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Abstract 
 Urban traffic congestion is a major challenge in modern cities, leading to increased travel times, fuel 
consumption, and air pollution. To address this issue, Deep Traffic-VTS presents an intelligent hybrid system that 
integrates Long Short-Term Memory (LSTM) networks for time series forecasting with YOLO (You Only Look 
Once) for vehicle detection. The LSTM model analyzes historical traffic data—such as vehicle count, average 
speed, and congestion levels—to predict traffic conditions over upcoming time intervals. Simultaneously, YOLO 
processes live video feeds to detect and classify vehicle types on the road, including two-wheelers, cars, buses, 
and emergency vehicles. Based on both predicted and real-time traffic conditions, the system provides adaptive 
suggestions on the most suitable vehicle types for efficient navigation—for example, recommending two-wheelers 
in high-congestion zones due to their maneuverability, while advising larger vehicles to reroute or delay travel. 
This combined approach enables more effective traffic management, emergency response optimization, and smart 
urban mobility planning. 
Based on both predicted and real-time traffic conditions, the system provides adaptive suggestions on the most 
suitable vehicle types for efficient navigation. Specifically, when congestion levels are high, the system 
recommends small vehicles such as two-wheelers due to their maneuverability; for medium congestion, it suggests 
medium-sized vehicles like cars; and for low congestion, it supports the use of larger vehicles such as buses and 
trucks for efficient mass transportation. In addition, emergency vehicles like ambulances and fire trucks can be 
given priority-based navigation routes, reducing response times in critical situations. 
 
Keywords— Traffic Prediction, LSTM, YOLOv8, Smart Cities, AI, Computer Vision.  

 
Introduction: 
Urban traffic congestion has become one of the most 
pressing challenges in modern cities, contributing to 
longer travel times, increased fuel consumption, 
environmental pollution, and reduced quality of life. 
Traditional traffic management systems often struggle 
to handle the dynamic and complex nature of urban 
traffic, as they typically rely on static rules and limited 
real-time data. To address these limitations, the 
integration of advanced machine learning techniques 
and computer vision offers a promising solution. Deep 
Traffic-VTS is a hybrid intelligent system designed to 
improve urban traffic efficiency by combining 
predictive and real-time analysis. It employs Long 
Short-Term Memory (LSTM) networks to forecast 
traffic conditions based on historical data such as 
vehicle counts, average speeds, and congestion trends. 
Simultaneously, the system uses YOLO (You Only 
Look Once) to detect and classify vehicles from live 
video feeds, including cars, buses, two-wheelers, and 
emergency vehicles. By merging these insights, Deep 
Traffic-VTS can provide adaptive recommendations 
for optimal vehicle movement, helping to alleviate 
congestion, optimize travel routes, support emergency 

responses, and enable smarter urban mobility planning. 
This approach demonstrates the potential of combining 
time series forecasting and real-time detection to create 
a proactive, data-driven traffic management system 
capable of enhancing the safety, efficiency, and 
sustainability of urban transportation networks. Based 
on both predicted and real-time traffic conditions, 
the system provides adaptive suggestions on the most 
suitable vehicle types for efficient navigation. 
Specifically, when congestion levels are high, the 
system recommends small vehicles such as two-
wheelers due to their maneuverability; for medium 
congestion, it suggests medium-sized vehicles like 
cars; and for low congestion, it supports the use of 
larger vehicles such as buses and trucks for efficient 
mass transportation. In addition, emergency vehicles 
like ambulances and fire trucks can be given priority-
based navigation routes, reducing response times in 
critical situations. 
 
LITERATURE SURVEY: 
Yang et al. (2022) proposed a multi-task deep learning 
framework for predicting multiple levels of traffic 
accident severity while providing interpretable 
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explanations. The framework simultaneously predicts 
various severity categories using shared feature 
representations, thereby improving prediction 
efficiency and accuracy. The authors integrated 
explainable artificial intelligence techniques to 
identify the most influential factors contributing to 
accident severity. Their approach was validated using 
large-scale accident datasets and demonstrated 
superior performance compared to conventional 
single-task prediction models. The study contributes 
significantly to intelligent transportation systems by 
enhancing both predictive capability and 
interpretability in accident analysis. 
Champahom et al. (2022) investigated the factors 
affecting the severity of motorcycle accidents on 
Thailand’s arterial roads using multiple 
correspondence analysis and ordered logistic 
regression methods. The study analyzed variables such 
as rider behavior, road conditions, environmental 
factors, and traffic characteristics to determine their 
impact on crash severity. The findings revealed that 
poor road infrastructure, unsafe riding practices, and 
unfavorable weather conditions were major 
contributors to severe motorcycle accidents. The 
authors emphasized the importance of infrastructure 
development, stricter traffic law enforcement, and 
public awareness campaigns for improving road safety 
and reducing accident severity. 
Guido et al. (2022) evaluated the contributing factors 
influencing the number of vehicles involved in crashes 
on rural roads in Cosenza, Italy, through the 
application of machine learning techniques. The 
research utilized datasets containing traffic indicators, 
road geometry information, and crash statistics to 
identify significant crash-related patterns. The 
machine learning models achieved higher predictive 
accuracy than traditional statistical approaches and 
highlighted factors such as road curvature, speed 
limits, and traffic flow as major contributors to crash 
severity. The study demonstrated the effectiveness of 
machine learning in traffic safety analysis and 
provided valuable insights for developing targeted 
accident prevention strategies. 
Elvik (2024) critically examined the role of risk factors 
as causes of traffic accidents by focusing on the logical 
structure of causality and the completeness of accident 
explanations. The study proposed a comprehensive 
framework for linking accident occurrence to specific 
causal factors and emphasized the need for accurate 
and complete datasets in accident research. The author 
argued that understanding causal relationships is 
essential for designing effective road safety policies 
and preventive measures. The research contributes to 
the theoretical foundation of traffic accident analysis 
by improving the interpretation and classification of 
accident causation factors. 
Shinar and Hauer (2024) discussed the relationship 
between crash causation, countermeasures, and policy 
implications in road safety research. The editorial 
highlighted the importance of translating scientific 

