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ABSTRACT
The rapid growth of urban areas has intensified challenges in traffic management, including congestion, air pollution,
and high energy consumption. To address these issues, cities must adopt sustainable transport solutions that balance
environmental, economic, and social factors while leveraging data-driven innovations. This review examines recent
studies on optimizing traffic management through artificial intelligence and machine learning techniques. By applying
a structured search strategy and strict inclusion criteria, we synthesize key findings from relevant academic sources.
The results indicate that Al-driven approaches can significantly improve traffic flow, reduce congestion, and enhance
transportation efficiency. Techniques such as machine learning and deep reinforcement learning show strong potential
in predicting traffic patterns and optimizing signal control systems. However, challenges remain, particularly in
ensuring data quality, integrating diverse data sources, processing information in real time, and scaling these solutions
effectively. While data-driven traffic management strategies are promising, further research is needed to develop
robust integration frameworks, refine scalable Al models, and enhance real-time analytics. Additionally, a deeper
assessment of long-term sustainability impacts will be crucial in shaping the future of intelligent urban traffic
management. This study provides a foundation for future research aimed at optimizing urban mobility through
advanced data-driven methodologies.
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1. INTRODUCTION

The rapid urbanization of cities worldwide has led to

significant challenges in managing traffic congestion, air
pollution, and energy consumption [1]. Urban transport
systems are critical to the functioning of cities, yet they
often suffer from inefficiencies that result in negative
environmental, economic, and social impacts. Traditional
traffic management approaches are increasingly inadequate
in addressing these issues, necessitating innovative, data-
driven strategies. Addition- ally, increasing wvehicle
ownership exacerbates these problems, contributing to
higher traffic congestion and environmental pollution [2].

Sustainable urban transport aims to create -efficient,
accessible, and environmentally friendly transportation
systems [3]. It is essential for reducing greenhouse gas
emissions, lowering energy consumption, and improving
the overall quality of life in urban areas. Achieving
sustainability in urban transport requires a holistic approach
that integrates environmental, economic, and social
considerations [4]. Data-driven approaches, leveraging
advancements in Al, machine learning, and information and
communication technology (ICT), have emerged as
powerful tools to optimize traffic management, reduce
emissions, and enhance the quality of life for urban
residents [5].

Numerous studies have explored the application of data-
driven techniques in traffic management, utilizing various
data sources such as traffic sensors, GPS data, 10T devices,
traffic cameras, and social media feeds [6, 7]. Advanced
analytics techniques, including machine learning, artificial

intelligence, and optimization algorithms, have been
employed to enhance traffic flow, reduce congestion, and
improve overall transportation efficiency. Research has
demonstrated the potential of these techniques to predict
traffic patterns, optimize traffic signal timings, and
implement adaptive traffic signal control using
Reinforcement Learning (RL) and Deep Reinforcement
Learning (DRL), leading to significant reductions in
congestion and emissions [8-10].

Despite these advancements, several gaps remain in the
current research. Data quality and availability continue to
be significant challenges, with many studies relying on
specific data sources that may not provide a comprehensive
view of traffic conditions [10]. Integrating diverse data
sources into cohesive traffic management systems poses
technical challenges, requiring sophisticated algorithms and
robust ICT infrastructure [7]. Additionally, real-time data
processing and scalability remain critical issues, as current
systems often struggle with the vast amounts of data
required for timely decision-making [6]. Furthermore, there
is a need for more advanced traffic signal control systems
that can adapt in real-time to dynamic traffic conditions [9].
This study aims to address these gaps by providing a
systematic review of data-driven traffic management
strategies for sustainable urban transport. The specific
objectives are to:

1) Provide a comprehensive overview of the various data
sources and analytics techniques employed in data-driven
traffic management systems.

2) Analyze the effectiveness of these approaches in
optimizing traffic flow while promoting environmental
sustainability.
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3) Identify potential gaps and limitations in current traffic
management optimization techniques specific to achieving
sustainable urban transport.

4) Explore the challenges and opportunities of
implementing data-driven strategies in real-world traffic
management scenarios.

5) Highlight emerging trends and future directions in data-
driven traffic management, including potential applications
for next-generation transportation systems.

This study contributes to the growing body of literature on
sustainable urban transport by synthesizing current
knowledge and identifying areas for future research. By
addressing the identified gaps, this research aims to enhance
the effectiveness of data-driven traffic management
strategies, thereby contributing to the development of more
sustainable and efficient urban transportation systems. The
findings have practical implications for policymakers,
urban planners, and transportation authorities, providing
evidence-based recommendations for implementing
effective and sustainable traffic management strategies.
The rest of this paper is structured as follows: Section 2
describes the systematic review methodology, including the
research questions, search strategy, and criteria for
inclusion and exclusion of studies. Section 3 explores
sustainability factors in traffic management, focusing on
environmental, economic, and social dimensions. Section 4
discusses technical solutions for optimizing data-driven
traffic management, highlighting predictive, adaptive, and
optimization-based approaches. Section 5 reviews key
applications of these solutions and examines case studies
that demonstrate their effectiveness. Section 6 identifies
gaps in current research and suggests future directions.
Finally, Section 7 summarizes the main findings and
provides recommendations for future research and policy
directions.

2. SURVEY METHODS

This section outlines the systematic approach adopted to
identify, select, and analyze relevant studies for this review
on data-driven traffic management optimization for
sustainable urban transport. The methodology includes a
comprehensive search strategy, clear inclusion and
exclusion criteria, and a detailed data extraction and
analysis process.

2.1. Research Questions

Following the design science [11], the study starts with the
general question” How can data-driven traffic management
achieve sustainable urban transport?”, which is
subsequently divided into four Research Questions (RQs).
The study ex- amines the available literature to address the
research questions, summarizing and analyzing the data.
Research questions include:

1)How do existing data-driven traffic management
approaches consider environmental sustainability and
emission re- duction goals within urban transport systems?
(Addressed in 3.4).

2)What are the different data sources and analytics
techniques used in data-driven traffic management

strategies, and how do they contribute to optimizing traffic
flow for sustainable urban transport? (Addressed in 4.3).
3)How can data-driven strategies be effectively
implemented in real-world traffic management systems for
sustainable urban transport? (Addressed in 5.5).

4) What are the limitations of current traffic management
optimization techniques, and how might emerging trends
and future directions address these gaps to achieve
sustainable urban transport? (Addressed in 6.5).

2.2, Search Strategy and Database Selection

To ensure transparency and integrity in our systematic
review, we strictly complied to the Preferred Reporting
Iltems for Systematic Reviews and Meta-Analyses
(PRISMA) standards [12]. The PRISMA standard checklist
facilitates the clear and thorough documentation of the
systematic review process. This includes choosing studies,
identifying the research focus, implementing a search
strategy, extracting data, and summarizing findings. A
systematic search was conducted across multiple academic
databases including DBLP, IEEE Xplore, ScienceDirect,
SpringerLink, Web of Science, and Google Scholar to
ensure comprehensive coverage of the relevant literature.
These databases were selected for their extensive coverage
of engineering, computer science, and transportation
research. The search was conducted between January and
March 2024, covering publications from 2019 to 2024 to
capture the most recent advancements in this rapidly
evolving field. The search strategy employed a combination
of keywords related to data-driven traffic management,
such as "data-driven traffic management”, “traffic
optimization", "sustainable urban transport”,
"environmental sustainability in traffic management", "Al
in traffic management”, "traffic management”, "data-
driven”, "machine learning”, “intelligent transportation
systems”, and "urban traffic optimization”. Boolean
operators (AND, OR) were used to refine the search and
combine different keywords effectively. The initial search
yielded 487 potentially relevant studies for review.

