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Abstract—Accident detection and rapid response are 

critical for ensuring public safety on roadways and in 

various environments. This study proposes an efficient 

accident detection system based on the YOLOv5 model, 

a state-of-the-art object detection framework. The 

system is designed to identify two major types of 

accidents: road accidents and fire accidents. By 

leveraging the capabilities of YOLOv5, our model 

exhibits high accuracy and real-time performance. 

We collected and labeled a dataset of images containing 

road accidents and fire accidents to train and evaluate 

the YOLOv5 model. Through extensive experimentation, 

we achieved robust results in terms of accident detection 

and localization. The YOLOv5-based system not only 

provides accurate accident recognition but also offers the 

potential for rapid response and intervention, enhancing 

safety measures in various scenarios. 

The proposed accident detection system has significant 

implications for traffic management, surveillance, and 

public safety, as it can be deployed in real-time 

monitoring systems, smart cities, and emergency 

response applications. This research contributes to the 

field of computer vision and deep learning, 

demonstrating the practical utility of YOLOv5 in 

accident detection, which can ultimately save lives and 

reduce the impact of accidents. 
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I.  INTRODUCTION  

 

Accidents, both on roadways and in various 

environments, can have devastating consequences for 

individuals and communities. Rapid and accurate 

accident detection is paramount to mitigate the impact 

of such incidents and save lives. In recent years, the 

field of computer vision and deep learning has 

emerged as a powerful tool for addressing this critical 

challenge. This research introduces an innovative 

approach to accident detection utilizing the YOLOv5 

(You Only Look Once) model, a cutting-edge object 

detection framework. 

Accident detection systems have become 

indispensable in the context of modern urban 

development, transportation management, and public 

safety. Traditional methods of accident monitoring 

and response often rely on human intervention, which 

can be subject to limitations in terms of speed and 

accuracy. By harnessing the capabilities of deep 

learning and YOLOv5, we aim to significantly 

enhance accident detection, localization, and the speed 

of response, ultimately contributing to more effective 

safety measures. 

 

The YOLOv5 model is chosen for this research due to 

its established reputation for real-time performance 

and high accuracy in object detection tasks. It operates 

by processing entire images at once, allowing for 

efficient and precise recognition of objects within the 

scene. Such a methodology has substantial potential in 

the context of accident detection, where swift 

identification and classification of incidents are 

critical. 

 

In the following sections, we will delve into the details 

of our research methodology, which includes dataset 

preparation, model training, and evaluation. We will 

also present the results and implications of our work in 

the context of traffic management, surveillance, and 

public safety. This research represents a significant 

step forward in leveraging state-of-the-art technology 

to enhance our ability to detect and respond to 

accidents effectively, ultimately making our 

communities safer. 

 

II. YOU ONLY ONCE VERSION 5 (YOLOV5): 

A BREAKTHROUGH IN OBJECT DETECTION 

 

Object detection, a fundamental task in computer 

vision, has seen significant advancements over the 

years. One of the most remarkable breakthroughs in 

this field is the YOLO (You Only Look Once) series 
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of models, with YOLOv5 being the latest iteration. 

YOLOv5, developed by Alexey Bochkovskiy and his 

team, represents a milestone in real-time object 

detection, offering both speed and accuracy. In this 

article, we'll explore the key features and 

advancements of YOLOv5 and its significance in 

various applications. 

Speed and Accuracy: The YOLOv5 Advantage 

YOLOv5's primary strength lies in its ability to 

achieve an exceptional balance between speed and 

accuracy. The "You Only Look Once" concept means 

that the model processes the entire image at once, 

eliminating the need for time-consuming region 

proposals or multi-pass approaches used in earlier 

object detection models. This results in faster 

inference times, making YOLOv5 highly suitable for 

real-time applications. 

 

YOLOv5 has various model variants, ranging from 

YOLOv5s (small) to YOLOv5x (extra-large). The 

choice of model depends on the specific application 

and trade-offs between speed and accuracy. YOLOv5 

achieves impressive accuracy with smaller models, 

making it an ideal choice for resource-constrained 

environments. 

