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Abstract 

With the rise in automobile numbers, traffic accidents are increasing daily, leading to 1.3 million deaths and 

50 million injuries annually, as reported by the World Health Organization (WHO). Many fatalities occur due 

to delayed medical assistance at accident sites. Traffic congestion and inefficient ambulance routing are major 

challenges in emergency response. This project aims to reduce ambulance response time by predicting high-

risk accident zones and optimizing ambulance placement. It introduces a novel approach using Variational 

Deep Embedding (VaDE) and Linear Regression. VaDE clusters accident-prone areas using deep learning 

and a Gaussian Mixture Model (GMM), while Linear Regression forecasts the optimal ambulance location 

based on historical accident data. Additionally, the system enables real-time alerts to hospitals and traffic 

departments for route clearance, ensuring faster patient transport. Unlike traditional clustering techniques, 

VaDE enhances ambulance positioning strategies, significantly reducing response times and improving 

emergency medical services. 
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1. Introduction  

According to the World Health Organization (WHO), 

road accidents claim 1.3 million lives annually 

[Reference: World Health Organization (WHO) 

GLOBAL STATUS REPORT ON ROAD SAFETY 

2018], with delayed emergency response being a 

major contributing factor. The golden hour—the 

crucial time after an accident—determines survival 

chances, yet factors like traffic congestion, inefficient 

ambulance placement, and lack of real-time 

coordination often hinder timely medical assistance. 

To address this, our system leverages Variational 

Deep Embedding (VaDE), an advanced unsupervised 

clustering technique that identifies accident-prone 

zones using deep neural networks and a Gaussian 

Mixture Model (GMM) for probabilistic [1-3] 

clustering. Unlike traditional methods, VaDE 

provides a more flexible and accurate classification 

of high-risk areas. Additionally, Linear Regression 

predicts optimal ambulance placements by analysing 

historical accident data, ensuring ambulances are 

strategically positioned for faster response times. 

Variational Deep Embedding (VaDE) is an 

unsupervised clustering technique that combines 

deep learning and probabilistic modelling for better 

data classification. It integrates a Variational 

Autoencoder (VAE) to extract key features and a 

Gaussian Mixture Model (GMM) for flexible, 

probability-based clustering. It integrates a 

Variational Autoencoder (VAE) to extract key 

features and a Gaussian Mixture Model (GMM) for 

flexible, probability-based clustering. In this project, 

VaDE analyses historical accident data to identify 

high-risk zones, enabling strategic ambulance 

placement to reduce response time and improve 

emergency response efficiency. Linear Regression is 

a supervised learning algorithm that predicts 

outcomes by identifying relationships between 

variables. It fits a straight-line equation to historical 

data to forecast trends. In this project, it helps 

determine optimal ambulance locations by analysing 
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accident patterns, ensuring faster emergency 

response. Gaussian Mixture Model (GMM) is a 

probabilistic clustering algorithm that assumes data is 

generated from multiple Gaussian distributions. 

Unlike traditional clustering methods, GMM assigns 

soft probabilities to data points, meaning each point 

can belong to multiple clusters with varying 

likelihoods. In this project, GMM helps identify 

accident-prone areas by grouping locations based on 

accident frequency and severity, allowing for better 

ambulance placement and response optimization. By 

combining these predictive models with real-time 

alerts and traffic management systems, our approach 

optimizes emergency response strategies, reduces 

ambulance arrival time, and significantly improves 

survival rates for accident victims. (Figure 1) [4] 

2. Methodology 

 

 
Figure 1 System Architecture 

 

2.1. Research Design and Framework 

The research focuses on enhancing emergency 

medical services (EMS) by reducing ambulance 

response times through the use of Variational Deep 

Embedding (VaDE) and Linear Regression models. 

