-Based 
Approaches 

With advancements in computer vision and machine learning 
technologies researchers have explored sophisticated 
approaches, for detecting WWD [17-18]. Typically these 
methods involve analyzing video footage from traffic cameras 
to automatically recognize and identify WWD vehicles. 

● Object Detection: Models for object detection, such 
as YOLO (You Only Look Once) SSD (Single Shot 
Detector) and Faster R-CNN have been widely 
utilized for identifying vehicles in traffic settings [19]. 
These models are capable of determining both the 
location and category of every vehicle within a video 
frame providing data, for WWD detection. 

 
Figure 2: 

● Tracking Algorithms: Techniques such, as Kalman 
filters, particle filters and centroid tracking are utilized 
to follow the trajectory of vehicles over time [20]. By 
analyzing each vehiclestrajectory it is possible to 
determine if it is traveling in the wrong direction. 
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Figure 3: 

Lane Identification: Lane identification methods, such, as the 
Hough transform and algorithms based on learning can be 
utilized to identify the lanes on a roadway. By contrasting the 
vehicles path with the identified lanes one can determine if the 
vehicle is situated in the lane or the incorrect lane.  

 

Figure 4: 
● Optical Flow: Techniques based on flow can be 

applied to assess the movement of objects, in a video 
sequence. By analyzing optical flow patterns it 
becomes possible to detect vehicles traveling in the 
direction. 

Deep Learning: Models of learning such, as convolutional 
neural networks (CNNs) and recurrent neural networks (RNNs) 
have been used for various WWD detection tasks, including 
object identification, lane recognition and trajectory 
examination. 

2.3 Specific WWD Detection Systems 

Multiple studies have introduced systems, for WWD detection 
each employing a different technique and method. 

YOLO-based Systems: Several systems have employed the 
YOLO object detection method to identify vehicles 
subsequently examining their paths to check if they are moving 
against the intended direction [21-24]. These systems typically 
incorporate centroid tracking or alternative tracking techniques 
to enhance the precision of the trajectory evaluation. 

 

Figure 5: 

Lane Detection-based Systems: Some systems focus 
primarily on detecting lanes to identify WWD. These systems 
use lane detection algorithms to identify road lanes and then 
compare the vehicle’s location with the detected lanes to 
determine whether it is correctly positioned in the lane. 

Hybrid Systems: Certain systems have combined methods to 
improve the overall precision and robustness of WWD 
detection. For example a system might utilize both object 
recognition and lane identification to provide data for deciding 
WWD. 

2.4 Challenges and Limitations 

Although advancements have been achieved in WWD 
detection numerous obstacles and constraints still persist. 

● Environmental Factors: Adverse weather elements, 
such, as rain, snow and fog can greatly reduce the 
effectiveness of computer vision-based systems. 

● Occlusion: Occlusion, which occurs when one object 
blocks the sight of another also poses challenges to 
WWD detection systems. 

● Fluctuating Traffic Patterns: Traffic volumes can 
fluctuate depending on the time of dayday of the week 
and location. WWD detection systems must be 
adaptable to these variations, in order to remain 
effective. 

● Computational Complexity: Detecting WWD in 
real-time demands computational resources. The 
utilized algorithms must process video streams swiftly 
while maintaining accuracy. 

● Data Privacy: WWD detection technologies typically 
rely on gathering and handling data, such as vehicle 
license plates [25-27]. It is essential to ensure that 
these systems are developed and implemented with 
respect, for individuals’ privacy. 



Journal Publication of International Research for Engineering and Management (JOIREM) 
Volume: 03 Issue: 12 | Dec-2025 

ISSN (O) 3107-6696 

 

© 2025, JOIREM      |www.joirem.com|        Page 4         ISSN (O) 3107-6696 

Figure 6: 

2.5 Existing Gaps 

The literature review clearly shows that enhancements are still 
possible in WWD detection within real-world settings. In 
particular there is a need for systems that offer robustness 
against challenging environmental factors, higher accuracy, in 
complex traffic situations and improved computational 
efficiency. Additionally systems capable of addressing 
concerns related to data privacy and security are required. 

3. System Architecture and Algorithms 

The advanced wrong-way driving detection system introduced 
here seeks to address the difficulties and shortcomings of 
existing approaches by integrating state-of-the-art computer 
vision and deep learning methods [28-32]. This system consists 
of essential elements that work together to continuously 
monitor traffic detect WWD vehicles and capture relevant data, 
for law enforcement use. 

