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Abstract. Traffic accidents pose a significant risk factor in urban areas, affecting those on the road, public mobility and the proper 

functioning of transport infrastructures. This paper presents an innovative framework based on artificial intelligence (AI) and 

geographic information system (GIS) that aims to predict traffic accidents and optimise emergency responses. The proposed 

framework focuses on high-risk areas in large cities where it predicts the occurrence of accidents based on historical data combined 

with traffic densities, weather conditions and proximity to intersections. The AI model trained based on these variables predicts 

accident zones, while the GIS interface provides spatially accurate visualisations. Early results show that emergency teams respond 

20 percent faster to predicted high-risk zones, thereby improving urban traffic safety and efficiency. The study illustrates the 

practical potential of the combination of AI and GIS for improving transport infrastructures, particularly in accident prediction and 

emergency responses’ optimisation. The proposed framework will be tested in other cities, aiming at scaling the framework by 

integrating more variables related to urban mobility and further extending the application domains in city transport management.  
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1. Introduction 

Many urban areas face a rapid increase in population and vehicle ownership, causing significant traffic congestion and a sharp 

increase in road accidents. These accidents can lead to fatal and injured casualties, causing major economic losses and putting 

excessive pressure on emergency services. Therefore, accurate and timely prediction and management of traffic accidents is an 

essential factor to ensure traffic safety and traffic efficiency in urban areas, where traffic accidents and congestion are a significant 

issue. Traditional methods of combating traffic incidents mainly use historical data, which are reactive and time-consuming in 

addressing emergencies at high speeds. However, with the recent rapid development of artificial intelligence (AI) and geographic 

information systems (GIS), it is now possible to develop increasingly effective predictive and preemptive traffic management 

systems. The combined strengths of AI's data-processing capability and GIS's spatial analysis ability permit the prediction and 

management of traffic accidents with high precision. This paper introduces and investigates an integrated AI-GIS framework for 

traffic accident prediction and optimisation of emergency response, focusing on high-risk zones in urban areas. The methodology 

involves the collection of historical traffic data and geographic information, preprocessing to ensure its reliability, the development 

of a hybrid AI model integrating decision trees and neural networks, and the implementation of the model as a projection and 

visualisation tool within a GIS. This AI-GIS system for predicting traffic accidents was evaluated using a case study in a 

metropolitan area with a high incidence of traffic incidents [1]. The study demonstrated that the AI-GIS system not only predicts 

potential hotspots for traffic accidents with over 85% accuracy, but also helps emergency teams reduce their response times by up 

to 20%. Overall, the study further demonstrates the power of synergism between AI and GIS to improve urban traffic safety. At 

the conclusion of the study, the problems with data quality and model scalability were reviewed, and future directions were given 

to extend the data sources, improve the real-time capabilities, and possibly expand the application of the technology to other 

domain areas. 
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2. Methodology 

2.1. Data collection and preprocessing 

The first step of our methodology is collecting historical traffic accident data from as time, location, type of vehicle, casualties, 

and weather conditions. We pair this data with geographic data from GIS databases including a set of points, lines and polygons 

representing roads, traffic lights, and points of interests like schools and hospitals. An essential part of our methodology is the data 

preprocessing step, where we clean the dataset by eliminating any missing records and normalising data points to remove any bias. 

We then carry out feature engineering to generate new variables that capture spatial and temporal trends (eg, distance to intersection; 

time of the day) [2]. The resulting enriched dataset is then used to train the AI models. This enriched dataset combines both 

historical and spatial data from various sources to enhance the predictive capabilities of the model.  

2.2. Model development 

With the data finally processed, we now build an AI model for the prediction of accidents that use a combination of decision trees 

and neural networks. This hybrid model is chosen because it leverages the strengths of both – the interpretability of decision trees 

and the predictive power of neural networks. The performance of the decision tree model allows the major factors affecting the 

accidents to be known, such as road class, weather and density of traffic. Meanwhile, the neural network model will be used to 

recognise complex and nonlinear relationships between variables which are usually not modeled directly by a classical model [3]. 

