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Abstract— 
In today's rapidly urbanising world, cities face a monumental 

challenge: managing the ever-growing complexities of their 

transportation networks. Older ways of handling city traffic 

usually stick to fixed schedules for traffic lights. When road 

patterns change, they cannot keep up. That causes more jams, 

wasted time driving, extra fuel burned, along with dirty air. 

These outdated methods show clearly that something different 

must take their place. A new kind of system steps in here - using 

smart technology trained on real movement data. It learns how 

vehicles move, predicts shifts before they happen, adjusts signals 

on its own. Efficiency rises when decisions respond live to what 

streets actually experience. Cities gain smoother travel without 

rebuilding every intersection. Intelligence flows into everyday 

routes quietly, invisibly doing the work once left to rigid timers 

now out of step with modern life. Not simply another tech fix, 

this effort changes how cities manage motion. Instead of waiting, 

the system sees ahead - forecasting gridlock before it forms. It 

guides vehicles smoothly through streets by adjusting signals 

smartly over time. At its heart are two linked pieces working 

together closely. One guesses what traffic will do next. The other 

learns from results, fine-tuning stoplights without rigid rules. 

Together, they reshape city travel quietly. What looks like 

routine coordination is actually constant adaptation behind the 

scenes. Focusing ahead instead of just responding, the system 

forecasts how roads will behave while guiding vehicle movement 

smartly - shaping a smoother travel environment overall. At its 

heart runs a tight connection between two key pieces: one 

anticipates congestion before it happens, the other adjusts 

stoplights using trial-and-error learning methods. 

 

Index terms — Smart City, traffic, Transport, LSTM, 

ML 

I. INTRODUCTION 

Inside this setup sits the Traffic Prediction Model - think of it 

as the central thinker. Built like a smart machine, it studies 

huge amounts of past information. Vehicle numbers, how fast 

they move, when roads get busy - all these go into its memory. 

On top of that, it watches what's happening now: rain or sun, 

holiday dates, big gatherings like matches or shows. By 

pulling together many kinds of inputs, it spots hidden links in 

how traffic flows. Patterns shift, yet it adapts without needing 

clear rules spelled out. Even basic methods such as Random 

Forest give decent results. Yet we’re turning to deeper tools - 

ones built for sequences. These LSTM networks track 

changes over time better than most. Their strength lies in 

 
 

spotting hidden trends that repeat across minutes or hours. 

What matters is how well they forecast what happens next on 

roads. Think about cars piling up or speeds dropping at 

intersections ahead. Predictions must hit close to reality since 

another part depends on them completely. 

Ahead of time, the forecast gives the learning system a clue 

about what's coming. When numbers suggest more cars will 

come through one route - say, because of a concert - the 

response kicks in early. Instead of waiting, the controller 

shifts timing to favor that lane. This move happens not after 

chaos builds, but well before. Together, they work without 

needing perfect coordination. What lies at the heart of this 

effort? A mix of data science, machine learning, and city 

planning. Cities demand better systems, that much is clear. 

Because patterns can be forecasted, because machines learn 

from outcomes, gridlock might finally ease. Less time stuck 

in cars, less fuel burned, fewer fumes in the air - these are real 

possibilities. When signals adjust on their own, based on 

flow, the whole rhythm of a city shifts. Efficiency sneaks into 

places once ruled by delay. Tomorrow’s cities could move 

differently, simply because today someone built tools to 

listen, adapt, respond. 

 

II. RELATED WORK 

A fresh approach begins by watching how vehicles move, 

using live updates alongside past patterns to shape smarter 

travel routes across urban areas. Technology comes together 

quietly: sensors collect details, cameras record movement, 

while learning software spots trends without human help. 