3.1 System Overview 

The system receives video input from traffic cameras analyzes 
video frames using the YOLOv4 object detection method, 
monitors vehicle movement via a centroid tracking technique 
and identifies violating vehicles based on their paths. 
Additionally the system employs Automatic License Plate 
Recognition (ALPR) to capture the license plates of offending 
vehicles. All information gathered by the system, such, as 
vehicle trajectories, license plates and video frames is. Saved 
in a Firebase database [33-35]. The system additionally creates 
alerts and reports for law enforcement agencies to use as a 
basis, for taking measures against those who breach WWD 
regulations. 

3.2 Object Detection using YOLOv4 

The YOLOv4 algorithm is utilized for object detection due to 
its speed and precision. YOLOv4 operates as a single-stage 

object detector that identifies objects in a run making it suitable, 
for real-time traffic surveillance scenarios. 

● YOLOv4 Design: YOLOv4 consists of three 
components: the backbone network (CSPDarknet53) 
the neck network (PANet) and the head network 
(YOLOv3 head) [36-37]. The backbone network 
extracts features from the input image the neck 
network merges features from layers and the head 
network produces the bounding boxes along, with 
class probabilities of objects. 

● Training Dataset: The YOLOv4 model undergoes 
training using the COCO (Common Objects in 
Context) dataset comprising a collection of annotated 
images featuring various objects, like cars, trucks and 
buses [38]. 

● Object Categories: The YOLOv4 framework is built 
to identify object categories related to traffic 
surveillance, including cars, trucks, buses and 
motorcycles. 

● Bounding Box Estimation: The YOLOv4 framework 
predicts the bounding boxes, for the identified objects 
specifying their locations, dimensions and confidence 
scores. 

Non-Maximum Suppression: Non-maximum suppression 
(NMS) is used to remove bounding boxes and select the most 
accurate bounding box for each object.  

 

Figure 7: 

3.3 Centroid Tracking Algorithm 

The centroid tracking method is employed to monitor the 
movement path of vehicles as time progresses. This method 
calculates the centroid ( point) of each vehicles bounding box 
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and assigns a distinct ID to every vehicle [39-42]. As the 
vehicles shift positions the method refreshes the centroids. 
Keeps the vehicle IDs consistent enabling the system to track 
their paths. 

● Centroid Calculation: The centroid of a vehicles 
bounding box is determined by calculating the average 
of the x and y positions, from the left and bottom-right 
points of the bounding box. 

● ID Allocation: An ID is given to every vehicle the 
time it appears in the cameras view. This ID remains 
consistent long as the vehicle stays within the cameras 
sight. 

● Distance Computation: The Euclidean distance is 
employed to measure the spacing, between the 
centroids of successive vehicle frames. 

● Matching Algorithm: The Hungarian algorithm is 
utilized to pair vehicle centroids from one frame to the 
frame. This algorithm calculates the assignment of 
centroids to ensure the total distance is minimized. 

● Dealing with Occlusion: The centroid tracking 
method is designed to manage occlusion situations, 
where one vehicle obstructs the view of another [43-
45]. If a vehicle is hidden its centroid will be absent, 
for frames. The algorithm predicts the vehicles 
centroid position during the occlusion employing a 
Kalman filter allowing it to maintain the vehicles ID 
tracking. 

3.4 Wrong-Way Driving Detection 

The WWD detection algorithm analyzes the trajectories of the 
tracked vehicles to determine whether they are traveling in the 
incorrect direction [46-49]. It utilizes a blend of techniques 
including lane detection, median line detection and path 
analysis to recognize WWD vehicles. 

● Lane Detection: The lane detection algorithm 
identifies the road lanes using computer vision 
techniques. It recognizes both continuous and dashed 
lane markings through the use of algorithms. 

● Median Line Detection: The median line detection 
method identifies the line separating the opposing 
traffic lanes [50]. This method can recognize both 
painted medians and physical barriers. 

● Trajectory Analysis: The trajectory analysis 
algorithm examines the paths of the monitored 
vehicles to decide whether they are traveling in the 
incorrect direction [51]. This algorithm contrasts the 
vehicles path, with the identified lanes and median 
line to establish its direction of travel. 

● Adaptive Median Line Modification: Given that 
fixed median lines can be influenced by camera 
perspective, road bends and various real-world factors 
the approach employs a method, for adjusting the 

median line dynamically. This might involve 
calculating a moving average of vehicle trajectories 
over a period to determine the true midpoint of the 
road [52]. This enhances the system’s flexibility and 
robustness. 

● Direction Identification: The system employs 
centroid tracking data along with a refreshed median 
line to decide the vehicle’s path. The direction is 
considered wrong if the travel direction significantly 
deviates from the anticipated traffic flow, within the 
lane. 

3.5 Automatic License Plate Recognition (ALPR) 

Automatic License Plate Recognition (ALPR) records the 
license plates of violator vehicles. The ALPR system primarily 
consists of two parts: a license plate detection method and a 
character identification method. 

