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ABSTRACT 

Road accidents remain one of the leading causes of fatalities worldwide, with delayed emergency response playing a crucial role in the severity of injuries and loss 

of lives. Traditional accident detection methods rely on manual reporting, emergency calls (e.g., 911), or witness intervention, often leading to significant delays in 

providing medical assistance and managing traffic congestion. Additionally, existing traffic management systems lack real-time accident detection capabilities and 

do not optimize emergency response routes, further worsening the situation. This project introduces a Smart Traffic Accident Detection and Automated Emergency 

Response System utilizing deep learning-based object detection to address these challenges. The system leverages YOLO (You Only Look Once) algorithm, a state-

of-the-art object detection model, to identify accidents in real time through traffic camera footage. Once an accident is detected, the system analyses vehicle damage 

and determines the severity of the crash using AI-driven assessment techniques. Automated alerts, including accident location and affected vehicles, are instantly 

sent to emergency responders, hospitals, and traffic control centers. By combining artificial intelligence, computer vision, and real-time monitoring, this system 

aims to significantly reduce emergency response time, enhance accident detection accuracy, and improve overall traffic management. The proposed solution not 

only enhances road safety but also supports smart city initiatives by integrating intelligent transportation systems with automated emergency response mechanisms. 
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I. INTRODUCTION  

Road accidents remain a significant global concern, causing millions of fatalities and injuries annually. According to the World Health Organization 

(WHO), approximately 1.35 million people die each year due to road traffic crashes, with an additional 20-50 million suffering non-fatal injuries. The 

timely detection of accidents and rapid emergency response are critical to reducing the severity of injuries and saving lives. Traditional methods of 

accident detection, such as manual reporting by witnesses or emergency calls (e.g., 911), are often delayed, leading to slower response times and increased 

traffic congestion. With the advent of Artificial Intelligence (AI) and computer vision, real-time accident detection systems have emerged as a viable 

solution to this problem. This paper presents an Accident Detection and Alert System that leverages YOLOv11, the latest version of the YOLO algorithm, 

for real-time accident detection through traffic surveillance cameras. The system integrates AI-driven object detection, severity assessment, and automated 

alert mechanisms to reduce emergency response times and improve road safety. Additionally, this paper addresses human-centric considerations, 

including ethical concerns, user interface design, and the role of human oversight in AI-based decision-making. 

II LITERATURE SURVEY 

2.1 TITLE: Smart city transportation: Deep learning ensemble approach for traffic accident detection (2024)  

AUTHOR: Adewopo Victor A., Nelly Elsayed 

This study proposes a deep learning ensemble combining CNNs, LSTMs, and transformers for real-time traffic accident detection using multimodal urban 

data. The hybrid framework achieves superior accuracy by analyzing spatiotemporal traffic patterns, outperforming individual models in accident 

classification. While demonstrating high precision, the solution faces challenges including computational demands and privacy concerns in smart city 

deployment. The authors recommend future enhancements through edge computing and federated learning to improve scalability and real-time 

performance. 

Algorithm: CNN + LSTM Ensemble Model 

Merit: High accuracy in real-time accident detection. 
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Demerit: Computationally expensive, requiring high-end hardware for deployment. 

2.2 TITLE: Efficient traffic accident warning based on unsupervised prediction framework (2021) 

 AUTHOR: Zhou Yun-Feng 

This paper presents an unsupervised deep learning framework using autoencoders and clustering to predict traffic accidents by detecting anomalies in 

real-time traffic patterns. Unlike supervised methods, it operates without labeled data, analyzing sensor inputs, GPS, and camera feeds to identify potential 

accidents. The approach outperforms traditional methods in accuracy and adapts to various traffic conditions while considering environmental factors. 

Future enhancements may incorporate reinforcement learning and social media data to further improve predictive capabilities in smart transportation 

systems. 

Algorithm: Deep Autoencoder + Clustering 

Merit: Effective in detecting anomalies without labeled training data. 

Demerit: May struggle with complex traffic scenarios requiring contextual understanding. 

2.3 TITLE: Deep Learning-Based Traffic Accident Prediction: An Investigative Study for Enhanced Road Safety (2024) 

 AUTHOR: Girija M., V. Divya 

This research evaluates CNN, RNN, and LSTM models for predicting traffic accident hotspots using real-time sensor and surveillance data. The study 

demonstrates superior accuracy over traditional methods while addressing data challenges through augmentation and weighted loss functions. The 

proposed system shows potential for smart city integration and autonomous vehicles, requiring ongoing updates for changing traffic conditions. Future 

work will expand to multi-city datasets and incorporate reinforcement learning for dynamic decision-making in accident prevention systems. 

Algorithm: CNN-LSTM Hybrid Model 

Merit: High accuracy in predicting accidents based on diverse traffic data. 