findings into practical safety interventions, including 
infrastructure modifications, traffic enforcement 
strategies, and driver education programs. The authors 
stressed the significance of interdisciplinary 
collaboration among researchers, policymakers, and 
transportation authorities to address the complex 
nature of road safety challenges. Their work provides 
a policy-oriented perspective on reducing traffic 
accidents and improving overall transportation safety 
systems. 
Jung et al. (2020) proposed a lightweight lane 
detection approach by optimizing spatial embedding 
techniques to improve computational efficiency while 
maintaining high detection accuracy. The study 
focused on reducing the processing complexity of lane 
detection algorithms for real-time applications in 
autonomous driving and advanced driver assistance 
systems. Experimental evaluations demonstrated that 
the optimized spatial embedding method effectively 
balanced accuracy and computational performance, 
making it suitable for practical deployment in 
intelligent transportation environments. The research 
contributes to the development of efficient vision-
based lane detection systems for modern traffic 
management and autonomous vehicle technologies. 
 
 
Methodologies: 
Modules Name: 

1. Data Collection Module 
2. Traffic Prediction Module (LSTM-based) 
3. Vehicle Detection Module (YOLO-based) 
4. Data Integration and Analysis Module 
5. Adaptive Recommendation Module 
6. System Evaluation Module 

 
MODULES EXPLANATION: 
 
A. Data Collection 
The proposed intelligent traffic management system 
begins with the collection of both historical and real-
time traffic data. Historical traffic information such as 
vehicle counts, average vehicle speed, congestion 
levels, traffic density, and time-of-day patterns is 
gathered from various sources including traffic 
sensors, CCTV cameras, smart road infrastructure, and 
government traffic databases. This data helps in 
understanding long-term traffic behavior and 
identifying recurring congestion trends in urban 
environments. In addition to historical records, live 
video feeds from urban roads and intersections are 
continuously captured using CCTV surveillance 
cameras. These real-time video streams provide up-to-
date information about ongoing traffic movement and 
road conditions, enabling dynamic traffic monitoring 
and immediate analysis. 
B. Traffic Prediction Using LSTM 
To predict future traffic conditions, the system 
employs Long Short-Term Memory (LSTM) 
networks, a specialized type of recurrent neural 
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network designed for time-series forecasting. The 
LSTM model is trained using historical traffic datasets 
so that it can learn temporal traffic patterns, daily 
fluctuations, peak-hour trends, and congestion 
behavior over time. By analyzing sequential traffic 
data, the model can accurately forecast upcoming 
traffic conditions for future time intervals. The 
predictions include expected congestion levels, traffic 
density, average vehicle speed, and possible traffic 
bottlenecks. These forecasts assist traffic authorities 
and navigation systems in taking preventive actions 
before severe congestion occurs. 
C. Vehicle Detection Using YOLO 
For real-time traffic monitoring, the system integrates 
the YOLO (You Only Look Once) object detection 
algorithm. YOLO processes live video feeds from 
CCTV cameras and detects vehicles with high speed 
and accuracy. The model identifies and classifies 
different categories of vehicles such as two-wheelers, 
cars, buses, trucks, and emergency vehicles. Along 
with classification, YOLO also provides information 
regarding the number of vehicles, their movement, and 
their location within the road network. The real-time 
detection capability enables the system to 
continuously monitor traffic flow and detect unusual 
traffic situations instantly. 
D. Integration and Analysis 
The outputs generated from the LSTM traffic 
prediction model and the YOLO vehicle detection 
model are integrated to create a comprehensive traffic 
analysis framework. The predicted traffic conditions 
are combined with real-time vehicle detection data to 
obtain a complete understanding of current and future 
road situations. The system analyzes traffic density, 
vehicle distribution, and congestion-prone areas to 
determine the most suitable routes for different vehicle 
categories. This integration enables intelligent 
decision-making by identifying heavily congested 
roads and suggesting alternate navigation strategies for 
efficient traffic management. 
E. Adaptive Recommendations 
Based on the integrated traffic insights, the system 
provides adaptive route recommendations for different 
types of vehicles. Two-wheelers are recommended for 
highly congested routes because of their ability to 
maneuver through narrow spaces and dense traffic 
conditions more efficiently. Larger vehicles such as 
buses and trucks are advised to use alternate routes or 
postpone travel during peak congestion periods to 
reduce traffic pressure on busy roads. Emergency 
vehicles including ambulances, fire trucks, and police 
vehicles are given the highest priority, and the system 
identifies the fastest and least congested routes to 
ensure rapid emergency response. These adaptive 
recommendations help improve overall traffic flow, 
reduce travel delays, and enhance road safety. 
F. System Evaluation 
The effectiveness of the proposed intelligent traffic 
management system is evaluated using multiple 
performance metrics. The LSTM model is assessed 