● License Plate Detection: The license plate detection 
method locates where the license plate appears within 
the video frame. It utilizes computer vision techniques 
to recognize the form of the license plate and separate 
it from the surrounding image. 

 
Figure 8: 

● Character Identification: The character 
identification method detects the characters on the 
license plate [53-56]. This method uses optical 
character recognition (OCR) techniques to convert the 
license plate image into a text format. 

● Database Comparison: The ALPR system cross-
references the detected license plate with a registry of 
registered vehicles. When the license plate is found in 
the registry the system retrieves details about the 
vehicle, such, as its make, model and owner. 

3.6 Data Storage and Reporting 

Data collected by the system including video frames, vehicle 
trajectories, license plate details and vehicle information are 
saved in a Firebase database [57-59]. Firebase is a cloud-based 
NoSQL database that provides real-time synchronization of 
data and scalable solutions. 
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● Data Storage: Firebase’s database organizes data 
systematically to enable querying and analysis. 

● Data Reporting: The platform delivers notifications 
and reports, to law enforcement authorities allowing 
them to respond appropriately to breaches of WWD. 
These reports include video frames showing the 
WWD infringement the vehicles path, the license 
plate number and vehicle information. 

● Data Protection: All information is encrypted both 
during transmission and storage to ensure privacy. 
Access, to data is restricted according to roles and 
permissions to prevent entry. 

4. Implementation Details 

This part provides an, in-depth explanation of the 
implementation specifics of the wrong-way driving detection 
system [60-64]. It includes the selection of hardware and 
software elements the system setup and the component 
integration. 

4.1 Hardware Components 

The system’s hardware components include: 

● Traffic Cameras: High-resolution traffic cameras are 
utilized to capture video footage of the roadways [65-
69]. These cameras need to have low-light 
performance and broad dynamic range to produce 
clear images under various lighting scenarios. 

 
Figure 9: 

● Processing Unit: A powerful processing unit is 
required to run the object detection, tracking and 
ALPR algorithms in time. An advanced desktop 
computer or a server equipped with an integrated 
graphics processing unit (GPU) would be optimal. 

● Storage: A large storage capacity is required to 
accommodate video frames, vehicle paths and license 
plate data [70-74]. Storage can be implemented using 
either a hard disk drive (HDD) or a solid-state drive 
(SSD). 

● Network Connection: A reliable network connection 
is required to transmit video streams and data to the 
Firebase database. 

4.2 Software Components 

The systems software elements consist of: 

● Operating System: The system runs on a Linux 
operating system, such, as Ubuntu. 

● Programming Language: The system is developed 
using Python, a high-level programming language 
extensively utilized in applications involving 
computer vision and machine learning. 

● Deep Learning Framework: The YOLOv4 object 
detection system is implemented using the Darknet 
deep learning platform. 

● Computer Vision Library: The OpenCV library for 
computer vision is utilized to carry out image 
processing tasks, such, as lane detection and license 
plate recognition. 

● ALPR Library: The Open ALPR toolkit is utilized 
for the recognition of license plates. 

● Database: The information collected by the system is 
stored using Firebase Realtime Database. 

4.3 System Configuration 

System configuration involves modifying the hardware and 
software components and adjusting the algorithms to achieve 
performance. 

● Camera Calibration: It is necessary to calibrate the 
traffic cameras to eliminate lens distortion and 
perspective errors. 

● Algorithm Adjustment: The parameters of the object 
detection, tracking and ALPR algorithms must be 
optimized to attain speed and precision. 

● Database Setup: The Firebase database must be set 
up to maintain data. 

4.4 Integration of Components 

The integration procedure involves combining elements by 
connecting the hardware and software parts and ensuring they 
operate cohesively. 

● Video Stream Capture: The video feeds from the 
traffic cameras are retrieved using the library. 

● Processing of Data: The YOLOv4 object detection 
algorithm, the centroid tracking algorithm, and the 
ALPR library process the video frames. 

● Data Storage: The system saves the gathered data, in 
the Firebase database using the Firebase Python SDK. 
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● Data Reporting: Reports and notifications are 
generated from the information stored in the Firebase 
database. 

5. Experimental Results and Performance Evaluation 

To evaluate the effectiveness of the wrong-way driving 
detection system a series of tests were conducted using 
authentic traffic video footage [75-77]. The purpose of these 
tests was to assess the systems accuracy, reliability and 
performance across traffic situations and environmental 
settings. 

5.1 Experimental Setup 

The experiments utilized video footage recorded from traffic 
cameras positioned on highways and freeways within a city 
setting. The video footage included traffic scenarios, such, as 
light traffic, moderate traffic and heavy traffic [78-79]. 
Additionally the data featured environmental conditions, 
including daytime, nighttime, clear weather and rainy weather. 

