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Abstract—Efficient traffic flow is essential for sustainable growth, 

environmental health, and enhanced quality of life in contemporary 

urban settings. The intricacy and dynamic character of urban traffic 

can make traditional traffic control techniques inadequate. In order 

to optimize urban traffic, this study suggests an AI-powered 

prediction model that combines real-time data from many IoT-

enabled sources, including sensors, GPS data, and mobile devices, 

with machine learning algorithms. The suggested model predicts 

traffic patterns and makes adaptive recommendations to maximize 

traffic flow, lessen congestion, and cut down on delays by utilizing 

deep learning and reinforcement learning. When compared to 

conventional techniques, simulations employing real-world 

information from many urban locations show notable reductions in 

traffic and travel time. The model is a great tool for smart city efforts 

because of its scalability and adaptability, which provide traffic 

authorities and city planners the capacity to make decisions in real 

time. This study advances the infrastructure of smart cities and 

applies AI to address the problems of urban transportation. 

Keywords—Smart Cities, Urban Traffic Optimization, AI-Powered 

Prediction Models, Real-Time Traffic Management, Machine 

Learning in Transportation, IoT-Driven Traffic Solutions 

I. INTRODUCTION  

Cities throughout the world are under more and more 

pressure to make their transportation systems more efficient 

as the population of cities increases. Ineffective traffic 

management systems cause congestion, delays, and pollution 

that affect urban dwellers' health and quality of life in 

addition to impeding economic progress. In order to handle 

the real-time, dynamic character of contemporary urban 

traffic networks, traditional traffic control techniques 

frequently rely on reactive measures and static models. 

Advanced, data-driven strategies that may improve traffic 

flow, lessen environmental effects, and raise the general 

sustainability of metropolitan areas are desperately needed as 

smart city efforts gain traction. 

New opportunities for revolutionizing urban traffic 

management have been made possible by recent 

developments in artificial intelligence (AI) and the Internet of 

Things (IoT). With the use of deep learning, reinforcement 

learning, and extensive data integration, AI-powered 

prediction models have the capacity to assess and forecast 

traffic patterns with previously unheard-of precision. These 

models give real-time insights into traffic conditions and 

offer adaptive recommendations to reduce congestion and 

enhance traffic flow by utilizing data from IoT-enabled 

devices, including GPS devices, roadside sensors, connected 

cars, and mobile applications. A thorough AI-powered model 

created especially for smart city traffic optimization is 

presented in this study. The model efficiently predicts and 

reacts to traffic variations by combining real-time data from 

several sources and using machine learning methods. 

This study illustrates the model's ability to lessen traffic, 

improve travel efficiency, and promote sustainable urban 

development through simulations and case studies in urban 

locations.  

The outcomes demonstrate the model's applicability and 

versatility across various urban infrastructures, making it a 

strong contender for cities looking to upgrade to more 

intelligent and effective traffic systems. This study aids in the 

creation of next-generation smart city infrastructures, where 

AI and IoT collaborate to address urban mobility issues, by 

facilitating real-time decision-making for traffic authorities 

and urban planners. This study highlights how AI is 

revolutionizing urban planning and provides opportunities 

for more research into using predictive models in other facets 

of smart city administration. 

 

 

II. RELATED WORK 

The accuracy of traffic prediction is improved by 

sophisticated deep learning techniques. AutoEncoder and 

LSTM are combined in the RD-LSTM model to enhance 

performance. The accuracy and efficiency of the RD-LSTM 

model were superior than those of other models. 

Preprocessing the data greatly improved the accuracy and 

results of the model [1]. 

 

Optimizes urban transportation by using machine learning.  

focuses on sustainability and efficiency in smart city transit 

systems. Increases the urban transportation networks' 

efficiency and flexibility. lays the groundwork for smart city 

transportation networks that are robust and flexible[2]. 
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Hybrid Neuro-Genetic Causal Convolution Autoencoders are 

used to make novel traffic predictions. It outperforms 

previous approaches in terms of prediction accuracy and 

generalization[3]. HNG-CCA outperforms other prediction 

algorithms in terms of accuracy. Shows improved 

generalization on real-world traffic datasets. 

 

Smart transportation systems tackle urban traffic and 

pollution challenges. Adaboost Regression forecasts traffic 

models accurately. MSE: 24.19; RMSE: 4.91; MAE: 3.00; 

R2 = 0.94. The Adaboost Regression approach produces low 

error rate predictions[4]. 

 

AI uses innovative technology to reduce urban transportation 

congestion[5]. MaaS integrates transit choices to optimize 

urban traffic management. Artificial intelligence improves 

urban traffic management by forecasting congestion and 

improving signals. Genetic algorithms optimize vehicle 

routes based on trip time and expenditures. 

 

AI-driven traffic flow management in smart cities improves 

urban mobility. Utilizes artificial intelligence to improve 

transportation efficiency and alleviate congestion. AI-

powered technologies increase urban transportation 

efficiency and traffic flow. The study gives insights on 

sustainable urban transportation networks[6]. 

