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Abstract 
Background and Objectives: Traffic accidents are one of the leading causes of injury and 

fatality worldwide, and intersections represent particularly high-risk locations. Among various 

risky driving behaviors, red-light violations significantly contribute to intersection-related 

crashes, leading to severe injuries and fatalities. Traditional enforcement mechanisms, such 

as manual monitoring by traffic police or the use of fixed cameras, are often limited in 

coverage, accuracy, and efficiency. In recent years, the integration of Artificial Intelligence 

(AI) with closed-circuit television (CCTV) systems has emerged as a promising solution to 

enhance law enforcement. AI technology, particularly object detection and image recognition, 

enables real-time monitoring and automatic detection of traffic signal violations. This 

innovation is not only a tool for surveillance but also an instrument for behavioral change, 

as the perceived risk of being caught can deter risky driving practices. The present research 

was designed to address two primary objectives: (1) to develop and evaluate AI technology 

for detecting traffic light colors in order to identify red-light violation behaviors, and (2) to 

study the specific phenomenon of “rolling stop” violations, where drivers reduce speed 

but fail to completely stop at a red light. The study focuses on six major intersections 

in Khon Kaen, Thailand, where traffic density and violation rates remain high.

Methodology: The study utilized CCTV footage from six significant intersections in Khon 

Kaen: Si Than, Bangkok Hospital, Ban Kok, Modin Daeng, Pratu Mueang, and Charoen Sri. A 

dataset of 557 images was compiled to train and evaluate the AI system. The researchers 

applied YOLO version 4 (You Only Look Once), a state-of-the-art object detection algorithm 
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capable of identifying objects and classifying them in real time with high accuracy. The model 

was specifically trained to detect traffic light colors (red, yellow, and green) and correlate 

them with vehicle behavior at intersections. The performance of the AI system was assessed 

using a Confusion Matrix, which measures the accuracy of classification by calculating true 

positives, false positives, true negatives, and false negatives. To analyze red-light violations, 

a total of 2,041 incidents were documented and coded for statistical analysis. Descriptive 

statistics provided an overview of violation patterns, while Chi-Square Tests were conducted 

to examine the relationships between red-light violations and key factors such as vehicle 

type and time of day. This combination of AI-driven detection and statistical testing ensured 

both technological reliability and behavioral insights.

Main Result: The results of the study demonstrate the effectiveness of combining AI with 

CCTV for traffic enforcement. The AI model successfully detected the traffic light color 

in 94% of the sample images, indicating a high level of accuracy and reliability for law 

enforcement applications. This accuracy suggests that AI technology can complement or even 

replace traditional manual monitoring methods, which are often prone to human error and 

resource limitations. In terms of behavioral patterns, the analysis revealed that vehicle type 

and time of day were significantly associated with red-light violations (p-value < 0.05). Larger 

vehicles, such as trucks and buses, showed distinct patterns of non-compliance compared 

to smaller vehicles. Furthermore, violations were more frequent during peak traffic hours, 

particularly in the evening, highlighting the role of traffic congestion and driver impatience 

in risky decision-making. The study also identifies the prevalence of “rolling stop” behavior, 

where drivers slowed down but failed to come to a complete stop during a red signal. This 

behavior represents a critical safety concern, as it increases the likelihood of side-impact 

collisions, especially with pedestrians and motorcyclists who often cross intersections during 

the red-light phase

Conclusions: The research confirms that AI-powered CCTV systems can substantially enhance 

the monitoring and enforcement of traffic rules in urban environments. The high detection 

accuracy of 94% demonstrates the robustness of YOLO v4 as a real-time detection tool 

for traffic light violations. Moreover, the statistical association between vehicle type, time 

of day, and violation behavior provides valuable insights for policymakers and urban traffic 

managers. Importantly, the analysis of rolling stop violations among road users in urban 

Khon Kaen reveals that vehicle type was statistically significant in its association with rolling 
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stop violations. Stopping at crosswalks was found to have a greater correlation with rolling 

stop violations for motorcycles than for other vehicles. Public awareness campaigns, strict 

penalties for repeated offenders, and intersection redesign to improve visibility and compliance 

should complement AI-based enforcement systems

Practical Application: The practical implications of this study are significant for both local 

and national road safety strategies. In Khon Kaen, the results can inform municipal authorities 

and law enforcement agencies in designing targeted interventions. For example, stricter 

monitoring of larger vehicles and increased enforcement during evening rush hours could 

reduce the frequency of violations. At the policy level, the study supports the integration 

of AI technology into Thailand’s broader traffic management framework. Government 

agencies can use such systems to generate evidence-based reports, guiding legislative updates and 

infrastructure investments. The ability to reliably detect “rolling stop” behavior also opens new 

avenues for refining traffic laws, which traditionally only account for complete red-light running. 