To formally define our hybrid model, let X represent the input feature set, where X = {x1, x2, … , xn}. The decision tree component 

identifies a subset of critical features F ⊆ X, using an impurity-based criterion like Gini impurity or entropy to evaluate splits. We 

denote this decision tree function as D(X),which returns a set of decision nodes {d1, d2, … , dm}.The output from D(X) is then fed 

into a neural network model N,where: 

 y = N(D(X))                                                                  (1) 

Here, y is the output representing the accident probability for each location. The neural network N consists of multiple layers 

with activation functions, capturing non-linear interactions among the decision nodes. This model is trained on 70 per cent of the 

data, with 30 per cent held out for validation, and cross-validation techniques are used to check robustness. This model can make 

its predictions based on incoming data in real time, which means accident hotspots are identified as they occur, giving short-term 

responses to emergency management [4]. The synergy of the hybrid approach was to acquire the element of explainability from 

feature selection from the decision tree model, and combine this with the complicated pattern-detection ability of the neural 

network, producing a predictive model that is both useful for traffic management and insightful. 

2.3. System integration and real-time implementation 

After the model is built and tested, it is linked to a GIS software platform, allowing the system to be used for real-time accident 

prediction and visualisation. The GIS system is a dashboard: it shows accident-prone spots on the map interface and sends a 

predicted alert to the system users. In a real-time implementation, the system will receive continuous data from sensors installed 

on roads and traffic cameras, or from weather stations or other sources of data related to dangerous scenarios [5]. The AI model 

will process this data and update the GIS map with new predicted areas with more accident risk. The system will be linked to 

emergency response teams, allowing them to receive an alert and instantly drive to the hotspot. By combining the pronounced 

predictive ability of AI with the spatial analysis power of GIS, our system allows not only to predict accidents but also helps to 

structure a rapid and targeted emergency response to mitigate the consequences of the incidents [6].  

3. Case study 

3.1. Study area and data analysis 

Our case study is focused on a large metropolitan area identified by high density of traffic and high occurence of accidents. We 

selected this area by virtue of its complex road network, where road users surround each other to and from different directions, 

and the availability of detailed traffic data from local authorities to be overlaid to the accident data. We geocoded the historical 

accident data in GIS and identified several high-risk zones. There were intersections areas in front of commercial centres, high 

speed limits in highways, to name just a few [7]. A detailed breakdown of the contributing factors to these zones were conducted. 

Peak traffic hours, proximity to major intersections, and peak hours on rainy days were identified as some of the key factors for 

accidents. Such analysis served as a basis for building the predictive model, as the key factors (spatial and temporal patterns) had 

been identified, which the AI system would having to capture and learn. Table 1 shows data on various zones within a metropolitan 

area with high traffic density and frequent accidents [8]. 
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Table 1. Traffic Accident Case Study Data 

Zone 
Traffic Density 

(Vehicles/hr) 

Peak 

Traffic 

Hour 

Proximity to Major 

Intersection (meters) 

Accidents per 

Month 

Adverse Weather 

Frequency (days/month) 

Commercial 

Center 
1500 

17:00-

19:00 
300 25 5 

Highway 

Intersection 
2200 

16:00-

18:00 
100 40 6 

School Zone 800 
07:00-

09:00 
500 15 3 

Residential 

Area 
1200 

18:00-

20:00 
400 20 4 

Industrial 

Zone 
1600 

15:00-

17:00 
350 30 7 

3.2. Model performance and predictive accuracy 

To test its performance, we used precision, recall and F1 scores as the success metrics of the model. Results show that the model 

could achieve an accuracy of about 85 per cent. Therefore, it is pretty effective in identifying the potential accident hotspots at the 

clearance level of three. Precision and recall scores indicate that the model could provide more valuable information on severe 

accidents. In a two-month test, we compared the predicted accidents with the actual accidents using record as the ground-truth 

data [9]. The model predicted all accidents in the high-risk zones with an accuracy of more than 80 per cent. The results indicate 

that the hybrid model is effective in accident prediction. It could provide the references for proactive decision making in traffic 

management to avoid accidents. The results illustrate the potential of integrating AI and GIS in the field of accident prediction. 

They show that the model could be used for intelligent decision making with stable accuracy [10]. 

