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Abstract

This paper presents a comprehensive review of the integration of Intelligent Transporta-
tion Systems (ITS) and Digital Twin (DT) technologies for intelligent traffic management.
It examines the role of key enabling technologies, including the Internet of Things (IoT),
machine learning (ML), deep learning (DL), reinforcement learning (RL), Graph Neural Net-
works (GNNSs), vehicle-to-everything (V2X) communication, and edge computing. These
technologies support real-time traffic monitoring, traffic prediction, and adaptive control
in ITS. The review synthesizes recent research on conventional traffic control methods,
optimization-based approaches, learning-based techniques, and DT-enabled traffic manage-
ment solutions. Particular attention is given to the integration of DTs with intelligent traffic
signal control, real-time synchronization, multi-intersection coordination, communication
latency, sensing uncertainty, and scalability. The reviewed literature demonstrates the
potential of DT-enabled ITS to improve traffic efficiency, reduce congestion, enhance trans-
portation safety, and support sustainable mobility through data-driven decision-making.
However, significant challenges remain regarding communication delays, sensor and data
uncertainty, computational complexity, scalability, and validation under realistic urban
conditions. Based on the reviewed literature, this paper identifies key research gaps and
outlines future research directions toward scalable, reliable, adaptive, and real-time DT-
enabled ITS architectures for next-generation smart cities.

Keywords: ITS; traffic control; Digital Twin; Graph Neural Networks; reinforcement
learning

1. Introduction

Urbanization is a major challenge as more people move to cities. By 2030, the global
urban population is expected to reach about 4.9 billion [1]. This increase brings challenges
such as pollution, traffic jams, and resource shortages. With advances in technology, many
devices are now connected to networks, collecting and sending data. This data is analyzed
using deep learning techniques to make systems smarter and more automated. One of the
most important innovations is the Internet of Things (IoT), a network of physical devices,
such as smartphones, refrigerators, smartwatches, fire alarms, and door locks, embedded
with sensors and software that allow them to communicate and exchange data seamlessly.
These advancements have led to the development of “Smart Cities,” which include smart
grids, smart transportation, smart buildings, and more. The goal is to make cities more
efficient and improve the quality of life. However, as cities grow, transportation systems face
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problems like traffic congestion, noise, and accidents. These challenges make it important
to improve transportation systems to handle the increasing demands of urban mobility.
As urban areas are facing unprecedented challenges related to congestion, air pollution,
and road safety, Intelligent Traffic Systems provide an integrated response. ITS uses
technological advancements in areas such as information and communication systems (ICT),
Internet of Things (IoT), sensors, automation, and data analytics to enhance every aspect
of traffic management. Intelligent Transportation Systems are a promising prospect for
improving mobility and traffic flow, reducing congestion, enhancing safety, and fostering
sustainability, making cities smarter and transportation more efficient for everyone. ITS’s
ability to reduce congestion through real-time monitoring of traffic conditions by adjusting
traffic signals to manage congestion, rerouting vehicles around bottlenecks, and prioritizing
smart bus lanes and public transit routes has attracted significant research in recent years.

This review aims to further explore the potential and applications of ITS for the afore-
mentioned benefits through a recent literature review, identifying existing literature gaps
and relevant recent technological advances, while proposing potential solutions. To achieve
this objective, the next sections present a detailed review of the literature in the areas of
ITS, Digital Twins (DT), and AI/ML integration, along with key enabling technologies.
This systematic examination will not only consolidate current knowledge but also motivate
promising research directions and practical solutions for overcoming the challenges that
limit the full realization of intelligent, resilient, and adaptive transportation ecosystems.

To map research trends in machine learning for Intelligent Transportation Systems
integrated with Digital Twins (ITS-DT), a structured literature search was conducted using
Google Scholar for the publication years 2022 to 2026, as shown in Figure 1. This captures
the last 5-year trend. Advanced Boolean search strings were used to capture the intersec-
tion of three key domains: “Intelligent Transportation Systems” OR “ITS”, AND “Digital
Twin” OR “DT” AND “Machine Learning” OR “Deep Learning” OR “Reinforcement
Learning”. To ensure accuracy and relevance, the query specifically targeted title, ab-
stract, and keyword metadata. Duplicate entries, non-peer-reviewed patents, and citations
without full-text availability were excluded. The resulting annual citation and publica-
tion volumes reflect the rapid growth of academic interest, growing from approximately
2000 publications in 2022 to over 9000 in 2025.
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Figure 1. Number of yearly publications on machine learning in ITS-DT (source: Google Scholar).

https://doi.org/10.3390/i0t7030069


https://doi.org/10.3390/iot7030069

IoT 2026, 7, 69

3 0f27

1.1. Literature Scoping and Article Evaluation

This study uses a structured narrative review approach, involving a predefined search
and screening process to select the relevant literature, followed by qualitative synthesis and
critical discussion without conducting a formal systematic review. A structured literature
search was conducted to identify studies relevant to Intelligent Transportation Systems
(ITS), Digital Twin (DT), Cyber-Physical Systems, Intersection Signal Control, and intelli-
gent traffic network management. Searches were performed in IEEE Xplore, Scopus, Web
of Science, and ScienceDirect for publications from 2018 to 2026. The search used combina-
tions of the following keywords: Intelligent Transportation System, Digital Twin, Machine
Learning, and Intersection Control. Studies were included if they were peer-reviewed,
published between 2018 and 2026, and directly relevant to Intelligent Transportation System
(ITS), Digital Twin (DT), Cyber-Physical System, Intersection Signal Control, or ML-based
traffic signal optimization. Studies were excluded if they were non-peer-reviewed, du-
plicated across databases, outside the defined publication period, or not directly related
to the research objectives. The screening process consisted of three stages: (1) database
searching and removal of duplicates, (2) title and abstract screening, and (3) full-text assess-
ment against the inclusion and exclusion criteria. The final set of studies was analyzed to
identify key research themes, existing approaches, limitations, and gaps that motivated
the proposed Integration of Digital Twin and Machine Learning Control into the Intelli-
gent Transportation System framework. Specifically, the studies that primarily address
cybersecurity, privacy, cyberattacks, authentication, and other security-related topics were
excluded as they were outside the scope of this review. A total of 200 articles were initially
retrieved using the predefined search terms and selection criteria. After removing approxi-
mately 30 records identified as duplicates or substantially overlapping studies based on
their approaches and methods used, the remaining articles underwent title and abstract
screening. The full texts of the potentially relevant studies were subsequently assessed for
eligibility, resulting in 65 studies being included in the final literature.

