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ABSTRACT

This study investigates the development and implementation of an innovative Accident Detection System designed to enhance road safety by utilizing real-time
video analysis. This system integrates advanced machine-learning algorithms and sophisticated image-processing techniques to automatically identify accidents as
they occur. By leveraging a pre-trained convolutional neural network (CNN), the system processes video footage captured by surveillance cameras, enabling swift
detection and immediate alerts to relevant authorities. The methodology encompasses a comprehensive examination of data acquisition, model training, and
performance evaluation, illustrating the efficacy of the system in accurately detecting various types of vehicular incidents. Additionally, the research addresses
potential challenges in diverse environmental conditions and emphasizes the scalability and adaptability of the system to future technological advancements. The
findings indicate a significant improvement in response times to accidents, thereby contributing to enhanced traffic management and increased public safety. This
study lays a solid foundation for further research on automated accident detection systems, establishing pathways for continuous improvement, and broader
applications within smart city infrastructure.
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1. Introduction

Road safety remains a pressing global concern. This paper presents a novel, automated accident detection system developed to harness real-time video
analysis and advanced machine learning for rapid incident identification (Sharma, 2020). Utilizing a pre-trained convolutional neural network, the system
discriminates between normal traffic flow and potential accident events with high accuracy (Zhang, 2021). Integrated modules for image preprocessing,
geolocation, and cloud-based snapshot archival facilitate the immediate dispatch of SMS alerts to emergency services (Smith, 2019). Experimental
evaluations underscore the system’s scalability and robustness, demonstrating its potential to reduce emergency response times and enhance public safety
(Mohan, P., & Rao, S.(2022).

2. Related Works

The topic of accident detection systems has gained significant attention in recent years, particularly with advancements in machine learning and image
processing technologies. Several works have laid the groundwork for automated approaches similar to the proposed Accident Detection System. One
notable effort is the work by Awasthi, S., Pandey, A., & Kumar, A. (Awasthi,2020), which presents a real-time accident detection and prevention system
using machine learning algorithms. Their approach leverages video feeds from CCTV cameras to analyse traffic behaviour and detect unusual patterns
that could indicate accidents. The system successfully integrates image processing techniques with data analytics, showcasing the potential for enhancing
public safety through technology.

Another significant contribution comes from (Al-Sharif, 2021), who developed a vehicle accident detection system that utilizes deep learning models. By
employing a convolutional neural network (CNN) for image classification, the system effectively distinguishes between normal and abnormal events in
traffic environments. The results demonstrated high accuracy rates, underscoring the viability of using CNNs for real-time incident detection.

In a different approach, Kumar et al. (Kumar, 2019)) investigated the integration of machine learning with vehicular ad-hoc networks (VANETS) for
accident detection. Their system facilitated communication between vehicles and emergency services, enabling rapid response times upon detection of
accidents. This integration of technologies highlights the value of collaborative systems in improving road safety.

Furthermore, the research conducted by Singh and Gupta (Singh, 2022) explored multi-modal accident detection, combining video, audio, and sensor
data to enhance detection rates and minimize false alarms. Their findings indicated that employing multiple data sources significantly improved the
system's overall performance, marking a key area for future refinements in accident detection frameworks.
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These studies collectively emphasize the importance of integrating advanced technologies in the development of effective accident detection systems.
The Accident Detection System proposed in this project builds upon these foundational works by incorporating real-time video analysis and cloud-based
functionalities to enhance responsiveness and scalability in emergency situations.

3. Background Theory

The development of an Accident Detection System requires an understanding of various technologies and methodologies that play a crucial role in real-
time video analysis, machine learning, and incident response. This section outlines the fundamental theories and concepts that underpin the design and
implementation of the project.

3.1 Video Analysis Techniques:

Video analysis involves using computer vision to interpret and extract meaningful information from video streams. Key techniques include:

. Image Processing: This refers to the manipulation of digital images through algorithms to enhance their quality or extract specific features.
Common methods used in accident detection include filtering, edge detection, and object detection (Gonzalez & Woods, 2002).

. Object Detection and Tracking: Advanced algorithms such as the YOLO (You Only Look Once) framework and Haar cascades enable the
real-time detection and tracking of objects. These techniques are crucial for identifying vehicles involved in traffic incidents (Redmon et al.,
2016).

3.2 Machine Learning:
Machine learning (ML) is a subset of artificial intelligence (Al) that uses statistical techniques to enable computers to learn from and make predictions

based on data. In the context of accident detection:

. Supervised Learning: This type of ML involves training a model on a labelled dataset, where the algorithm learns to map inputs to outputs.
For instance, a CNN can be trained on labelled video footage of normal traffic vs. accidents to identify patterns indicative of incidents (LeCun
et al., 2015).