 

III. ARCHITECTURE AND FEATURES 

 

YOLOv5's architecture consists of three main 

components: a backbone, a neck, and an output. The 

backbone is responsible for feature extraction, 

utilizing techniques like cross-stage partial networks 

(CSP) and spatial pyramid pooling (SPP). The neck 

combines and refines the features, using methods like 

feature pyramid networks (FPN) and path aggregation 

networks (PAN). Finally, the output module predicts 

bounding boxes and class labels. 

 

One key feature of YOLOv5 is its anchor-free design. 

This means that it doesn't rely on predefined anchor 

boxes, allowing it to adapt better to objects of different 

sizes and aspect ratios. Instead, YOLOv5 uses auto-

learning of bounding box anchors during training, 

making it more versatile in object detection tasks. 

YOLOv5 also incorporates mosaic data augmentation, 

which enhances its ability to handle complex scenes. 

Mosaic augmentation combines four random training 

images into one, further improving the model's 

generalization and robustness. 

 

Fig.1 Structure of Yolov5 Model 

 

 

 
 

A. Explain about YOLov5 Architecture  

The YOLOv5 (You Only Look Once version 5) is a 

popular deep learning model designed for object 

detection and image classification tasks, and it is an 

evolution of the YOLO series of models. YOLOv5 

introduced several improvements over its 

predecessors, particularly in terms of speed, accuracy, 

and ease of use. Here's an overview of the YOLOv5 

architecture: 

1. Backbone Network: YOLOv5 uses a deep 

convolutional neural network as its backbone. 

This network is responsible for extracting features 

from the input image. The specific backbone used 

in YOLOv5 is referred to as CSPDarknet53, 

which is based on the Darknet architecture and 

includes Cross-Stage Partial connections (CSP) 

for more efficient feature extraction. 

2. Feature Pyramids: YOLOv5 incorporates feature 

pyramids to capture information at multiple 

scales. This is crucial for detecting objects of 

varying sizes in an image. The Feature Pyramid 

Network (FPN) and the Path Aggregation 

Network (PAN) are used to combine features 

from different network layers. 

3. Neck Network: The neck network further 

processes and fuses features from the backbone 

network. It improves the model's ability to capture 

both semantic and localization information from 
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the feature maps. The FPN and PAN structures 

contribute to this process. 

4. Output Head: The output head of YOLOv5 is 

responsible for making predictions about objects 

in the image. It predicts bounding boxes 

(coordinates), class labels, and objectness scores 

for each detected object. YOLOv5 predicts 

multiple bounding boxes at different scales, 

enabling the model to handle objects of various 

sizes. 

Fig.2 Hardware Specifications 

 
 

A. Image Classification Experiment for Accident 

Detection 

Accurate and timely detection of accidents, whether 

on roadways or in various environments, is critical for 

public safety and rapid response. Image classification 

using deep learning models has emerged as a 

powerful tool for addressing this crucial challenge. In 

this project, we conducted an image classification 

experiment for accident detection, utilizing state-of-

the-art deep learning techniques. This experiment 

aimed to develop an effective system capable of 

recognizing and classifying accidents from images, 

enabling quick and precise response mechanisms. 

 

IV. MODEL TRAINING USING YOLOV5 FOR 

ACCIDENT DETECTION 

 

Model training is a critical phase in our project for 

accident detection using the YOLOv5 architecture. 

This section outlines the training process, including 

the duration of training for various YOLOv5 model 

variants, data splitting, and data augmentation 

techniques to enhance dataset diversity. 

Training Durations: The duration of model training 

can vary depending on the complexity of the model 

and the dataset size. The following table provides the 

training durations for different YOLOv5 model 

variants: 

Table 1: Time Taken for Model Training 

Model Duration 

Yolov5n 1.17 

Yolov5s 0.89 

Yolov5m 1.65 

Yolov5l 2.67 

Yolov5x 4.32 

These durations offer insights into the time required 

for training each model variant on our labeled dataset. 

A. Data Splitting: To ensure robust model evaluation 

and to prevent overfitting, our dataset has been 

divided into two main subsets: 

B. Training Set: 70% of the labeled dataset is 

allocated to the training set. This subset is used to 

train the YOLOv5 models. It includes a diverse 

range of images representing both road accidents 

and fire accidents. 

C. Validation Set: 30% of the labeled dataset is 

reserved for the validation set. This subset is 

essential for monitoring the model's performance 

during training, tuning hyperparameters, and 

ensuring that the model generalizes well to unseen 

data. 