based on traffic prediction accuracy and forecasting 
reliability, while the YOLO model is evaluated using 
vehicle detection accuracy and classification 
performance. Additional evaluation parameters 
include congestion reduction efficiency, travel time 
optimization, traffic flow improvement, and 
emergency vehicle response time. The system’s ability 
to provide accurate predictions and intelligent routing 
recommendations demonstrates its potential for 
enhancing smart city traffic management. 
G. Implementation 
The proposed system is implemented in a web-based 
environment using Jupyter Notebook software. The 
server acts as the intelligence processing unit where 
machine learning and deep learning models are trained 
and executed. The implementation platform uses 
Windows 10 Professional operating system for 
development and deployment purposes. The user 
interface is developed within the Jupyter Notebook 
environment, providing an interactive platform for 
traffic analysis, visualization, prediction results, and 
route recommendation outputs. This implementation 
setup ensures flexibility, ease of experimentation, and 
efficient integration of multiple AI-based traffic 
management modules. 
 
Algorithm used:  
In the DeepTraffic-VTS system, YOLOv8 (You Only 
Look Once version 8) is employed as a state-of-the-art 
real-time object detection model to identify and 
classify various vehicle types from live video feeds. 
YOLOv8 offers significant improvements in speed 
and accuracy over previous versions, making it ideal 
for urban traffic environments where rapid and reliable 
detection is crucial. It can accurately recognize two-
wheelers, cars, buses, and emergency vehicles in 
diverse traffic scenarios, even under challenging 
conditions such as occlusions and varying lighting. By 
integrating YOLOv8, the system gains the ability to 
monitor real-time traffic flow, assess current 
congestion levels, and feed dynamic vehicle data into 
the recommendation engine, enabling context-aware 
suggestions for efficient mobility and smarter routing 
decisions. 
The Long Short-Term Memory (LSTM) neural 
network is utilized in DeepTraffic-VTS for predicting 
future traffic conditions based on historical time series 
data. LSTM is particularly well-suited for modeling 
sequential patterns and long-term dependencies in 
traffic data, such as vehicle counts, average speed, and 
congestion levels recorded over time. By learning 
these temporal patterns, the LSTM model can forecast 
short- to medium-term traffic trends with high 
accuracy. These predictions are essential for 
anticipating congestion before it occurs, allowing the 
system to generate proactive recommendations on 
optimal vehicle usage. For instance, if high congestion 
is predicted, the system may recommend two-wheelers 
or emergency vehicles for quicker transit, while 
advising larger vehicles to delay or reroute. The 
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integration of LSTM thus adds a predictive 
intelligence layer to the system, enhancing its ability 
to support real-time decisions with future-aware 
insights. 
 
Results (screenshots): 
 

 
(i) 
 
 

 
(ii) 

 
 

 
(iii) 

 

 

(iv) 
 

Conclusion: 
 
DeepTraffic-VTS showcases an innovative approach 
to tackling urban traffic congestion by leveraging the 
strengths of both predictive analytics and real-time 
computer vision. By employing LSTM networks for 
accurate traffic forecasting and YOLO for live vehicle 
detection and classification, the system provides 
actionable insights that help optimize traffic flow and 
improve decision-making for commuters and traffic 
authorities alike. The integration of these two powerful 
techniques allows the system to dynamically adapt to 
changing traffic conditions, offering suitable vehicle 
routing suggestions, minimizing delays, and reducing 
fuel consumption. 
 
 
FUTURE SCOPE: 
The scope of DeepTraffic-VTS encompasses the 
development of an intelligent traffic management 
system that integrates predictive analytics with real-
time vehicle detection. The system can forecast traffic 
conditions using historical data and detect vehicle 
types from live video feeds, enabling adaptive 
recommendations for efficient navigation and also we 
recommend the vehicles based on the congestion 
levels. It aims to assist in reducing traffic congestion, 
optimizing travel times, minimizing fuel consumption, 
and improving emergency vehicle response. 
Additionally, the project supports smart urban 
planning by providing actionable insights for traffic 
flow optimization and resource allocation. While the 
current implementation focuses on urban road 
networks and common vehicle types, the framework 
can be extended to include more complex traffic 
scenarios, multi-modal transport systems, and 
integration with city-wide smart infrastructure in the 
future. 
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