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Abstract 
Urban traffic congestion and road accidents have emerged as critical global 
challenges due to rapid urbanization, population growth, and the increasing 
number of vehicles on roads. According to the World Health Organization, 
approximately 1.19 million people lose their lives each year as a result of road 
traffic accidents, while millions more suffer serious injuries and long-term 
disabilities. These alarming statistics highlight the urgent need for intelligent and 
proactive traffic safety solutions. Traditional traffic monitoring systems primarily 
operate on reactive mechanisms, responding only after risky situations become 
evident. Such systems often rely on fixed rule-based algorithms, basic sensors, and 
manual monitoring, which limit their ability to predict potential collisions in 
advance. To address these limitations, this study proposes an Artificial Intelligence 
(AI)-based collision prediction and prevention system specifically designed for 
complex urban traffic environments. The proposed framework integrates 
Convolutional Neural Networks (CNN) for real-time vehicle detection and object 
recognition, along with Long Short-Term Memory (LSTM) networks for trajectory 
forecasting and time-series analysis of vehicle movement patterns. By combining 
spatial and temporal data analysis, the system can estimate collision probability 
several seconds before impact, enabling early intervention. Simulation based 
evaluation demonstrates that the AI-driven system achieves an overall accuracy of 
94.6% and reduces collision rates by nearly 30% compared to conventional traffic 
systems. Furthermore, the model shows improved precision and recall, indicating 
both reliable detection and reduced false alarms. These findings emphasize the 
potential of AI-powered predictive traffic management systems to enhance road 
safety, optimize traffic flow, and support the development of intelligent 
transportation infrastructures within smart cities. 
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1. INTRODUCTION 
Rapid urbanization, population growth, and the 
surge in vehicle ownership have significantly 

increased the likelihood of traffic congestion and 
road collisions in metropolitan areas worldwide.  
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As urban populations rise, the demand for 
efficient transportation grows, but road 
infrastructure often fails to keep pace with the 
escalating number of vehicles. This mismatch 
leads to dense traffic conditions, unpredictable 
driving behavior, and higher accident risks. 
Human factors such as distracted driving, fatigue, 
speeding, sudden lane changes, and non-
compliance with traffic regulations further 
exacerbate the probability of collisions, making 
urban roads increasingly hazardous.Traditional 
traffic safety systems primarily operate on reactive 
mechanisms, responding only when a dangerous 
situation becomes imminent. These systems rely 
on threshold-based alerts, basic radar sensors, or 
manual traffic monitoring. While they can detect 
immediate hazards, they often lack the capability 
to anticipate potential risks proactively. As a 
result, they are limited in preventing accidents 
before they occur, and their effectiveness 
diminishes in complex urban traffic 
environments where multiple dynamic factors 
interact simultaneously. 
Recent advancements in Artificial Intelligence 
(AI) offer a transformative approach to 
enhancing road safety and traffic management. 
AI-driven models can process large-scale, real-
time traffic data, including vehicle speed, 
position, trajectory, and environmental 
conditions, to detect hidden patterns those 
traditional systems may overlook. By leveraging 
deep learning algorithms, computer vision, and 
time-series forecasting models, AI systems can 
predict potential collision scenarios before they 
occur, enabling proactive risk management. For 
example, convolutional neural networks (CNNs) 
can accurately detect and classify vehicles in real 
time, while long short-term memory (LSTM) 
networks can forecast vehicle trajectories based 
on historical movement patterns. 
The integration of such AI techniques into traffic 
management systems enhances situational 
awareness, allowing for dynamic decision-making 
and preventive actions. These systems can 
generate early warnings for drivers, adjust traffic 
signal timings to reduce congestion, and optimize 
traffic flow in high-risk areas. By moving from 
reactive to predictive traffic safety, AI-based 

