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Abstract: The rapid growth of wrban populations and increasing transportation demands have
intensified traffic congestion, environmental pollution, and energy consumption in cities worldwide.
Intelligent Traffic Forecasting has emerged as a critical component of Intelligent Transportation
Systems, enabling accurate prediction of traffic conditions and facilitating proactive traffic
management. Recent advancements in artificial intelligence, machine learning, and deep learning have
significantly improved forecasting accuracy by capturing complex temporal and spatial traffic
patterns.

This review paper examines the evolution of traffic forecasting models, ranging from traditional
statistical approaches to advanced graph-based deep learning techniques. The study evaluates the
strengths, limitations, and sustainability contributions of various forecasting methods. Furthermore,
the paper discusses the role of intelligent forecasting in reducing congestion, lowering emissions,
improving energy efficiency, and supporting smart city initiatives. Emerging trends, including
federated learning, explainable artificial intelligence, digital twins, and multimodal data integration,
are also explored. The review highlights the importance of intelligent traffic forecasting as a key
enabler of sustainable urban transportation systems..
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Learning.

L. INTRODUCTION
Urban transportation networks form the backbone of modern cities by facilitating the movement of people and goods.
However, rapid urbanization, increased vehicle ownership, and inadequate infrastructure have resulted in severe traffic
congestion, environmental degradation, and economic losses. According to transportation studies, congestion not only
increases travel time but also contributes significantly to greenhouse gas emissions and fuel wastage (Vlahogianni et al.,
2014).
To address these challenges, Intelligent Transportation Systems (ITS) have been developed to integrate communication
technologies, sensors, data analytics, and artificial intelligence into transportation management. Among the various ITS
applications, traffic forecasting plays a crucial role in predicting future traffic conditions and enabling proactive
decision-making. Accurate traffic forecasts assist transportation authorities in congestion mitigation, route optimization,
signal control, and emergency response planning.
Traditional forecasting techniques such as statistical time-series models have been widely used for traffic prediction.
However, the dynamic and nonlinear nature of urban traffic has encouraged the adoption of machine learning and deep
learning approaches. More recently, Graph Neural Networks (GNNs) and spatiotemporal models have demonstrated
superior performance in capturing complex traffic dependencies across road networks.
This review paper presents a comprehensive analysis of intelligent traffic forecasting models and examines their
contribution to enhancing urban transportation sustainability.
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TRAFFIC FORECASTING IN INTELLIGENT TRANSPORTATION SYSTEMS

Traffic forecasting refers to the prediction of future traffic conditions using historical and real-time transportation data.
Common forecasting variables include:

Traffic flow

Traffic speed

Traffic density

Travel time

Road occupancy

Congestion levels

Traffic forecasting can be classified into three categories:

I. Short-Term Forecasting

Predictions ranging from a few minutes to several hours.

I1. Medium-Term Forecasting

Predictions covering several hours to days.

I11. Long-Term Forecasting

Predictions extending from months to years for infrastructure planning purposes.

The effectiveness of forecasting models largely depends on their ability to capture temporal and spatial traffic patterns.

EVOLUTION OF TRAFFIC FORECASTING MODELS
Traffic forecasting models have evolved significantly over the past decades.
I. Traditional Statistical Models
Traditional statistical methods rely on mathematical relationships within historical traffic data.
11. Historical Average Model
The Historical Average model predicts future traffic conditions using average values from previous observations.
Advantages
Simple implementation
Low computational requirements
Limitations
Poor performance during abnormal traffic conditions
Autoregressive Integrated Moving Average
ARIMA combines autoregression and moving average techniques for time-series forecasting.
Advantages
Effective for linear data patterns
Easy interpretation
Limitations
Inability to capture nonlinear traffic dynamics
Seasonal ARIMA
SARIMA extends ARIMA by incorporating seasonal variations.
Kalman Filtering
Kalman filters are commonly used for real-time traffic state estimation and prediction.
Table 1: Traditional Statistical Traffic Forecasting Models

Model Strengths Weaknesses
Historical Average Simple and fast Low accuracy
ARIMA Good for linear trends Poor nonlinear modeling
SARIMA Handles seasonality Parameter sensitivity
Kalman Filter Real-time estimation Limited scalability
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Machine Learning-Based Models
Machine learning approaches improve forecasting performance by identifying complex relationships within traffic
datasets.
Support Vector Machines
SVM models perform regression by identifying optimal hyperplanes in high-dimensional spaces.
Random Forest
Random Forest combines multiple decision trees to improve prediction accuracy.
K-Nearest Neighbors
KNN predicts traffic conditions based on similar historical observations.
Artificial Neural Networks
ANNs mimic biological neural systems and can model nonlinear traffic behavior.
Table 2: Machine Learning Models for Traffic Forecasting

Model Advantages Limitations

SVM High accuracy Computationally expensive
RF Robust to noise Limited temporal learning
KNN Easy implementation Sensitive to data size

ANN Captures nonlinear patterns Risk of overfitting

DEEP LEARNING-BASED TRAFFIC FORECASTING

The emergence of big data and powerful computing resources has accelerated the adoption of deep learning techniques
in transportation systems.

Recurrent Neural Networks

RNNSs process sequential information and maintain memory of previous inputs.
Advantages

Suitable for temporal data

Limitations

Vanishing gradient problem

Long Short-Term Memory

LSTM networks overcome RNN limitations through memory cells and gating mechanisms.
Benefits

Captures long-term traffic dependencies

High prediction accuracy

Applications

Traffic flow prediction

Travel time estimation

Congestion forecasting

Gated Recurrent Units

GRUs simplify the LSTM architecture while maintaining comparable performance.
Benefits

Faster training

Reduced computational complexity

Convolutional Neural Networks

CNNs capture spatial relationships among neighboring road segments.