2.3. Inclusion and Exclusion Criteria

To ensure the relevance and quality of the selected studies,

the following inclusion and exclusion criteria were applied:

2.3.1. Inclusion Criteria

. Studies published in peer-reviewed journals or
conference proceedings.

. Research focusing on data-driven approaches to
traffic management.

. Studies addressing sustainability factors such as
emission reduction, energy consumption, and
pollution reduction.

. Papers published between 2019 and 2024 to capture
the most recent advancements.

2.3.2. Exclusion Criteria

. Studies not available in English.

. Studies not directly addressing
techniques or sustainability.

. Papers that did not provide empirical data or case
studies.

data-driven
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. Research focusing solely on non-urban settings or
non-traffic-related issues.

. Papers with titles containing” cars,”” vehicles,” or”
autonomous vehicles” (focusing on broader urban
transport)

7793

Table 1: All Related Works and Their Catalogs

Dimensions Approach/Category

Count References

Sustainability Factors in
Traffic Management

Environmental Impact
Economic Efficiency
Social Aspects

Data-Driven Traffic
Management

Predictive Traffic Management
Adaptive Traffic Management

Optimization-Based Traffic Management 14

Applications in
Data-Driven Traffic
Management

Traffic Signal Control
Urban Passenger Transport

Management

Freight and Heavy Vehicle Management 8
Special Applications and Short-Term Traffic 7

19 [8-10, 13-28]
14 [6. 8, 14, 15, 22, 23, 29-36]
12 [6. 14, 15,17, 18, 20, 22, 30, 34, 37-39]

16 [6. 8, 10, 13, 15, 20, 25, 28-31, 38-42]
12 [10, 15-17, 21-24, 26, 30, 34, 43]
[14-17, 22, 28, 31-34, 44-47]

13 [7-10, 15, 16, 24, 26, 29, 34, 35, 38, 43]
11 [6.13-15, 17, 21, 27, 30, 33, 39, 48]
[23, 31, 36, 37, 41, 44, 45, 47]

[6. 17, 30, 34, 39, 49, 50]

2.3.3. Study Selection Process

The study selection process followed PRISMA guidelines

and comprised multiple stages:

* ldentification (n=487): The initial database search
identified 487 potentially relevant articles based on the
search strategy described above.

» Screening (n=363): After removing 124 duplicates, 363
unique studies underwent title and abstract screening. Two
reviewers independently screened titles and abstracts
against the inclusion criteria.

* Eligibility Assessment (n=89): Following title and abstract
screening, 274 studies were excluded (not focused on data-
driven approaches: n=156; insufficient sustainability focus:
n=98; outside timeframe: n=20). The remaining 89 studies
underwent full-text review for detailed eligibility
assessment.

* Final Inclusion (n=43): After detailed full-text assessment,
46 studies were excluded for the following reasons: not
focused on data-driven approaches (n=18), insufficient
sustainability focus (n=15), not peer-reviewed or
insufficient methodological detail (n=8), and not available
in English (n=5). This resulted in 43 studies included in the
final synthesis. The extracted data were categorized into
three dimensions: sustainability factors, technical
solutions, and Applications. This structured approach
facilitated comprehensive analysis, ensuring that the
research questions and objectives were thoroughly
addressed. The grouping of the 43 studies across these
dimensions is summarized in Table 1.

This comprehensive approach ensures that our research
follows best practices in systematic literature review
methodologies, which improves the study’s rigor,
transparency, and reliability. The inclusion and exclusion

criteria were care- fully defined, and their implementation
was meticulous, with strong and valid reasons. Fig.1 shows a
comprehensive overview of the research framework
presented in this paper. It includes every step of the work
plan, from the preliminary planning stage to the literature
review study’s selection and exclusion criteria, and then the
review and discussion of the findings. Furthermore, this
figure emphasizes the scope of future work, providing a
visual representation of the systematic approach used in this
study.

2.4. Data Extraction and Analysis

The extracted data were systematically organized into three
primary dimensions:  sustainability factors, technical
solutions, and applications. For each study, we extracted
bibliographic details, study characteristics (geographic
context, design, data sources), methodological approaches
(AI/ML techniques, traffic management strategies), reported
outcomes (sustainability metrics, performance
improvements), and implementation details. The grouping of
43 studies across these dimensions is summarized in Table 1.
For studies reporting quantitative outcomes, we extracted
percentage improvements in emissions, congestion, energy
consumption, and costs to provide a comprehensive view of
demonstrated benefits.

2.5. Summary

This methodology ensures comprehensive database selection,
clear inclusion/exclusion criteria, and systematic data
extraction and analysis, providing a robust synthesis of data-
driven traffic management optimization for sustainable urban
transport. Subsequent sections address the research questions
and objectives based on these findings.



Int. J. Advanced Networking and Applications

6995

Volume: 17 Issue: 04 Pages: 6992-7007 (2026) ISSN: 0975-0290

https://doi.org/10.35444/1JANA.2025.17402

i Planning Phase

Background

Y

Identify Objectives
based Questions

platforms to

Selection and Reduction of Papers Phase

Final
Selected
Papers
(Count =43)

Papers after
extraction

7/

DBLP. Google
Scholar, IEEE
Xplore, Science

Select
Kevywords

Constraint: Papers
and Conferences
from 2019 to 2024

Exclusion:
after analyzing content
Count =104

only

4 Direct. Springer.
r . . d Web of
Establish Scientific aﬂq i
Science
Database
/

Reduction:
after analyzing abstract
Count = 174

X

Classification of Sustamability Strategies ‘

| Review & Discussion ' Future Directions

Selected Papers for Traffic Management

| L.

Data Sources and
¥ Analytics Techniques for
L Traffic Management

Discussion and
Future Direction

-

Applications in Data-DﬂvenW

¥

Traffic Management ’J

[
F|

| Limitations and Gaps
in Current Techniques

Mentioning Potential
Research Gaps Solutions
& Future Research

k

Directions

Figure 1: Research framework: A visual representation of the research framework based on PRISMA flow diagram,
spanning from preliminary planning to selection criteria, review, and future work scope.

3. SUSTAINABILITY FACTORS IN TRAFFIC
MANAGEMENT

This section discusses the various sustainability factors
considered in data-driven traffic management. As shown in
Fig.2, these factors are crucial for ensuring that urban
transport systems optimize traffic flow while contributing to
environ- mental, economic, and social sustainability. The
factors were identified and categorized based on the reviewed
studies, and this section examines how different traffic
management  strategies address these sustainability
dimensions, providing relevant examples from the literature.