3.3. Emergency response optimization 

The final phase of our case study evaluates the impact of the system on emergency response times. We worked with local 

emergency services to integrate the system into their dispatch channels, so real-time alerts of accidents occurring in the predicted 

hotspots could be sent to emergency responders. Early results demonstrate that response times decreased by 20% among incidents 

occurring within the predicted hotspots [11]. Since emergency teams are initially alerted to incidents in hotspots, they can receive 

detailed location coordinates and also receive route optimisation suggestions from the system. This response time reduction is 

mainly attributed to the elimination of delays due to traffic congestion. The system also allows emergency teams to pre-position 

resources in sensitive areas before incidents occur, therefore maximising the readiness of emergency teams. It is clear that the AI-

GIS integration improves the accuracy of the prediction, but it also has practical benefits for emergency response and safer urban 

areas as our case study reveals [12]. Figure 1 shows the reduction in average emergency response time in various zones. 

 

Figure 1. Comparison of Emergency Response Times by Zone 
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4. Discussion and recommendations 

4.1. Model scalability and data limitations 

Although the AI-GIS integrated modeled system shows a better performance in accident forecasting and improving the emergency 

response, challenges in the accuracy of data, also known as data quality, negatively affect the model’s performance. The quality 

of input data will affect the performance of the model and prediction accuracy. Improper or insufficient input data would make the 

system less accurate. In addition, the system’s scalability in diverse urban environments also needs to be investigated. Despite its 

performance, every city has different traffic systems and traffic infrastructures. In this scenario, the model should be more adaptive 

in different regions with different urban characteristics. Future research directions should focus on improving the data pre-

processing techniques in order to collect consistent data, adapting the model in different urban environments. 

4.2. Enhancing prediction accuracy through data integration 

The prediction power of the AI-GIS system might also be improved by incorporating other sources of data such as traffic incident 

early warnings from social media feeds; visual confirmation of accidents as they happen from CCTV footage; and short term 

weather forecasts used to improve models of weather conditions leading to accidents [13]. If greater numbers of data outputs were 

included in the system, then its capabilities to inform an active traffic manager would undoubtedly improve. With improved traffic 

management and greater opportunities to reduce accident severity, in the long-term urban life would benefit from safer 

environments. 

4.3. Expanding the framework to other urban mobility aspects 

Though the current system has been developed to predict traffic accidents and optimise emergency responses, there are also many 

opportunities to broaden the application of the framework to other aspects of urban mobility: for example, incorporating pedestrian 

and cyclist safety data into the system could also provide a more comprehensive traffic management solution, allowing city 

planners and authorities to address many more issues on urban mobility than current transportation system. Also, considering the 

fact that future smart cities will provide more new mobility technologies like autonomous vehicles and connected infrastructure, 

the AI-GIS framework could be further adapted to serve the new mobility development in the future for building more green and 

sustainable transportation networks. 

5. Conclusion 

This study has shown the feasibility and benefits of integrating AI and GIS in creating an integrated smart and efficient system for 

urban traffic accident prediction and emergency response. The hybrid model combining the explainability of decision tree and the 

predictive power of neural networks identified the hot spots of urban traffic accidents accurately and effectively allocated 

emergency resources in real time so that the emergency response could be optimised. In the case study, the average response time 

was shortened by 27.85 per cent, which shows that the practical benefits of the system could boost public safety. However, there 

were certain challenges encountered in the study. The model wasn’t scalable if the traffic data were cropped or had missing 

elements. Inaccurate or incomplete traffic data could affect the accuracy of prediction, and the system could not automatically 

adapt to different urban settings with different traffic and data attributes. There is a need for further research to address the issues 

of model adaptability and scalability, and to explore whether this system could apply other data types such as social media feeds, 

CCTV footage and real-time weather forecasts to improve the predictive accuracy. The system could be expanded to include other 

dimensions of urban mobility, such as pedestrian and cyclist safety, and this integrated framework could become a more all-round 

and smarter traffic management system for complex urban environments. As AI and GIS develop, the hybrid model could facilitate 

a smart and efficient urban traffic system that economises resources, improves social equity and public safety. 
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