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Abstract. The Deep Learning Based Road Accident Detection and Alert System is designed to improve the response time to
traffic accidents by leveraging deep learning algorithms for real-time detection and alerting. Utilizing advanced neural networks
like VGG16(Visual Geometry Group), the system processes CCTV footage to identify accidents with high accuracy. Immediate
alerts ensure prompt assistance, enhancing road safety and saving lives.Road accidents are a significant global concern,
contributing to numerous fatalities and injuries annually. Timely detection and reporting of road accidents are critical for
minimizing response times and improving survival rates. This study proposes a deep learning-based system for automatic road
accident detection and alert generation. The system utilizes advanced neural network architectures to analyze real-time data from
surveillance cameras, dash cams, or other sensors. It identifies accident scenarios based on visual and contextual cues, leveraging
techniques such as convolutional neural networks (CNNSs) for image processing and temporal data analysis. Once an accident is
detected, the system sends instant alerts to emergency services and nearby users, ensuring prompt intervention. Experimental
results demonstrate high accuracy and reliability, validating the system’s effectiveness in diverse real-world scenarios. This
solution represents a significant step towards enhancing road safety and reducing emergency response times through the
integration of artificial intelligence.

1. INTRODUCTION

Road accidents are one of the leading causes of fatalities worldwide, and timely response to such incidents is crucial for
minimizing the impact on human lives. Despite the advancements in trafficmanagement systems, the existing methods of road
accident detection and response are often inefficient, leading to delays in emergency services' arrival at the scene. Traditional
systems typically rely on manual monitoring of CCTV footage, public reporting of accidents, or basic automated incident
detection systems, all of which have significant limitations in terms of accuracy, speed, and coverage.

The Deep Learning Based Road Accident Detection and Alert System aims to address these challenges by leveraging advanced
deep learning algorithms, specifically convolutional neural networks like VGG16, to automatically detect accidents in real-time
from CCTV footage. By processing video streams continuously, the system can identify accidents as soon as they occur and
immediately alert the nearest control room or emergency services, drastically reducing the time it takes to respond to
accidents.The proposed system utilizes a combination of cutting-edge technology and automation to improve road safety,
ensuring quicker emergency responses, reducing human error, and providing comprehensive monitoring across urban areas. With
a high detection accuracy rate of 95%, this system aims to enhance the reliability of road accident detection, ultimately saving
lives and

minimizing the consequences of traffic accidents.In addition to the real-time accident detection, the system is designed to be
scalable and cost-effective. By eliminating the need for constant manual supervision of CCTV footage and reducing the
dependency on public reports, the proposed system promises not only to improve the efficiency of response times but also to
optimize traffic management resources. The integration of VGG16 for feature extraction and classification ensures that the system
remains robust and efficient, making it an ideal solution for urban traffic management
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2. RELATED WORK

2.1 Existing Approaches
Several methods have been used to detect road accidents, each with unique methodologies, advantages, and
limitations. Traditionally, road accident detection methods relied on manual monitoring or public reporting, which
often resulted in delayed response times and limited coverage. The following are some existing approaches to
accident detection, focusing on methodologies prior to the implementation of deep learning.
1. Manual CCTV Monitoring and Public Reporting: In many urban areas, CCTV footage is manually monitored
by personnel who identify and report accidents. Alternatively, witnesses or victims report incidents to emergency
services via phone calls.
o Drawbacks: Prone to human error and delayed response times, with limited coverage and a high dependency on
witnesses.
0 Accuracy: Depends on human vigilance; no structured accuracy metric available due to manual operation.
2. Automated Incident Detection (AID) Systems: Automated incident detection (AID)
systems, usually based on basic sensors like radar, infrared, or ultrasonic, are used to
detect incidents on highways. These systems analyze changes in vehicle speed,
density, and flow to detect anomalies.
o Drawbacks: AID systems can miss complex accident scenarios, often resulting in false positives and limited
accuracy.
0 Accuracy: Moderate; generally between 70% and 80%.
3. Machine Learning Approaches: Some systems employ machine learning algorithms such as Support Vector
Machines (SVM), Decision Trees, and k-Nearest Neighbors (k-NN) to process accident data or images. These models
classify incidents by identifying patterns in data, such as speed or abnormal movement.
o Drawbacks: Machine learning algorithms can struggle with image complexity and require extensive feature
engineering. Additionally, they may have a limited accuracy rate and a higher rate of false positives.
0 Accuracy: Varies by algorithm and dataset, typically achieving around 80%-85%.
4. Image Processing Techniques: Some approaches utilize image processing techniques for accident detection.
These methods analyze frames from video feeds to detect anomalies in traffic flow, identifying accidents based on
movement changes or pattern recognition.
o Drawbacks: High computational requirements, often resulting in delayed detection and a high risk of false positives.
0 Accuracy: Generally between 75% and 85%.
5. Deep Learning Approaches: More recent research has explored the use of deep learning models like
Convolutional Neural Networks (CNNs) for detecting accidents. Popular architectures include VGG16, ResNet, and
YOLO (You Only Look Once), which can identify accidents in real-time with high accuracy.
o Drawbacks: Deep learning models require large datasets for training and may need high computational resources.
0 Accuracy: Achieves higher accuracy compared to previous methods, typically around 90%-95%.
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2.2 Summary of Existing