 

Addresses urban transportation congestion and safety 

concerns. AI, machine learning, and 5G are proposed as 

components of an enhanced traffic management model. Real-

time data is integrated to improve traffic forecast and signal 

optimization. Improves traffic flow, saves travel time, and 

increases urban mobility. The future scope includes ongoing 

data updates and user insights[7]. 

 

The RL-GCN algorithm is proposed for predicting urban 

traffic flow. It combines graph convolution, LSTM, and 

reinforcement learning. RL-GCN performs exceptionally 

well in traffic flow prediction. Prediction accuracy improves 

significantly when compared to previous approaches[8]. 

 

Superior traffic management performance as compared to 

current techniques. Traffic flow optimization and congestion 

reduction were accomplished[9]. 

 

CV and AI in traffic management for metropolitan areas. 

STC-UTM framework for YOLO V8 and Raspberry Pi 4 B. 

Significant F1 score of 0.9634 was attained. Improved traffic 

management while reducing environmental effect[10]. 

III. IMPLEMENTATION 

The suggested AI-powered traffic optimization approach is 

divided into many stages, each designed to allow for real-time 

analysis, prediction, and reaction to urban traffic 

circumstances. The methodology achieves dynamic and 

adaptive traffic control by integrating many data sources and 

utilizing advanced machine learning techniques such as deep 

learning and reinforcement learning. The technique consists 

of five major phases: data collection and preprocessing, 

traffic pattern analysis, prediction model construction, model 

assessment, and implementation framework. 

 
 

Fig 1 Methodology Diagram 

 

The methodology diagram in Figure 1 depicts a multi-layered 

approach to urban traffic optimization that employs AI-

powered prediction and control models. First, data is 

collected from a variety of sources, including sensors, GPS 

devices, and IoT systems that record real-time traffic metrics, 

weather conditions, and congestion levels. This data is sent 

into the LSTM-based prediction layer, which analyses 

previous traffic patterns to estimate future traffic conditions, 

capturing time-dependent trends that are crucial for urban 

mobility.  
 
The prediction results are input into an optimization layer 

powered by reinforcement learning (RL), which makes 

adaptive control decisions—such as real-time modifications 

to traffic signals or route recommendations—to reduce 

congestion and improve traffic flow. The RL model is 

constantly learning and improving based on real-time data 

from the traffic management interface, which allows traffic 

authorities to monitor and intervene as needed. This 

interactive loop develops a dynamic, data-driven system 

capable of accurately forecasting and responding to traffic 
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circumstances, so contributing to long-term urban traffic 

solutions within a smart city ecosystem. 

 

LSTM MODEL ARCHITECTURE 

 

The input layer receives the traffic data sequence (vehicle 

count, speed, etc.) in a series of time steps. LSTM Layers: 

Several LSTM layers capture sequential relationships in 

traffic data. Dropout layers between LSTM layers assist to 

avoid overfitting. Dense Layer: A completely connected 

layer connects the output to a prediction score, such as traffic 

density or average speed. Output Layer: Provides traffic 

predictions for future time periods (e.g., 5, 10, 15 minutes 

ahead) shown in Figure 2. 

 
Fig 2 LSTM Architecture 

 

 
Fig 3 BPTT with LSTM Architecture 

 

Backpropagation Through Time (BPTT) is an extension of 

the backpropagation method that is especially developed for 

training recurrent neural networks (RNNs) such as Long 

Short-Term Memory (LSTM) networks, which are widely 

used for time-series data. Because RNNs feature connections 

that cycle over time, BPTT unfolds the network in several 

time steps, treating it as a deep neural network to 

backpropagate mistakes. Here's a full description of how 

BPTT works when training an LSTM. Model : LSTMs 

feature internal memory cells and hidden states that transport 

data over time steps. To use BPTT, the LSTM network is 

"unfolded" over a series of time steps, converting it into a 

deep network. 

 

After computing the gradients using BPTT, the weights of the 

LSTM network are updated. Optimization methods such as 

Adam or RMSprop are commonly used to change the weights 

in a way that reduces prediction error. This weight update is 

based on the cumulative gradients across the sequence of time 

steps. Each iteration of BPTT helps the LSTM learn to retain 

knowledge from past time steps relevant to the prediction 

task, allowing the model to grasp temporal dependencies in 

the data (for example, detecting repeating traffic patterns 

across time). The procedure is repeated over many sequences 

and iterations until the model finds a solution that minimizes 

the prediction error for the specified job. 

 

Reinforcement Learning-Based Optimization (Optimization 

Layer) 

The reinforcement learning (RL) component improves real-

time traffic control choices including adaptive signal timings 

and rerouting recommendations. This layer is modelled using 

a Markov Decision Process (MDP) paradigm, with the RL 

agent learning an optimal strategy to reduce congestion and 

latency. States represent current traffic circumstances, such 

as vehicle density, speed, and signal status at junctions. 

Actions may include modifying signal timings, diverting 

traffic, or adjusting speed restrictions on certain road 

stretches. Rewards: Assigned based on objectives such as 

decreased congestion, improved traffic flow, and less delays. 