systems have the potential to significantly reduce 
accident rates, improve operational efficiency, 
and contribute to the development of safer, 
smarter cities. Despite significant technological 
advancements in transportation systems, many 
urban traffic management frameworks still rely 
on fragmented monitoring solutions that operate 
independently across intersections or road 
segments. Such isolated systems often lack the 
ability to analyze traffic interactions holistically, 
resulting in delayed responses to rapidly evolving 
road conditions. The absence of integrated 
predictive intelligence prevents authorities from 
identifying high-risk traffic patterns in advance, 
thereby limiting the effectiveness of preventive 
interventions. As cities continue to expand and 
vehicle density increases, the need for scalable, 
infrastructure-level predictive traffic safety systems 
becomes increasingly critical. 
Another major challenge in modern traffic 
environments is the dynamic and stochastic 
nature of driver behavior. Sudden braking, 
aggressive lane changes, and inconsistent driving 
patterns introduce uncertainty that traditional 
deterministic models struggle to capture. 
Moreover, environmental factors such as weather 
conditions, road surface quality, and varying 
traffic densities further complicate real-time 
decision-making. Artificial intelligence 
techniques, particularly deep learning models 
capable of capturing nonlinear relationships 
within large-scale datasets, provide an effective 
mechanism for modeling these complex 
interactions and predicting future traffic states 
with higher reliability. Recent developments in 
intelligent transportation systems emphasize the 
importance of transitioning from vehicle-centric 
safety mechanisms toward infrastructure-assisted 
predictive safety frameworks. Infrastructure-based 
AI systems leverage data from multiple sources, 
including roadside cameras, connected vehicles, 
and Internet-of-Things (IoT) sensors, enabling 
comprehensive situational awareness across entire 
traffic networks. Such integrated systems not only 
improve collision prediction accuracy but also 
support coordinated traffic signal control, 
congestion mitigation, and emergency response 
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planning, thereby enhancing overall 
transportation efficiency. 
Motivated by these challenges, this research 
focuses on designing a predictive collision 
detection and prevention framework that 
integrates spatial and temporal deep learning 
models to analyze urban traffic dynamics in real 
time. By combining computer vision-based 
vehicle detection with sequential trajectory 
prediction, the proposed system aims to provide 
early risk estimation and proactive warning 
mechanisms capable of reducing accident 
probability and improving urban traffic safety at 
scale. 
 
The main objectives of this research are: 
1. Develop an AI-based predictive collision 
detection model that leverages deep learning 
techniques for real-time vehicle detection and 
trajectory prediction. 
2. Compare the performance of AI-driven 
predictive systems with traditional rule-based 
traffic safety systems to evaluate improvements in 
accuracy, response time, and reliability. 
3. Assess the reduction in collision 
probability through simulation-based analysis, 
incorporating various traffic scenarios, 
environmental conditions, and driver behaviors. 
4. Demonstrate the applicability of AI 
systems in urban traffic management, 
highlighting their potential role in smart city 
infrastructure for enhancing road safety and 
operational efficiency. 
By addressing these objectives, this research aims 
to contribute to the advancement of intelligent 
transportation systems, providing a robust 
framework for proactive traffic risk management 
and supporting policy decisions in urban 
planning and traffic safety initiatives. 
 
2. Related Work 
Deep learning has significantly transformed 
intelligent transportation systems over the past 
decade [1]. Convolutional Neural Networks 
(CNNs) are widely used for vehicle detection, 
object recognition, lane detection, and traffic sign 
identification due to their strong performance in 
image processing tasks [2]. These models 