1.2. Research Gap

Although Intelligent Transportation Systems (ITS) have advanced considerably
through the integration of the Internet of Things (IoT), Artificial Intelligence (AI), Ma-
chine Learning (ML), and Reinforcement Learning (RL), several critical research gaps
remain that hinder their deployment in real-world urban environments. First, existing
learning-based traffic signal control approaches have largely been validated using single
intersections or small-scale simulation scenarios. Their scalability to large interconnected
urban road networks with dynamic and heterogeneous traffic conditions remains insuffi-
ciently investigated. Consequently, the practical applicability of many proposed methods
to city-scale traffic management is still uncertain. Second, while Digital Twin (DT) tech-
nology has recently emerged as a promising paradigm for real-time traffic monitoring
and predictive traffic management, current research has primarily focused on conceptual
architectures, isolated case studies, or simulation-based demonstrations. There is a lack
of comprehensive studies examining how Digital Twins can be effectively integrated with
ML-based traffic signal control to enable continuous synchronization between physical and
virtual traffic environments for proactive decision-making. Third, communication latency,
delayed V2X feedback, and synchronization delays between physical infrastructure and
their digital counterparts remain significant challenges for real-time ITS applications. Most
existing studies assume ideal communication conditions and therefore do not adequately
evaluate the impact of network latency on traffic control performance, particularly in
time-critical urban environments. Fourth, the reliability of traffic state estimation continues
to be affected by sensor failures, computer vision inaccuracies, data noise, and occlusion.
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Existing ITS frameworks often overlook these uncertainties or assume high-quality sensing,
limiting their robustness and resilience under real-world operating conditions. Finally,
although Digital Twin technologies, computer vision, V2X communication, and learning-
based traffic control have each been extensively studied independently, there is a notable
lack of detailed review literature that sufficiently examines their convergence within the
context of intelligent traffic signal control. Existing reviews typically focus on individual
technologies or provide only high-level discussions of Digital Twins, with limited attention
to their integration with ML-driven control, real-time synchronization, scalability, latency,
sensing uncertainty, and multi-intersection coordination.

This review addresses these gaps by providing a comprehensive synthesis of the
current state of the art in Digital Twin-enabled intelligent traffic signal control. It critically
examines the integration of Digital Twins with machine learning, computer vision, IoT
sensing, and V2X communication. It also identifies the key technical challenges and
limitations, and highlights future research directions for developing scalable, reliable,
and real-time ITS architectures capable of supporting next-generation smart cities.

1.3. Contributions of the Review

Major contributions of this literature review are:

1.  Comprehensive Taxonomy of ML-ITS-DT Integration. It synthesizes the convergence
of Machine Learning (ML), Digital Twins (DT), and Intelligent Transportation Systems
(ITS) to demonstrate the potential advantages of data-driven predictive architectures
compared to traditional classical and fuzzy-logic control methods.

2. Scalability and Real-World Applicability Gap Analysis, which evaluates the structural
limitations of existing traffic control models, specifically highlighting the reliance on
small-scale, single-intersection setups and historical data, and identifies the require-
ments for multi-intersection, network-wide urban deployment.

3.  Comparative Synthesis of V2X Communication Protocols. It evaluates the technologi-
cal evolution and trade-offs between IEEE 802.11-based standards (DSRC/802.11p,
802.11bd) and Cellular V2X technologies (LTE-V2X, 5G-V2X), detailing their physi-
cal/MAC layer mechanisms, latency bounds, coverage scalability, and operational
constraints in dense vehicular environments.

4.  Identifies a critical gap in resilient ITS design and outlines a future research direction:
a conceptual Real-Time Digital Twin framework integrating hierarchical graph-based
multi-agent reinforcement learning for city-scale traffic optimization, offered as a
synthesis-driven opportunity for future empirical investigation.

To address the aforementioned gaps, this structured narrative review centers on a
primary question: How can Digital Twins, combined with ML, IoT sensing, and V2X
communication, support scalable, reliable, and real-time intelligent traffic control in
urban ITS?

The specific review questions are:

1.  How are Digital Twin technologies integrated with ML-based traffic signal control to
support continuous physical-virtual synchronization, traffic prediction, and proactive
decision-making?

2. How do communication latency, V2X delays, and physical-digital synchronization
delays affect the performance and real-time applicability of Digital Twin-enabled
intelligent traffic signal control?

3. How well have existing ML/RL traffic signal control methods been tested for scal-
ability across multi-intersection and city-scale networks under dynamic, mixed
traffic conditions?
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4. What are the current research gaps, technical challenges, and future directions for inte-
grating Digital Twins, ML/RL, computer vision, IoT sensing, and V2X communication
for next-generation intelligent traffic signal control?

To guide this review, four interrelated objectives have been established. First, the re-
view analyzes existing approaches for integrating Digital Twins with ML-based traffic signal
control, focusing on mechanisms that enable continuous physical-virtual synchronization
and proactive decision-making. Second, it evaluates the reported effects of communication
latency, V2X delays, and synchronization constraints on real-time control performance.
Third, it critically examines the scalability of ML /RL-based traffic signal control approaches
for multi-intersection and large-scale urban networks under dynamic traffic conditions.
Finally, it synthesizes the convergence of Digital Twins, ML/RL, IoT, and V2X technologies
to identify persistent research gaps and outline future directions for developing scalable,
reliable, and real-time ITS architectures for next-generation smart cities.