Keywords: Red-light Violations, Road Accidents, Automatic Detection, AI

Introduction

	    According to a report by the World Health Organization, Thailand ranks 9th in the 

world for road accident fatalities among all member countries [1]. Khon Kaen province is 

one of the leading provinces in Thailand, and it has high road accident statistics, primarily 

caused by speeding and running red lights [2-4]. In response, the Khon Kaen Traffic Accident 

Prevention Committee and network partners have focused on addressing the severity of 

accidents caused by traffic signal violations on Mittraphap Road (the main road) in urban 

Khon Kaen City. Consequently, they proposed a semi-automated CCTV system to monitor 

traffic light violations to the Safer Roads Foundation in the UK. The project received funding 

in January 2017, and on September 7, 2017, Khon Kaen Municipality and Khon Kaen Provincial 

Police signed a collaboration agreement. This project's objective is to ensure safer and 

more efficient travel through intersections. The municipality has been entrusted with the 

maintenance of the camera system, while the provincial police use the cameras to enforce 

traffic laws. [5-6]

	      The project installed CCTV cameras in two phases. In Phase 1, cameras were installed 

at three intersections: 1) Pratu Mueang Intersection, 2) Modin Daeng Intersection, and 3) 
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Charoen Sri Intersection, all located along Mittraphap Road within Khon Kaen Municipality (the 

system has already been installed and is operational). Phase 2 involved installing cameras 

at three additional intersections: 1) Ban Kok Intersection on Mittraphap Road, 2) Bangkok 

Hospital Khon Kaen Intersection, and 3) Si Than Intersection on Maliwan Road, also within 

Khon Kaen Municipality at shown in Figure 1. [7-22]

	     Warning signs were also installed to alert drivers that CCTV cameras were monitoring 

red-light violations 24 hours a day in all directions approaching the intersections. These signs 

were placed to inform the public and encourage them to slow down before reaching the 

intersections. An example of the sign is shown in Figure 2.

Figure 1 Locations of intersections in the project
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Figure 2 Example of a CCTV-in-use-warning sign used in the project 124 
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 After the installation of warning signs and CCTV cameras to monitor red-light 126 

violations and helmet usage (before police began issuing tickets), a preliminary 127 

evaluation over three months showed that the number of red-light violations 128 

decreased by approximately 85%. Additionally, helmet usage increased within the 129 

first month after the installation of the signs and cameras. However, by the third 130 

month, helmet usage began to decline. This decrease, as shown in Figure 3, may be 131 

due to road users believing that the warning signs and cameras were only for 132 

deterrence and not tied to actual law enforcement through ticketing. Therefore, the 133 

enforcement of traffic laws is essential to ensure the long-term success of the project 134 
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	      After the installation of warning signs and CCTV cameras to monitor red-light violations 

and helmet usage (before police began issuing tickets), a preliminary evaluation over three 

months showed that the number of red-light violations decreased by approximately 85%. 

Additionally, helmet usage increased within the first month after the installation of the signs 

and cameras. However, by the third month, helmet usage began to decline. This decrease, 

as shown in Figure 3, may be due to road users believing that the warning signs and cameras 

were only for deterrence and not tied to actual law enforcement through ticketing. Therefore, 

the enforcement of traffic laws is essential to ensure the long-term success of the project in 

modifying risky behavior and reducing both the number and severity of traffic accidents [15]. 

Figure 3 Preliminary evaluation of the number of red-light violations after the installation 

of warning signs and CCTV cameras
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control often result in mixed traffic signals on highways. The primary causes of 141 

collisions at these intersections are red-light running by motorcycles and insufficient 142 

law enforcement. The objective of this study is to assess the effectiveness of 143 

automatic traffic signal control in such scenarios. The study focused on intersections 144 

with traffic lights on Mittraphap Road, which passes through Khon Kaen in Thailand, 145 

to evaluate changes. We employed a before-and-after observational design with a 146 

group comparison. The researchers collected data on traffic light behavior, red-light 147 

tickets issued, as well as the frequency of collisions and injuries before and after the 148 

implementation of traffic signal control. The results showed a 33.3% reduction in 149 

red-light running, a 17.5% decrease in collisions, and a 13.6% drop in injuries. 150 

However, longitudinal studies are necessary to evaluate the impact of this type of 151 

intervention on fatality rates. These results demonstrate the effectiveness of red-152 

light running (RLR) control for traffic management and accident prevention in the 153 

context of developing countries [9]. 154 
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	     However, in developing countries, inadequate road-level planning and traffic control 

often result in mixed traffic signals on highways. The primary causes of collisions at these 

intersections are red-light running by motorcycles and insufficient law enforcement. The 

objective of this study is to assess the effectiveness of automatic traffic signal control in such 

scenarios. The study focused on intersections with traffic lights on Mittraphap Road, which 

passes through Khon Kaen in Thailand, to evaluate changes. We employed a before-and-after 
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observational design with a group comparison. The researchers collected data on traffic light 

behavior, red-light tickets issued, as well as the frequency of collisions and injuries before 

and after the implementation of traffic signal control. The results showed a 33.3% reduction 

in red-light running, a 17.5% decrease in collisions, and a 13.6% drop in injuries. However, 

longitudinal studies are necessary to evaluate the impact of this type of intervention on 

fatality rates. These results demonstrate the effectiveness of red-light running (RLR) control 

for traffic management and accident prevention in the context of developing countries [9].

