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ABSTRACT: Ensuring commuter safety in tunnels requires rapid and accurate accident detection. This study presents 

a deep learning-based framework employing the YOLOv7 object detection model to automatically identify accidents 

within tunnel imagery. The methodology includes dataset acquisition and preprocessing, followed by data partitioning 

into training, validation, and testing subsets. The YOLOv7 model is then trained and fine-tuned on a specialized tunnel 

accident dataset using annotated bounding boxes. Throughout training, performance monitoring is conducted, and the 

model’s effectiveness is evaluated with key metrics such as accuracy, precision, and recall. Experimental results 

highlight the model’s capability to reliably detect tunnel accidents, demonstrating the viability of real-time accident 

detection systems that can enhance safety and operational efficiency in tunnel environments. 
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I. INTRODUCTION 

 

Ensuring the safety of commuters traveling through tunnels is a critical concern in modern transportation infrastructure. 

Tunnels, due to their enclosed and often narrow nature, present unique challenges for accident detection and emergency 

response. Delays in identifying accidents can lead to severe consequences, including traffic congestion, secondary 

collisions, and increased risk to human life. Traditional surveillance methods, such as manual monitoring through 

CCTV footage, are often limited by human error, fatigue, and delayed reaction times. 

 

Recent advancements in artificial intelligence and deep learning have revolutionized image analysis and object 

detection, providing powerful tools to automate and enhance safety monitoring systems. Among these, the YOLO (You 

Only Look Once) family of algorithms stands out for its real-time detection capabilities and high accuracy. The latest 

iteration, YOLOv7, offers improvements in speed and precision, making it well-suited for critical applications like 

accident detection in complex environments such as tunnels. 

 

This study aims to harness the capabilities of YOLOv7 to develop an automated system that can promptly and 

accurately detect accidents within tunnel imagery. By leveraging a dedicated dataset annotated with accident scenarios, 

the system is trained and fine-tuned to identify accident-related objects and situations effectively. Such a solution has 

the potential to significantly improve response times, reduce the impact of accidents, and contribute to the overall 

safety and efficiency of tunnel transportation networks. 

 

1.1 Problem Statement 

Tunnel accidents pose significant risks due to confined spaces and limited visibility, often delaying the detection and 

response time. Traditional manual monitoring methods are inefficient and prone to human error, which can result in 

slower emergency interventions. Therefore, there is a need for an automated, accurate, and real-time system capable of 

detecting accidents in tunnel settings to improve safety and reduce the impact of such incidents. 

 

1.2 Objective 

The primary objective of this project is to develop and implement a deep learning-based accident detection system 

using the YOLOv7 model specifically trained on tunnel accident imagery. This includes acquiring and preprocessing 

relevant datasets, training and fine-tuning the YOLOv7 model with annotated accident data, and evaluating its 

performance using metrics such as accuracy, precision, and recall. Ultimately, the goal is to demonstrate an effective 

approach for real-time tunnel accident detection that can contribute to safer transportation infrastructures. 
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II. RELATED WORK 

 

Accurate and timely detection of objects and events in dynamic environments has been the focus of significant 

research, especially for safety-critical applications like tunnel accident detection. One notable approach in object 

tracking is the Simple Online and Realtime Tracking (SORT) algorithm, which combines the Kalman Filter with the 

Hungarian algorithm to achieve efficient multiple object tracking. Despite its simplicity, SORT delivers performance 

comparable to state-of-the-art trackers while maintaining an exceptionally high update rate of 260 Hz, enabling real-

time tracking necessary for prompt accident detection [1]. 

 

Evaluating detection models effectively requires robust performance metrics. The study on the relationship between 

Precision-Recall (PR) and Receiver Operating Characteristic (ROC) curves emphasizes that PR curves provide a more 

informative evaluation in scenarios with highly skewed datasets, such as accident detection where positive events are 

rare compared to normal traffic. This insight guides the selection of appropriate metrics like precision and recall, which 

are crucial for assessing deep learning models in real-time detection systems [2]. 