These methods enable the system to identify high-

risk accident zones, dispatch ambulances using real-

time data, and improve coordination among traffic 

control centers and hospitals. The framework 

comprises three core components: a Data Collection 

Module, which compiles historical accident records, 

live traffic updates, and environmental data (like 

weather and road conditions); a Predictive Analytics 

Module, which forecasts accident-prone areas and 

determines optimal ambulance placement using 

advanced AI models; and a Real-Time 

Communication System, which facilitates instant 

alerts to stakeholders, ensuring smooth traffic 

management and timely hospital preparedness. This 

integrated approach aims to save lives by ensuring 

faster and more efficient emergency responses. [5]  

2.2.   Data Collection and Preprocessing  

2.2.1. Data Collection Module 

Accident reports from NHAI provide details on 

frequency, locations, and patterns, focusing on 

national highways. Police records add insights into 

causes like driver errors or technical faults and 

include legal information. Hospital data highlights 

the severity of injuries, casualties, and medical 

responses, revealing the human impact and the 

healthcare system's effectiveness. Together, these 

sources build a comprehensive framework for road 

safety analysis. Real-time traffic data from the 

Google Maps API and IoT sensors enhances accident 

analysis by offering live updates on congestion, 

speeds, and accidents. IoT sensors provide precise 

data on vehicle speed, sudden braking, and collisions, 

aiding immediate accident detection and assessing 

risky driving behaviours to prevent future incidents. 

Geospatial data helps identify accident-prone zones, 

or "black spots," by mapping accident locations using 

GPS coordinates. It incorporates factors like road 

conditions, intersections, lighting, nearby 

infrastructure, and emergency services to prioritize 

areas needing safety improvements. Environmental 

factors like weather (rain, fog, or heat), road types 

(highways, urban, or rural), and peak traffic hours 

significantly impact road safety. Slippery surfaces, 

poor visibility, inadequate lighting, and congestion 

during busy times increase accident risks. [6] 

2.2.2. Data Preprocessing  

Data Cleaning ensures datasets are reliable by 

addressing issues like missing accident details (e.g., 

location or severity) through imputation or removal. 

Duplicate accident reports are eliminated to avoid 

skewed results, and outliers, such as unusually high 

accident frequencies at improbable locations, are 

carefully reviewed to identify errors or rare events. 

This process builds a high-quality dataset essential 

for accurate machine learning models in road safety 

research and prevention planning. Normalization 

aligns numerical data like accident frequencies (in the 
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hundreds) and severity scores (ranging from 1-10) to 

a uniform scale. Techniques such as min-max scaling 

or z-score standardization ensure that all attributes, 

whether accident counts or severity levels, contribute 

equally to improving the accuracy and performance 

of machine learning models in accident analysis. 

Feature Engineering transforms raw data into useful 

factors to boost machine learning predictions. For 

accident analysis, this includes deriving accident 

frequency, categorizing severity levels, and 

identifying hotspot trends.  Temporal patterns like 

time of day or season and external data such as 

weather and traffic density add valuable context for 

more accurate insights. [7-8] 

2.2.3.  VaDE-Based Clustering for 

Ambulance       Deployment 

How VaDE Works: Encoding stage, road accident 

data is compressed into a latent space using deep 

neural networks                                                                                                  

(DNNs). This process captures key features like 

accident frequency, severity, and weather conditions 

while reducing dimensionality and removing 

redundancies for efficient analysis. GMM cluster 

selection stage, VaDE groups road accident data into 

clusters, identifying accident- prone areas based on 

patterns like high frequency or severe weather 

impacts. Gaussian distributions model these clusters, 

highlighting overlapping or mixed-risk zones for 

deeper insights. Latent Embedding Generation 

identifies hidden patterns in road accident data, such 

as links between weather and severity or traffic 

density and frequency. These embeddings provide    

deep insights into subtle risk factors contributing to 

accidents. Variational inference optimizes latent 

space parameters, while decoding reconstructs road 

accident data using deep neural networks. This 

enhances predictions, enabling VaDE to identify 

future accident-prone areas and recommend optimal 

ambulance positioning for faster response. Cluster 

assignments use GMM results to identify high-risk 

zones with distinct traits like accident frequency, 

severity, and proximity to hospitals. These clusters 

guide ambulance deployment, ensuring faster 

responses and efficient resource allocation. (Figure 2) 

2.3.     Predictive Ambulance Dispatch Model 

The Dispatch Model is a sophisticated system that 

 
Figure 2 Workflow of AI-driven Ambulance     

Deployment System 

integrates multiple components to ensure efficient 

emergency response and ambulance deployment, 

particularly for road accidents. The key components 

include: Linear Regression analyses historical road 

Start

Accident Occurs(Real-time detection 
via cameras,sensors or emergency 

calls)

Accident Data 
Collected(Location,Severity,time 

traffic condition)