automatically extract spatial features from traffic 
surveillance images and video frames, making 
them highly effective for real-time traffic 
monitoring applications [3].  Similarly, Long 
Short-Term Memory (LSTM) networks have 
gained popularity for trajectory prediction and 
time-series forecasting [4]. LSTM models can 
analyze sequential data such as vehicle movement 
patterns, speed variations, and inter-vehicle 
distances [5]. Their ability to retain long-term 
dependencies makes them particularly suitable 
for predicting future vehicle positions and 
estimating time-to-collision (TTC) [5]. Several 
studies have demonstrated that combining CNN 
for spatial feature extraction with LSTM for 
temporal modeling improves predictive 
performance in traffic safety applications [6]. 
In the automotive industry, companies such as 
Tesla and Waymo utilize AI-based driver 
assistance and autonomous driving systems that 
incorporate object detection, lane tracking, and 
collision avoidance mechanisms [7]. However, 
most existing solutions are vehicle-centered, 
focusing on in-car sensors and onboard 
computation [8]. Limited research has been 
conducted on infrastructure-based predictive 
systems that analyze city-wide traffic data from 
CCTV cameras, IoT devices, and roadside units 
[9].  Recent research has explored various 
applications of deep learning in traffic 
management and accident prevention. CNN-
based models have been extensively applied for 
vehicle detection and classification in urban 
traffic surveillance. For instance, studies have 
demonstrated that CNNs can accurately identify 
vehicle types, detect lane departures, and 
recognize traffic signs under varying lighting and 
weather conditions. These capabilities enable 
real-time monitoring and support automated 
traffic enforcement systems. However, most of 
these studies focus on single-location data or 
isolated traffic intersections, limiting their 
applicability to city-wide traffic networks [10]. 
In parallel, LSTM networks have been leveraged 
for predicting vehicle trajectories and estimating 
potential collision risks. By modeling sequential 
dependencies in vehicle motion data, LSTMs can 
forecast future positions and velocities over short 
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and medium-term horizons [11]. Several studies 
have combined LSTM with CNN-based feature 
extraction to capture both spatial and temporal 
patterns in traffic data, achieving higher 
prediction accuracy compared to standalone 
models. Such hybrid frameworks have shown 
promising results in anticipating near-miss events 
and improving early-warning systems for urban 
traffic scenarios [12]. Despite these advances, the 
majority of AI-driven traffic safety systems remain 
vehicle-centric, relying on onboard sensors, 
cameras, and radar for autonomous driving or 
advanced driver assistance systems (ADAS)[13]. 
While these systems improve individual vehicle 
safety, they often fail to leverage the broader 
traffic context, such as congestion patterns, road 
conditions, and the behavior of surrounding 
vehicles across an urban area. This limitation 
underscores the need for infrastructure-level 
solutions capable of integrating data from 
multiple sources, including CCTV networks, IoT 
roadside units, and GPS-enabled vehicles [14]. 
Several attempts have been made to develop 
infrastructure-based traffic monitoring systems 
using AI. For example, research has explored the 
use of deep learning for city-scale traffic flow 
prediction, congestion detection, and incident 
reporting [15]. However, these systems often rely 
on static rule-based triggers or simple threshold 
models, which lack adaptability to dynamic traffic 
patterns and unforeseen events. Consequently, 
there remains a substantial gap in the 
development of proactive, predictive, and 
adaptive traffic management frameworks that can 
anticipate collision risks and implement 
preventive measures across entire urban networks 
[16]. Furthermore, many traditional traffic 
monitoring frameworks still depend on static 
rules and threshold-based alerts, which lack 
adaptability in highly dynamic urban 
environments [17]. There remains a research gap 
in developing integrated AI models capable of 
providing proactive, infrastructure-level collision 
prediction and prevention [18]. This study aims 
to address this gap by proposing a hybrid CNN-
LSTM framework designed specifically for urban 
traffic systems [19]. 