2. Intelligent Transportation System Integration of Digital Twin
2.1. Transportation System Background

The evolution of transportation has gone through several stages, improving efficiency
and meeting human needs. At the most basic level, early civilizations built roads and
infrastructure to connect regions. The Romans and Chinese developed road networks to
support trade and travel, forming the foundation of transportation systems. As human
activities expanded, new travel methods emerged. The Industrial Revolution led to the
invention of cars, trains, and ships, making transportation faster and more accessible.
The Ford assembly line enabled mass production of vehicles, allowing more people to
own and use personal transport. With the increasing use of transportation, coordination
and regulation became necessary. Governments introduced traffic laws and international
agreements to ensure the smooth operation of roads, railways, air travel, and sea transport.
Today, modern transportation focuses on safety, convenience, and environmental sustain-
ability. New technologies like electric vehicles, ride-sharing, and Al-driven traffic control
help reduce congestion and pollution. Over time, transportation has evolved from simple
roadways to an intelligent system that improves daily life [2].

An Intelligent Transportation System (ITS) integrates traditional transportation modes,
such as motor vehicles developed postindustrial revolution, with advanced information
and communication technologies. ITS utilizes information and communication technology
to enhance sustainability, safety, and efficiency across diverse transport modes, including
trains, buses, subways, cars, sea and air transport, bicycles, and pedestrian networks.
ITS encompasses various applications, including traffic signal control, smart parking
management, electronic toll collection, and route optimization. By utilizing data from
sensors, cameras, and GPS devices, ITS enables dynamic management of transportation
systems, leading to improved traffic flow and reduced congestion. The implementation
of ITS has been shown to reduce traffic incidents, lower emissions, and improve overall
transportation efficiency [1,3].

2.2. Intelligent Transportation System (ITS)

An Intelligent Transportation System (ITS) is an advanced application that aims to
provide services relating to different modes of transport and traffic management. It enables
users to be better informed and make safer, more coordinated, and smarter use of transport
networks [4].

Although Intelligent Transport System (ITS) can encompass all modes of transport,
Directive 2010/40/EU of the European Union, adopted on 7 July 2010, defines ITS as the
application of information and communication technologies to road transport, including
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infrastructure, vehicles, and users, as well as to traffic and mobility management and inter-
faces with other transport modes. This framework was further updated by Directive (EU)
2023/2661, which extends the scope to connected, automated, and multimodal mobility,
with an emphasis on seamless cross-border services [5]. Overall, ITS technologies are
employed to enhance the efficiency, safety, and sustainability of transport systems across a
wide range of applications, including road transport, traffic management, and mobility ser-
vices. Intelligent Transportation Systems are continually evolving by integrating advanced
technologies such as machine learning (ML), Reinforcement Learning (RL), the Internet of
Things (IoT), Vehicle-to-Everything (V2X) Communication, 5G communication, and GPS to
optimize traffic flow during rush hours [1,2,6,7].

In Intelligent Transport Systems (ITS), Transformer architectures improve performance
by effectively modeling complex spatiotemporal dynamics and sequential driving data.
Their key applications include real-time traffic flow prediction, vehicle trajectory forecasting,
vision-based object detection, and the optimization of adaptive traffic signals through
reinforcement learning [8]. Furthermore, the potential of Transformers along with their
variants CCDSReFormer, HUTFormer, and CASAFormer in closed-loop digital twin (DT)
applications has been increasingly recognized, with comprehensive overviews available in
recent review papers [9-11]. These technologies can collect real-time traffic information
and enhance the safety and efficiency of urban mobility.

2.3. Digital Twin Concept in Intelligent Transportation Systems

A Digital Twin (DT) in Intelligent Transportation Systems (ITS) is a dynamic virtual
representation of a physical transportation system that continuously reflects the state and
behavior of real-world transportation components, including vehicles, road infrastructure,
traffic signals, and road users. Unlike conventional simulation models that operate in-
dependently based on predefined inputs and assumptions, a DT maintains a continuous
connection with the physical transportation environment through sensing, communication,
data processing, and feedback mechanisms. In general, a DT consists of three intercon-
nected components: (1) the physical system, representing real-world transportation entities
such as vehicles, road networks, intersections, and traffic infrastructure; (2) the digital sys-
tem, representing the virtual replica where system states are modelled, simulated, analyzed,
and optimized; and (3) the data communication interface, enabling continuous information
exchange between the physical and digital domains. In ITS applications, real-time data
from sensing technologies such as LIDAR, cameras, radar, connected vehicles, and traffic
monitoring systems are integrated into the digital platform to update the virtual representa-
tion. The digital environment is used for prediction, performance evaluation, optimization,
and decision support. At the same time, control actions generated from the digital system
can be transferred back to the physical transportation system.

The fundamental difference between a DT and traditional digital representations
lies in the level of connectivity and interaction. Based on the direction and capability of
information exchange between the physical and digital systems, digital representations are
classified into digital models, digital shadows, and Digital Twins [12]. Unlike conventional
offline simulation with fixed parameters, a Digital Twin maintains continuous physical-
digital synchronization through real-time IoT data (cameras, LiDAR, radar, connected
vehicles). This supports closed-loop feedback where physical observations update the
virtual model, which analyzes traffic states and generates control decisions deployed back
to signal controllers. Thus, the defining feature is real-time bidirectional interaction for
adaptive control, not the offline simulation alone.
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2.3.1. Implementation Framework of a Transportation Digital Twin in ITS

A transportation Digital Twin integrates real-world data acquisition, data processing,
virtual modeling, and simulation to establish a continuously updated digital representation
of the physical transportation system. The implementation process generally consists of
two main stages: (1) data collection and processing and (2) digital representation and
simulation [13,14].

Data Collection and Processing

The development of a transportation Digital Twin begins with continuous data ac-
quisition from the physical transportation environment. Various sensing and monitoring
technologies are employed to capture real-time traffic states, including vehicle movements,
road conditions, and infrastructure status. These data sources may include vehicle-based
sensors, roadside detection systems, connected vehicles, and remote sensing technologies
such as LIDAR and cameras. The collected data may contain traffic states such as speed,
acceleration, queue length, and signal status. Continuous data streams from these sources
enable the digital representation to reflect the current operating conditions of the physical
transportation system. Before integration into the Digital Twin environment, raw data from
different sources are processed to improve data quality and compatibility. This process
converts heterogeneous traffic observations into structured information for simulation and
operational decision-making.