	     In developing the program for detecting red-light violations and helmet use through 

CCTV, which was installed in the initial phase, the goal was to enhance the effectiveness 

of law enforcement. This would encourage a change in risky behavior among road users, 

leading to a reduction in both the frequency and severity of traffic accidents. The researchers 

designed the program to automatically detect red-light violations by analyzing each video 

frame from wide-angle cameras (Overview). The program works by checking the color of the 

traffic light. When the light turns red, the program detects vehicles that cross the stop line 

into the intersection, marking this as a red-light violation. A license plate camera captures the 

vehicle’s plate, and the program records both the event and the plate image in real-time. 	

These images are then stored in a database, along with other necessary information, for 

future use in issuing fines. The program was written in C++ and utilized the Open CV (Open 

Source Computer Vision) library for video processing, while MySQL was used as the database 

management system (DBMS). The program also includes a function to detect helmet usage 

violations. The performance evaluation revealed that the program could detect 85% of all 

red-light violations and could accurately detect nearly all types of vehicles, both during 

the day and night. The accuracy of the program in detecting red-light violations was 96.3%. 

Additionally, the program can also be applied to detect helmet usage violations. [16]

	     Currently, artificial intelligence (AI) is playing a bigger role in helping police detect traffic 

violations more effectively — especially when it comes to running red lights. Modern AI systems 

can work alongside CCTV cameras and various sensors to monitor how vehicles behave in 

real-time. Using deep learning, AI analyzes footage to spot cars that go through intersections 

during a red light. It can automatically log key details like the license plate number, the 

vehicle’s speed, and the exact time of the violation. This not only improves accuracy but also 

reduces mistakes that can happen with human monitoring. In some cases, the system can 

even send this information directly to officers or issue electronic tickets (e-Tickets), cutting 
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down on their workload. One of the AI technologies often used for image detection is YOLO 

v4 — short for “You Only Look Once,” version 4. This is a popular model known for being 

both fast and highly accurate in spotting objects or object detection in real time [23]. This 

makes the model useful in many fields, including agriculture and environmental science.

	      In previous research, datasets containing various types of leaf images have been used 

to train the model. The preprocessing process includes adjustments to lighting, color, and 

background to improve the model’s learning ability. Techniques such as bounding boxes 

and labeling are used to define the boundaries of each leaf type. GPUs are often used to 

boost processing efficiency, which requires investment in complex and costly specialized 

hardware. Currently, YOLO v4 is commonly used in general image classification tasks involving 

2–3 categories. In the field of agricultural AI, for instance, it is used to identify plant species 

or to analyze seed characteristics and leaf health — such as detecting plant diseases. It is 

also applicable in environmental science and conservation work. However, the quality of 

the dataset greatly affects the model’s accuracy. The complexity and similarity of different 

leaf types — such as leaves with very similar appearances — can lead to misclassification 

[23-24].

	     A commonly detected red-light violation is when a vehicle stops past the stop line 

during a red light and stops within the intersection area. This behavior is a mix of RLR by 

Traffic-following (TF) and RLR by Lapse (L). This type of violation tends to be specific to 

certain areas due to the current driving behaviors or physical conditions that are unsuitable 

for motorcyclists, as well as the high number of motorcycles on the road. This increases 

the risk of accidents at intersections.[8, 22]

	      However, frequent errors occur in detecting red-light violations and storing the data in 

the police's ticketing system. These errors may result from excessive light affecting the color 

of the traffic signal or other factors. Therefore, the researchers aim to develop AI technology 

for detecting traffic light colors in order to identify red-light violation behavior and to study 

the "rolling stop" red-light violation behavior of road users in urban areas of Khon Kaen.

System Development
Hardware Design and Installation

	    To ensure the high-speed transmission of data from the CCTV cameras and enable 

remote control of the cameras, the hardware system was designed and installed as shown 
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in Figure 4. Video signals from the CCTV cameras installed at various intersections are 

transmitted via fiber optic cables to a server located in a control room for processing. The 

results from the server are then sent back to control the CCTV system.

Science and Engineering Connect, ISSN 3027-7914 (Online) 

Vol. 49 No. 1 pp. ...-... (2026) 
9 

 

  

Kumphong and Chawapattanayotha (2026). “Development of an Artificial...,”              Science and Engineering Connect 49 (1), pp. ..-.. 
 