. Convolutional Neural Networks (CNNs): CNNs are particularly effective for image classification tasks due to their ability to automatically
learn spatial hierarchies of features. In this project, a pre-trained CNN model can be utilized to improve detection accuracy and reduce training
time (He et al., 2016).

3.3 Real-Time Processing:

Real-time processing is critical for accident detection systems to provide immediate alerts. This involves:

e  Data Streaming: Handling continuous input data efficiently is essential for analysing video feeds in real-time. Stream processing frameworks,
such as Apache Kafka or Apache Spark Streaming, allow the application to process and analyse data as it arrives (Krebs et al., 2018).

e  Latency Reduction: Minimizing latency is crucial for timely responses. Techniques such as edge computing can be implemented to process
data closer to the source (i.e., cameras or sensors), thereby reducing the time taken to analyse data and dispatch alerts (Shi et al., 2016).

3.4 Emergency Response Integration:

For an accident detection system to be effective, it must also integrate smoothly with emergency response mechanisms:

e  Geolocation Services: Utilizing GPS and mapping services allows the system to accurately determine the location of an incident, ensuring
rapid dispatch of emergency services (Wang et al., 2019).

. Cloud-Based Solutions: Implementing a cloud infrastructure allows for scalable storage of incident data and enhances data accessibility for
emergency responders. Cloud computing also supports the archiving of snapshots that can be used for further analysis and training (Armbrust
et al., 2010).

4. Proposed Methodology

The accident detection system is designed to analyse real-time video footage using advanced deep learning techniques, enabling prompt identification
and response to road accidents. The proposed methodology consists of several key stages: video preprocessing, feature extraction, accident classification,
alert generation, and cloud-based storage integration.
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4.1 Video Preprocessing and Frame Extraction:

The system captures video input from surveillance cameras or dashcams. Using OpenCV, frames are extracted at predefined intervals, ensuring efficient
data processing. Each frame undergoes preprocessing, including resizing to a standardized resolution of 224 x 224 pixels and normalization to improve
the performance of the machine learning model.

4.2 Feature Extraction Using Convolutional Neural Networks (CNNs):

A pre-trained VGG16 convolutional neural network (CNN) is employed to extract essential visual features from the video frames. This deep learning
model, trained on a large dataset, differentiates between accident and non-accident scenarios. The extracted features are transformed into a one-
dimensional format and undergo further processing to enhance classification accuracy.

4.3 Accident Classification and Prediction:

The processed frames are fed into a fully connected neural network with multiple layers, including an input layer, hidden layer with sigmoid activation,
and an output layer using SoftMax activation for binary classification (accident or no accident). The model is trained using categorical cross-entropy loss
and optimized using the Adam optimizer to achieve high accuracy.

4.4 Real-Time Alert System:

Upon detecting an accident, the system triggers an alert mechanism. Using geolocation services (Geopy and Geocoder), the exact coordinates of the
incident are obtained. An automated short message service (SMS) notification containing the accident details and location is sent via the Twilio API to
emergency responders, ensuring swift intervention.

4.5 Cloud-Based Storage and Accessibility:
To facilitate remote monitoring, the system captures and stores accident snapshots on Google Drive. A Python-based Google Drive API integration

generates a shareable link, allowing responders to access accident evidence in real time. The snapshot is captured shortly before the accident detection to
provide contextual details.
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5. Experimental Results and Performance Evaluation

The proposed accident detection system was evaluated through a series of experiments to measure its accuracy, efficiency, and reliability. The experiments
were conducted using real-world accident datasets and video footage captured from surveillance cameras. The evaluation process involved performance

metrics such as accuracy, precision, recall, F1-score, processing speed, and response time for emergency alerts.

5.1 Dataset and Experimental Setup

The model was trained and tested using a dataset containing accident and non-accident images extracted from video footage. The dataset was pre-
processed and split into 70% training, 20% validation, and 10% testing to ensure effective learning and generalization. The deep learning framework
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was implemented using TensorFlow and Keras, while OpenCV was utilized for real-time video processing. The system was deployed on a low-
performance computing setup with a RYZEN 734U processor, 8GB RAM, and an AMD Graphics GPU for accelerated processing.

5.2 Performance Metrics
5.2.1 Accuracy

Accuracy measures the overall effectiveness of the model by calculating the proportion of correctly classified cases (both accident and non-accident) over
the total number of cases.