 

 
Fig 4 RL with LSTM Architecture 

 

GRU 

The Gated Recurrent Unit (GRU) is a recurrent neural 

network (RNN) architecture that captures temporal 
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relationships in sequential data while resolving standard 

RNN drawbacks including disappearing and ballooning 

gradients. GRU  has since gained popularity for applications 

like as time series prediction and natural language processing  

shown in Figure 5. 

 
Figure 5 GRU Architecture 

 

SARIMMA 

Seasonal Autoregressive Integrated Moving Average 

(SARIMA) is a sophisticated statistical model for time series 

forecasting that can detect both non-seasonal and seasonal 

patterns in data. SARIMA expands on the Autoregressive 

Integrated Moving Average (ARIMA) model by include 

seasonal variables, making it especially effective for datasets 

with obvious seasonal impacts, such as monthly sales data, 

traffic patterns, and temperature records. 

 
Figure 7 SARIMA values 

 

XGBOOST 

XGBoost (Extreme Gradient Boosting) is a sophisticated 

machine learning technique that uses the gradient boosting 

framework. It is intended to improve the performance and 

speed of standard boosting approaches, and it has gained 

popularity due to its accuracy and efficiency in handling 

regression and classification issues. XGBoost's remarkable 

features have led to its widespread use in machine learning 

contests and real-world applications. 

 
Figure 8 XGBoost Working 

EXPERIMENTAL RESULTS 

There are various high-quality datasets available for urban 

traffic optimization projects, including both historical and 

real-time traffic data. The datasets listed below are often used 

in traffic research, with descriptions, connections, and 

recommended result computation information. The METR-

LA dataset includes traffic observations from 207 loop 

detectors on the Los Angeles County roadway network. It 

covers information on speed, traffic flow, and occupancy 

from March to June 2012. 

The METR-LA dataset is available on GitHub. The PeMSD7 

dataset is based on California's Performance Measurement 

System (PeMS). It covers statistics from District 7 (Los 

Angeles) and measures traffic volume, speed, and occupancy 

on important roadways. Link to PeMSD7 Dataset on Zenodo. 

 

A table 1 describes the  tabulated comparison of multiple 

machine learning models used to forecast urban traffic, along 

with their performance indicators based on diverse datasets. 

The metrics used are Mean Absolute Error (MAE), Root 

Mean Squared Error (RMSE), Mean Absolute Percentage 

Error (MAPE), and Average Travel Time Reduction 

(ATR%). 

 

Model Dataset MAE RMS

E 

MAP

E % 

AT

R % 

Linear 

Regression 

METR-

LA 

3,5 

mph 

5.2 

mph 

10.5 5 

Decision 

Tree 

METR-

LA 

2.8mp

h 

4.7 

mph 

9.0 7 

Random 

Forest 

METR-

LA 

2.2 

mph 

3.9 

mph 

7.5 12 

LSTM METR-

LA 

1.5 

mph 

2.6 

mph 

4.3 20 

GRU METR-

LA 

1.8 

mph 

2.9 

mph 

4.7 18 

XGBoost PeMSD

7 

2.1 

mph 

3.2 

mph 

6.0 15 

SARIMM

A 

PeMSD

7 

3.0 

mph 

4.8 

mph 

8.0 8 

CNN 

LSTM 

PeMSD

7 

1.9 

mph 

2.7 

mph 

4.5 2.1 

 

Table 1 Results comparison table 
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CONCLUSION 

To summarize, the suggested AI-powered prediction model 

provides a game-changing approach to urban traffic 

management, tackling the mounting concerns of traffic 

congestion, environmental sustainability, and urban mobility. 

By combining deep learning and reinforcement learning, the 

model uses real-time data from IoT-enabled sources 

including sensors, GPS systems, and mobile devices to 

precisely estimate traffic patterns and dynamically manage 

traffic flow. This strategy considerably improves traditional 

traffic management systems, which frequently struggle to 

handle the complexity and quick unpredictability found in 

modern metropolitan areas. Simulation studies employing 

datasets from several metropolitan regions demonstrate the 

model's effectiveness in lowering commute time and 

congestion, highlighting its practical potential for real-world 

implementation. These findings show the model's scalability 

and versatility, establishing it as a critical component of smart 

city programs aimed at enhancing urban quality of life, 

economic efficiency, and environmental effect. Furthermore, 

by providing city planners and traffic authorities with a 

powerful tool for making real-time decisions, this approach 

enables data-driven, proactive management of urban mobility 

concerns. Future improvements in this arena might include 

improving the model's accuracy with more data and 

broadening its applicability to multimodal traffic systems 

such as public transit, pedestrian flows, and emergency 

vehicle routing. By using the potential of AI, our study helps 

to lay the groundwork for a sustainable, intelligent urban 

infrastructure, supporting a vision of smarter cities where 

transportation is seamlessly adjusted to meet the demands of 

inhabitants and policymakers. 
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