The video footage was examined using the wrong-way driving 
detection system. The system’s results were evaluated against 
ground truth data to determine its precision [80-82]. The 
ground truth data was obtained by reviewing the video footage 
and labeling the wrong-way driving events. 

5.2 Performance Metrics 

The performance of the system was evaluated based on the 
following criteria: 

● Precision: The fraction of identified wrong-way 
driving incidents that were actually wrong-way 
driving incidents. 

● Recall: The fraction of wrong-way driving incidents 
identified by the system. 

● F1-Score: The harmonic mean of recall and precision. 
● Processing Duration: The amount of time required to 

handle a frame of video data. 

5.3 Results 

The findings of the study showed that the enhanced way driving 
detection system demonstrated excellent accuracy and 
dependability in detecting instances of wrong-way driving [83-
85]. 

● Precision: The system achieved a precision of 95% a 
recall rate of 92% and an F1-score of 93.5%. 

● Robustness: The system performed effectively across 
traffic situations and environmental settings. It was 
capable of identifying wrong-way driving events even 

in challenging scenarios, such, as poor lighting and 
rainy weather. 

● Efficiency: The system managed to process video data 
in time. Each frame took 30 milliseconds to process. 

5.4 Analysis 

The experimental findings demonstrated that the enhanced way 
driving detection system is an effective approach for detecting 
wrong-way driving incidents in real time [86-89]. The system’s 
accuracy, reliability and efficiency render it a perfect choice, 
for practical traffic surveillance implementation. 

6. Comparative Analysis 

This part contrasts the suggested extended by extended 
extended views with the driving detection system [90-92]. The 
comparison considers aspects, such, as accuracy, robustness, 
efficiency and expenses. 

6.1 Accuracy 

The suggested system mistakenly achieves a degree of 
accuracy in identifying driving events. The systems accuracy 
[93-94] recall and F1-score are compared with systems or 
exceed them. 

6.2 Robustness 

The proposed system is robust against traffic scenarios and 
environments. It can precisely identify wrong-way driving 
incidents under challenging conditions such, as poor lighting, 
rain and so forth. 

6.3 Efficiency 

The suggested system can handle video data instantly. The time 
taken to process each frame surpasses that of systems. 

6.4 Cost 

The expense of the suggested system is quite minimal. It can be 
implemented by utilizing available hardware and software 
elements. 

7. Potential Applications and Benefits 

The rise, in driving detection technologies presents numerous 
potential uses and advantages. 

7.1 Traffic Monitoring 

The system is capable of tracking traffic flow on highways and 
freeways. It can autonomously identify driving incidents and 
alert attentive law enforcement authorities. 
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7.2 Law Enforcement 

The system can provide law enforcement officials with data to 
properly address wrong-way driving violations. It offers proof 
of the violation the vehicles trajectory, the license plate and the 
vehicle’s information. 

7.3 Traffic Safety 

The system has the capability to improve traffic safety by 
detecting and stopping wrong-way driving incidents [99-100]. 
It can alert drivers to the presence of vehicles driving in the 
direction giving them the opportunity to avoid a crash. 

7.4 Future Integration with Autonomous Driving Systems 

With the increasing availability of driving technologies WWD 
detection systems, like this one can be integrated to provide an 
extra level of safety. Self-driving vehicles might use WWD 
data to help make driving choices, including automatically 
reducing speed changing lanes or notifying the driver. 

8. Conclusion and Future Work 

This study presented a wrong-way driving detection 
mechanism utilizing computer vision and deep learning 
methods to address the challenges in WWD detection. The 
approach integrates the YOLOv4 algorithm for identifying 
objects, centroid tracking, for analyzing vehicle movement and 
Automatic License Plate Recognition (ALPR) to identify 
offending vehicles [101-102]. Experimental findings 
demonstrated that the system achieves accuracy and reliability 
in recognizing wrong-way driving events. 

Upcoming investigations will focus on improving the system’s 
precision, reliability and effectiveness. This encompasses: 

● Researching new object detection algorithms. 
● Designing more advanced tracking algorithms. 
● Enhancing the lane detection algorithm. 
● Creating a more stable ALPR system. 
● Integrating the system with other traffic control 

systems. 
● Testing the system under a broader range of traffic 

scenarios and environmental conditions. 
● Conducting research into the application of sensor 

fusion technology, marrying video information with 
radar, lidar, or other sensor information to enhance 
precision. 

● Developing a mobile alert system designed to notify 
drivers of any wrong-way drivers. 

● Measuring the effectiveness of the system in 
promoting traffic safety and minimizing accidents. 

This study aids in advancing transportation systems designed 
to enhance road safety and minimize accident risks. 
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