Benefits

Effective spatial feature extraction

Suitable for large-scale traffic datasets
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Table 3: Deep Learning Approaches

Impact Factor: 8.2

Model Spatial Learning Temporal Learning Complexity
RNN Low High Medium
LSTM Medium Very High High

GRU Medium High Medium
CNN High Low Medium
CNN-LSTM High High High

GRAPH-BASED TRAFFIC FORECASTING MODELS

Urban transportation networks naturally resemble graph structures where:
Nodes represent intersections or sensors.
Edges represent roads connecting nodes.
Graph Neural Networks (GNN5s) are specifically designed to model these structures.

Graph Convolutional Networks

GCNs apply convolution operations directly to graph data.
Advantages

Effective spatial dependency modeling

Improved prediction accuracy

Graph Attention Networks

GATs utilize attention mechanisms to assign different importance weights to neighboring nodes.

Benefits
Dynamic relationship modeling
Enhanced interpretability

Spatiotemporal Graph Neural Networks
STGNNSs integrate graph structures with temporal learning mechanisms.

Benefits

Simultaneous spatial and temporal analysis
State-of-the-art forecasting performance
Table 4: Comparison of Advanced Models

Model Spatial Dependency Temporal Dependency Accuracy
LSTM Medium High High
CNN-LSTM High High Very High
GCN Very High Medium Very High
GAT Very High High Very High
STGNN Very High Very High Excellent

ROLE OF TRAFFIC FORECASTING IN URBAN TRANSPORTATION SUSTAINABILITY

Intelligent traffic forecasting contributes significantly to sustainable urban transportation.

Congestion Reduction

Accurate forecasts enable:

Dynamic traffic signal control

Route optimization

Real-time traffic management

These measures reduce delays and improve transportation efficiency.
Environmental Sustainability

Traffic congestion increases:

Carbon dioxide emissions

Copyright to IJARSCT DOI: 10.48175/568

www.ijarsct.co.in

848

7 1ssN W)
| 2581-9429 |}

&\ IJARSCT ¥
Q



:(( IJARSCT

Xx International Journal of Advanced Research in Science, Communication and Technology
I JARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal iEp €O
ISSN: 2581-9429 Volume 6, Issue 20, April 2026 Impact Factor: 8.2

Nitrogen oxide emissions
Fuel consumption
Forecast-driven traffic management reduces vehicle idling and emissions.
Energy Efficiency
Efficient traffic operations lead to:
Lower fuel consumption
Reduced energy demand
Improved transportation productivity
Public Transportation Optimization
Traffic forecasting supports:
Dynamic bus scheduling
Transit route planning
Passenger demand prediction
These improvements encourage public transport adoption and reduce private vehicle dependence.
Smart City Development
Modern smart cities rely on predictive analytics to improve urban mobility and infrastructure utilization. Traffic
forecasting serves as a key component of smart mobility frameworks.
Table 5: Sustainability Benefits of Traffic Forecasting

Sustainability Dimension Contribution

Environmental Reduced emissions

Economic Lower congestion costs

Social Improved travel reliability
Energy Reduced fuel consumption
Urban Planning Better infrastructure utilization

CHALLENGES IN INTELLIGENT TRAFFIC FORECASTING

Despite significant progress, several challenges remain.

Data Quality Issues

Traffic datasets often contain:

Missing values

Sensor failures

Noisy observations

Scalability Problems

Large metropolitan networks require substantial computational resources.

Privacy Concerns

Location-based traffic data raises concerns regarding user privacy and data protection.
Model Interpretability

Deep learning models are often considered "black boxes," making decision-making processes difficult to explain.
Extreme Events

Unexpected incidents such as:

Accidents

Road closures

Natural disasters

Can significantly affect forecasting accuracy.

EMERGING RESEARCH TRENDS
Several innovative technologies are shaping the future of traffic forecasting.
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Federated Learning
Allows collaborative model training without sharing raw data.
Explainable Artificial Intelligence
Improves transparency and trust in forecasting systems.
Digital Twins
Digital replicas of urban transportation systems enable simulation-based traffic forecasting.
Edge Computing
Supports real-time forecasting with lower latency.
Multimodal Data Integration
Combines:
Traffic data
Weather information
Social media data
GPS trajectories
To improve prediction accuracy.
Table 6: Future Technologies in Traffic Forecasting

Technology Expected Impact
Federated Learning Privacy protection
Explainable Al Model transparency
Digital Twins Real-time simulation
Edge Computing Faster predictions
Multimodal Learning Improved accuracy

II. CONCLUSION

Intelligent traffic forecasting has become an essential element of sustainable urban transportation systems. The
evolution from traditional statistical models to machine learning, deep learning, and graph-based architectures has
substantially improved forecasting capabilitiecs. Among modern approaches, Graph Neural Networks and
Spatiotemporal Deep Learning models demonstrate superior performance due to their ability to capture complex spatial
and temporal relationships within transportation networks.

Accurate traffic forecasting contributes to congestion reduction, environmental sustainability, energy efficiency, and
smart city development. However, challenges related to data quality, scalability, privacy, and model interpretability
remain important research areas. Future advancements in federated learning, explainable Al, digital twins, and
multimodal analytics are expected to further enhance intelligent traffic forecasting systems and support sustainable
urban mobility worldwide.
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