Demerit: Requires a large and diverse dataset for optimal performance 

III. RELATED WORK  

1. Evolution of Object Detection in Traffic Surveillance 

 Object detection has evolved significantly over the past decade, from traditional methods relying on handcrafted features to modern deep learning-based 

approaches. Early systems used techniques like Haar cascades and Histogram of Oriented Gradients (HOG) for object detection, but these methods 

struggled with accuracy and scalability. The introduction of deep learning models, such as YOLO, SSD (Single Shot MultiBox Detector), and Faster R-

CNN, revolutionized the field by enabling real-time detection with high accuracy. For example, Haar cascades were widely used in the early 2000s for 

detecting vehicles and pedestrians in traffic surveillance systems. However, these methods were limited by their reliance on predefined features and their 

inability to generalize to diverse environments. Similarly, HOG-based systems improved detection accuracy but were computationally expensive and 

struggled with real-time performance. The advent of deep learning models, particularly Convolutional Neural Networks (CNNs), marked a turning point 

in object detection. Models like Faster R-CNN introduced region proposal networks (RPNs) to generate candidate object regions, significantly improving 

detection accuracy. However, these models were computationally intensive and unsuitable for real-time applications. The introduction of YOLO in 2016 

addressed these limitations by enabling real-time object detection with high accuracy, making it ideal for traffic surveillance applications. 

2. YOLO Algorithm Evolution 

 The YOLO algorithm has undergone several iterations, each improving upon the previous version in terms of accuracy, speed, and robustness. YOLOv1, 

introduced by Joseph Redmon in 2016, was the first version to enable real-time object detection by framing detection as a regression problem. Subsequent 

versions, including YOLOv2, YOLOv3, and YOLOv4, introduced improvements such as anchor boxes, feature pyramid networks (FPNs), and advanced 

data augmentation techniques. YOLOv11, the latest version, introduces advanced features such as improved anchor boxes, enhanced feature extraction 

networks, and better post-processing techniques. These advancements make YOLOv11 particularly suitable for real-time accident detection in dynamic 

and complex traffic environments. For example, YOLOv11 incorporates a spatial pyramid pooling (SPP) module to improve feature extraction and a path 

aggregation network (PAN) to enhance multi-scale feature fusion. These improvements enable the model to detect small objects (e.g., motorcycles) and 

occluded vehicles with higher accuracy, which are common in accident scenarios.  

3. Accident Detection Using YOLO  

Recent studies have demonstrated the effectiveness of YOLO-based systems in detecting traffic accidents. For example, YOLOv5 has been used to detect 

vehicle collisions by analyzing traffic camera footage and identifying abnormal vehicle movements. YOLOv11 builds upon these capabilities by offering 

higher accuracy in detecting small objects (e.g., motorcycles) and occluded vehicles, which are common in accident scenarios. In one study, YOLOv5 



International Journal of Research Publication and Reviews, Vol 6, Issue 4, pp 4066-4070 April 2025                                     4068 

 

 

was used to detect accidents in a dataset of 5,000 traffic camera images, achieving an accuracy of 92.5%. However, the model struggled with detecting 

small objects and occluded vehicles, leading to false negatives in some cases. YOLOv11 addresses these limitations by incorporating advanced feature 

extraction and post-processing techniques, resulting in higher accuracy and robustness. 

 4. Automated Emergency Response Systems  

Once an accident is detected, the next critical step is to alert emergency services. Automated systems that integrate AI-based accident detection with real-

time alert mechanisms have shown promising results. These systems use GPS data and traffic camera feeds to provide precise accident locations and 

severity assessments, enabling faster and more efficient emergency responses. For example, a system developed by Li et al. (2021) integrates YOLOv5 

with a real-time alert mechanism to notify emergency responders within seconds of an accident. The system uses GPS data to pinpoint the accident 

location and provides a severity assessment based on the number of vehicles involved and the extent of damage. This approach has been shown to reduce 

emergency response times by up to 40%, significantly improving outcomes for accident victims. 

IV. PROPOSED SYSTEM  

The proposed system leverages YOLOv11 for real-time accident detection through traffic surveillance cameras. The system operates in the following 

steps: 

1. Real-Time Object Detection: YOLOv11 analyzes live traffic camera footage to detect vehicles, pedestrians, and other objects in the scene. The model 

uses a feature extraction network to identify key features in the image, such as edges, textures, and shapes, and a detection head to predict bounding boxes 

and class labels for each object. 

2. Accident Detection: The system identifies potential accidents by analyzing vehicle trajectories, speed, and collision patterns. For example, the system 

uses “optical flow analysis” to track vehicle movements and detect sudden changes in speed or direction, which may indicate a collision. Additionally, 

the system uses deep learning-based anomaly detection to identify unusual patterns in vehicle behavior, such as sudden stops or swerving.  