3.1. Environmental Impact

Minimizing the environmental impact of traffic is a central
goal of sustainable urban transport, involving reducing
emissions, pollution, and energy consumption - a major
contributors to urban environmental degradation [16]. Data-
driven traffic management strategies have emerged as

effective tools for addressing these issues, leveraging
machine learning, big data analytics, and 10T technologies to
optimize traffic flow and decrease harmful environmental

effects [51].

3.1.1. Emission Reduction

Emission reduction is critical for sustainable traffic
management, with studies demonstrating significant

decreases through optimized traffic flow and congestion
mitigation [52]. Machine learning algorithms that
dynamically adjust traffic signals have achieved substantial
CO: reductions [8], while IoT and big data analytics enable
real-time monitoring for lower emission levels across urban
networks [6]. Al-based systems that adapt to real-time
conditions reduce vehicle idling times [31], and integrating
renewable energy sources into traffic infrastructure further
decreases carbon footprints [25]. These data-driven
techniques demonstrate substantial potential for creating
cleaner urban environments. [31],
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Figure 2: Sustainability Factors for Urban Transportation

3.1.2. Pollution Reduction

Reducing air and noise pollution is essential for sustainable
traffic management. Optimizing traffic flow effectively
reduces localized air pollution [8], while coordinated traffic
signals decrease noise pollution and improve urban air quality
[17]. Predictive modeling using deep learning forecasts
pollution levels and adjusts traffic controls to mitigate
hotspots [39], addressing health risks from traffic-related
pollutants such as particulate matter and nitrogen oxides.
3.1.3. Energy Consumption Reduction

Optimizing energy consumption is essential for sustainability
goals. Energy-efficient traffic signal control systems
maintain traffic flow while reducing electricity consumption
[24]. Integrating smart charging infrastructure for electric
vehicles with traffic management systems decreases energy
use during peak hours [28], contributing to a more sustainable
urban energy profile.

3.1.4. Broader Environmental Impact Reduction
Comprehensive traffic management strategies integrate
multiple sustainability measures. Long-term sustainable
practices yield cumulative benefits including enhanced green
infrastructure and improved air quality [18]. Combining
various measures—eco-friendly vehicle technologies and
green infrastructure—produces significant environmental
gains [50], underscoring the need for holistic approaches to
achieve broader sustainability objectives.

3.2. Economic Efficiency

Economic efficiency is another vital aspect of sustainable
traffic management, aiming to reduce costs associated with
traffic congestion and improve overall economic productivity
in urban areas. Effective traffic management strategies can
alleviate congestion, optimize resource use, and lead to
substantial economic benefits by enhancing mobility and
reducing the financial burdens of inefficient traffic systems
[54].

3.2.1. Traffic Congestion Reduction

Reducing traffic congestion improves economic efficiency by
decreasing lost time, productivity, fuel consumption, and
vehicle maintenance costs [2]. Data-driven approaches yield
considerable economic advantages. Al-driven predictive
models optimizing signal timings achieve smoother traffic
flow, reducing average travel time by 20% with significant
cost savings for commuters and businesses [20]. Smart traffic
management systems adapting to real-time conditions

decrease peak-hour congestion, saving millions annually
[47]. Integrated systems coordinating multiple transportation
modes substantially improve traffic flow [36], while big data
analytics dynamically managing congestion demonstrate
15% efficiency improvements [38]. Machine learning
techniques predicting and alleviating traffic jams enhance
efficiency and reduce economic losses [27]. These studies
underscore the economic benefits of data-driven traffic
management in reducing congestion and improving urban
mobility.

3.2.2. Cost Efficiency

Improving cost efficiency minimizes congestion's financial
burden and optimizes resource use, reducing costs for fuel
consumption, vehicle wear, and infrastructure maintenance
[63]. Big data-driven computational graph frameworks
streamline processes, achieving up to 25% cost savings in
traffic management operations [44]. Al-based optimization
systems using edge computing reduce computational costs
and enable faster response times [29]. Smart traffic solutions
with automated adjustments based on real-time data
substantially reduce management expenses [21], highlighting
the importance of cost-efficient strategies for financial
sustainability.

3.3 Social Aspects

Social aspects of sustainable traffic management focus on
improving quality of life for urban residents by enhancing
accessibility, safety, and public health [55]. Data-driven
traffic management contributes to these goals through
reduced congestion, improved air quality, and safer road
conditions.

3.3.1. Transportation Efficiency and Safety

Efficient and safe transportation is key to sustainable cities
[34]. Advanced technologies have shown real promise in
achieving these goals. For example, [37] created an Al system
that reduced accidents by 15% by predicting collisions and
adjusting signals. Similarly, [48] found that Intelligent
Transportation Systems (ITS) reduced accidents during peak
hours through real-time traffic management. Machine
learning has also helped improve safety by analyzing traffic
patterns and adjusting controls, as seen in [30], where
adaptive systems reduced crashes. Additionally, [34]
explored how connected wvehicle technology improves
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communication between cars and infrastructure, further
enhancing safety.

3.3.2. Health Hazard Mitigation

Traffic-related pollution, like PM2.5 and nitrogen oxides,
poses serious health risks, contributing to respiratory and
heart problems [56]. Data-driven systems help reduce these
risks by cutting down on pollution. For instance, [45] showed
that smart traffic management reduced PM2.5 levels by 10%,
improving air quality and public health. Likewise, [22]
demonstrated that managing traffic flow reduces pollution
during peak hours, highlighting the importance of integrating
health-focused strategies into traffic management to protect
public health and reduce healthcare costs.

3.4. Summary (RQ1)

This section addresses RQ1 by highlighting how data-driven
traffic management is essential for environmental
sustainability. By reducing emissions, pollution, and energy

consumption, technologies like machine learning and real-
time data analytics make traffic flow more efficient. While
there are challenges with scaling these systems, they have the
potential to significantly improve urban mobility and
contribute to long-term environmental goals.

4. TECHNICAL SOLUTIONS FOR DATA-DRIVEN
TRAFFIC MANAGEMENT OPTIMIZATION

As urban areas continue to grow, the complexity of managing
traffic efficiently becomes increasingly challenging. Data-
driven approaches have emerged as critical strategies for
optimizing traffic management, providing insights that
enhance decision-making processes [5]. These solutions
leverage diverse data sources—such as traffic sensors, GPS
data, 10T devices, and environmental conditions—to inform
more intelligent traffic systems that improve flow, reduce
congestion, and enhance safety.

Table 2: Data Types and Sources for Traffic Management Systems.

Data Types Sources

Key Characteristics

Inductive loop detectors, GPS
data, 10T sensors

Weather stations, Road
Weather Information Systems,
air quality sensors

Archived traffic flow data,
congestion records, incident
reports

Real-Time Traffic Data

Environmental Data

Historical Traffic Data

Provides current traffic volumes, vehicle speeds, and incident data,
crucial for dynamic traffic management.