Formula:

Accident TP + TN
e = P + Tn + FP + FN
Where:

® TP (True Positive): The model correctly detects an accident.
® TN (True Negative): The model correctly classifies a non-accident scenario.
e [P (False Positive): The model incorrectly detects an accident when none occurred.
®  FN (False Negative): The model fails to detect an accident that actually occurred.
Assessment:
® A high accuracy means that the model correctly identifies most accident and non-accident cases.

e  However, accuracy alone is not always reliable, especially when the dataset is imbalanced (e.g., if accident cases are much rarer than non-
accidents).

5.2.2 Precision

Precision focuses on how many of the cases classified as accidents were actually accidents. It indicates the reliability of the model when it predicts an
accident.

Formula:

Precision = TP
recision = TP+ FP

Where:

® TP (True Positive): Correctly identified accidents.
®  FP (False Positive): Incorrectly detected accidents.
Assessment:
® A high precision means that when the model predicts an accident, it is usually correct.
e If precision is low, the model generates many false alarms, which can cause unnecessary emergency responses.

e  Higher precision is crucial in accident detection, as false positives can waste emergency resources.
5.2.3 Recall (Sensitivity)

Recall measures how well the model detects actual accidents. It calculates the proportion of real accidents that were successfully detected.

Formula:

Recall = P
=T EN
Where:

® TP (True Positive): Correctly identified accidents.
® N (False Negative): Accidents that were missed.

Assessment:
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e Ahigh recall means the model detects most accidents, making it effective in safety-critical applications.
e  Alow recall means many accidents go undetected, which can be dangerous.

e Inaccident detection, recall is critical because missing an actual accident can lead to life-threatening delays in response.
5.2.4 F1-Score

The F1-score is the harmonic mean of precision and recall, providing a balanced evaluation. It helps when there is a trade-off between precision and
recall.

Formula:
FLS 5 Precision X Recall
- = X—
core Precision + Recall
Assessment:

e  Ahigh Fl-score indicates that the model maintains a good balance between precision (avoiding false alarms) and recall (detecting actual
accidents).

e I|tis particularly useful when false positives and false negatives have significant consequences, as in accident detection.

Table 1 - Results obtained from testing the model.

Metric Values (%)
Accuracy 94.5
Precision 92.8
Recall 91.3
F1-Score 92.0

Response Time < 3sec

5.3 Real-Time Performance and Response Time

The system was tested in real-time by processing live video feeds. The average frame processing time was 0.8 seconds, ensuring near-instantaneous
detection. In cases of detected accidents, the system successfully triggered an SMS alert within 3 seconds, providing the geolocation details and a link
to the accident snapshot stored on Google Drive.

5.4 Robustness Under Different Conditions

To assess system robustness, the model was tested under different environmental conditions such as low light, high-speed motion, and partial occlusion.
The detection accuracy remained consistent across varied conditions, with a minor drop in low-light scenarios. The system performed well across different
camera angles and backgrounds, demonstrating its adaptability for real-world deployment.

5.5 Comparative Analysis with Existing Systems

A comparison was conducted with traditional accident detection approaches, such as sensor-based and threshold-based detection. The results showed

that machine learning-based detection significantly outperformed conventional methods in terms of accuracy and response time. Unlike sensor-
based systems, which require vehicle modifications, the proposed approach is non-intrusive and scalable for city-wide deployment.

6. Conclusion

This study presents a deep learning-based accident detection system that leverages real-time video processing and geolocation tracking for rapid
emergency response. The system utilizes a convolutional neural network (CNN) for accident classification, integrating OpenCV for video frame
processing and Twilio API for automated SMS notifications. A cloud-based storage solution ensures remote access to accident evidence, enhancing
emergency response coordination.

Experimental evaluations confirm that the system achieves 94.5% accuracy, with a response time of under 3 seconds, making it highly efficient for
real-world deployment. The robustness of the system was validated under varied lighting conditions, camera angles, and traffic scenarios, ensuring
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consistent performance. Comparative analysis demonstrates that this machine learning-driven approach surpasses traditional sensor-based methods
in terms of accuracy, scalability, and ease of implementation.

The findings highlight the potential of Al-driven accident detection in improving road safety and minimizing response times. Future enhancements may
include multi-camera integration, predictive analytics for accident prevention, and edge computing for real-time processing on embedded devices.
With further refinement, this system could serve as a valuable tool for smart cities, traffic management, and public safety initiatives, reducing accident-
related fatalities and improving overall road infrastructure efficiency.
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