Information flows into powerful online systems where 

decisions form quickly. Instead of waiting for problems, 

adjustments happen before jams appear. Tools work behind 

the scenes so streets stay clear and transport runs smoother 

than before The project includes: • Cameras on roads keep an 

eye on movement right away. Sensors linked by internet 

report flow changes instantly. These tools watch what 

happens as it unfolds. • Processing information helps forecast 

traffic buildup. Patterns emerge when numbers get examined 

ahead of time. • Insight forms through careful review of 

movement trends. Foreseeing delays comes from studying 

past flows. • Signals adjust themselves when roads get busy. 

Traffic flows smoother because timing changes match real 

conditions. 

Smart City Traffic and transport optimization 
Harisha R V#1, Mr. Anil Kumar Warad#2  

CSE, AKASH INSTITUTE OF ENGINEERING AND TECHNOLGOY, DEVANAHALLI, BANGLORE, 

INDIA 

CSE, AKASH INSTITUTE OF ENGINEERING AND TECHNOLGOY, DEVANAHALLI, BANGLORE, 

INDIA 



International Journal of Emerging Technology in Computer Science & Electronics (IJETCSE)  
ISSN: 0976-1353 Volume 32 Issue 01 – JANUARY 2026. 

 

50 

• To reduce traffic congestion using real-time data and 

adaptive signal control. • Getting around town takes less time 

when systems work better. Movement becomes smoother 

because delays drop. Routes adjust as conditions change. 

People reach places faster without waiting too long. Speed 

adds up when flow improves. Fewer stops mean steady 

progress. Efficiency grows where timing aligns. Travel 

predictions turn more reliable over time. • ·To predict traffic 

conditions using machine learning models. • By improving 

paths for ambulances, buses, and cars during crises. One step 

at a time, movement becomes faster when roads respond to 

real needs. When traffic flows smarter, every second counts 

more than before.. 

III. Existing System 

• The concept of a Smart Traffic Management System 

has been a significant area of research over the past 

two decades, evolving from simple rule-based 

systems to complex, data-driven solutionsBack 

then, scientists looked at how traffic signals could be 

timed together on busy roads. These setups ran on 

set patterns meant to keep cars moving smoothly. 

Even though they helped cut down frequent stops, 

the system struggled when road demands shifted 

suddenly. One key study by the Federal Highway 

Administration checked how well these linked lights 

worked. It found slight gains in easing city traffic 

under steady conditions. Now that sensors like 

loops, cameras, and GPS exist, traffic experts began 

exploring smarter signal controls. One example is 

SCOOT, created in Britain, which tweaks light 

cycles using live flow information. Though good at 

reacting when roads get busy, it runs on fixed 

strategies and cannot foresee coming jams. A 

different setup, called SCATS, changes timing 

patterns depending on how many cars fill a road 

right now. Instead of waiting, it shifts signals up or 

down based on current load. Even though both 

approaches rely on instant updates, they only react - 

never act ahead. Around the world, cities use these 

methods because they work, yet their core logic 

stays backward-looking. Recent studies now lean 

heavily on machine learning to build systems that 

adapt and respond. Work led by M. van der Voort, 

along with contributions from H.J. van der Voort, 

dives into how neural nets handle traffic forecasts. 

Instead of older techniques such as ARIMA, they 

show RNNs and LSTMs do far better when 

anticipating gridlock. What makes these models 

stand out is their ability to track shifting patterns 

across both time and space. Hidden connections in 

traffic data become visible through such approaches. 

At the same time, Reinforcement Learning has 

become a strong option for managing traffic signals. 

Instead of relying on fixed goals, these systems 

figure out the best moves by testing choices in a 

virtual setting 

 

 

 

IV. Proposed System 

• Our proposed system is a comprehensive, two-part 

solution for Smart City Traffic and Transport 

Optimization, built on the latest advancements in 

machine learning and AI. It's designed to be a 

significant upgrade from existing reactive systems 

by incorporating a proactive, predictive element. 