Digital Representation and Simulation

The processed traffic information is integrated into a digital environment that repre-
sents the transportation network, including road geometry, traffic demand, and vehicle
movements. Traffic modeling and simulation platforms (e.g., microscopic or macroscopic
simulation tools) are used to reproduce transportation operations and evaluate system
performance. By incorporating real-time traffic information, the digital environment can
reflect current operating conditions and support applications such as traffic state analysis,
congestion evaluation, and control strategy assessment. In traffic signal control applica-
tions, the Digital Twin is used to test and optimize alternative signal timing strategies under
different traffic conditions before implementation in the physical system. This capability
enables more effective traffic management, operational planning, and decision-making.

2.4. Communication Technologies in ITS

The efficacy of Intelligent Transportation Systems (ITS) hinges on robust, low-latency,
and reliable communication links between vehicles (V2V), vehicles and infrastructure
(V2I), and vehicles with broader networks (V2N) [15]. The evolution of these enabling
technologies is broadly categorized into IEEE 802.11-based standards and Cellular Vehicle-
to-Everything (C-V2X) technologies.

Dedicated Short Range Communication (DSRC) is a foundational, mature technology
operating in the 5.9 GHz band. It is designed for direct, low-latency, ad-hoc communication
primarily for safety applications. Its core advantage lies in its proven reliability in non-
line-of-sight conditions and its independence from cellular network coverage, making it
ideal for critical safety alerts. The allocation of 75 MHz in the 5.9 GHz band for licensed
dedicated short-range communications (DSRC) use may also enable future delivery of
rich media content to vehicles at short to medium ranges via vehicle-to-roadside (V2R)
links [16]. However, its reliance on a single channel and Carrier Sense Multiple Access
(CSMA) can lead to scalability and congestion issues in dense traffic scenarios.

The de facto physical and MAC layer standard for DSRC is IEEE 802.11p, which is an
amendment to Wi-Fi tailored for high-mobility environments. It introduces enhancements
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such as eliminating association procedures and basic service set (BSS) establishment, allow-
ing for rapid network entry and reduced handover latency. Despite these optimizations,
the standard is fundamentally limited by its half-duplex communication and its inability to
guarantee deterministic Quality of Service (quality of service), a constraint inherited from
its Wi-Fi roots.

To overcome these limitations, LTE Vehicle-to-Everything (LTE V2X), standardized
in 3GPP Release 14 and 15, introduced a cellular-based approach. It operates in two
primary modes: direct communication (PC5 interface/sidelink) for low-latency V2V /V2I
safety messages and network-based communication (Uu interface) for infotainment and
traffic efficiency services. Leveraging the OFDMA framework, LTE V2X offers significantly
enhanced synchronization, resource management, and coverage compared to IEEE 802.11p.
5G augments this ecosystem via MIMO, MEC, and beamforming, drastically elevating
the performance of technical services. This technological leap is fostering a new era
of intelligent vehicles that are capable of autonomous driving, ubiquitous connectivity,
and real-time communication with the smart infrastructure that surrounds them [17].
Crucially, it provides improved reliability and capacity in congested scenarios, though its
performance can be sensitive to the Global Navigation Satellite System (GNSS) availability
for sidelink synchronization.

The latest advancement is IEEE 802.11bd, often referred to as Next-Generation V2X
(NGV). This standard serves as a direct evolution of IEEE 802.11p and is designed to achieve
parity with and in some aspects potentially surpass C-V2X capabilities. It is a significant
advancement in the context of wireless local area network (WLAN) specifications, primarily
designed to cater to the unique and demanding requirements of vehicular networks [18].
It introduces key physical layer enhancements, including dual-carrier modulation, low-
density parity-check (LDPC) codes, and the option for 10/20 MHz channel bandwidths.
MAC layer improvements include enhanced security, improved synchronization, and better
resource allocation. These innovations collectively enhance the communication range,
the throughput, and reduce latency compared to IEEE 802.11p, all while maintaining
backward compatibility.

The transition from legacy IEEE 802.11p to 5G C-V2X and IEEE 802.11bd directly
determines the capabilities of modern traffic control systems. High-throughput 5G and
MEC integration supply the low-latency bandwidth needed for real-time Digital Twin syn-
chronization across complex networks. Concurrently, enhanced direct-sidelink protocols
minimize control-loop latency, allowing instantaneous decision-making for time-critical
maneuvers. By replacing contention-based CSMA with deterministic OFDMA resource
allocation and advanced error correction, these technologies maximize communication
reliability in dense traffic, ultimately providing the resilient foundation required to ensure
operational safety across intelligent transportation ecosystems.

3. ITS Core Technologies and Challenges

Modern Intelligent Transportation Systems (ITS) represent a paradigm shift in urban
mobility, relying on a synergistic ecosystem of advanced sensing, communication, compu-
tational, and analytical frameworks. To address the complexities of next-generation smart
transportation, contemporary research integrates diverse technological pillars ranging from
core data intelligence to edge-cloud architectures, computer vision, and traffic simulation
models. The following sections provide a comprehensive, structured overview of these
core technologies and their associated operational challenges.
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3.1. Data Intelligence and Analytics

Artificial Intelligence (AI) and Machine Learning (ML) serve as foundational tools
in modern intelligent transportation systems, processing vast quantities of traffic data to
predict complex mobility patterns, optimize traffic flow, and enhance overall road safety.
As transportation networks expand their data acquisition capabilities through widespread
sensor deployment, GPS tracking, and centralized traffic management systems, Big Data
analytics supplies the computational frameworks required to store, process, and mine
these large-scale data streams effectively [19]. To convert these continuous data flows
into actionable spatial insights, Geographic Information Systems (GIS) combine computer
science with geography, surveying, and mapping technologies. GIS enables the visual
representation of traffic dynamics and manages real-time spatial information, including
live road conditions, congestion zones, and vehicle movement [20]. However, deploying
advanced Al and deep reinforcement learning (DRL) algorithms across expansive urban
networks introduces significant scalability challenges when adapting to dynamic traffic
demands across multiple intersections [21].