In addition to CNN and LSTM-based 
architectures, recent advancements in deep 
learning have introduced more sophisticated 
models for traffic analysis and collision 
prediction. Transformer-based architectures, 
originally developed for natural language 
processing, have recently been adapted for spatio 
temporal traffic modeling [20]. These models 
utilize self-attention mechanisms to capture long-
range dependencies in both spatial and temporal 
dimensions, enabling improved prediction 
accuracy in complex urban traffic environments 
[21,22]. Studies have shown that Transformer-
based models outperform traditional recurrent 
networks in handling large-scale traffic datasets, 
particularly when dealing with heterogeneous 
data sources such as video feeds, GPS trajectories, 
and sensor data [23]. Graph Neural Networks 
(GNNs) have also emerged as a powerful tool for 
modeling traffic systems, where road networks 
can be represented as graph structures. In such 
frameworks, intersections are treated as nodes, 
and roads are represented as edges [24]. GNNs 
can effectively capture spatial correlations 
between different regions of a city, allowing for 
more accurate traffic flow prediction and risk 
assessment [25]. Recent research demonstrates 
that integrating GNNs with LSTM or gated 
recurrent units (GRUs) enhances the model's 
ability to learn both spatial dependencies and 
temporal dynamics, resulting in improved 
collision prediction performance in urban 
environments [26]. 
Another important direction in the literature is 
the integration of multimodal data for traffic 
safety analysis. Modern intelligent transportation 
systems increasingly rely on data collected from 
diverse sources, including CCTV cameras, 
LiDAR sensors, radar systems, GPS devices, and 
weather monitoring stations [27]. Multimodal 
deep learning frameworks combine these 
heterogeneous data streams to improve the 
robustness and reliability of prediction systems. 
For example, combining visual data from cameras 
with numerical sensor data such as speed and 
acceleration allows models to better understand 
the context of traffic scenarios, leading to more 
accurate identification of potential hazards [28]. 
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Edge computing has also gained significant 
attention in recent years as a means to enable 
real-time processing of traffic data. Instead of 
relying solely on centralized cloud servers, edge 
devices such as roadside units and smart cameras 
can process data locally, reducing latency and 
improving response time [29]. This is particularly 
critical for collision prevention systems, where 
timely decision-making can significantly reduce 
accident severity [30]. Studies have demonstrated 
that deploying lightweight deep learning models 
on edge devices can achieve near real-time 
performance while maintaining acceptable levels 
of accuracy [31]. 
Reinforcement Learning (RL) has been explored 
for adaptive traffic control and collision 
avoidance strategies. In contrast to supervised 
learning approaches, RL models learn optimal 
policies through interaction with the 
environment [32]. In traffic systems, RL can be 
used to dynamically adjust traffic signals, manage 
vehicle routing, and implement preventive 
measures in response to predicted collision risks 
[33]. For instance, deep reinforcement learning 
models have been successfully applied to optimize 
traffic signal timings, reducing congestion and 
indirectly minimizing the likelihood of collisions. 
However, the application of RL in safety-critical 
systems remains challenging due to issues related 
to stability, interpretability, and real-world 
deployment constraints [34]. Another emerging 
trend is the use of digital twin technology in 
urban traffic management. A digital twin is a 
virtual representation of a physical system that 
can simulate real-time conditions and predict 
future states [35]. In the context of traffic systems, 
digital twins can integrate data from various 
sources to create a dynamic model of the urban 
environment. This allows researchers and 
policymakers to test different traffic management 
strategies and evaluate their impact on safety and 
efficiency. When combined with AI models, 
digital twins can serve as powerful tools for 
proactive collision prediction and prevention 
[36]. 
Explainable Artificial Intelligence has also 
become increasingly important in the 
development of AI-based traffic systems. While 