Data Preprocessing(Cleaning & 
preparing data for AI models)

VaDE-Based Clustering Identifies 
High-Risk Zones 📍 (AI learns 

accident-prone areas)

Predicts Nearest Ambulance using AI 
(VaDE + GMM + Linear Regression) 🚑

Ambulance is Assigned & Route is 
Optimized in Real-Time ️

Traffic Department & Hospitals 
Receive Automatic Alerts 🚦🏥

Ambulance Reaches Accident Location 
Faster ️ ️ (Minimized response time)

Patient Transported to Nearest 
Hospital 🏥

System Updates & Learns for Future 
Incidents 📊 (Continuous improvement)

https://irjaeh.com/


 

International Research Journal on Advanced Engineering Hub (IRJAEH) 

e ISSN: 2584-2137 

Vol. 03 Issue: 04 April 2025 

Page No: 1304-1309 

https://irjaeh.com 

https://doi.org/10.47392/IRJAEH.2025.0185 

 

    

International Research Journal on Advanced Engineering Hub (IRJAEH) 

                         
1307 

 

accident data, considering factors like frequency, 

location, time, and seasonal trends, to predict future 

ambulance demand. It enables resource planning and 

proactive deployment, reducing response times in 

high-demand areas such as during monsoons or rush 

hours. Real-time data integration updates ambulance 

deployment based on live inputs like accident reports, 

traffic, and weather conditions. It ensures nearby 

ambulances are redirected instantly to accident sites 

optimizing resource allocation during emergencies 

GIS-based route optimization uses AI and mapping 

tools to find the fastest ambulance routes, accounting 

for traffic, road closures, and accident-prone areas. It 

ensures timely arrival at accident sites and quick 

transport to hospitals. [9-12] 

2.4.     2.5 System Implementation and Testing  

The System Implementation & Testing process 

involves using advanced tools and technologies to 

optimize emergency response strategies. For machine 

learning tasks, Python libraries like Scikit-learn and 

PyTorch are utilized to implement algorithms such as 

VaDE clustering and predictive modelling. Real-time 

navigation and mapping are powered by the Google 

Maps API, which integrates live traffic data for 

efficient ambulance routing. The system also 

includes database integration to store historical and 

real-time ambulance data, enabling dynamic 

adjustments to deployment strategies. To validate the 

system, an Ambulance Positioning Simulator is 

employed to test real-time placement strategies in 

different scenarios. The system's performance is 

measured using accuracy metrics, such as response 

time reduction and accident-prone zone identification 

accuracy. Additionally, the simulation outcomes are 

compared to traditional systems, demonstrating 

significant efficiency gains through AI-based 

optimization. This process ensures that the system is 

robust, scalable, and capable of delivering faster and 

more reliable emergency responses. Tables and 

Figures are presented center, as shown below and 

cited in the manuscript. [13] 

2.5.     Real Time Alerts and Communications 
Once an incident is validated, the system initiates 

priority-based alert transmission using multiple 

channels to ensure reliability and timeliness. Alerts 

are not only sent to emergency contacts and cloud 

servers but also trigger real-time communication 

with ambulance drivers, hospitals, and traffic 

authorities. To detect accidents accurately and 

monitor the condition of victims, the system 

integrates a suite of well-calibrated sensors, each 

contributing to reliable incident detection and 

response coordination. The MPU6050 is a 6-axis 

motion tracking device combining an accelerometer 

and gyroscope, capable of capturing both linear 

acceleration and angular velocity. It plays a critical 

role in detecting sudden acceleration forces 

exceeding 5G and angular tilts over 60°, which are 

strong indicators of crash impact and potential 

vehicle rollovers. Complementing this, the SW420 

vibration sensor is a compact and cost-effective 

module that detects physical vibrations, helping 

validate the occurrence of a collision when its 

readings coincide with abnormal motion data from 

the MPU6050. To assess the physiological state of 

the victim, the system includes the MAX30102 pulse 

oximeter and heart rate sensor, which utilizes optical 

technology to continuously monitor vital signs. It 

effectively tracks heart rate (in beats per minute) and 

blood oxygen saturation (SpO₂), triggering alerts if 

critical thresholds are crossed—for instance, a heart 

rate dropping below 40 bpm. Finally, the GPS 

module (such as NEO-6M) provides real-time 

geolocation data, ensuring that the precise location of 

the accident is captured and transmitted immediately. 