Reference Authors Methodology Drawbacks Accuracy
No.
Ahmed, M., [Manual CCTV Delayed response, human Not
1 & Hawas, |[Monitoring & Public error, limited coverage, .
: ) ) quantified
Y. Reporting reliance on witnesses
Chen. L. & Automated Incident False positives, limited
2 Liu Y ” 7 [|Detection (AID) with detection of complex 70%-80%
T Sensors incidents, accuracy issues
Needs extensive feature
3 Kumar, S., |[Machine Learning engineering, moderate 80%-85%
& Singh, R. [[(SVM, Decision Trees) |laccuracy, potential for false ’ °
positives
Image Processing . .
. High computational needs,
4 Zhang, H., Techm_qpes (pattern delayed detection, false 75%-85%
& Wu, J. recognition, traffic flow .
. positives
analysis)
5 Gupta, A., |[Deep Learning (VGG16, |Requires large datasets, high 90%-95%
& Yadav, S.|[ResNet) computational requirements ’ °
Lee T. & Sensor-Based AID Limited accuracy in complex
6 Lee’ ] ? Systems (infrared and scenarlios, susceptible to 70%-80%
> radar) environmental interference
Verma, P.. ||Convolutional Neural High training data
7 & Agrawal, |[Network (CNN) requirement, computationally||85%-92%
V. Approaches intensive
Brown. C YOLO (You Only Look (Needs powerful hardware,
8 2 77 ||Once) for Real-Time may miss small accidents due||90%-93%
& White, L. : : L.
Detection to bounding box limitations
Patel. R & Recurrent Neural Complexity in long
9 Sinhé M Networks (RNN) for sequences, data 88%-92%
>~ |[Temporal Analysis preprocessing required
Miller. D Hybrid CNN-RNN High computational
10 & Che,n Z Models for Sequential  |resources, overfitting risk 90%-92%
> ||Accident Detection with small datasets

3. METHODOLOGIES
The primary objectives of the Deep Learning-Based Road Accident Detection project are as follows:

1. To Develop an Automated Accident Detection System: Design and implement a real-time, automated system that uses deep
learning algorithms to detect road accidents in CCTV footage with high accuracy, reducing reliance on manual monitoring and
public reporting.

2. To Achieve High Detection Accuracy: Utilize advanced neural networks, such as VGG16, to ensure the system accurately
identifies accidents with a high detection rate and minimizes false positives and false negatives, even under diverse environmental
conditions.

3. To Enable Real-Time Processing and Monitoring: Implement a solution capable of processing video feeds in real-time,
allowing for immediate accident detection and reducing the response time for emergency services.

4. To Minimize Human Error: Replace manual processes with an automated system that reduces human error, ensuring
consistent and accurate accident monitoring across all monitored locations.

5. To Improve Emergency Response Time: Develop a system that promptly notifies emergency responders upon accident
detection, allowing for faster interventions and potentially saving lives by reducing response times.
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6. To Create a Scalable Solution for Large-Scale Monitoring: Design the system to monitor multiple CCTV feeds
simultaneously, making it adaptable for use in both urban and rural settings, and capable of covering large geographical areas.

7. To Ensure Cost-Effectiveness and Ease of Implementation: Design a system with low pre-processing requirements and
compatibility with existing CCTV infrastructure to minimize implementation costs, making it accessible for widespread adoption.