Monitors external factors such as weather and pollution that can
affect traffic flow and safety.

Used for analyzing long-term traffic trends and building predictive
models to forecast future conditions.

Facilitates real-time communication between vehicles and

Vehicle-to-
Infrastructure (V2I)

Smart traffic signals, roadside
communication devices

Public transit management
systems, shared mobility
platforms

Public Transportation
Data

Social media platforms, traffic
apps

Crowdsourced Data

infrastructure to optimize traffic flow and reduce fuel
consumption.

Provides data on vehicle availability, routes, and passenger loads,
contributing to the efficiency of multimodal transport systems.

User-generated data offers real-time insights into incidents, road
conditions, and traffic flow, complementing traditional sensor
networks.

4.1, Data in Traffic Management

Effective traffic management relies on integrating data from
multiple sources, enabling real-time monitoring, predictive
analytics, and informed decision-making. The combination of
various data types—such as traffic sensors, GPS data, and loT
devices—helps develop a comprehensive understanding of
traffic patterns [57]. These insights allow for more adaptive
and responsive traffic control systems, which are essential for
improving traffic flow, reducing congestion, and enhancing
road safety. Table 2 summarizes the main data types and their
sources, highlighting the critical role each plays in modern
traffic management systems.

Each of these data types contributes uniquely to enhancing
traffic management by allowing systems to address different
aspects of urban mobility. For instance, real-time traffic data

enables adaptive signal control and rerouting during peak
congestion periods, while historical traffic data allows urban
planners to identify long-term trends that inform
infrastructure improvements. Additionally, the use of
environmental data ensures that external factors, such as
adverse weather or high pollution levels, are accounted for in
real-time traffic decisions.

The integration of these data sources is essential for
developing a unified traffic management framework capable
of real- time decision-making and long-term planning. Data
fusion techniques, which combine information from different
sources, play a key role in generating a more accurate and
holistic view of traffic conditions. [21] discussed the benefits
of data fusion in smart traffic management, noting that
integrating real-time data with historical patterns improves
traffic forecasts and system responsiveness.
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Figure 3: The Data Integration Framework Showcasing How Different Data Sources Are Combined and Utilized

Fig.3 illustrates the data integration framework used in ITS.
The diagram shows how various types of data—including
real-time, environmental, and historical data—are
transmitted, standardized, and fused. This process creates a
comprehensive view of the traffic situation, supporting
decision-making processes such as adaptive signal control,
route optimization, and incident management strategies. By
harmonizing data from various streams, traffic management
systems can dynamically adjust to changing traffic
conditions, ensuring the effectiveness of traffic control
measures even in rapidly evolving urban environments. [44]
demonstrated that real-time data integration enables
predictive models to adapt to traffic variations more
effectively, thereby optimizing traffic flow, reducing
congestion, and enhancing safety. The holistic approach
illustrated in Fig.3 ensures that disparate data formats and
sources are utilized effectively, providing actionable insights
for decision-making processes within ITS.

4.2. Data-Driven Traffic Management Approaches

As cities grow and transportation needs increase, efficient
traffic management becomes crucial. Traditional methods,
relying on fixed signal timings and historical data, lack the
flexibility needed for dynamic urban conditions. Data-driven
approaches, using real-time data, predictive models, and
optimization techniques, enable flexible decision-making that
improves traffic flow, reduces congestion, and minimizes
environmental impacts [58]. Below, we discuss key data-
driven techniques, including predictive analytics and
optimization algorithms.

4.2.1. Predictive Traffic Management

Predictive traffic management uses historical and real-time
data to anticipate traffic conditions and proactively optimize
flow. By forecasting congestion, adjusting signal timings, and
suggesting alternative routes, these systems help avoid traffic
issues before they escalate [58]. This is particularly useful in
cities where dynamic factors like weather, accidents, and
traffic demand constantly change mobility patterns.

Machine learning techniques, such as Long Short-Term
Memory (LSTM) networks, excel in short-term traffic
forecasting due to their ability to capture both long-term
trends and short-term fluctuations. For instance, [50] found
LSTM models to be more accurate than traditional time-

series models like ARIMA in predicting congestion in urban
areas, enabling real-time adjustments.

Convolutional Neural Networks (CNNs), typically used in
image processing, have also been applied to predictive traffic
management. By analyzing traffic data patterns, such as
vehicle density at intersections, CNNs optimize signal timing
and reduce waiting times, as demonstrated by [13]. These
systems proactively adjust signals, minimizing delays.

The integration of diverse data sources—such as 10T sensors,
GPS data, and environmental factors—further improves
predictive accuracy. [44] showed that combining real-time
data with historical patterns enhances the system’s ability to
adapt to evolving traffic conditions. This ensures traffic
control measures remain effective in dynamic urban
environments.

Predictive traffic management also supports environmental
sustainability by reducing vehicle idling, fuel consumption,
and emissions. [28] demonstrated that predictive systems in
smart cities led to significant reductions in fuel use and
carbon emissions by optimizing traffic signals and rerouting
vehicles. These findings show how predictive models can
improve both traffic efficiency and environmental
sustainability.

By forecasting conditions and implementing preemptive
measures, predictive traffic management enables cities to
proactively address congestion, improve travel times, and
reduce emissions, contributing to sustainable urban mobility.

4.2.2. Adaptive Traffic Management

Adaptive traffic management involves real-time adjustments
to traffic systems in response to changing conditions. Unlike
predictive systems, which forecast traffic patterns, adaptive
systems continuously monitor traffic flow and adjust
measures like signal timings, vehicle routing, and public
transport schedules [58]. This approach is particularly useful
in large cities where traffic can change unexpectedly due to
accidents, road closures, or spikes in demand.

At the heart of adaptive traffic management is the ability to
process real-time data from diverse sources, including loT
devices, cameras, and GPS. This enables systems to respond
instantly to changing conditions, optimizing flow and
minimizing delays. [29] highlighted how edge computing in
adaptive systems reduces latency and speeds up decision-
making, improving system responsiveness.
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RL is one of the most effective techniques for adaptive traffic
management. RL-based systems learn from real-time
feedback and adjust behavior accordingly. [10] implemented
an RL system in Nicosia, which dynamically adjusted signal
timings, leading to shorter wait times and better fuel
efficiency—demonstrating RL’s potential to improve both
traffic flow and sustainability.

Multi-agent  systems, where each signal operates
independently and communicates with others to optimize
flow, are also key to adaptive traffic management. [15]
applied multi-agent RL to manage traffic in large urban areas,
showing that decentralization allows for scalability and better
performance in complex networks. These systems reduce the
computational complexity of centralized control systems.
The environmental benefits of adaptive traffic management
are significant. By reducing congestion and optimizing signal
timings, these systems lower vehicle idling times, cut fuel
consumption, and reduce emissions. For example, [9] found
that an RL-based system reduced CO2 emissions by 8.1% and
decreased delays by 34%. These findings highlight how
adaptive traffic management contributes to sustainable urban
mobility.

