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Abstract - Delayed emergency response after road 

accidents is a key reason for preventable deaths in India, 

where over 4.61 lakh road accidents were reported in 2022. 

Although surveillance systems are commonly used, most of 

these systems are passive and only record events without 

taking any automatic action. This paper introduces a system 

that detects accidents and directs emergency vehicles 

efficiently. It combines real-time video analysis with smart 

routing. The system uses YOLOv8n for identifying vehicles, 

DeepSORT for tracking multiple objects, and a Gaussian 

Mixture Model (GMM) to detect unusual traffic patterns that 

may indicate an accident. Once an accident is confirmed, 

Dijkstra’s algorithm is used to find the fastest possible route 

for the nearest emergency vehicle. Real-time alerts and 

updated routes are sent through a FastAPI backend and 

shown on a React 18 dashboard using Server-Sent Events 

(SSE). The system was tested using standard datasets and 

video footage from highways in the Rajamahendravaram 

area. It achieved a detection accuracy of 93.4% with an 

average processing time of 38 milliseconds, showing its 

ability to detect and respond to accidents almost in real 

time. The results show that this framework is scalable and 

can be used in intelligent transportation and smart city 

setups. 
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1. INTRODUCTION  
 
Road accidents remain a major cause of fatalities in India, 
with delayed emergency response contributing 
significantly to preventable deaths. According to the 
Ministry of Road Transport and Highways (MoRTH) 2022 
report, a life is lost to road accidents every 3.7 minutes. 
Although surveillance cameras are deployed on major 
highways such as NH-16, they primarily function as 
passive monitoring systems and do not provide automated 
accident response. 

Existing accident detection approaches have several 
limitations. Sensor-based methods require specialized 
hardware installed in vehicles, GPS-based systems often 
lack visual verification of accidents, and traditional 
computer vision techniques are prone to false detections 
under real traffic conditions. Furthermore, most existing 
studies focus only on accident detection and provide 
limited support for emergency response and vehicle 
routing. 

To address these challenges, this paper proposes a "Next-
Gen Intelligent Accident Detection and Emergency Vehicle 
Diversion System." The framework combines YOLOv8n for 
vehicle detection, DeepSORT for object tracking, and a 
Gaussian Mixture Model (GMM) for abnormal traffic 
behaviour analysis. Once an accident is confirmed, 
Dijkstra's algorithm determines the shortest alternate 
route for emergency vehicles. The system delivers real-
time alerts and route updates through a FastAPI backend 
and a React-based monitoring dashboard, enabling faster 
and more efficient emergency response. 

2. METHODOLOGY 
 
The proposed framework integrates multiple modules, 
each responsible for a specific task ranging from video 
analysis to emergency route planning. Rather than relying 
on a single heavy model to do everything, we designed the 
pipeline in stages so each component could be tested 
independently before being connected together. The 
overall methodology is broken into four main stages. 

2.1 Video Input and Preprocessing 
 
The system accepts either a live CCTV stream or a 
recorded video file uploaded through the web interface. 
Before detection, each incoming frame is preprocessed 
using OpenCV. Frames are resized and normalized to 
match the input dimensions required by YOLOv8n. 
Highway camera feeds are frequently affected by 
illumination changes, environmental disturbances, and 
camera movement; therefore, preprocessing is applied to 
improve detection consistency. 

A confidence threshold of 60% is also applied at this stage, 
ensuring that only reliable detections are forwarded to the 
tracking module. During testing, this significantly reduced 
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noise and eliminated many false detections caused by 
partially visible vehicles near the edges of the frame. 

2.2 Vehicle Detection with YOLOv8n 
 

YOLOv8n was selected as the primary detection model due 
to its favorable balance between accuracy and 
computational efficiency. The nano variant is designed for 
real-time applications and requires significantly fewer 
computational resources than larger YOLOv8 models 
while maintaining competitive detection performance. 
Testing on hardware powered by an NVIDIA GTX 1650 
graphics card showed that the framework could process 
nearly thirty video frames every second., making it 
suitable for real-time CCTV-based traffic monitoring. 

To support real-time deployment, the detection pipeline 
was integrated into a web-based platform. FastAPI was 
used for backend services and Server-Sent Events (SSE) 
communication, while the React frontend provided live 
video visualization with detection overlays, accident 
alerts, incident history, and emergency route information. 
The modular separation between frontend and backend 
components improved maintainability and simplified 
system testing and debugging. 

The model was initialized using pre-trained COCO weights 
and subsequently fine-tuned on accident-related frames 
obtained from the CADP dataset. Data augmentation 
techniques, including horizontal flipping, brightness 
adjustment, and mosaic augmentation, were applied 
during training to improve generalization across varying 
lighting conditions and vehicle categories. This approach 
enhanced the model's ability to detect vehicles commonly 
found on Indian highways, such as auto-rickshaws, buses, 
and heavy commercial vehicles. 