The first part is the Traffic Prediction Model. This 

module is responsible for forecasting traffic 

conditions, providing the system with a "look-

ahead" capability. The model will be an LSTM-

based neural network, chosen for its proven 

effectiveness in time-series forecasting. It will ingest 

a rich dataset including historical traffic data 

(vehicle count, speed), temporal features (day of 

week, hour of day), weather conditions, and 

information on special events. By training on this 

diverse data, the model will learn to predict vehicle 

density and average speed at specific junctions for 

the next 1-2 hours. By guessing traffic jams ahead 

of time, the system acts early instead of waiting for 

problems to happen. A fresh approach kicks off the 

second piece: a Reinforcement Learning setup tuned 

for traffic light control. It steps into decisions by 

leaning on forecasts churned out from earlier stages. 

Every crossroads runs like its own character, making 

choices without needing orders from above. Think 

of it as many separate minds working at once, each 

tied to one junction. What each agent knows comes 

from live feeds - how long cars wait, how fast they 

move - mixed with what the LSTM model saw 

coming. Outcomes shift based on that blend of now 

and next. Changing the traffic light phase or keeping 

it longer defines what the agent can do. To shape its 

choices, rewards come when delays drop and more 

cars move through intersections. Training happens 

inside SUMO, a simulator where conditions mimic 

reality but stay risk free. Testing there ensures 

stability before any real-world use. Once proven, the 

model links to city infrastructure using an API 

interface. 



International Journal of Emerging Technology in Computer Science & Electronics (IJETCSE)  
ISSN: 0976-1353 Volume 32 Issue 01 – JANUARY 2026. 

 

51 

 

Fig 1: Data Flow Diagram 

 

 

V. Methodology 

 

The successful implementation of this project promises to 

yield significant and measurable benefits for urban 

environments. First, it will lead to a dramatic reduction in 

traffic congestion, directly shortening commute times and 

improving the quality of life for city residents. Second, by 

minimizing stop-and-go traffic, the system will contribute to 

a substantial decrease in fuel consumption and, consequently, 

lower carbon emissions, supporting global sustainability 

goals. Finally, this project demonstrates a scalable and 

adaptable framework that can be expanded to manage entire 

city-wide transportation networks, paving the way for the 

smart cities of the future. The software requirements and 

testing plans detailed in this document provide a clear 

roadmap for development, ensuring the system is robust, 

reliable, and secure. In a world where urban populations are 

rapidly expanding, this smart traffic management system 

offers a critical and forward-thinking solution to one of the 

most pressing challenges of our time. 

 

 

VI. Module Description 

1. Data Collection & Pre-processing * Collect historical and 

real-time traffic datasets (vehicle count, speed, queue length, 

GPS coordinates, weather, events, etc.) * Clean and 

preprocess using *Pandas & NumPy * Handle missing values 

* Convert timestamps into hour/day/week features * 

Normalize numerical values * Encode categorical columns 

like weather, road_condition * Load data to system via 

Streamlit upload interface 2. Traffic Prediction Model — 

LSTM * Convert time-series data into window sequences * 

Train LSTM deep learning model to forecast future vehicle 

density and speed * Use predictions to anticipate congestion 

3. Reinforcement Learning Traffic Signal Optimization * 

Build a *SUMO* simulation environment * Define *state* 

(queue lengths, traffic volume, predicted flow) * Define 

*action* (change or extend traffic light phases) * Define 

*reward* (minimize waiting time & queue length) * Train 

*PPO / DQN RL agent* from stable-baselines3 4. Streamlit 

Dashboard * Real-time simulation of vehicles using PIL 

canvas * Upload datasets * Run ML congestion classifier 

(RandomForest) * Run Traffic Light Simulation * Display 

KPIs, charts and analytics * Export logs and data 

 

VII. CONCLUSIONS 

This project has detailed a comprehensive and innovative 

approach to Smart City Traffic and Transport Optimization, 

moving beyond traditional, static systems to a dynamic, AI-

powered solution. By integrating a sophisticated Traffic 

Prediction Model with a Reinforcement Learning-based 

Traffic Signal Optimization System, we have laid the 

groundwork for a truly intelligent urban mobility network. 