System Development 214 

Hardware Design and Installation 215 

To ensure the high-speed transmission of data from the CCTV cameras and enable 216 

remote control of the cameras, the hardware system was designed and installed as 217 

shown in Figure 4. Video signals from the CCTV cameras installed at various 218 

intersections are transmitted via fiber optic cables to a server located in a control 219 

room for processing. The results from the server are then sent back to control the 220 

CCTV system. 221 

 222 

 223 
Figure 4 The design and installation of the hardware system 224 

 225 

 A set of CCTV cameras consists of one high-speed IP camera for capturing 226 

wide-angle overview images and additional high-speed IP cameras for capturing 227 

license plates, depending on the number of traffic lanes being monitored. For 228 

example, if the road has five lanes, but only three straight-through lanes are being 229 

monitored, only three license plate cameras would be used. The server is a high-230 

performance computer capable of running 24 hours a day. It features a multi-core 231 
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Figure 4 The design and installation of the hardware system

	      A set of CCTV cameras consists of one high-speed IP camera for capturing wide-angle 

overview images and additional high-speed IP cameras for capturing license plates, depending 

on the number of traffic lanes being monitored. For example, if the road has five lanes, but 

only three straight-through lanes are being monitored, only three license plate cameras 

would be used. The server is a high-performance computer capable of running 24 hours a 

day. It features a multi-core processor and a minimum of 16 GB of RAM to efficiently handle 

parallel processing. The hard drive should have at least 4 TB of storage capacity to ensure 

that video evidence can be stored for at least two years. Signal transmission is facilitated 

by fiber optic cables, which connect the CCTV camera system to the server. Additional 

signal converters and switches may be required for this setup, but the specific details are 

omitted here.

Program Design and Development
	     The program is designed to automatically detect red-light violations by analyzing each 

video frame captured by the wide-angle or overview cameras. The core functionality of the 

program involves checking the color of the traffic light to determine if it is red which is a part 

of developing the detection program)[16]. Once the light turns red, the program monitors 

for any vehicles entering the intersection area beyond the stop line, which is considered 
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a red-light violation. The program will then trigger an alert and mark the violating vehicle 

with a rectangular box, while also sending a signal to the license plate camera to capture 

the vehicle’s license plate. Both the footage of the incident and the license plate image are 

recorded and stored in a database along with other necessary details—such as the date, 

time, and location of the intersection—for use in issuing tickets later.

	       In developing the program, the researchers coded using C++ because it offers the fastest 

performance compared to other programming languages, making it ideal for developing 

real-time systems. The algorithm used by the program is illustrated in Figure 5. For image 

processing, the program utilizes the OpenCV (Open Source Computer Vision) library, which 

is a popular open-source library for real-time video processing. MySQL was used as the 

database management system (DBMS) to handle the storage of data. Additionally, AI was 

developed to further analyze the color of traffic lights and verify red-light violations to 

ensure accurate law enforcement.

Developing AI for Traffic Light Color Detection Using YOLO v4
	    YOLO v4 offers a practical and efficient solution for detecting traffic light colors. It 

improves accuracy compared to earlier versions while maintaining high processing speed. 

Importantly, it operates effectively on existing hardware, eliminating the need for additional 

financial investment. This makes it a suitable choice for projects that prioritize cost-efficiency 

and system stability. In contrast, YOLO v5 provides enhanced performance with the updated 

network architecture, making it more effective in recognizing traffic light colors. However, 

achieving optimal results with YOLO v5 may require hardware modifications to ensure system 

reliability. For applications that demand maximum accuracy and performance, YOLO v5 is 

a strong candidate. Still, for most use cases where stability and cost are key considerations, 

YOLO v4 remains a reliable and competitive option. [23, 25], as shown in Table 1.
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AI Development and Accuracy Verification
	     To assess the effectiveness of the developed program, the researchers integrated AI 

with the CCTV system. We used 43 images of traffic lights from various intersections, including 

the Si Than intersection at Khon Kaen University, the Bangkok Hospital intersection, and the 

Ban Kok intersection, to train the machine learning model using Yolo V.4. The training process 

involved 1,000 iterations. After training, data was collected to evaluate the accuracy of the 

program, with images captured from four directions at the Modin Daeng, Pratu Mueang, and 

Charoen Sri intersections between March and June 2023. A total of 557 images of traffic 

lights were used as shown in Figure 6.

Figure 5 Flow Chart illustrating the program's operational algorithm
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	      The accuracy of the program was tested using a Confusion Matrix. According to previous 

studies [26], a Confusion Matrix is a square table with the number of rows equal to the 

number of classes. For example, in Table 2, there are two classes (yes and no), resulting in 

a 2x2 Confusion Matrix, as shown in Table 2. The columns represent the actual data classes 

(actual data), while the rows represent the predicted classes (model output).
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Criteria YOLO v3 YOLO v4 YOLO v5  
Release Year 2018 2020 2021 
Accuracy (mAP) Moderate Higher (uses 

CSPDarknet53) 
Higher 

Speed (FPS) Fast Faster Faster 
Network 
Architecture 

Darknet-53 CSPDarknet53 PyTorch-based 

Hardware 
Performance 

Requires GPU Optimized for lower 
resource consumption 

Lighter and more 
efficient 

Primary Use General object 
detection 

General detection with 
improved accuracy 

Easier to use and 
implement 
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Table 2 Confusion Matrix Table 302 

Predicted/ 
Actual 

Yes No 

Yes TP FN 

No FP TN 

 303 

 From Table 2, the values in the different cells represent the following: 304 

- True Positive (TP): The number of instances correctly predicted as the class of 305 

interest. 306 

- True Negative (TN): The number of instances correctly predicted as a class that is 307 

not of interest. 308 

- False Positive (FP): The number of instances incorrectly predicted as the class of 309 

interest. 310 

- False Negative (FN): The number of instances incorrectly predicted as not being the 311 

class of interest. 312 

Table 1 Comparison of YOLO Versions
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	     From Table 2, the values in the different cells represent the following:

	       - True Positive (TP): The number of instances correctly predicted as the class of interest.