8. To Enhance Road Safety and Reduce Fatalities: By facilitating rapid response to road accidents, the system aims to reduce
accident-related fatalities and contribute to overall road safety improvements.
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Data flow diagram
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4. RESULTS AND DISCUSSION

The dataset for the "Deep Learning Based Road Accident Detection" project consists of video footage

captured from CCTV cameras placed along roadways, focusing on high-traffic areas prone to

accidents. The data includes annotated video frames or sequences labeled as either "accident” or "nonaccident,”" which are
essential for training and testing the deep learning model.

4.1 Performance of Machine Learning Models

The results of the accident detection model, based on the VGG16 deep learning architecture, are evaluated across multiple
performance metrics and conditions. The following sections provide insights into the experimental findings, using graphs,
screenshots, and performance comparisons
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Table 1. Comparison of ML Algorithms

Module Test Case ID D,I‘e‘;itrifftlisoen Expected Result|| Actual Result [(Status
Test connection Video feed is Video feed
- with CCTV camera
Video Input captured and captured and
TC VIM 01 [to ensure Pass
Module - - compatibility and streamed streamed
prop]z:r videoystream successfully successfully
Test streaming (A1l feeds stream [[Multiple feeds
TC_VIM_ 02 ||from multiple in re_al—t_lr_ne with s_treamr._ed in real- Pass
camera feeds no significant tlme_ with
delay minimal delay
oy e Video streams
Ev?f; Z?t{?g_ZEFIhty start without All tested formats
TC VIM 03 CCTV models and format or streamed without |[Pass
video formats compatibility issues
issues
. System detects System detected
Eﬁztrrl:lmﬁg?f d(z:f) and alerts on feed |[and alerted on
TC VIM_04 s treanlp(e loss, resumes feed loss, Pass
camera dl:sg(;)nnect) monitoring on resumed on
reconnect reconnect
Test resizing of Frames are Frames
Pre- video frames to resized to the successfully
Processing |[TC_PPM 01 |required . resized to Pass
— — . : expected input -
Module dimensions for e for th del required
VGG16 input stze for the model |l imensions
Test pixel Fr hav Pixel
normalization to ames have normalization
TC PPM 02 . normalized pixel . Pass
ensure uniform data applied
) values
input successfully
Test frame Only selected Frame selection
TC PPM 03 extraction and frames are sent reduced Pass
— — selection to reduce [[for processing, processing load
computational load ([reducing load by 30%
Test data Frames undergo Auementation
augmentation augmentation a %ied with no
TC PPM_ 04 [techniques on with no distortion n];pative impact Pass
frames for model affecting g 'mp
. on detection
robustness detection
Deep Test loading of pre-
Learning || trained VGG 16 Model loads Model loaded
C DLM 01 . successfully . Pass
Model model for accident ) without errors
Module detection without errors
Test training of the ||[Model trains Model trained
TC_DLM_02 model with labeled ||correctly and successfully with Pass
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Table 2. Performance Comparison of DL Algorithms

Module |[Test Case ID Dl;‘;iii(;:tlissn Expected Result| Actual Result (Status
accident datasets  |reaches expected (92% accuracy on
accuracy test data
Test fine-tuning the F;n‘e,;‘([june;iimo?el Model accuracy
TC_DLM_03|lmodel for enhanced | ©*'“ ghe improved to 95% |(Pass
- - accuracy on test ;
accuracy post fine-tuning
data
Test frame Frames are
classification for correctly Frames classified
TC DLM 04 accident' or 'non- classified with correctly with Pass
accident’ categories output probabilities
probabilities
Probability
T:jg;;tll?tm Model outputs  |threshold
TC DLM 05 fhreshol d y probabilities for |adjustment Pass
adiustment decision-making [worked as
! expected
Test threshold- Frames with
Detection based classification robability > 0.5 Frames correctly
Logic TC DLM_01{for accident P WY~V Hlolassified based  |[Pass
: are classified as
Module detection (e.g., accidents on threshold
probability > 0.5)
Test logic for Consecutive Consecutive
TC DLM 02 consecutive frame [[frames showing |frame detection Pass
- — "llanalysis to confirm |faccidents trigger |confirmed
accident occurrence||confirmation accidents
Test hanc‘il'l ng of Non-accident ..
false positives from events are not False positives
TC DLM 03|[non-accident events|| . . minimized Pass
: misclassified as
like road . successfully
construction accidents
Test accuracy of  |[Detection System
accident detection [faccuracy is maintained high
TC_DLM_04(on various real-life |lconsistent across |faccuracy in Pass
scenarios and different different
lighting conditions |[scenarios conditions
Test performance ||System maintains ||System processed
TC DLM 05 under multiple accuracy and all inputs Pass
- — "|icamera inputs and ||speed without accurately with
high traffic volume ||significant delays |minimal delay