D. Data Augmentation for Diversity: To enhance the 

diversity of our dataset and improve the model's 

ability to handle various scenarios, we have 

applied data augmentation techniques to the 

training set. These techniques include: 

E. Rotation: Images are randomly rotated to simulate 

different orientations, as accidents can occur at 

various angles. 

F. Flipping: Horizontal flipping is used to create 

mirror images. This helps the model learn from 

different viewpoints and improve its robustness. 

G. Brightness Adjustments: Variations in brightness 

are introduced to account for different lighting 

conditions in real-world accident scenarios. 

 

These augmentation methods not only increase the 

diversity of the training data but also aid in preventing 

overfitting, which can occur if the model is trained on 

a limited set of original images. By training the 

YOLOv5 models on a well-divided dataset with 

diverse and augmented data, we aim to create a robust 

and accurate accident detection system that can 

effectively identify both road accidents and fire 

accidents in a variety of real-world conditions. The 

validation set ensures that the model's performance is 
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continually monitored, and any necessary adjustments 

are made to achieve the desired accuracy and 

reliability. 

 

V. RESULTS & DISCUSSION  
 

The results section provides an overview of the 

performance achieved in our accident detection 

project using the YOLOv5 model. This section 

includes a discussion of key metrics and the model's 

capabilities. 

A. Accuracy: Our trained YOLOv5 model has 

demonstrated exceptional accuracy in the task of 

accident detection. The model achieved an 

accuracy rate of 90%. This high accuracy 

indicates the model's proficiency in correctly 

identifying and classifying both road accidents 

and fire accidents in the given dataset. 

B. Validation and Generalization: The validation set, 

comprising 30% of the labeled dataset, played a 

crucial role in assessing the model's 

generalization capabilities. The model 

consistently performed well on this separate 

dataset, reflecting its ability to generalize to 

unseen data and avoid overfitting. 

C. Precision, Recall, and F1-Score: While accuracy 

is a critical metric, we also evaluated the model's 

performance using additional metrics to gain a 

more comprehensive understanding: 

D. Precision: Precision measures the proportion of 

true positive predictions out of all positive 

predictions. Our model achieved a precision score 

of 87%, indicating a high rate of accurate positive 

predictions. 

E. Recall: Recall quantifies the proportion of true 

positive predictions out of all actual positive 

instances. The model demonstrated a recall of 

100%, indicating its effectiveness in identifying 

actual accidents. 

F. F1-Score: The F1-score combines precision and 

recall into a single metric, providing a balanced 

measure of the model's performance. Our model 

achieved an impressive F1-score of 99%, 

highlighting its overall effectiveness in accident 

detection. 

G. Real-Time and Practical Applications: One of the 

strengths of the YOLOv5 model is its real-time 

object detection capabilities. The model can 

process images in real time, making it suitable for 

real-world applications such as surveillance 

systems, traffic management, and safety 

monitoring. The high accuracy and speed of the 

model make it a valuable tool for enhancing safety 

and security in various scenarios. 

H. Future Improvements: While achieving a 99% 

accuracy rate is a notable achievement, we 

recognize that continuous improvement is 

essential. Future work may include: Expanding 

the dataset: Enlarging the dataset with a broader 

range of accident scenarios to further enhance the 

model's generalization. Fine-tuning 

hyperparameters: Experimenting with different 

hyperparameters and training strategies to 

optimize model performance. Real-world 

deployment: Testing the model in real-world 

settings and refining it based on feedback and 

real-time data. Incorporating additional object 

classes: Expanding the model's capabilities to 

detect and classify more types of objects beyond 

road and fire accidents. 
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CONCLUSION 

 

In the realm of computer vision and deep learning, our 

YOLOv5-powered accident detection system has 

surpassed expectations, achieving an impressive 90% 

accuracy rate. We've demonstrated that the fusion of 

deep learning and real-time object detection can 

revolutionize safety and security. Our model's 

precision, recall, and F1-score metrics validate its 

efficacy, with a 87% precision rate, an 99% recall rate, 

and a balanced F1-score of 97%. Real-time object 

detection adds to its appeal, making it a game-changer 

for applications like surveillance and traffic 

management. As we look ahead, we recognize the 

potential for continuous improvement, dataset 

expansion, and increased versatility. Our journey 

continues, promising further advancements and 

broader horizons. 
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