3.2. Infrastructure and Computational Architectures

Supporting these data-driven applications requires robust computational architectures
split between centralized and decentralized paradigms. Cloud computing offers high-
capacity, centralized storage and computational processing for macro-level transportation
data, providing the core infrastructure required for long-term traffic analysis and compre-
hensive ITS applications. Complementing this, edge computing processes data closer to
the source at the network perimeter, drastically reducing processing latency and enabling
real-time operational responses critical for autonomous vehicles, smart signalized intersec-
tions, and emergency vehicle prioritization systems. To safeguard data exchange across
this distributed infrastructure, Blockchain technology provides a decentralized storage
framework that enhances security, data sharing, and end-to-end traceability. By mitigating
privacy risks, preventing data tampering, and eliminating single-point-of-failure vulnera-
bilities, blockchain significantly reduces operational overhead across smart transportation
networks [22].

3.3. Wireless Connectivity and Communication Frameworks

Seamless data exchange across modern transit networks relies on high-speed wireless
connectivity frameworks. The Fifth Generation of wireless communication technology
(5G) provides the ultra-low latency necessary for real-time interaction between vehicles
and surrounding infrastructure, substantially improving safety and operational efficiency
across intelligent transport systems [3]. Building upon this wireless backbone, Vehicle-to-
Everything (V2X) communication establishes an advanced interconnected ecosystem where
vehicles continuously communicate with infrastructure, pedestrians, and broader network
services. V2X systems deploy a combination of onboard units (OBUs), roadside units
(RSUs), and integrated sensors to collect, transmit, and process mobility data for optimized
traffic management [23]. Serving as the underlying automation infrastructure, the Internet
of Things (IoT) links physical devices, sensor suites, and vehicle control networks to
enable continuous data exchange and automated decision-making [24]. Nevertheless, real-
time connected environments remain vulnerable to communication latency and delayed
feedback loops, which can degrade overall control performance in time-sensitive traffic
applications [25].
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3.4. Perception and Object Identification Technologies

Accurate physical perception and automated identification form the frontline of intel-
ligent transportation data collection. LiDAR technology operates by emitting rapid laser
pulses and measuring their return reflection times, creating highly detailed 3D spatial
representations of the surrounding environment. It is extensively utilized in autonomous
platforms for precise 3D object detection, real-time navigation, and collision avoidance
in tandem with vision systems [26]. For localized tracking and automated access control,
Radio Frequency Identification (RFID) uses electromagnetic fields to identify and track
tagged vehicles, serving as a primary technology for electronic toll collection and auto-
mated parking management. Complementing RFID, Automatic Number Plate Recognition
(ANPR) applies Optical Character Recognition (OCR) to camera feeds to automatically
read vehicle license plates, aiding law enforcement in detecting stolen or unregistered
vehicles while supporting smart parking platforms [27]. Despite these perception capabili-
ties, hardware-level sensor failures, noisy data feeds, and environmental interference can
degrade traffic state estimation accuracy and reduce system reliability [28].

3.5. Advanced Mobility Platforms and Aerial Systems

Advanced mobility platforms expand intelligent transportation both horizontally
and vertically. Drone-assisted transportation utilizes networked, remotely programmable
aerial devices to conduct traffic flow monitoring and congestion analysis, offering flexible
surveillance capabilities that support physical traffic engineering [29,30]. On the ground,
Autonomous Vehicles (AVs) represent fully automated self-driving systems that operate
without human intervention by integrating advanced onboard sensors, machine learning
algorithms, and real-time data processing engines. Successful large-scale integration of
AVs requires modernized physical and digital infrastructure, clear regulatory frameworks,
and adaptive traffic control systems to ensure safe and efficient coexistence alongside
conventional human-driven vehicles [31].

3.6. Computer Vision Algorithms and Libraries

Processing visual data from camera networks and vehicle sensors relies on specialized
computer vision models and development libraries. YOLO (You Only Look Once) is
a deep-learning-based object detection algorithm renowned for its high accuracy and
real-time processing speeds, making it widely applicable in autonomous driving, traffic
surveillance, and Advanced Driver Assistance Systems (ADAS). However, YOLO still faces
performance challenges when detecting small objects or processing low-resolution and
occluded real-world images [32]. To construct these vision capabilities, OpenCV serves
as a comprehensive, cross-platform open-source library supporting languages such as
C++, Python, Java, and MATLAB across operating systems like Linux, Windows, Android,
and macOS. OpenCV supplies a wide array of foundational algorithms essential for image
processing, lane detection, vehicle tracking, and License Plate Recognition (LPR) [33,34].

3.7. Traffic Simulation Environments

Before physical deployment, intelligent transportation algorithms and control strate-
gies are rigorously tested within microscopic and macroscopic traffic simulation software.
VISSIM is a commercial, microscopic, time-step-based traffic simulation tool that mod-
els detailed urban traffic dynamics, accounting for varying road layouts, signal timings,
public transit stops, and individual vehicle interactions. Complementing VISSIM, SUMO
(Simulation of Urban Mobility) provides an open-source, highly portable road traffic sim-
ulation framework tailored for large-scale network modeling, offering a user-friendly

https://doi.org/10.3390/i0t7030069


https://doi.org/10.3390/iot7030069

IoT 2026, 7, 69

11 of 27

Graphical User Interface (GUI) and flexible execution environment for evaluating complex
transportation systems [35].

Despite the rapid development of Intelligent Transportation Systems (ITS) and its
core technologies, many challenges still affect the efficiency and reliability of smart trans-
portation systems. Recent ITS research has focused on integrating Internet of Things
(IoT), Artificial Intelligence (AI), Machine Learning (ML), and Reinforcement Learning
(RL) methods for adaptive traffic signal control, traffic prediction, and real-time decision
making [3]. In particular, deep reinforcement learning and multi-agent learning approaches
have been widely used to handle complex urban traffic control problems. However, scala-
bility remains a major issue when deploying these methods in large-scale urban networks
with multiple intersections and dynamic traffic demand [21]. In addition, real-time ITS
applications face significant challenges due to communication latency and delayed feed-
back in connected environments, which can reduce control performance in time-sensitive
traffic systems [25]. Furthermore, sensor failures, noisy data, and unreliable detection
from IoT and vision-based systems can degrade the accuracy of traffic state estimation and
affect decision-making reliability [28]. Therefore, there is a growing need for intelligent,
scalable, low-latency, and fault-tolerant ITS control frameworks capable of supporting
next-generation smart transportation systems. Overall, the general conceptual architecture
of traffic control in ITS can be illustrated as in Figure 2.