2.3 Vehicle Tracking and Accident Detection 
 
Vehicle detection alone is insufficient for determining 
whether an accident has occurred, as a single frame 
cannot distinguish between a vehicle that has temporarily 
stopped and one involved in a collision. To overcome this 
challenge, a DeepSORT-based tracking mechanism was 
incorporated to continuously follow multiple vehicles 
across consecutive frames. DeepSORT assigns a unique 
identifier to each detected vehicle using Kalman filtering 
for motion prediction and a deep appearance descriptor 
for re-identification during temporary occlusions. On top 
of the tracking layer, a Gaussian Mixture Model (GMM) 
was employed for anomaly detection. The model was 
trained on normal traffic footage to establish a statistical 
baseline representing typical traffic behavior, including 
vehicle density, speed patterns, and movement direction. 
Deviations from this baseline, such as clusters of 
stationary vehicles, reverse movement, or sudden 
reductions in vehicle speed, are treated as potential 
indicators of an accident. The anomaly threshold was 

empirically tuned to minimize false detections caused by 
traffic signal stops and lane-merging scenarios. 

To further improve reliability, a supplementary Support 
Vector Machine (SVM) classifier based on Histogram of 
Oriented Gradients (HOG) features was used as a 
secondary validation mechanism. The classifier was 
applied in situations where the GMM detected an anomaly 
but the corresponding YOLOv8n detection confidence was 
relatively low. This additional verification step proved 
particularly useful under challenging environmental 
conditions, such as foggy weather observed in locally 
recorded highway footage, helping to reduce false 
positives and improve overall system robustness. 

2.4 Emergency Diversion and System Deployment 

 
Once an accident is confirmed by the anomaly detection 
module, the emergency diversion system is activated. A 
pre-loaded road graph containing weighted edges based 
on estimated travel time is used for route computation. 
Dijkstra's shortest path algorithm calculates the optimal 
route between the accident location and the nearest 
registered emergency unit while excluding the affected 
road segment. The computed route and accident 
information are then transmitted in real time through the 
FastAPI backend using Server-Sent Events (SSE). 

To support real-time monitoring, the complete framework 
was deployed through a web-based interface. FastAPI 
manages backend services and event streaming, while the 
React 18 frontend provides live video visualization with 
detection overlays, accident alerts, incident history, and 
route guidance information. The modular separation 
between frontend and backend components simplifies 
system maintenance, improves debugging efficiency, and 
enables the road network configuration to be adapted for 
different deployment locations without major 
architectural changes. 

Results: 
 

 
Fig-1:  Live Monitoring Dashboard 
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Fig-2: Detection and Tracking View 

3. DISCUSSION 

The main goal of this project was to create a complete 
system for detecting accidents and responding to 
emergencies in real time. YOLOv8n was chosen because it 
offers a good balance between accuracy in identifying 
objects and the speed at which it can process data. This 
model was preferred over larger models because it 
provides enough precision without causing delays, making 
it ideal for use in real-time traffic monitoring systems. 
Throughout the development process, reducing false 
positives became a major challenge. 

 The initial version of the anomaly detection system often 
mistakenly identified traffic stops and sudden braking as 
accidents. To fix this, a new confirmation process was 
introduced, which required three consecutive abnormal 
frames before triggering an alert. This change helped 
reduce the false positive rate from about 11% in early 
tests to 4.1% in the final assessment. 

One ongoing issue is how the system performs in low-light 
and foggy conditions. While the added SVM-HOG classifier 
improved reliability in these tough environments, further 
improvements could be made through better 
preprocessing methods and the use of infrared cameras. 
Another issue is the system's use of a fixed road map for 
planning alternative routes. Although the Dijkstra-based 
diversion module worked well during testing, it does not 
consider changing traffic conditions. Future improvements 
will focus on incorporating real-time traffic data to allow 
for more flexible and responsive route planning. 

The successful deployment of the full system using 
FastAPI and React shows that it is possible to combine 
accident detection, anomaly analysis, and emergency 
vehicle routing into a single platform. The results show 
that the system can serve as a solid base for applications in 
intelligent transportation and smart city environments. 

 

 

4. CONCLUSIONS 

This paper presented a Next-Gen Intelligent Accident 
Detection and Emergency Vehicle Diversion System that 
integrates real-time vehicle detection, multi-object 
tracking, anomaly detection, and route optimization 
within a unified framework. The proposed system 
combines YOLOv8n for vehicle detection, DeepSORT for 
object tracking, and a Gaussian Mixture Model (GMM) for 
identifying abnormal traffic patterns associated with 
accident events. Upon accident confirmation, Dijkstra’s 
algorithm is employed to determine the most efficient 
diversion route for emergency vehicles, while FastAPI and 
React enable real-time monitoring and alert dissemination 
through a web-based platform. 

Experimental evaluation demonstrated the effectiveness 
of the proposed framework in detecting accident-related 
anomalies with low processing latency and reliable 
performance under typical traffic conditions. By 
integrating accident detection and emergency response 
into a single workflow, the system addresses a key 
limitation of many existing approaches that focus solely on 
incident identification. The modular architecture also 
supports scalability and adaptation to different road 
networks and deployment environments. 

Although the system achieved encouraging results, certain 
limitations remain. Performance may be affected under 
severe weather conditions and low-light environments, 
while the current route optimization module relies on a 
static road graph and does not incorporate live traffic 
information. Future work will focus on integrating real-
time traffic feeds, enhancing low-visibility detection 
capabilities, and extending compatibility with smart city 
infrastructure. Overall, the proposed framework 
demonstrates the potential of combining computer vision 
and intelligent routing techniques to support faster and 
more efficient emergency response in modern 
transportation systems. 
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