 

Specifically addressing tunnel environments, Lee and Shin proposed an Object Detection and Tracking System (ODTS) 

using Faster R-CNN for automatic detection of unexpected accidents under challenging CCTV conditions. Their 

system detects events such as wrong-way driving, stopped vehicles, pedestrians outside vehicles, and fires with high 

average precision, demonstrating the potential of deep learning for practical tunnel monitoring. Notably, their system 

adapts and improves as more labeled data becomes available, enabling continuous enhancement without code 

modifications [3]. 

 

Further advancements are shown in a deep learning-based Tunnel Accident Detection (TAD) system deployed in real 

tunnel CCTV networks. This system overcame initial challenges of false positives caused by environmental factors like 

sunlight and vehicle lights by iteratively retraining with false detection samples, significantly reducing misclassification 

rates and enhancing overall reliability [4]. 

 

Collectively, these works highlight the feasibility and importance of integrating real-time deep learning-based object 

detection and tracking frameworks, coupled with robust evaluation and iterative training strategies, to build effective 

tunnel accident detection systems. 

 

III. PROPOSED SYSTEM 

 

Proposed System 

This project presents a deep learning-based system for detecting accidents in tunnel images using the YOLOv7 object 

detection model. The system is developed by training and fine-tuning YOLOv7 on a curated tunnel accident dataset  

 

where annotated images with bounding boxes guide the model to accurately identify accident scenarios. The model’s 
performance is rigorously evaluated through key metrics such as accuracy, precision, and recall, confirming its 

capability to detect accidents effectively in real-world tunnel environments. By enabling rapid and reliable accident 

detection, this approach aims to significantly enhance tunnel safety and contribute to the development of smarter, more 

efficient transportation systems. 

 

Advantages of the Proposed System 

1. Early detection of accidents improves overall safety within tunnels. 

2. Faster identification reduces emergency response times. 

3. Enhances the operational efficiency of transportation networks. 

4. Minimizes potential damage and loss of life resulting from tunnel accidents. 

5. Supports the advancement of autonomous vehicles and intelligent transportation infrastructure. 

 

 

 

 

 

 



. 

© 2025 IJIRCCE | Volume 13, Issue 5, May 2025|                         DOI:10.15680/IJIRCCE.2025.1305267

 

IJIRCCE©2025                                                |    An ISO 9001:2008 Certified Journal   |                                                         11167 

IV. PSEUDOCODE 

 

START 

 

  DISPLAY "Tunnel Accident Detection System Initialized" 

 

  // Step 1: Load necessary libraries and YOLOv7 model 

  IMPORT deep learning libraries and utilities 

  LOAD pretrained YOLOv7 model 

 

  // Step 2: Load and preprocess dataset 

  dataset = load tunnel accident dataset 

  preprocessed_data = preprocess(dataset) 

 

  // Step 3: Split dataset into training, validation, and testing sets 

  train_data, val_data, test_data = split(preprocessed_data) 

 

  // Step 4: Train YOLOv7 model on training dataset 

  WHILE training not complete: 

    train YOLOv7 on train_data 

    monitor training progress (loss, accuracy) 

  END WHILE 

 

  DISPLAY "Model training complete" 

 

  // Step 5: Fine-tune model with validation dataset 

  fine_tune YOLOv7 on val_data 

 

  // Step 6: Evaluate model performance on test dataset 

  predictions = YOLOv7.predict(test_data) 

  accuracy = calculate_accuracy(predictions, test_data.labels) 

  precision = calculate_precision(predictions, test_data.labels) 

  recall = calculate_recall(predictions, test_data.labels) 

 

  DISPLAY "Model Evaluation Results:" 

  DISPLAY "Accuracy: ", accuracy 

  DISPLAY "Precision: ", precision 

  DISPLAY "Recall: ", recall 

 