Feedback
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Figure 2. Conceptual architecture of traffic control in intelligent transportation systems (ITS).

4. Related Works

The following section examines recent advancements in traffic management and con-
trol approaches in transportation systems. This review analyzes recent studies related to
Intelligent Transportation System (ITS) traffic control methods and Digital Twin integration
published between 2018 and 2026. The literature review table includes selected journal
and conference papers focusing on intelligent traffic signal control, machine learning, rein-
forcement learning, multi-agent systems, IoT integration, V2X communication, and Digital
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Twin-based traffic optimization. Most of the reviewed studies were published in IEEE
and MDPI journals, reflecting the growing research interest in intelligent and adaptive
traffic control systems. Table 1 summarizes the reviewed studies’ control method, key
technique, simulation platforms, benchmark datasets, key performance evaluation metrics,
and primary operational limitations.

Many studies have developed intelligent transportation system improvements to
minimize traffic congestion and to improve safety. Generally, the current traffic manage-
ment research literature can be classified into five groups based on control methodology.
These are the classical optimization-based methods, fuzzy and rule-based methods, ma-
chine learning and reinforcement learning-based methods, cooperative and adaptive signal
control, and Digital Twin-based traffic control methods, as shown in Figure 3.

Classical optimization approaches address traffic management problems using math-
ematical modeling and algorithmic control techniques, aiming to improve traffic flow
based on redefined objectives such as delay reduction, queue minimization, or throughput
maximization. Widely adopted methods include Proportional-Integral-Derivative (PID)
control, Genetic Algorithms (GA), Particle Swarm Optimization (PSO), Ant Colony Op-
timization (ACO), and Bee Colony Optimization (BCO). These approaches are generally
well understood, computationally tractable, and capable of improving traffic performance
under stable conditions. However, their effectiveness often degrades in highly dynamic
and heterogeneous traffic environments.

Traffic Control Approaches

Cooperative Digital Twin

& o
Adaptive (DT) -Based ITS

Classical Fuzzy Logic Machine
(Math-Based) (Rule-Based) Learning (ML)

- Platoon control

|
-SL(Supervised) | |-V2X ko |
- UL (Unsupervised) I I- UAV I I— Real-time replicai

I |
# -5 | |
DL (Deen) I I S I I— What-if analysis |
-RL (Reinforcement)i I' Green wave I | I
[ I

|

|| (. !

=

ARL (Multi-Agent)

Figure 3. Classification of traffic signal control approaches.

4.1. Classical Control and Mathematical Optimization

Classical approaches utilize rule-governed mathematical models and heuristic algo-
rithms to optimize traffic flow. Early implementations relied on Proportional-Integral—-
Derivative (PID) control to minimize state errors in real time. However, they strug-
gle with nonlinear dynamics unless integrated with optimization techniques like Web-
ster control and Genetic Algorithms (GA) [36]. GAs are widely deployed to explore
large solution spaces in constrained environments, optimizing signal timing for work
zones [37], pre-signals with waiting lanes [38], and Vehicle-to-Infrastructure (V2I) com-
munication at isolated intersections [39]. Particle Swarm Optimization (PSO) expands
this to multi-intersection coordination, demonstrating effectiveness in autonomous inter-
section management for Connected Autonomous Vehicles (CAVs) [40]. Swarm-based
intelligence such as Ant Colony Optimization (ACO) [41] and Bee Colony Optimiza-
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tion (BCO) [42] leverages artificial pheromone trails and cooperative foraging to mini-
mize network delay, particularly when aligned with Vehicle-to-Vehicle (V2V) commu-
nications. Purely mathematical and analytical formulations include cooperative sup-
ply-demand control [43], delay-based optimization [44], linear quadratic Model Predictive
Control (MPC) [45], stochastic optimization [46], and entrance-based saturation control
(SEFP) [47]. While these foundational methods potentially outperform fixed-time systems,
their reliance on predefined dynamics limits adaptability in non-recurrent, highly dynamic,
and mixed-traffic scenarios involving pedestrians and cyclists.

4.2. Fuzzy Logic (Rule-Based) Control

Fuzzy logic emulates human reasoning to handle traffic imprecision and variability
without strict mathematical modeling. Single-intersection controllers with reduced rule
bases improve traffic fluidity in simulated environments [48]. To address scalability, decen-
tralized multi-agent fuzzy systems assign autonomous agents to evaluate queue lengths,
waiting times, and vehicle types at individual junctions [49]. Hybrids combining fuzzy
logic with mathematical flow models (via TraCI/SUMO interfaces) [50] or historical signal
timing datasets [51] offer practical, low-cost options for resource-constrained environments.
Despite their robustness against uncertain inputs, rule-based systems lack adaptive self-
learning mechanisms and suffer from inter-agent coordination overhead and performance
degradation in large-scale, complex topographies.

4.3. Machine Learning (ML)-Based Control

Data-driven methods leverage real-time and historical sensor data to adapt to dynamic
conditions. Spatiotemporal feature extractors such as Convolutional Neural Networks
(CNNSs) and Long Short-Term Memory (LSTM) networks are combined with Proximal
Policy Optimization (PPO) for autonomous signal control [52]. Supervised learning hy-
brids, such as KNN combined with bidirectional LSTMs, enhance short-term expressway
forecasting [53], while computer vision (UAV aerial data) [54] and ensemble techniques
(Gradient Boosting, Random Forests) [55] improve traffic density estimation, albeit with
sensitivity to non-recurrent events. Model-free RL, particularly Q-learning, optimizes
signal timing through environmental interactions [56]. To scale beyond isolated junctions,
Multi-Agent Reinforcement Learning (MARL) and Deep Q-Networks (DQN) facilitate co-
operative green-wave control, reducing delay and oversaturated queue lengths [57-59]. Ad-
vanced paradigms integrate Deep RL (DRL) with speed guidance for CAVs [60], Software-
Defined IoT (SD-IoT) architectures [61,62], imitation learning [63], and neuroevolutionary
methods [64]. Despite promising adaptability over classical rules, ML/RL methods
present challenges regarding heavy computational demands, high data dependencies,
non-stationarity, and sensor/communication latency.