	        - True Negative (TN): The number of instances correctly predicted as a class that is not of 

interest.

	    - False Positive (FP): The number of instances incorrectly predicted as the class of 

interest.

	     - False Negative (FN): The number of instances incorrectly predicted as not being the 

class of interest.

The accuracy of classifying data for the "Yes" (Positive) class can be calculated using Equation 1:

Table 2 Confusion Matrix Table
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interest. 310 

- False Negative (FN): The number of instances incorrectly predicted as not being the 311 

class of interest. 312 
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the model for each class individually. It can be calculated using Equation 4: 320 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅  = 𝑇𝑇𝑇𝑇
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Equation 2: 316 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 (𝑇𝑇𝑇𝑇𝑇𝑇) = 𝑇𝑇𝑇𝑇
𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇                                 (2) 

Precision measures the accuracy of the model for each class individually. It can be 317 

calculated using Equation 3: 318 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃  = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹                                                          (3)) 

 

Recall, also known as sensitivity or True Positive Rate, measures the correctness of 319 

the model for each class individually. It can be calculated using Equation 4: 320 
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𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹                                                                                               

(4) 

The F-measure, also known as the F1 score, combines both Precision and Recall to 321 

provide a balanced measure of the model's accuracy. It is calculated using Equation 322 

5: 323 
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Accuracy measures the overall correctness of the model by considering all classes. 324 

It is calculated using Equation 6: 325 
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Study of Factors Influencing Red-Light Violation Behavior 327 

1. Sampling Method and Data Collection 328 

Accuracy measures the overall correctness of the model by considering all classes. It is 

calculated using Equation 6:

Study of Factors Influencing Red-Light Violation Behavior
	     1. Sampling Method and Data Collection

	    Data on "rolling stop" red-light violations was gathered to evaluate the program's 

accuracy. The study focused on violations at three intersections: Modin Daeng, Pratu Mueang, 

and Charoen Sri. Data was collected over three months, with random samples taken on 

two weekdays. The data was captured using wide-angle or overview cameras and processed 

using the MAGIC EYE 4.0 system.
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2. Sample Size 337 

This research aims to compare red-light violation behavior between motorcycles and 338 

other vehicles. Based on the preliminary data collected, a purposive sampling 339 

method was used to determine the sample size. The study included 1,514 samples 340 

of motorcycles and 527 samples of other vehicles (such as private cars, public 341 

transport vehicles, vans, and pickup trucks). 342 

3. Sampling Process and Variable Control 343 

The researchers employed a random sampling technique to select images, 344 

ensuring that the dataset represented a broad range of real-world conditions. This 345 

included capturing footage during both peak and non-peak traffic hours, as well as 346 

under various weather conditions. To control key variables, the researchers 347 

standardized image quality by using CCTV cameras of the same model or with similar 348 
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used to determine the sample size. The study included 1,514 samples of motorcycles and 

527 samples of other vehicles (such as private cars, public transport vehicles, vans, and 

pickup trucks).

	    3. Sampling Process and Variable Control

	    The researchers employed a random sampling technique to select images, ensuring 

that the dataset represented a broad range of real-world conditions. This included capturing 

footage during both peak and non-peak traffic hours, as well as under various weather 

conditions. To control key variables, the researchers standardized image quality by using 

CCTV cameras of the same model or with similar resolution. This helped minimize 

inconsistencies caused by hardware differences. They also carefully positioned the cameras to 

ensure consistent viewing angles across all intersections, reducing the impact of perspective 

variation on the AI model’s learning process.

	     4. Statistical Analysis

		    4.1 Descriptive Statistics

	     	   The researchers analyzed various variables, such as red-light violations, time of 

day, vehicle type, and stopping at the pedestrian crossing. These variables were presented 

in terms of frequency and percentage.

