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Abstract: This research presents an innovative approach to accident classification within tunnels using deep learning
algorithms. Given the unique challenges posed by tunnel environments, such as limited visibility and confined spaces,
effective accident detection is paramount for ensuring swift response and safety. Utilizing a dataset comprising various
tunnel accidents, we trained and evaluated multiple deep learning models. Our results show a significant improvement in
classification accuracy compared to traditional methods.

Keywords: Collection Of Unexpected Accidents, Detection Of Unexpected Events, Tunnel Cctv Accident Detection
System, Deep Learning

l. INTRODUCTION

Tunnels play an essential role as transportation hubs in a society where goods and people are moved efficiently. However,
there are more safety issues because of the tunnels' peculiar and cramped atmosphere. Accidents in these kinds of
buildings can have serious consequences, such as large-scale traffic jams and fatalities. Therefore, it is crucial to identify
and categorise events quickly in order to reduce risks and guarantee prompt response times. The precision and versatility
of the detecting methods in use today are inadequate.

As essential parts of our transport network, tunnels present particular operational and safety difficulties. Mishaps in these
enclosed areas have the potential to result in catastrophic consequences and severe traffic congestion. Although they are
functional, the current detection and response systems frequently lack speed, accuracy, and adaptability. By utilising deep
learning techniques, this project presents a revolutionary method for tunnel accident detection. To train a model that can
quickly and reliably classify different kinds of accidents, we will analyse a wide range of tunnel incidents.

1. BACKGROUND & RELATED WORK

As deep learning has the ability to improve safety and surveillance performance, research on unexpected events in tunnels
with insufficient CCTV monitoring conditions is becoming more and more interesting. Although there isn't much research
on this particular subject, there are relevant works in the more general fields of deep learning, computer vision, and
surveillance systems that can offer useful insights.

Computer Vision for Surveillance A lot of research has looked into using computer vision methods, such as anomaly
detection, tracking, and object detection, for surveillance. To detect unplanned incidents, these methods can be modified
and used in tunnel contexts with inadequate CCTV monitoring.

Deep Learning for Object Detection and Recognition Convolutional neural networks (CNNs), one type of deep learning
model, have shown outstanding results in object detection and recognition tasks. In order to identify different objects and
events in surveillance film, researchers have created CNN-based models. These models may be expanded to identify
accidents in difficult-to-access tunnel situations.

Finding unnatural trends or occurrences in surveillance footage that can point to disasters or emergencies is the goal of
anomaly detection techniques. Deep learning techniques, such as recurrent neural networks (RNNs) and autoencoders,
have been used to find anomalies in video data and may be used to recognise unanticipated incidents in CCTV
footage from tunnels.

Through the combination of knowledge from these interrelated fields, scientists can create novel methods for employing
deep learning algorithms to identify unexpected incidents in tunnels with inadequate CCTV surveillance. However,
additional investigation and testing are required to confirm the efficacy of these strategies in practical settings
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M. METHODOLOGY

CNN:

1. Basic Structure:
A CNN is composed of one or more convolutional layers, often followed by pooling layers, and then one or more fully
connected layers as in a standard multilayer neural network.

2. Key Components:

) Convolutional Layer: This is the core building block of a CNN. The layer's parameters consist of a set of
learnable filters (or kernels), which have a small receptive field, but extend through the full depth of the input volume.
During the forward pass, each filter is convolved across the width and height of the input volume, producing a 2D
activation map of that filter. As a result, the network learns filters that activate when they detect some specific type of
feature at some spatial position in the input.

. Pooling Layer: Pooling layers are used to reduce the spatial dimensions of the data, which helps in reducing
the number of parameters and computational cost. The most common type of pooling is max pooling, where the maximum
value is taken from a set of values in the filter's coverage.

o Fully Connected Layer: After several convolutional and pooling layers, the high-level reasoning in the neural
network is done via fully connected layers. Neurons in a fully connected layer have connections to all activations in the
previous layer.

. Activation Function: After each convolution operation, an activation function is applied to introduce non-
linearity into the model. The Rectified Linear Unit (ReLU) is the most commonly used activation function in CNNs.

. Flatten Layer: Before passing the final output from the convolutional/pooling layers to the fully connected
layer, the data is transformed into a single column (flattened), which is then fed into the fully connected layers.

System:

1.1 Create Dataset:

A dataset, consisting of images pertinent to disease prediction, is collated. This dataset serves as the foundation for model
training and validation. It's split into two distinct subsets: training and testing. The usual split ratio is between 70-80%
for training and 20-30% for testing, ensuring a robust evaluation of the model's accuracy.

1.2 Pre-processing:

Every image in the dataset undergoes a pre-processing phase. This includes resizing images to ensure uniformity and
reshaping them into a format compatible with the deep learning model. Such pre-processing enhances the efficiency and
accuracy of the training phase.

1.3 Training:

With the pre-processed training dataset ready, the deep learning model is trained to recognize and differentiate between
images depicting various disease states and normal conditions. This training phase is crucial, as the model fine-tunes its
parameters to achieve optimal accuracy.

1.4 Classification:

Upon successful training, the model can classify the images into distinct categories. In this context, it determines whether
an image indicates a disease presence or is deemed normal.

User:

2.1 Upload Image:
Users interact with the system by uploading an image they wish to be classified. This image undergoes the same pre-
processing steps as the training images to ensure compatibility.
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2.2View Results:

Once the model has classified the uploaded image, users can view the results. They will see a clear indication of whether
the image showcases any disease markers or is classified as normal. This quick feedback allows users to take subsequent
actions based on the provided diagnosis.
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Fig: 1l Dataset Containing Non Accident Images

© IARJSET This work is licensed under a Creative Commons Attribution 4.0 International License 124


https://iarjset.com
https://iarjset.com/

IA R\] SET ISSN (O) 2393-8021, ISSN (P) 2394-1588

(@ International Advanced Research Journal in Science, Engineering and Technology

Impact Factor 8.066 >: Peer-reviewed & Refereed journal :¢ Vol. 11, Issue 3, March 2024
DOI: 10.17148/IARJSET.2024.11319

Ue COCONUT x

€ > C @ 127.00.1:8000/upload

.

Fig: 111 Output of Accident Image

Ue COCONUT x

€ > C ©® 127.0.0.1:8000/upload

—

we—
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V. CONCLUSION

Tunnels pose particular problems in the constantly changing field of transportation safety that call for creative solutions.
This research study presents a promising method for accident identification and categorization in tunnels by utilising the
capabilities of deep learning. By offering substantial improvements in precision, responsiveness, and flexibility, the
technology raises the bar for tunnel safety procedures. Moreover, its cost-effectiveness and integration potential highlight
how broadly applicable it is to the field of intelligent transportation systems. As demonstrated by this project, the
integration of technology and infrastructure is becoming more and more crucial as transportation networks expand and
become more complex.
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