deep learning models offer high predictive 
accuracy, they often operate as black boxes, 
making it difficult to interpret their decisions 
[37]. In safety-critical applications such as 
collision prediction, transparency and 
interpretability are essential for gaining trust from 
stakeholders and ensuring regulatory compliance 
[38]. Techniques such as SHAP and LIME have 
been used to provide insights into model 
predictions, helping to identify key factors 
contributing to collision risks [39]. Despite the 
rapid progress in AI-driven traffic safety systems, 
several challenges remain. One major issue is the 
availability and quality of large-scale annotated 
datasets. Training deep learning models requires 
extensive labeled data, which is often difficult 
and expensive to obtain, especially for rare events 
such as collisions [40]. Data imbalance is another 
critical challenge, as collision events occur far less 
frequently than normal traffic conditions, leading 
to biased model performance. Various 
techniques, including data augmentation, 
synthetic data generation, and anomaly detection 
methods, have been proposed to address these 
challenges [41]. Privacy and security concerns also 
play a significant role in the deployment of AI-
based traffic systems. The use of surveillance 
cameras and vehicle tracking technologies raises 
concerns about data privacy and potential misuse 
of personal information [42]. Ensuring secure 
data transmission and implementing privacy-
preserving techniques, such as federated learning, 
are essential for the widespread adoption of these 
systems [43]. 
In summary, the literature highlights significant 
advancements in AI-based traffic safety systems, 
particularly in the use of deep learning models 
such as CNNs, LSTMs, Transformers, and 
GNNs. Hybrid approaches that integrate spatial 
and temporal modeling have demonstrated 
superior performance in predicting collision risks 
[44]. Additionally, emerging technologies such as 
edge computing, reinforcement learning, digital 
twins, and explainable AI offer promising 
directions for future research. However, 
challenges related to data availability, scalability, 
privacy, and environmental variability continue 
to hinder the widespread deployment of these 
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systems [45, 46]. This study builds upon the 
existing body of research by proposing an 
integrated CNN-LSTM framework tailored for 
infrastructure-based urban traffic systems. Unlike 
traditional vehicle-centric approaches, the 
proposed model leverages city-wide data from 
multiple sources to provide proactive and 
adaptive collision prediction and prevention. By 
addressing the limitations identified in previous 
studies, this research aims to contribute to the 
development of safer and more efficient urban 
transportation systems [47]. 
 
3. Methodology 
3.1 System Architecture 
The proposed intelligent traffic management and 
accident prevention system is designed using a 
layered architecture to ensure efficient data 
collection, processing, prediction, and preventive 
action. The system consists of four key layers, 
each performing a distinct set of functions. The 
first layer, the data collection layer, gathers real-
time traffic information from multiple sources, 
including CCTV cameras, GPS sensors, and IoT-
enabled roadside units. CCTV cameras capture 
live video streams of traffic, enabling detailed 
vehicle detection and behavioral analysis. GPS 
sensors installed in vehicles provide critical data 
on location, speed, and route information, while 
IoT roadside units collect supplementary 
environmental and traffic data, such as road 
conditions, vehicle counts, and nearby obstacles. 
Once the data is collected, it passes to the 
processing layer, where meaningful information is 
extracted. In this layer, image preprocessing 
techniques, including noise reduction, 
normalization, and frame resizing, are applied to 
enhance detection accuracy. Subsequently, key 
features such as vehicle type, speed, position, and 
trajectory are extracted using advanced computer 
vision algorithms, transforming raw traffic data 
into actionable inputs for prediction. The 
prediction layer utilizes machine learning models 
to anticipate potential traffic risks. Convolutional 
Neural Networks (CNNs) are employed for 
accurate real-time vehicle detection and 
classification, while Long Short-Term Memory 
(LSTM) networks predict future vehicle 

trajectories based on historical movement 
patterns. This combination enables proactive risk 
assessment, allowing the system to anticipate 
hazardous situations before they occur. 
The prevention layer acts upon the predictions 
and risk analysis by initiating proactive safety 
measures. A real-time warning system notifies 
drivers through in-vehicle alerts or mobile 
applications when a potential collision or unsafe 
condition is detected. Additionally, traffic signal 
control mechanisms are dynamically adjusted to 
prevent congestion and reduce the likelihood of 
accidents, particularly in high-risk areas. Through 
this layered architecture, the system integrates 
data acquisition, intelligent processing, and 
actionable prevention into a cohesive framework 
for urban traffic safety. 
 
3.2 Risk Prediction Model 
The system evaluates the potential risk of 
accidents by computing a Risk Score for each 
detected vehicle. The risk score is calculated as 
the ratio of relative speed to distance between 
vehicles, adjusted by a traffic density factor. Here, 
relative speed represents the difference in velocity 
between two nearby vehicles, while distance refers 
to the spatial gap separating them. The traffic 
density factor acts as a multiplier, reflecting the 
level of congestion in the corresponding road 
segment. If the calculated risk exceeds a 
predefined threshold, the system immediately 
triggers an alert, notifying the driver as well as 
relevant traffic authorities. Threshold values are 
not fixed; they can be dynamically adjusted based 
on varying road conditions, time of day, and 
historical accident data to improve the system’s 
responsiveness and reliability. 
 