		    4.2 Chi-Square Analysis

		    The Chi-Square test was used to test the hypothesis that the function of consistency 

equals zero. If the Chi-Square value is high, it indicates that the function differs significantly 

from zero, meaning the model does not fit the data. Conversely, if the Chi-Square value is 

low and close to zero, it indicates that the model aligns well with the data. The Chi-Square 

test was used to identify relationships between the dependent and independent variables 

(predictor variables) at a significance level of 0.05, as shown in Table 3. [27]

		    4.3 Logistic Regression Analysis

	   	   The researchers conducted a logistic regression analysis to examine the relationship 

between variables. The analysis included two types of variables: the dependent variable (Y) 

and the independent variables (X). In this study, the dependent variable (Y) was red-light 

running (RLR). The independent variables were: vehicle type (X1), time of day (X2), and 

whether the vehicle stopped near a pedestrian crossing (X3). The analysis was conducted 

at a significance level of 0.05, as shown in Table 3. [27]
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Table 3 Variables Used to Analyze "Rolling Stop" Violation Behavior

Results and Discussion
AI Program Accuracy

	       The researchers evaluated the accuracy of the developed AI program using a Confusion 

Matrix analysis on 557 traffic light images. The analysis revealed the following performance 

metrics:

		  True Positive Rate (TPR): 0.96

	       True Negative Rate (TNR): 0.93

	       Precision: 0.93

          Recall: 0.96

	       F-measure: 0.94

	       Accuracy: 0.94

The detailed results are shown in Table 4.

However, when analyzing the program's accuracy through a graph that compares the number 

of images tested with the program's accuracy, we observed the following results:
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Independent Variables Code/Meaning 

Vehicle Type (X1) 
1 = Motorcycle 
0 = Other vehicles 

Time (X2) 
1 = Rush hour (07:30-08:30) 
0 = Non-rush hour (09:30-10:30) 

 
Stopping at Crosswalk (X3) 

1 = Stopped 
0 = Not stopped 

 375 

Results and Discussion 376 

AI Program Accuracy 377 

The researchers evaluated the accuracy of the developed AI program using a 378 

Confusion Matrix analysis on 557 traffic light images. The analysis revealed the 379 

following performance metrics: 380 

○ True Positive Rate (TPR): 0.96 381 

○ True Negative Rate (TNR): 0.93 382 

○ Precision: 0.93 383 

○ Recall: 0.96 384 

○ F-measure: 0.94 385 

○ Accuracy: 0.94 386 

The detailed results are shown in Table 4. 387 

However, when analyzing the program's accuracy through a graph that compares the 388 

number of images tested with the program's accuracy, we observed the following 389 

results: 390 

 391 

Table 4 Confusion matrix of results 392 

Predicted/ 
Actual 

Red Green 

Red 263 12 
Green 19 263 
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	      At the beginning of the test, near 100 images, the program's accuracy was 0.96. When 

testing 376 to 557 images, the accuracy stabilized at 0.94. The overall accuracy of the 

program remained high throughout the tests. The detailed Confusion Matrix analysis results 

are shown in Table 4.

Table 4 Confusion matrix of results
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 The study analyzed the behavior of road users committing red-light 403 

violations, focusing on patterns and factors contributing to these violations within 404 

the urban areas of Khon Kaen. The study analyzed the "rolling stop" red-light 405 

violation behavior of road users in urban Khon Kaen using a Chi-Square analysis. The 406 

dependent variable was the rolling stop violation, and the independent variables 407 

were vehicle type (X1), time of day (X2), and stopping at the pedestrian crossing (X3). 408 

Out of the 2,041 samples used in the analysis, 527 were other vehicles, and 1,514 409 

were motorcycles. The data were categorized based on the three independent 410 
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Figure 8 Relationship between the number of images tested and the program's accuracy

Results of the Study on Red-Light Violation Behavior of Drivers in Urban Khon 

Kaen
 	    The study analyzed the behavior of road users committing red-light violations, 

focusing on patterns and factors contributing to these violations within the urban areas of 

Khon Kaen. The study analyzed the "rolling stop" red-light violation behavior of road users 

in urban Khon Kaen using a Chi-Square analysis. The dependent variable was the rolling 

stop violation, and the independent variables were vehicle type (X1), time of day (X2), and 
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stopping at the pedestrian crossing (X3). Out of the 2,041 samples used in the analysis, 527 

were other vehicles, and 1,514 were motorcycles. The data were categorized based on the 

three independent variables: vehicle type, time of day, and whether there were pedestrians 

in the crosswalk. The dependent variable was the occurrence of a rolling stop violation.

	    The results of the analysis revealed a significant relationship between vehicle type and 

red-light violation behavior. Motorcycles were found to have a rolling stop violation rate 

of 6.0%, compared to 1.4% for other vehicles. The Chi-Square test results were Chi-Square 

= 3.897 (p-value < 0.05), which is less than the significance level of 0.05. This indicates that 

there is a statistically significant relationship between vehicle type and red-light violation 

behavior at the 0.05 significance level, as shown in Table 5.

	    From Table 5, the analysis of the sample data for vehicles other than motorcycles 

(527 samples) revealed that the time of day was categorized into two groups: rush hour and 

non-rush hour. When comparing the two categories, the rolling stop violation rate during 

rush hour was 4.6%, while during the non-rush hour, it was 0.9% of the total sample.

	     The results of the Chi-Square test showed a value of Chi-Square = 40.162 (p-Value < 

0.05), which is less than the significance level of 0.05. This indicates a statistically significant 

relationship between the stopping at crosswalk and red-light violation behavior for motorcycles 

than other vehicles at the 0.05 significance level.