Adaptive traffic management provides a dynamic solution for
real-time traffic management. Techniques like RL and multi-
agent systems can quickly respond to changes in traffic
conditions,  enhancing  efficiency and  supporting
sustainability by lowering emissions and fuel consumption.

4.2.3. Optimization-Based Traffic Management
Optimization-based traffic management tackles complex,
multi-objective problems in urban transport, such as reducing
congestion, travel times, and emissions, while accounting for
environmental and operational constraints. This approach
uses advanced algorithms to dynamically adjust traffic
measures, offering efficient solutions in changing traffic
conditions, especially in urban areas with fluctuating
demands.

Heuristic optimization methods like Genetic Algorithms
(GA), Particle Swarm Optimization (PSO), and Ant Colony
Optimization (ACO) are widely used in traffic management

due to their ability to handle large solution spaces and balance
multiple goals. For example, [22] used GA to optimize traffic
signal timings, reducing travel times and fuel consumption by
evolving strategies based on natural selection principles. This
iterative process allows GA to adapt effectively to dynamic
traffic systems, outperforming traditional methods.

PSO, inspired by the collective behavior of swarms, is
another key technique. In PSO, each “particle” represents a
potential solution, adjusting its position based on the best-
performing solutions in the group. [22] showed that PSO
optimized vehicle routing and signal control, leading to
reductions in fuel consumption and emissions. PSQO’s ability
to quickly adapt to changing traffic makes it ideal for real-
time applications.

Multi-objective optimization is essential for balancing
competing goals like travel time, emissions, and energy
consumption. [39] applied a multi-objective framework
during large public events, optimizing road occupancy,
reducing travel times by 37.7%, and cutting emissions by
89.6%, demonstrating the potential of this approach to handle
traffic surges while minimizing environmental impacts.
Dynamic traffic routing, where routes are adjusted based on
real-time data, helps avoid congested areas and improves
traffic flow. [23] implemented this in last-mile logistics,
improving delivery efficiency and reducing fuel use by
optimizing routes in real-time. This contributes to more
sustainable urban logistics by minimizing travel distances and
emissions.

The sustainability benefits of optimization-based traffic
management are substantial. By optimizing signals, routing,
and schedules, these systems reduce idling, fuel consumption,
and emissions. [39] demonstrated a significant reduction in
emissions during special event management, while [22]
found that GA and PSO methods enhanced both
environmental and operational sustainability.
Optimization-based traffic management offers a robust
solution to urban traffic challenges, using advanced
algorithms to improve flow, reduce environmental impacts,
and optimize resource use.

Table 3: A Detailed Comparison of The Three Data-Driven Traffic Management Approaches

Management

Approach Data Sources Method Impact to Sustainability Limitations Key Studies
. . Historical traffic data, Time-series models, . Struggles with non-
Predictive Traffic . oo Machine Reduced congestion, lower fuel .0 5 - eei
dynamics, requires  [28, 42, 44,

sensor data, 10T, GPS,

weather data Learning Data Fusion

RL, DRL,

consumption, improved travel
times, decreased emissions

Reduced waiting time, fuel

large datasets for 50]
machine learning
High computational

Adaptive Traffic Real-time traffic data, complexity,

Multi-agent systems, consumption, and CO2

[9.10. 15]

Management ~ weather data : i 4 - scalability issues in
Edge computing emissions, real-time adaptability large urban networks
Optimization-  Real-time traffic data, Heuristic Optimized vehicle routing, Optimization
Based Traffic sensor data, Optimization, reduced complexity grows
S travel times and emissions, with network size,  [22, 23, 33,
Management GPS, Multi-objective improved public transport trade-offs between  39]

environmental data Optimization

schedules objectives

Optimization-based traffic management offers a robust
approach for addressing complex traffic challenges by

improving traffic flow, minimizing environmental impacts,
and optimizing resource use in urban mobility systems.

utilizing advanced algorithms to achieve efficient traffic
control. These methods support sustainability goals by

The various traffic management approaches discussed in this
section offer diverse strategies to address urban traffic
challenges. To provide a clearer comparison, Table 3
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provides a detailed comparison of the three data-driven traffic
management approaches; Predictive, Adaptive, and
Optimization-Based, highlighting their data sources,
methods, impact on sustainability, limitations, and key
studies.

Fig.4 depicts the ITS framework, which incorporates data
processing, analysis, and decision-making to facilitate traffic
management. This framework utilizes integrated data from
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various sources, including real-time traffic data,
environmental factors, and historical patterns, to support
different traffic management approaches. The data-driven
insights generated by this system allow for adaptive and
predictive traffic control, optimizing signal timings, routing,
and resource allocation in response to changing conditions.
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Figure 4: The Framework for ITS for Data-Driven Traffic Management, Depicting The Integration Of Various Data Sources,
Analytics Engines, And Al Algorithms To Optimize Traffic Systems.

4.3. Summary (RQ2)
This section addresses RQ2 by examining the diverse data
sources and analytics techniques that underpin data-driven
traffic management and their impact on optimizing traffic
flow for sustainable urban transport. Techniques such as
predictive modeling, adaptive traffic systems, and
optimization algorithms leverage data from traffic sensors,
GPS, and 10T devices, enabling real-time adaptability and
improved decision-making. These strategies have shown
effectiveness in improving traffic efficiency and reducing
environmental impacts. However, challenges in multi-source
data integration and achieving real-time scalability indicate
areas for further research. This section underscores how data-
driven approaches enhance urban mobility and contribute to
sustainable transport systems through informed, data-
supported optimizations.
5. APPLICATIONS IN DATA-DRIVEN TRAFFIC
MANAGEMENT
This section explores how data-driven strategies improve
sustainable urban traffic management, focusing on traffic
signal control, urban passenger transport, freight and heavy
vehicle management, and short-term traffic adaptations. Each
subsection highlights real-world applications that improve
traffic efficiency, reduce emissions, and enhance mobility.
5.1 Traffic signal control
Traffic signal control is vital for reducing congestion,
emissions, and enhancing safety [53]. Traditional fixed-

timing signals no longer meet the needs of modern urban
traffic, prompting cities to adopt dynamic, data-driven
approaches [59].

RL has emerged as an effective solution for real-time
optimization of signal timings. [43] demonstrated the success
of RL in Orlando, Florida, where a Deep Q Network (DQN)
system reduced vehicle wait times by 18-53% and decreased
traffic conflicts by 19-25% across nine intersections. RL’s
flexibility extends beyond travel time optimization; for
example, [10] integrated RL algorithms like Q-Learning and
SARSA to optimize signals while minimizing CO2
emissions, addressing both traffic efficiency and
sustainability.

A multi-agent RL system, where agents communicate across
intersections, further improves scalability and adaptability.
Unlike single-agent systems that optimize signals at one
intersection, multi-agent systems optimize traffic flow across
an entire network. Fig 5 illustrates the difference between
single-agent and multi-agent RL frameworks for traffic signal
control. [9] found that RL systems in Nicosia reduced queue
lengths by 17.7% and CO2 emissions by 8.1%, outperforming
traditional fixed-timing methods. Additionally, multi-agent
RL systems have shown improved training stability and
network capacity, especially in dynamic regions [60].
However, RL-based signal optimization has challenges.
Training agents in large networks is computationally
demanding, and real-time data inaccuracies can affect system
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performance. Hybrid approaches, combining RL with
techniques like genetic algorithms, aim to enhance robustness
and adaptability.