3.3 Evaluation Metrics 
The performance of the proposed system is 
assessed using standard metrics for classification 
and predictive models. Accuracy measures the 
overall correctness of vehicle detection and risk 
prediction, while precision evaluates the 
proportion of correctly identified high-risk 
situations among all predicted high-risk cases. 
Recall (or sensitivity) determines the proportion 
of actual high-risk events that are correctly 
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detected by the system, and the F1-Score, which 
is the harmonic mean of precision and recall, 
provides a balanced measure of the system’s 
effectiveness in risk prediction. Beyond these core 
metrics, additional evaluation parameters such as 
response time, which measures the time taken to 
detect a potential risk and trigger preventive 
actions, false alarm rate, representing the 

frequency of incorrectly generated alerts, and 
throughput, the number of vehicles processed 
per unit time, are considered. Together, these 
metrics provide a comprehensive assessment of 
the system’s accuracy, reliability, and real-time 
operational capability. 
 

 
Intelligent traffic Management System 
 

 
 
Results and Analysis 
The performance of the proposed AI-based 
collision prediction system was evaluated using 
standard classification metrics, including 
accuracy, precision, recall, and F1-score. The 
results were compared against a traditional rule-
based traffic monitoring system to assess 
improvements in predictive capability and 
operational reliability. 
Accuracy represents the overall correctness of the 
system in classifying both collision and non-
collision events. The AI-based model achieved an 
accuracy of 94.6%, indicating that it correctly 
classified approximately 95 out of every 100 
traffic scenarios. In contrast, the traditional 
system achieved an accuracy of 78.2%, reflecting 

limited predictive effectiveness in dynamic urban 
environments. The observed 16% improvement 
demonstrates the superior learning capability of  
the AI-driven framework in capturing complex 
traffic patterns and risk behaviors. 
Precision evaluates the proportion of predicted 
collision alerts that correspond to actual collision 
risks. The AI-based system achieved a precision of 
92.1%, while the traditional system recorded 
74.5%. The higher precision of the AI model 
indicates a substantial reduction in false alarms. 
Minimizing false positives is critical in real-world 
deployment, as excessive incorrect alerts may 
reduce driver confidence and negatively impact 
system credibility and usability. 
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Recall measures the system’s ability to correctly 
identify actual collision scenarios. The AI-based 
framework achieved a recall of 93.4%, 
significantly outperforming the traditional 
system, which achieved 70.3%. This 
approximately 20% improvement highlights the 
AI model’s enhanced capability to detect high-
risk situations that conventional systems may fail 
to recognize. Since missed collision predictions 
can result in severe accidents, the improved recall 
directly contributes to enhanced road safety. 
The F1-score, which represents the harmonic 
mean of precision and recall, provides a balanced 

evaluation of classification performance. The AI-
based model achieved an F1-score of 92.7%, 
compared to 72.3% for the traditional system. 
This substantial improvement confirms that the 
proposed framework maintains both high 
detection accuracy and low false alarm rates 
simultaneously. 
Table 1 presents the quantitative comparison of 
performance metrics between the AI-based and 
traditional systems 
 

 
Table 1 Performance Comparison 

Metric AI-Based System Traditional System 
Accuracy (%) 94.6 78.2 
Precision (%) 92.1 74.5 
Recall (%) 93.4 70.3 
F1-Score (%) 92.7 72.3 

 
Figure 1 illustrates the comparative performance 
across all evaluation metrics. The AI-based system 
consistently outperforms the traditional approach  
 

 
in every metric, demonstrating stronger 
generalization capability and improved learning 
from traffic behavior patterns. 
 