	     Based on Table 6. , the results of the logistic regression analysis for variables related to 

rolling-stop red-light violations revealed that two variables — vehicle type and stopping at 

crosswalk— was significantly associated with this behavior at the 0.05 significance level. The 

analysis indicated that motorcycle riders were less likely to commit rolling-stop violations 

compared to drivers of other vehicle types, and this difference was statistically significant.

	     Literature on the development of the AI program for detecting traffic light violations 

showed an accuracy rate of 95%. This system builds upon the MAGIC EYE 4.0 program, which 

was used to analyze red-light violations. The primary method used is Image Processing, 

where the system identifies the color of traffic lights and marks the stop line area of traffic 

lanes. It detects objects (vehicles) passing through a designated position when the traffic 

light turns red, and stores the captured images in a database [19].
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	     After the system had been operational for some time, monitoring red-light violations 

and issuing tickets, an issue arose with false detections. Specifically, the system sometimes 

incorrectly identified vehicles passing through the intersection while the traffic light was still 

green, highlighting a potential flaw in the detection process.

	     This study contributes to improving the efficiency of filtering data before online tickets 

are issued by the police, reducing errors in enforcement, and introducing a practical innovation 

for real-world application. Accurate enforcement is crucial when issuing violations, and this 

system helps minimize errors. Beyond the current issues with automatic red-light detection, 

errors in speed camera systems—where incorrect speeding violations are recorded—have 

also been observed in other studies [28-29].

	     Implementing advanced technology to verify the accuracy of detection systems can 

lead to more reliable data, improve the image of law enforcement agencies, and increase 

public trust. The study of red-light violation behavior found a significant relationship 

between vehicle type and the occurrence of "rolling stop" violations. The rolling stop violation 

rate was 7.4%, which is consistent with previous research conducted in Khon Kaen Province [8]

However, unclear traffic signals and ambiguous road markings were also significantly 

associated with traffic violations, which may encourage risky behaviors [15-16].

	    The study by P. Jantosut et al. (2021) then looked at the conduct and contributing 

variables of red-light breaches by drivers of private vehicles in Khon Kaen. Their study's 

goal was to identify the variables affecting motorcycle riders' opportunistic red-light running 

behaviour. Video cameras were utilised in their investigation to record more than 1,000 

motorcycle riders' behaviour at eight junctions in the province. In line with the current 

study's examination of red-light violation rates, the variables involved, and the behaviour 

seen during rush and non-rush hours, the results indicated that 61% of red-light runners 

engaged in opportunistic behaviour. In order to examine averages and determine the causes 

or incentives driving red-light infractions, data was gathered. 
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Table 6 Logistic Regression Model for Rolling-Stop Red-Light Violations (N = 2,041) 474 

Variables 
Category 

/Unit 
Coef. p-value  Odd ratio 

95% C.I.for EXP(B) 
Lower Upper 

X1 Other vehicles      
 Motorcycle 0.707 <0.05* 2.028 1.334 3.084 
X2 Non-rush hour      
 Rush hour   0.192 0.273 1.212 0.861 1.705 
X3 Not Stopped      
 Stopped -3.794 <0.001** 0.023 0.003 0.162 

Constant  -2.946 
 

<0.001** 
 

  

2  0.080    

-2LL 1013.575    

Note * p-value < 0.05  / ** p-value <0.001 475 

 476 

Science and Engineering Connect, ISSN 3027-7914 (Online) 

Vol. 49 No. 1 pp. ...-... (2026) 
21 

 

  

Kumphong and Chawapattanayotha (2026). “Development of an Artificial...,”              Science and Engineering Connect 49 (1), pp. ..-.. 
 

Table 5 Summary of variable proportions and Chi-Square test results for rolling stop violations 472 

Variables All 

Pe
ars

on
 Ch

i-S
qu

are
 Motorcycle 

Pe
ars

on
 Ch

i-S
qu

are
 

Other vehicles 

Pe
ars

on
 Ch

i-S
qu

are
  

No
 RL

R (%
)  

RL
R (%
) 

No
 RL

R (%
)  

RL
R (

%)
 

No
 RL

R (%
)  

RL
R (%
) 

Vehicle Type 
  

3.8
97

* 

- - 

 

- - - 
-      Motorcycle  1391  

(68.2%) 
123 

(6.0%) 
Other 

vehicles  
498 

 (24.4%) 
29  

(1.4%) 
Time 

  

84
2

0.
 