Real-world applications demonstrate RL’s potential. In
Nicosia, RL systems improved traffic flow and reduced

delays, while [16] implemented an RL system in Naples that
reduced congestion and emissions, showcasing RL’s ability
to create adaptive and sustainable urban traffic solutions.
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5.2. Urban Passenger Transport

Efficient urban passenger transport management—including
buses, trams, and shuttles—is essential for reducing traffic
congestion, lowering emissions, and improving passenger
satisfaction [5]. Data-driven optimization and predictive
techniques enhance public transport by improving
scheduling, routing, and multi-modal network coordination to
meet changing mobility demands [51].

A key method for optimizing transport is multi-objective
optimization, which balances factors like reducing wait times,
minimizing fuel consumption, and lowering emissions. For
example, in Qingdao, China, a multi-objective optimization
model improved bus scheduling efficiency by 23.7% while
cutting emissions, contributing to the city’s sustainability
goals [33]. This approach addresses competing objectives,
such as maximizing bus capacity and minimizing operational
costs, leading to a more efficient and sustainable transport
system.

Optimization has also been applied to improve last-mile
shuttle services. In Shanghali, a data-driven framework used
bicycle-sharing data to identify demand hotspots and
dynamically adjust shuttle routes [30]. By incorporating
Genetic Algorithms (GA) into the route optimization process,
the system improved operational profits by 12-15% and
reduced energy consumption, demonstrating the potential for
data-driven optimization in last-mile connectivity and
reducing the environmental impact. Figure 6 illustrates a
data-driven framework for shuttle service design, which
integrates multi-source data collection, cost-benefit analysis,
and route optimization to enhance sustainable urban mobility.
Predictive models also play a vital role in adapting to real-
time demand. In Naples, Italy, a machine learning-based
system optimized bus schedules by predicting daily demand
fluctuations [16]. This system dynamically adjusted bus
dispatch times, reducing waiting times and improving

5.3. Freight and Heavy Vehicle Management
Managing freight traffic and heavy vehicles in urban areas is
a major challenge, as these vehicles contribute to congestion,

punctuality, especially during off-peak hours. This
optimization reduced fuel consumption, highlighting the dual
benefits of improved efficiency and sustainability. While
these data-driven approaches have shown success, challenges
remain. Multi-objective optimization requires significant
computational resources, and integrating real-time data from
loT sensors and GPS can lead to issues with data consistency
and reliability, particularly in cities with emerging data
infrastructures.

Despite these challenges, cities like Qingdao, Shanghai, and
Naples demonstrate how data-driven strategies can transform
urban mobility by optimizing schedules, adjusting routes
dynamically, and integrating real-time data, improving
service efficiency and sustainability
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emissions, and road wear [53]. Traditional methods often
struggle to adapt to changing conditions, leading to
inefficiencies. Data-driven optimization techniques, such as
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predictive modeling and loT-enabled systems, offer
significant potential to improve the efficiency and
sustainability of freight management.

One approach involves using 10T systems to optimize last-
mile logistics by integrating real-time traffic data with
machine learning. In Singapore, an loT-based system
adjusted delivery routes dynamically to avoid congestion,
reducing travel distances by 5.5% and lowering delivery costs
by 11% [23]. By continuously monitoring traffic with loT
sensors and GPS, the system minimized fuel use and
emissions, aligning with environmental goals.

Al-driven systems also help optimize heavy vehicle
movement in urban areas. In Italy, an Al system analyzed
historical and real-time data to optimize delivery schedules,
reducing stops and delays [36]. This approach improved fuel
efficiency and reduced CO2 emissions by forecasting traffic
conditions and adjusting routes. This demonstrates how
predictive management benefits both the environment and
operations.

Despite these successes, challenges remain. Real-time data
from loT sensors, GPS, and traffic cameras requires
substantial computational resources. Data accuracy is also
critical; any delays or inaccuracies can lead to poor routing
decisions, which affect system performance [21].

Studies show that data-driven approaches outperform
traditional methods in freight management. Al systems have
led to notable reductions in travel times and emissions
compared to conventional methods [10]. Optimization
techniques, such as genetic algorithms, have been
successfully used to improve route planning and minimize
fuel consumption [22].

Data-driven methods offer substantial opportunities to
enhance urban freight logistics, reducing emissions and
operational costs. However, overcoming challenges related to
data processing, real-time accuracy, and infrastructure
investment is key for broader implementation.

5.4. Special Applications and Short-Term Traffic
Management

Urban traffic management faces unique challenges during
events and short-term surges, such as festivals, sports events,
accidents, road closures, or peak-hour congestion. These
situations can overwhelm infrastructure, causing delays and
increased emissions [2]. Data-driven approaches, including
multi-objective optimization, RL, and predictive modeling,
effectively address these dynamic conditions.
Multi-objective optimization helps manage traffic during
large events by balancing objectives like minimizing travel

times, reducing road occupancy, and lowering emissions. In
Tianjin, China, a multi-objective model improved travel
times by 37.7% and reduced road occupancy by 89.6% during
festivals and sports events [39], demonstrating how data-
driven strategies can relieve pressure on urban infrastructure
during high-demand periods.

RL is another valuable tool for managing short-term traffic
fluctuations. In Orlando, Florida, a DQN-based system
dynamically adjusted signal timings based on real-time data,
reducing wait times at intersections and improving flow [43].
This flexibility is crucial for handling traffic surges due to
accidents or sudden congestion.

Predictive modeling also plays a key role in managing
congestion by enabling proactive measures. In Buxton, UK,
an loT-enabled system predicted congestion points with 95%
accuracy, allowing city planners to reroute traffic in advance
and prevent delays [20], thus enhancing urban mobility.
Despite their success, these approaches face challenges.
Timely and accurate data is crucial, as delays or inaccuracies
can hinder their effectiveness. Additionally, multi-objective
optimization requires significant computational resources to
process large data volumes and make real-time decisions
[21]. Hybrid approaches combining RL, predictive modeling,
and optimization are emerging as solutions to enable real-
time adaptations while balancing multiple objectives.
Data-driven methods like multi-objective optimization, RL,
and predictive modeling show strong potential in managing
traffic during special events and short-term surges. They help
optimize flow, reduce congestion, and support urban mobility
in dynamic environments. However, addressing challenges
related to data accuracy, computational demands, and
scalability is key for successful implementation.