The results of the accident detection model, based on the VGG16 deep learning architecture, are
evaluated across multiple performance metrics and conditions. The following sections provide
insights into the experimental findings, using graphs, screenshots, and performance comparisons

CONCLUSION

The "Deep Learning Based Road Accident Detection" system presents a significant advancement in road safety technology,
leveraging deep learning to enable real-time accident detection through CCTV footage. By employing the VGG16 neural network
architecture, the system demonstrates high accuracy in identifying accident events, with minimal false positives and false
negatives. The model effectively addresses the limitations of traditional

monitoring and reporting systems, which often suffer from delayed response times, human error, and limited coverage.Key
benefits of the system include rapid accident detection, reduced reliance on manual monitoring, and improved accuracy, which
collectively contribute to a faster emergency response. The model’s ability to operate with low pre-processing requirements and
its compatibility with multiple camera feeds enhance its practicality for urban traffic environments.In real-world tests, the system
achieved an accuracy of 95%, with an average response time of approximately 2 seconds from detection to alert. These results
suggest the system’s robustness and its potential to save lives by enabling quicker intervention and reducing the severity of
accident-related injuries and fatalities.

JETIR2503472 ] Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org \ e521


http://www.jetir.org/

© 2025 JETIR March 2025, Volume 12, Issue 3 www.jetir.org (ISSN-2349-5162)

10.

REFERENCES
A. M. Turing, "Computing Machinery and Intelligence," Mind, vol. 59, no. 236, pp. 433-460, 1950.
0 This classic paper introduces the concept of artificial intelligence, providing a foundation for later
advancements in machine learning and neural networks.
K. Simonyan, A. Zisserman, "Very Deep Convolutional Networks for Large-Scale Image Recognition,” in Proceedings of
the International Conference on Machine Learning (ICML), 2014.
o0 Introduces the VGG16 model, which has become one of the most widely used architectures in deep learning
for image classification tasks.
S. loffe, C. Szegedy, "Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift,” in
Proceedings of the International Conference on Machine Learning (ICML), 2015.
o Discusses techniques like batch normalization that improve the performance and stability of deep learning
models.
Y. LeCun, Y. Bengio, G. Hinton, "Deep Learning," Nature, vol. 521, pp. 436-444, 2015.
o0 This paper outlines the principles of deep learning, focusing on the techniques that have revolutionized fields
such as image recognition, speech processing, and natural language processing.
R. Girshick, J. Donahue, T. Darrell, J. Malik, "Rich Feature Hierarchies for Accurate Object Detection and Semantic
Segmentation,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2014.
o Introduces the Region-CNN (R-CNN) model, a significant contribution to object detection, relevant to
applications like accident detection.
M. D. Zeiler, R. Fergus, "Visualizing and Understanding Convolutional Networks,” in Proceedings of the European
Conference on Computer Vision (ECCV), 2014.
o Discusses methods for visualizing and interpreting convolutional neural networks, aiding in understanding
deep learning model performance.
A. Krizhevsky, 1. Sutskever, G. Hinton, "ImageNet Classification with Deep Convolutional Neural Networks," in
Proceedings of the Advances in Neural Information Processing Systems (NeurlPS), 2012.
0 This paper introduces the AlexNet architecture, which significantly improved image classification tasks and
led to the rise of deep learning in computer vision.
X. Chen, P. Li, L. Xu, and D. Wu, "Traffic Accident Detection Using Convolutional Neural Networks,” in IEEE
Transactions on Intelligent Transportation Systems, vol. 18, no. 5, pp. 1246-1254, 2017.
0 Explores the application of CNNs for traffic accident detection, aligning closely with the objectives of the
proposed system.
J. Redmon, S. Divvala, R. Girshick, A. Farhadi, "You Only Look Once: Unified, RealTime Object Detection," in
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2016.
o Introduces the YOLO object detection framework, which could be incorporated into accident detection
systems for real-time detection and response.
A. R. Mahajan, V. N. S. V. R. Krishna, and P. S. S. R. K. Babu, "Deep Learning for Road Accident Detection using
CCTV Footage," in International Journal of Computer Applications, vol. 173, no. 10, pp. 1-6, 2017.

JETIR2503472 ] Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org \ e522


http://www.jetir.org/