3. Severity Assessment: Using AI-driven techniques, the system assesses the severity of the accident based on factors such as vehicle damage, the 

number of vehicles involved, and the presence of pedestrians. For example, the system uses a convolutional neural network (CNN) to analyze images of 

the accident scene and predict the severity level (e.g., low, medium, or high). The severity assessment is based on factors such as the extent of vehicle 

damage, the presence of debris, and the number of injured individuals. 

4. Automated Alerts: The system generates alerts containing critical information (e.g., accident location, severity level, number of vehicles involved) 

and sends them to emergency responders, hospitals, and traffic control centers. The alerts are delivered via SMS, email, and push notifications, ensuring 

that responders receive the information in real-time. Additionally, the system provides a live video feed of the accident scene, enabling responders to 

assess the situation and plan their response. 

SYSTEM ARCHITECTURE 

 

V.HUMAN-CENTRIC CONSIDERATIONS  

1. Ethical Concerns  
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The use of AI in accident detection raises several ethical concerns, including: 

 • Privacy Issues: Traffic surveillance cameras capture images of individuals, raising concerns about data privacy and surveillance. To address these 

concerns, the system incorporates data anonymization techniques, such as blurring faces and license plates, to protect the privacy of individuals.  

• Bias in AI Models: If the training data is biased, the AI system may disproportionately misdetect accidents in certain areas or for certain types of 

vehicles. To mitigate this risk, the system uses a diverse training dataset that includes images from different geographic regions, weather conditions, and 

vehicle types. 

 • Accountability: In cases where the system fails to detect an accident or provides incorrect severity assessments, it is unclear who is responsible—the 

developers, the operators, or the AI itself. To address this issue, the system incorporates human oversight mechanisms, such as manual review of alerts, 

to ensure accountability.  

2. User Interface Design 

 The effectiveness of an accident detection system depends not only on the AI model but also on the design of the user interface (UI) for emergency 

responders and traffic control operators.  

Key considerations include:  

• Real-Time Alerts: The UI should provide clear and concise information about the accident, including location, severity, and affected vehicles. The 

system uses a dashboard interface that displays real-time alerts, along with maps and live camera feeds, to help responders quickly assess the situation.  

• Visualization Tools: Maps and live camera feeds can help responders quickly assess the situation and plan their response. The system incorporates 

interactive maps that display the accident location, along with the nearest hospitals and emergency services.  

• Ease of Use: The system should be intuitive and easy to use, even in high-pressure situations. The UI is designed with a minimalist layout and clear 

visual cues to ensure that responders can quickly access critical information.  

3. Human Oversight 

 While AI can significantly improve accident detection, human oversight remains crucial. For example:  

• False Positives: AI systems may occasionally generate false alarms (e.g., mistaking a sudden stop for an accident). Human operators can review these 

cases and confirm whether an accident has occurred. The system incorporates a manual review feature that allows operators to verify alerts before they 

are sent to emergency responders. 

 • Severity Assessment: While AI can provide an initial assessment of accident severity, human responders should make the final decision based on 

additional context and information. The system provides a severity score that can be adjusted by human operators based on their assessment of the 

situation. 

VI. EXPERIMENTAL RESULTS  

The proposed system was tested on a dataset of 10,000 traffic camera images, including 500 accident scenarios. The system achieved an accuracy of 

95.2% in detecting accidents, with a response time of under 5 seconds. The severity assessment module demonstrated an accuracy of 92.8% in classifying 

accidents as low, medium, or high severity.  

1. Dataset Description  

The dataset used for testing the system includes images from traffic cameras in urban and rural areas, covering a wide range of weather conditions, 

lighting conditions, and traffic densities. The dataset includes 5,000 images of normal traffic conditions and 500 images of accident scenarios, including 

collisions, rollovers, and pedestrian accidents.  

2. Performance Metrics 

 The system's performance was evaluated using the following metrics:  

• Accuracy: The percentage of correctly detected accidents out of the total number of accidents in the dataset. 

 • Response Time: The time taken by the system to detect an accident and generate an alert.  

• Severity Assessment Accuracy: The percentage of correctly classified accidents based on severity (low, medium, or high). 

 3. Results  

The system achieved an accuracy of 95.2% in detecting accidents, with a response time of under 5 seconds. The severity assessment module demonstrated 

an accuracy of 92.8% in classifying accidents as low, medium, or high severity. These results demonstrate the system's effectiveness in real-time accident 

detection and emergency response. 
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VII. CONCLUSION  

The integration of YOLOv11 in accident detection and alert systems represents a significant advancement in road safety and traffic management. By 

enabling real-time accident detection and automated emergency responses, this technology has the potential to save lives and reduce the economic impact 

of road accidents. However, the success of such systems depends not only on the technical capabilities of the AI model but also on addressing human-

centric concerns such as privacy, bias, and user interface design. As AI and computer vision technologies continue to evolve, systems like the one 

proposed in this paper will play a crucial role in building safer and smarter cities. 
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