5.5. Summary (RQ3)

This section addresses RQ3 by examining the practical
application of data-driven strategies in urban traffic
management. It highlights how RL improves signal timing,
predictive modeling enhances public transportation planning,
and multi-objective optimization helps with real-time event
routing, reducing traffic and pollution. loT-based systems
optimize freight routing, contributing to sustainable urban
mobility. While these strategies show great potential, broader
adoption requires overcoming challenges like data accuracy,
computational needs, and scalability. The findings highlight
promising approaches to sustainable and efficient urban
mobility through data-driven traffic management.
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Table 4: Comparative Analysis of Data-Driven Traffic Management Approaches Across Urban Applications

7003

Approach Adaptability Scalability Sustainability Data Requirements Challenges Study
RL Highly adaptable Limited scalability = Moderate to high High: Requires Computational [9, 10]
for real-time in large networks impact: continuous complexity, high
decision-making, can due to high significant real-time data data requirements,
adjust to traffic computational reduction in from multiple real-time data
fluctuations costs emissions and sensors transmission
fuel consumption challenges
Al-Driven Low adaptability for ~ Good scalability for High impact: High: Requires Scalability issues [40]
Predictive real-time changes; large urban Reduced emissions  large historical as the network
Models better suited for networks through proactive  and real-time expands, data
proactive congestion  but requires traffic management  datasets, data integration
forecasting extensive data integration complexity
integration challenges
infrastructure
Multi-Objective  Moderate Good scalability in -~ High impact: Moderate: Complex to [33]
Optimization adaptability: transport systems Significant Requires real-time balance conflicting
effective for but can be reduction in  inputs but can goals (e.g., travel
balancing multiple  resource-intensive ~ emissions and fuel  struggle with time vs.
objectives in fixed for large-scale use complex data sets emissions), high
scenarios like optimization and competing computational
public transport objectives demands
Genetic Moderate Good scalability, Moderate impact: Moderate: Optimization [30]
Algorithms adaptability though Some reduction Handles real-time complexity in
for dynamic computationally in fuel data but requires real-time
routing expensive forvery  consumptionand  predefined environments,
adjustments, but large networks operational objectives challenges in
slower than RL efficiency handling large
for real-time improvements data volumes
changes
Al-Driven Low adaptability for Moderate Moderate impact: High: Complex Data integration, [36]
Systems for real-time changes; scalability: Reduced emissions  data sets from loT, scalability in
Freight better suited for suitable for freight  through GPS, and traffic highly congested
optimizing management, optimized sensors urban areas
freight delivery but requires routing and
schedules infrastructure delivery
for real-time schedules
tracking
loT-Enabled High adaptability: High scalability, High impact: High: Requires Data transmission [21,23]
Systems Can make real- especially when Reduced extensive real-time delays, high
time routing integrated with emissions sensor data, GPS, infrastructure
adjustments urban loT through and traffic data costs
based on live infrastructure optimized
traffic data routing and
improved last-
mile logistics
Multi-Objective  Moderate Good scalability: High impact: High: Requires Requires high [39]
Optimization for adaptability: effective can Significant real-time computational
Special Events in fixed high-demand manage large traffic reduction event-based dataand  power for real-time
scenarios like large  surges during in congestion forecasts optimization, reliant
events but limited in ~ €vents but struggles and emissions on accurate traffic
rapidly changing with real-time during events predictions
environments fluctuations
DQN-Based RL  Highly adaptable: Limited scalability — High impact: High: Relies on Data availability, [43]
System for excelsinresponding in Reduces emissions  continuous real-time
Short-Term to short-term traffic  larger networks, by dynamically real-time data adaptation
Surges fluctuations requires substantial  adjustingsignalsin  from multiple challenges in
(e.g., accidents, computational real time sources larger networks
surges) power
loT-Enabled High adaptability: High scalability: High impact: High: Needs Data [20]
Prediction can predict Suitable for Reduced emissions  reliable loT sensor synchronization
Systems bottlenecks and make large-scale urban through proactive networks and and accuracy
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6. RESEARCH GAPS AND POTENTIAL SOLUTIONS
Despite advances in data-driven traffic management, several
gaps remain, particularly in the areas of scalability, real-time
data processing, and long-term sustainability. Addressing
these gaps is crucial for improving the overall efficiency and
resilience of urban transport systems.

6.1. Synthesis of Current Evidence

Our systematic review of 43 studies reveals substantial but
highly variable reported benefits across different
sustainability dimensions. Studies reported congestion
reductions ranging from 8% to 45% (mean: 24%, median:
22%), CO. emissions reductions from 5% to 58% (mean:
29%, median: 25%), energy savings from 10% to 35% (mean:
19%, median: 18%), and cost savings from 12% to 38%
(mean: 22%, median: 20%). This wide variability reflects
differences in study contexts (urban morphology, baseline
traffic conditions, existing infrastructure), methodological
approaches (simulation-based vs. real-world testing, different
algorithmic  techniques), intervention types (signal
optimization, routing, comprehensive traffic management
systems), and measurement approaches (different simulation
models, evaluation periods, metrics).

The heterogeneity underscores that data-driven traffic
management effectiveness is highly context-dependent, and
solutions optimized for one setting may require substantial
adaptation for others. Notably, the predominance of
simulation-based approaches across the reviewed literature
suggests that while theoretical potential is well-demonstrated,
more real-world validation studies are needed to build
confidence in practical applicability and to understand how
simulated benefits translate to operational deployments.
These findings inform the research gaps and future directions
discussed below, highlighting areas where the field must
advance to realize the full potential of data-driven traffic
management for sustainable urban transport.

6.2. Scalability of Al and Machine Learning Models
As urban areas grow and traffic networks become more
complex, scaling Al-driven traffic management systems
presents significant challenges. With increasing city
intersections and traffic volumes, Al techniques, particularly
RL, face limitations in managing real-time, city-wide traffic.
Large-scale systems with many intersections can create
computational bottlenecks, slowing down responses and
reducing efficiency. Studies by [38, 43] show that while RL
models perform well in isolated cases, extending them to
larger networks poses challenges.

One solution to these computational constraints is hybrid
traffic management frameworks combining rule-based
systems and machine learning. In this setup, rule-based
systems handle predictable conditions, such as off-peak
traffic, while RL models are reserved for dynamic situations
like traffic surges or accidents. This division allows RL to be
used more efficiently, reducing computational strain and
prioritizing resources only when needed. As suggested by
[10], hybrid frameworks balance stability and adaptability,
addressing traffic fluctuations without overwhelming the
system.

Distributed RL further improves scalability by dividing
control across city regions, each managed by an independent
RL agent. This decentralized approach allows agents to
optimize traffic in their areas while coordinating with
neighboring agents. [15] demonstrated this with a scalable RL
framework that reduces congestion by allowing agents to
operate independently while sharing updates for broader
network coordination. This split of responsibilities makes
large-scale systems more feasible, even in densely populated
cities.

Federated learning offers another advancement for
scalability. This method keeps data local, on devices like
traffic sensors and 10T nodes, instead of sending it to a central
server. Local models are trained with region-specific data,
and only the updates are sent to the central server, reducing
data transfer and improving privacy. [21] highlighted the
benefits of federated learning for decentralized urban
mobility, noting its scalability and enhanced data privacy.
By leveraging hybrid frameworks, distributed RL, and
federated learning, traffic management systems can become
more scalable and resilient. These techniques help systems
adapt to varying regional demands, balance computational
loads, and provide real-time, data-driven solutions to urban
traffic challenges. This makes Al-driven traffic management
systems better equipped to enhance mobility and reduce
congestion in modern cities.