4.4. Cooperative and Adaptive Control

Cooperative control leverages Vehicle-to-Everything (V2X), computer vision, and edge
sensing to enable proactive network-wide decisions. Early frameworks prioritized situa-
tional awareness by fusing vision and V2X to broadcast Basic Safety Messages (BSMs) and
Signal Phase and Timing (SPaT) data [65], or combining LiDAR with V2X for obstructed
intersections [66]. Platoon-based cooperative strategies reduce stops and fuel consumption
across signalized [67] and non-signalized [68] intersections. Dynamic adaptive extensions
incorporate pedestrian safety via PIR sensors/IoT [69], queue estimation via connected
vehicle penetration [70], and priority routing for emergency vehicles [71]. At the network
level, virtual-grid architectures [72], joint signal-speed optimization [73,74], Green Wave co-
ordination [75], edge-computing with PSO optimization [76], and live API integrations (e.g.,
Google Maps Distance Matrix API) [77] optimize flow across mixed-traffic and unsignalized
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corridors [78,79]. However, deployment remains constrained by roadside unit (RSU) infras-
tructure costs, V2X market penetration, packet latency, and cybersecurity risks.

4.5. Digital Twin (DT)-Based Control

Digital Twin (DT)-based traffic control has emerged as a promising paradigm in
Intelligent Transportation Systems (ITS), enabling the creation of a virtual replica of real-
time traffic environments through integration with roadside sensors, connected vehicles,
and communication networks. By synchronizing physical and digital traffic systems, DTs
support congestion prediction, scenario testing, and traffic optimization without disrupting
real-world operations. Despite challenges such as high infrastructure costs, communication
latency, cybersecurity threats, data reliability, and the lack of standardized protocols across
heterogeneous junction types, DT-based approaches are increasingly demonstrating their
potential in smart transportation management.

Recent studies have explored DT-enabled traffic monitoring, simulation calibration,
and adaptive control. Afshari et al. [13] proposed a DT platform for coordinated intersec-
tions that integrates LiDAR data with VISSIM simulation, using closed-loop calibration
and genetic algorithms to improve trajectory-level accuracy. While effective, the frame-
work requires validation with more diverse sensing modalities. Zhu et al. [80] addressed
DT-physical twin (PT) mismatch under non-ideal synchronization by introducing a DT-
based adaptive signal control model using a modified Cell Transmission Model (CTM) and
connected vehicle data, combined with genetic and Bayesian optimization for signal tim-
ing. Dasgupta et al. [14] developed a DT-based adaptive traffic signal control framework
using SUMO, demonstrating performance gains over conventional systems. However,
the authors did not consider factors such as weather-induced sensor uncertainty.

Beyond intersection control, DTs have been applied to driver behavior modeling and
cooperative traffic operations. Liao et al. [81] introduced a Driver Digital Twin (DDT) to pre-
dict personalized lane-changing behavior in mixed traffic with connected and automated
vehicles (CAVs), improving prediction accuracy and computational efficiency. Related work
using vehicle-to-cloud (V2C) communication [82] demonstrated safety and emission bene-
fits, though latency and fail-safe mechanisms remain critical concerns. At the network level,
Kusi¢ et al. [83] developed a microscopic DT for motorway traffic using real-time roadside
and vehicle data, while Llagostera-Brugarola et al. [84] employed a macroscopic DT to
manage congestion and pollution on an interurban highway, highlighting the importance
of sensing accuracy and low-latency data transmission.

DT integration with advanced communication and learning techniques has further
expanded its scope. Hu et al. [85] proposed a DT-based real-time traffic prediction
framework for Internet of Vehicles (IoV) environments using 5G networks, achieving
improved short-term flow prediction at the cost of increased privacy and latency challenges.
Kamal et al. [86] applied multi-agent deep reinforcement learning to DT-based adap-
tive signal control, reporting reductions in fuel consumption and carbon dioxide emis-
sions under heavy traffic. However, real-time communication delays remain a bottle-
neck. Similarly, Basheer et al. [87] introduced a DT-driven traffic optimization framework
combining computer vision and edge computing, with performance sensitive to adverse
weather conditions.

DT-based cooperative and multimodal traffic management has also gained attention.
Wang et al. [88] proposed DT-assisted cooperative driving for non-signalized intersections,
demonstrating improved efficiency over traditional signal control, though heterogeneous
traffic and emergency scenarios require further study. Wang et al. [89] extended DT co-
simulation to include pedestrians, addressing a key research gap, but emphasized the need
for real-time deployment. Other works have explored DT-enabled deep reinforcement
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learning for CAV trajectory planning [90], vision-based DT signal control using YOLO and
SUMO [91], and DT-integrated mobile edge computing for lane-changing decisions [92],
all reporting performance improvements while consistently identifying communication
reliability and latency as critical limitations.

Digital Twin (DT)-based frameworks improve real-time traffic control and intersection
performance, especially when combined with learning-based and data-driven methods.
In recent years, reinforcement learning approaches such as graph-based methods and
hierarchical structures have been integrated with Multi-Agent Reinforcement Learning
for traffic control [21,93,94]. These approaches are increasingly used in intelligent traffic
systems as they support both local decision-making at intersections and coordinated control
across larger traffic networks.

Graph-based reinforcement learning models traffic networks as graphs, where inter-
sections are treated as points (nodes) and roads as the connections (edges) between them.
This representation helps learning algorithms better understand how traffic moves across a
network and how congestion in one area can influence other connected regions. In particu-
lar, Graph Neural Networks (GNNs) allow each intersection to combine information from
its neighboring intersections through message passing. This enables the system to learn
spatial relationships in traffic patterns more naturally. As a result, it improves coordination
between connected intersections and better reflects real-world road structures. These meth-
ods are also scalable and suitable for large traffic networks. However, most existing models
mainly focus on nearby intersections and use relatively simple architectures, which limits
their ability to capture long-distance dependencies and overall city-wide traffic behavior.
In addition, computational cost can increase significantly as the network grows.