  

0.1
49

 

  

8.2
39

*  Rush hour 
Non-rush 

hour 

1071 
(52.5%) 

818 
(40.1%) 

92 
(4.5%) 

60 
(2.9%) 

794 
(52.4%) 

597 
 (39.4%) 

68 
(4.5%) 

55 
(3.6%) 

277 
(52.6%) 

221  
(41.9%) 

24 
(4.6%) 

5 
(0.9%) 

Stopping at  
Crosswalk    
          Stopped 
 

Not 
stopped 

 
 

373 
 (18.3%) 

1516 
(74.3%) 

 
 
1 

(0.0%) 
226 

(7.4%) 

34
.24

8**  

 
 

376  
(24.2%) 
1024 

(67.6%) 

 
 
1 

(0.1%) 
122 

(8.1%) 

40
.16

2**  

 
 
6 

(1.1%) 
492 

 (93.4%) 

 
 
0 

(0%) 
29 

(5.5%) 

0.3
53

 
Total 1889 

(92.6%) 
152 

 (7.4%) 

 
1391 

(91.9%) 
123 

(8.1%) 
 498  

(94.5%) 
29 

(5.5%) 
 

   Note * p-value < 0.05  / ** p-value <0.001 473 

Table 6 Logistic Regression Model for Rolling-Stop Red-Light Violations (N = 2,041) 474 

Variables 
Category 

/Unit 
Coef. p-value  Odd ratio 

95% C.I.for EXP(B) 
Lower Upper 

X1 Other vehicles      
 Motorcycle 0.707 <0.05* 2.028 1.334 3.084 
X2 Non-rush hour      
 Rush hour   0.192 0.273 1.212 0.861 1.705 
X3 Not Stopped      
 Stopped -3.794 <0.001** 0.023 0.003 0.162 

Constant  -2.946 
 

<0.001** 
 

  

2  0.080    

-2LL 1013.575    

Note * p-value < 0.05  / ** p-value <0.001 475 

 476 

Table 5 Summary of variable proportions and Chi-Square test results for rolling stop 
violations

     Note * p-value < 0.05  / ** p-value <0.001

Table 6 Logistic Regression Model for Rolling-Stop Red-Light Violations (N = 2,041)

Note * p-value < 0.05  / ** p-value <0.001

Pe
ar

so
n 

Ch
i-S

qu
ar

e

Pe
ar

so
n 

Ch
i-S

qu
ar

e



Kumphong and Chawapattanayotha (2026). “Development of an Artificial...,”        Science and Engineering Connect 49 (1), pp.3-27

22

	       In the long term, integrating AI into the screening process for detecting traffic violations 

is expected to influence driver behavior by increasing awareness and compliance with traffic 

laws. This is due to AI’s accuracy and consistency in enforcement, which reduces errors in 

issuing tickets and improves detection efficiency. As a result, road accidents are likely to 

decrease. Additionally, AI can help instill disciplined driving habits, enhance road safety, and 

reduce corruption in law enforcement. However, complementary measures may be necessary 

to ensure that the public understands and accepts the use of AI to its fullest potential. 

Furthermore, the AI model developed in this study can be applied to other areas with similar 

traffic conditions and infrastructure. This includes areas characterized by mixed traffic and main 

arterial roads. [30] Notably, this study focused on vertically oriented traffic lights, while in some 

areas, horizontally oriented traffic lights have also been installed [25] (as shown in Figure 9).
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Conclusion
	    This study focused on developing an AI program using CCTV to detect red-light 

violations, with two main objectives: 1) to develop an AI system for detecting traffic light 

colors via CCTV and 2) to analyze red-light violation behavior among road users in urban Khon 

Kaen. The results showed that the AI program achieved a 94% accuracy rate in detecting 

the color of traffic lights. Additionally, the program was able to significantly improve upon 

the existing system, effectively reducing errors caused by environmental factors such as 

sunlight intensity, the direction of sunlight, malfunctioning or non-operational traffic signals, 

dim traffic lights due to aged bulbs, and irregularities in the physical structure of traffic light 

poles (e.g., poles that had fallen or were misaligned due to collisions). The system allows 

law enforcement officers to review the recorded video footage of incidents stored in the 

database to further verify the accuracy of the program. This ensures that sufficient clarity is 

achieved before issuing traffic tickets, enhancing the reliability and fairness of law enforcement 

actions.

	       Additionally, the analysis of red-light violation behavior (rolling stop) among road 

users in urban Khon Kaen found that vehicle type was significantly associated with rolling 

stop violations at a statistically significant level. Stopping at crosswalk was also significantly 

associated with rolling stop violations for motorcycles than other vehicles. The researchers aim 

to develop this program to help law enforcement effectively utilize technology in enforcing 

traffic laws, deterring violations, issuing tickets, and reducing confrontations between police officers 

and the public. The ultimate goal is to reduce both the number and severity of traffic 

accidents.

Suggestions for Future Research
	    1. There should be an analysis of detection performance (Precision and Recall) for 

vehicle detection specifically under red-light conditions.

	      2. The training parameters of the model—such as batch size, learning rate, optimizer, 

augmentation techniques, hyper parameters, GPU specifications, etc.—should be reported 

to enable reproducibility of the study.

	     3. There should be an analysis of data-related issues or limitations to support model 

adjustments that can reduce false negatives (FN) and erroneous predictions (EP).
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	    4. The data classes should be divided into frames corresponding to red, green, and 

yellow traffic-light phases.

	      5. More than 1,000 samples should be used, and the dataset should reflect real-world 

conditions with diversity in lighting, weather, and environmental factors.
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