  // Step 7: Use model for accident detection on new tunnel images 

  WHILE system is running: 

    image = get new tunnel image input 

    accident_detected, bounding_boxes = YOLOv7.predict(image) 

    IF accident_detected: 

      DISPLAY "Accident detected in tunnel" 

      DISPLAY bounding_boxes 

      ALERT emergency response system 

    ELSE: 

      DISPLAY "No accident detected" 

  END WHILE 

 

END 
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V. SIMULATION RESULTS 

 

The proposed system was simulated using a custom dataset of tunnel surveillance images containing both accident and 

non-accident scenarios. The YOLOv7 model was trained using a labeled dataset, split in an 80:10:10 ratio for training, 

validation, and testing respectively. 

 

During training, various hyperparameters such as learning rate, batch size, and number of epochs were tuned to 

optimize performance. The model was evaluated using standard performance metrics including accuracy, precision, 

recall, and F1-score. 

The simulation was conducted using the following environment: 

• Framework: PyTorch 

• Hardware: NVIDIA RTX 3080 GPU, 16GB RAM 

• Operating System: Ubuntu 20.04 

• Dataset Size: 5,000+ labeled images (accident and non-accident) 

 

After completing the training and validation process, the YOLOv7 model demonstrated high performance in real-time 

detection of tunnel accidents. The results were benchmarked against other widely used object detection models, such as 

YOLOv5 and Faster R-CNN. 

 

Comparison of Model Performance 

Model Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Detection Speed 

(FPS) 

YOLOv5 92.3 91.5 90.2 90.8 40 

Faster R-CNN 89.6 88.2 87.1 87.6 10 

YOLOv7 

(Proposed) 

95.1 94.6 93.8 94.2 45 

 

Key Observations 

• YOLOv7 achieved the highest accuracy and F1-score among the models tested. 

• The recall value indicates YOLOv7 is highly sensitive to accident instances, reducing false negatives. 

• In terms of detection speed, YOLOv7 outperforms YOLOv5 and Faster R-CNN, making it more suitable for 

real-time deployment. 

• The precision-recall balance demonstrates the robustness of YOLOv7 in tunnel scenarios where lighting and 

visibility can be variable. 

 

VI. CONCLUSION AND FUTURE WORK 

 

Deep learning has proven to be a transformative approach in various computer vision applications, including the 

detection of accidents within tunnel environments. This project implemented the YOLOv7 architecture to accurately 

detect accidents from tunnel imagery. The workflow included dataset acquisition, preprocessing, data partitioning into 

training, validation, and testing sets, followed by fine-tuning and evaluation of the YOLOv7 model. The results 

demonstrated high accuracy and efficiency, validating the effectiveness of YOLOv7 for real-time accident detection. 

 

The trained model holds significant potential for deployment in live tunnel surveillance systems, enabling rapid 

identification of incidents and thereby enhancing commuter safety. Its ability to detect accidents quickly can 

significantly reduce emergency response times and mitigate potential damage. To build on this work, future 

improvements could focus on enhancing model performance under challenging conditions such as varying lighting or 

occluded views. Integrating this detection model with IoT-based sensor networks and automated emergency alert 

systems would pave the way for a more intelligent and responsive tunnel safety infrastructure. 

 

Future Work 

While the current implementation of YOLOv7 has yielded promising results, several avenues for future exploration 

remain: 
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• Robustness Enhancements: Improve the model’s performance under variable lighting, weather conditions, and 

tunnel configurations. 

• IoT Integration: Incorporate the detection system with IoT sensors and communication networks for automated 

and immediate emergency response. 

• Architectural Exploration: Evaluate alternative deep learning models such as YOLOv8, EfficientDet, or 

Transformer-based detectors for potentially higher accuracy and speed. 

• Real-time System Deployment: Develop a complete end-to-end system that includes video stream processing, 

edge deployment, and real-time alerts. 

• Dataset Expansion: Augment the dataset with more diverse accident scenarios to increase generalization across 

different tunnel environments. 
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