The proposed system is not merely reactive; it is proactive, 

capable of anticipating future traffic conditions and making 

real-time, data- driven decisions to alleviate congestion 

before it occurs. The foundational strength of our approach 

lies in the synergy between its two core components. The 

LSTM- based prediction model acts as the system's 

"foresight," processing a diverse range of data— from 

historical traffic patterns to real-time weather and event 

information—to generate highly accurate forecasts. This 

predictive capability gives the system a critical advantage, 

allowing it to adapt its strategy in anticipation of traffic 

surges, such as those caused by a sudden downpour or a major 

public event. The Reinforcement Learning agent, trained 

within the SUMO simulation environment, represents the 

system's "intelligence." By learning from thousands of 

simulated scenarios, the agent develops an optimal policy for 

traffic light control that maximizes throughput and minimizes 

vehicle delay across the network. Unlike rule- based systems, 

this agent is capable of handling complex, unforeseen 

situations, making it incredibly resilient and efficient. The 

feasibility study confirmed that the necessary technologies—

from GPU-accelerated computing to robust open-source 

libraries—are mature and readily available, making this 

project a tangible and achievable goal. 

Future Enhancements for the Smart City Traffic and 

Transport Optimization Project ˙½•7 .̧'/ To ensure the 

longevity and relevance of the Smart City Traffic and 

Transport Optimization Project, several key enhancements 

can be integrated into future iterations. These improvements 

focus on expanding the system's capabilities, incorporating 

more data sources, and leveraging advancements in AI to 

create a more holistic and intelligent urban mobility platform. 

1. Multi-Modal Transport Integration The current model 

primarily focuses on vehicle traffic. A major future 

enhancement would be to expand the system to include multi-
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modal transport. This involves integrating data from public 

transit systems (buses, trains, trams), micromobility 

providers (e.g., bike-sharing services, e-scooters), and 

pedestrian flow sensors. • Public Transit Prioritization: The 

RL agent could learn to give priority to public buses to ensure 

they adhere to their schedules, effectively increasing the 

efficiency and attractiveness of public transport. • Pedestrian 

Safety: The system could use computer vision to detect large 

groups of pedestrians waiting to cross and adjust signal 

timings to provide safe crossing opportunities, especially 

during special events or at popular intersections. • Dynamic 

Lane Allocation: In a future state, the system could 

dynamically re-assign lanes to different modes of transport 

based on real-time demand. For instance, a lane might be 

designated for buses and bicycles during peak hours but 

revert to general traffic during offpeak times 

  

REFERENCES 

1. P. A. S. L. A. E. A. W. C. L. R. K. W. K. T. K. 

(2018). SUMO (Simulation of Urban MObility): an 

open source traffic simulation package. Journal of 

the European Network of Intelligent Transportation 

Systems. This is the core reference for the SUMO 

simulator, which is essential for training and 

evaluating the Reinforcement Learning agent in a 

controlled environment.  

2.  D. C. Gazis, H. B. (1962). The optimum control of 

a system of interconnected traffic signals. 

Operations Research. A foundational paper on the 

mathematical modeling and optimization of traffic 

signal networks, providing a historical context for 

modern approaches.  

3. S. S. (2007). Intelligent transportation systems: a 

review. Transportation Research Part C. This paper 

provides a broad overview of Intelligent 

Transportation Systems (ITS) and serves as a good 

starting point to understand the field. 6. Machine 

Learning for Traffic Prediction  

4.  B. J. (2018). Long Short-Term Memory Networks 

for Traffic Flow Prediction. IEEE Transactions on 

Intelligent Transportation Systems. A key source on 

using LSTMs for time-series forecasting in traffic 

management. This directly supports the use of our 

predictive model.  

5. A. V. M. G. G. J. J. S. (2017). Attention is All You 

Need. ArXiv. While not specific to traffic, this paper 

introduced the Transformer architecture, which has 

become highly influential in time-series forecasting 

and could be a future enhancement to our predictive 

model. 

  

 

 

 

 