 
 

Figure 1 Accuracy Comparison 
 
Figure 2 presents the precision comparison 
between the two systems, emphasizing the 
reduction in false positive alerts achieved by the  
 

 
AI-based framework. The lower false alarm rate 
improves operational reliability and enhances 
practical usability in real-world traffic 
environments. 
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Figure 2 Precision Comparison 

 
Figure 3 highlights the recall performance, 
showing the AI system’s superior ability to detect 
true collision risks. This improvement is  
 

 
particularly important because failure to detect an 
imminent collision can lead to catastrophic 
consequences. 

 

 
Figure 3 Recall Comparison 

 
Figures 4 and 5 illustrate the collision trend over 
simulation time for both systems. The traditional 
system demonstrates a slow and only when risk 
conditions become clearly observable.  
 

In contrast, the AI-based system shows a rapid 
decline in collision occurrences due to its 
proactive prediction mechanism. During the 
simulation period, collision cases were reduced 
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from 50 to 30, representing approximately a 30% 
reduction compared to the baseline scenario. 
In addition to improved detection accuracy, the 
AI-based framework demonstrated an average 
response time of 0.8 seconds. The system was 
capable of predicting potential collisions 
approximately 2–3 seconds before impact, 
providing sufficient reaction time for preventive 

intervention such as driver alerts or traffic signal 
adjustments. 
Overall, the experimental results validate the 
effectiveness of the proposed CNN-LSTM hybrid 
framework in enhancing predictive reliability, 
reducing false alarms, and significantly lowering 
simulated collision rates in urban traffic 
environments. 

 

 
Figure 4 Traditional System Collision Trend 

 

Figure 5 AI Based System Collision Trend 
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5. Discussion 
The integration of Convolutional Neural 
Networks (CNN) and Long Short-Term Memory 
(LSTM) networks provides a powerful hybrid 
framework for intelligent traffic safety systems. 
CNN models enable accurate real-time object 
detection by extracting spatial features from 
traffic surveillance images, allowing the system to 
identify vehicles, obstacles, and lane positions 
with high precision. This real-time visual 
understanding forms the foundation for further 
predictive analysis. Meanwhile, LSTM networks 
process sequential traffic data such as vehicle 
speed, acceleration, direction, and inter-vehicle 
distance to forecast future trajectories. The 
combination of spatial and temporal modeling 
significantly enhances prediction accuracy in 
complex urban environments. 
This hybrid architecture enables several critical 
capabilities, including real-time object detection, 
trajectory forecasting, early risk estimation, and 
automated preventive alerts. By estimating 
collision probability several seconds before 
impact, the system allows sufficient reaction time 
for traffic control adjustments or driver warnings. 
Unlike traditional rule-based systems that rely on 
fixed thresholds and reactive alerts, AI introduces 
adaptive and proactive safety intelligence into 
traffic infrastructure. The model continuously 
learns from traffic patterns, making it more 
effective in handling dynamic conditions such as 
congestion, sudden braking, and unpredictable 
driving behavior. As a result, the AI-based 
framework demonstrates superior responsiveness 
and reliability compared to conventional systems. 
 
6. Conclusion 
This study demonstrates that AI-based collision 
prediction systems significantly enhance urban 
traffic safety through predictive analytics and 
intelligent decision-making. The proposed CNN-
LSTM hybrid model achieved 94.6% accuracy 
and reduced simulated collision rates by 
approximately 30% compared to traditional 
systems. The improvement in precision and recall 
further confirms the system’s ability to detect 
high-risk scenarios while minimizing false alarms. 
These results validate the effectiveness of 

integrating deep learning models into traffic 
management infrastructure. 
AI-integrated traffic systems have the potential to 
reduce accident-related fatalities, improve traffic 
flow efficiency, and support the broader vision of 
smart city development. By enabling proactive 
risk detection and automated preventive actions, 
such systems can transform urban transportation 
from reactive monitoring to intelligent 
prediction. Future research may focus on real-
world deployment and large-scale validation using 
live traffic data. Additional enhancements could 
include edge computing integration for faster 
processing, pedestrian and cyclist detection 
modules, multi-intersection coordination, and 
integration with autonomous vehicle networks. 
These advancements would further strengthen 
the role of AI in building safer, smarter, and 
more sustainable urban transportation systems. 
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