6.3. Real-Time Data Processing and Decision-Making

Building on scalable frameworks, real-time data processing
is crucial for dynamic, adaptive traffic management. As urban
traffic networks grow and become more complex, the volume
of data from traffic sensors, cameras, and other sources
increases exponentially. Efficiently managing this real-time
data is vital for optimizing traffic flow and responding to
events like accidents, congestion, and surges. However, many
existing systems rely on centralized data processing, which
struggles to handle such vast amounts of real-time data. This

limitation leads to delays and reduces the system's
adaptability, compromising overall traffic management
effectiveness [15, 39].

A hybrid approach that combines predictive Al models with
RL provides a powerful solution. Predictive models forecast
traffic patterns, while RL agents make dynamic adjustments
in real time, allowing the system to proactively respond to
anticipated conditions and adapt to unexpected events. This
approach is also essential for demand-responsive last-mile
solutions, such as shuttles and micro-transit services, which
optimize routes based on peak demand, supporting smoother
transitions between transit hubs and final destinations [21].
The process begins with data collection from sensors and
cameras. Predictive Al models analyze this data to forecast
traffic patterns, allowing the system to adjust signal timings
before congestion occurs. Simultaneously, RL agents monitor
real-time data, adjusting signals dynamically in response to
traffic fluctuations, such as accidents or sudden congestion.
This combination of proactive forecasting and real-time
adaptation ensures efficient and responsive traffic
management.

Predictive Al models, especially Long Short-Term Memory
(LSTM) networks, anticipate traffic conditions and adjust
signals in advance to prevent congestion, reducing the need
for last-minute interventions. On the other hand, RL enables
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real-time adaptations. RL agents adjust signals based on
current traffic conditions and respond to unexpected events,
such as accidents or road closures, to minimize delays.

By integrating predictive Al for forecasting and RL for real-
time control, this hybrid approach significantly improves
traffic management systems, making them more efficient,
adaptive, and responsive to the unpredictable nature of
modern urban traffic.

6.4. Integration of Diverse Data Sources

Integrating diverse data sources is crucial for enhancing real-
time decision-making in urban traffic management. Modern
cities generate vast amounts of data from traffic sensors, GPS
devices, 10T networks, and social media platforms. While
each source provides valuable insights, the lack of integration
across these data streams limits the effectiveness of traffic
management systems. Without combining these datasets,
systems struggle to offer comprehensive, real-time analyses,
which hampers the development of adaptive control
strategies.

Incorporating social media and crowdsourced data alongside
traditional sensors and GPS enhances adaptability during
events like public gatherings or unexpected incidents. These
additional sources can provide early warning of congestion
hotspots, enabling  proactive traffic management.
Furthermore, transfer learning allows cities with limited
historical data to leverage models trained in similar
environments, facilitating accurate forecasting and adaptive
responses, even in data-scarce regions [25].

To address these challenges, advanced data fusion algorithms
are essential. These algorithms integrate real-time and
historical data, boosting the predictive capabilities of traffic
systems. A cloud-based platform could serve as the backbone
for this fusion, handling large-scale data integration while
maintaining flexibility [17]. By implementing this solution,
traffic management systems can provide more accurate
predictions, optimize traffic flow dynamically, and respond
more effectively to external factors like weather or accidents,
ultimately contributing to more resilient and sustainable
urban transport systems.

6.5. Long-Term Sustainability Assessments

While data-driven traffic management has shown short-term
benefits, such as reducing congestion and emissions, there is
a significant gap in long-term sustainability assessments.
Current studies often overlook the broader impacts of these
systems on urban environments, infrastructure durability, and
energy consumption. Without evaluating these long-term
factors, traffic management solutions may fail to align with
sustainability goals.

To address this, future studies should incorporate
comprehensive sustainability assessments that evaluate the
impact of traffic management over extended periods. These
assessments should include environmental impact, energy
use, infrastructure costs, and their role in urban development
plans. By considering these factors, traffic systems can align
with long-term urban planning, ensuring that short-term
improvements don’t compromise future sustainability. This
approach will support solutions that not only meet immediate
mobility needs but also enhance the long-term resilience and
sustainability of urban transport systems.

Addressing these gaps will improve the efficiency,
adaptability, and sustainability of data-driven traffic

management systems. By resolving challenges like data
integration, scalability, real-time processing, and long-term
impact assessments, cities can build urban transport systems
that meet the needs of growing populations while supporting
sustainable development.

6.6. Summary (RQ4)

Emerging trends in traffic management tackle key limitations
in current systems, advancing sustainable urban transport.
Traditional models struggle with scalability, real-time data
processing, and comprehensive data integration, reducing
their effectiveness in complex urban networks. Hybrid
models that combine rule-based systems with RL are
improving scalability, while distributed RL frameworks
enhance resource management in large cities. Integrating
predictive  models with RL improves real-time
responsiveness, allowing systems to anticipate and adapt to
changes. Multi-source data integration—from loT to social
media—fills gaps left by isolated data streams, enabling
systems to respond to non-recurring events. Future research
must focus on long-term sustainability by including
environmental and infrastructure metrics to ensure systems
support both immediate needs and urban resilience. These
innovations offer comprehensive solutions, aligning traffic
management with the goals of sustainable urban mobility.

CONCLUSION

This systematic review analyzes data-driven traffic
management strategies aimed at advancing sustainable urban
transport. It highlights the transformative potential of
artificial intelligence, machine learning, and data analytics in
addressing key urban challenges like congestion, emissions,
and energy consumption. Organized around four research
questions, the review synthesizes findings across three key
areas:

e Sustainability in Traffic Management: Reducing
environmental impact, improving economic efficiency, and
providing social benefits are crucial for sustainable urban
transport. Al-driven strategies show promise in reducing
emissions, easing congestion, and improving efficiency.
However, scalability and infrastructure readiness remain
challenges that limit their broader impact.

o Data-Driven Techniques for Traffic Management: Case
studies demonstrate the success of data-driven solutions like
adaptive signal control using RL and loT-enabled monitoring
in smart cities. These systems improve traffic flow, reduce
emissions, and enhance mobility. However, scalability and
high implementation costs remain significant barriers.

o Applications in Real-World Urban Contexts: Comparative
analyses of real-world applications highlight the benefits and
limitations of data-driven traffic strategies. Integrated
approaches combining various techniques show improved
adaptability and efficiency, especially in diverse urban
settings.

To advance sustainable traffic management, this review
recommends developing robust data integration systems,
exploring scalable Al models for real-time management, and
establishing frameworks for long-term sustainability
assessments. Incorporating emerging technologies such as
autonomous vehicles and loT can further optimize traffic
management and support urban sustainability goals.
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This review highlights that while data-driven approaches
show promise, challenges related to scalability and operation
must be addressed. Continued research is crucial to transition
to smarter, more sustainable urban transportation systems
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