This enables ambulance routing systems and 

emergency responders to reach the scene without 

delay, significantly improving the chances of timely 

medical intervention. The system uses a combination 

of sensor thresholds and online validation to detect 

accidents. Sensor data is sent to a website that checks 

for key indicators. A crash is detected if the impact 

force is over Wi-fi and vibrations are high. A rollover 

is identified if the vehicle tilts more than 60°. A 

medical emergency is triggered if the heart rate drops 

below 40 bpm. The website processes this data using 

a threshold algorithm to confirm accidents and start 

emergency alerts. Once an accident is confirmed, the 

system automatically triggers emergency 

notifications using the MSG91 API. This alert 

includes critical information such as the GPS 

location of the crash, the heart rate of the victim, and 

https://irjaeh.com/


 

International Research Journal on Advanced Engineering Hub (IRJAEH) 

e ISSN: 2584-2137 

Vol. 03 Issue: 04 April 2025 

Page No: 1304-1309 

https://irjaeh.com 

https://doi.org/10.47392/IRJAEH.2025.0185 

 

    

International Research Journal on Advanced Engineering Hub (IRJAEH) 

                         
1308 

 

vehicle details. These messages are sent to multiple 

recipients including the ambulance driver, the nearest 

hospital, and the registered family members. The 

ambulance driver receives precise coordinates and 

the severity of the incident to enable a prompt 

response. The hospital is informed about the crash 

details, including vital signs like heart rate and any 

pre-registered information such as the patient’s blood 

type. This allows medical teams to prepare trauma 

units and necessary equipment in advance. 

Simultaneously, family members receive a simple 

alert stating that their vehicle has been involved in an 

accident, helping them stay informed in real-time. 

The system uses Python code to interface with the 

MSG91 API and dispatch the alerts reliably. (Figure 

3) 

 
Figure 3 Workflow of Accident Detection and 

Report Pooling by Module 

 

2.6.Result and Performance Evaluation 

The Results & Performance Evaluation of the system 

showcases its significant improvements over 

traditional emergency response methods. By 

dynamically positioning ambulances using advanced 

AI techniques such as VaDE clustering, the system 

achieves a 30% reduction in response times, ensuring 

faster medical assistance during the critical golden 

hour. By using predictive analytics, accident-prone 

areas can be identified more accurately, resulting in 

a 95% improvement in capacity allocation.  In 

addition, real-time data integration improves 

ambulance allocation efficiency by 40%, ensuring 

ambulances are dispatched quickly. By reducing 

delays, optimizing resource allocation, and 

improving communication, the system improves 

overall emergency response efficiency by 25%. [15] 

3. Numerical Results  

The implementation of VaDE and Linear Regression 

models led to a significant reduction in ambulance 

response times by strategically positioning 

ambulances in high-risk areas. Accurate accident-

prone zone identification and dynamic deployment 

optimized resource allocation and improved 

emergency response efficiency. Enhanced 

coordination with real-time alerts facilitate sseamless 

communication between ambulance drivers, 

hospitals, and traffic departments. [14] 

 

Table 1 Numerical Results 

Performance Metric Numerical Result 

Reduction in Response 

Time 

30% decrease in average 

response time 

Accident-Prone Zone 

Identification 

95% accuracy in 

identifying high-risk 

zones with VaDE-Based 

clustering 

Optimized Ambulance 

Deployment 

40% improvement in 

resource allocation and 

faster emergency 

response 

Enhanced Coordination 85% increase in 

efficiency of 

communication between 

ambulance drivers, 

hospitals, and traffic 

departments 

Overall Emergency 

Response Efficiency 

25% improvement in 

overall emergency 

response time, ensuring 

timely medical assistance 

 

Conclusion  

The integration of predictive analytics, machine 

learning, and real-time data has revolutionized 

ambulance deployment, reducing response times and 

saving lives. Our system's advanced clustering 

techniques and dynamic deployment strategies 

ensure faster and more efficient emergency medical 

services, highlighting the potential of AI-driven 

solutions transforming emergency response systems. 

By leveraging these technologies, emergency 
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services can adapt swiftly to changing conditions, 

ensuring optimal coverage and rapid response. This 

approach not only enhances patient outcomes but also 

sets a new standard for emergency medical services 

worldwide 
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