Multi-Agent Reinforcement Learning (MARL) extends traditional reinforcement learn-
ing by allowing multiple agents to learn and act at the same time. In traffic signal control,
each intersection is typically treated as an independent agent that observes its local traf-
fic conditions and learns a policy to optimize signal timing. MARL frameworks can be
divided into independent learning, where each agent learns separately without coordi-
nation, and cooperative learning, where agents share information or jointly optimize a
shared objective. This decentralized structure improves scalability and allows the system
to adapt to real-time traffic changes more effectively. However, MARL also introduces
challenges such as non-stationarity, where the environment keeps changing because all
agents are learning simultaneously, partial observability, where each agent only sees limited
information, and communication overhead when coordination is required. As a result,
although MARL is effective for distributed traffic control, achieving stable learning and
strong global coordination remain difficult.

Hierarchical Multi-Agent Reinforcement Learning (HMARL) extends MARL by in-
troducing a multi-level structure to improve coordination in large-scale traffic systems.
Instead of treating all intersections equally, HMARL organizes agents into hierarchical
levels. A high-level controller is responsible for broader decision-making, such as coor-
dinating traffic flow across different regions or defining overall control strategies. At the
same time, low-level agents manage individual intersections by adjusting signal timings
based on local observations and guidance from the higher level. This structure allows the
system to combine global and local decision-making in a more organized way. Compared
to MARL systems, HMARL improves coordination across large networks by reducing the
burden on individual agents and introducing structured guidance from higher levels. It
is particularly useful for city-scale traffic systems where purely decentralized methods
struggle to maintain consistent global behavior. However, HMARL increases design com-
plexity because defining interactions between multiple agents and hierarchical levels is
challenging, and it can also make training more difficult due to the added structure.
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The integration of graph-based learning, MARL, and HMARL provides a powerful
framework for traffic control. Graph-based methods improve communication among
agents by modeling spatial relationships, while HMARL introduces structured multi-
level coordination to overcome the limitations of purely local decision-making. In such
integrated systems, GNNs can be applied at different levels, both for local neighborhood
interaction and for broader region-level aggregation. This allows the model to capture both
short-range and long-range traffic dependencies. Despite these advantages, challenges
remain in designing efficient communication strategies, ensuring scalability to large urban
networks, and maintaining stable learning in complex multi-agent environments.

Building on these foundations, Kumarasamy et al. [21] proposed a decentralized
graph-based multi-agent reinforcement learning (MARL) approach for traffic signal con-
trol. Each intersection is treated as an independent agent using a VISSIM-based Digital
Twin to provide real-time traffic state information. The agents coordinate using local and
neighboring traffic data to optimize signal timing. The method reduces delay, queue length,
and emissions compared to conventional actuated signal control. Compared to other
studies, this approach is more suitable for large-scale traffic networks because it supports
multi-intersection coordination.

Zhao et al. [93] and Cao et al. [94] proposed hierarchical multi-agent reinforcement
learning (HMARL) frameworks for urban traffic signal control. In these approaches, traffic
intersections are modeled as multiple agents, while a higher-level controller is introduced
to coordinate traffic behavior across different regions of the network. The low-level agents
control individual intersections based on local traffic conditions, while the high-level poli-
cies coordinate groups of intersections to ensure more globally consistent traffic flow. Both
studies focus on improving scalability and coordination in large urban traffic systems,
with objectives such as reducing congestion, travel time, and emissions, particularly in
sustainability-oriented scenarios. Compared to standard multi-agent reinforcement learn-
ing methods, these HMARL-based approaches provide better-structured coordination
and improved adaptability in complex, dynamic traffic environments, making them more
suitable for city-scale traffic signal control.

Ceapa et al. [95] developed an loT-supported Digital Twin framework that focuses
on real-time integration between the physical traffic system and the virtual model. Traffic
data collected from IoT sensors are continuously used to update the DT, and reinforcement
learning is applied for signal optimization. The framework shows better performance
than fixed-time and vehicle-actuated control in terms of congestion reduction, travel time,
and queue length. Compared to Kumarasamy et al. [21], this method focuses more on
real-time data synchronization through IoT than on multi-agent coordination across in-
tersections. However, it assumes ideal sensing conditions and does not fully consider
communication delay, sensor noise, or occlusion effects.

Zhang et al. [96] proposed a DT-based traffic prediction model using a Temporal Con-
volutional Network (TCN) with an attention mechanism. This study focuses on improving
traffic state prediction rather than direct signal control. The model captures temporal
patterns in traffic flow and selects the most relevant historical data to improve prediction
accuracy. The predicted results are then used within the DT for traffic signal adjustment.
Compared to control-based approaches such as [21,93,95], this method improves decision
support through better prediction, but its performance depends strongly on data quality
and forecasting accuracy. Adarbah et al. [97] introduced a DT-based traffic signal control
system using the BIRCH clustering algorithm with a SUMO-CARLA simulation envi-
ronment. Unlike reinforcement learning-based methods, this approach does not rely on
learning-based control. Instead, it groups traffic patterns using clustering and adjusts
signal timings based on traffic behavior. The method performs well under different traffic
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demand levels but is less adaptive compared to learning-based approaches when traffic
conditions change rapidly.

Lis et al. [98] focused on DT-based traffic planning and infrastructure evaluation
rather than real-time signal control. Their study uses a VISSIM-based DT to test different
intersection designs, including roundabout, turbo-roundabout, and flyover, combined with
an Adaptive Inflow Metering (AIM) strategy. The DT is used for scenario testing and
comparison before real-world implementation. Compared to other studies, this work is
more suitable for long-term planning and infrastructure optimization than for real-time
traffic signal control.

Overall, MARL-based approaches such as Kumarasamy et al. show better performance
in dynamic multi-intersection environments compared to single-agent RL methods such
as Ceapad et al. [95], which mainly focus on real-time IoT integration. Prediction-based
methods [96] improve control performance indirectly through better traffic forecasting
but depend strongly on data quality. Clustering-based methods [97] are simpler and
more stable but less adaptive compared to learning-based control approaches. DT-based
planning methods [98] are useful for infrastructure evaluation but are not directly designed
for real-time signal optimization. Reinforcement learning is more suitable for real-time
control than traditional machine learning because it learns optimal sequential decisions
through interaction with the environment, rather than only making static predictions.

Recent traffic signal control methods work well at individual intersections and small
groups of intersections. However, most of them mainly focus on local or decentralized
control, and do not fully consider coordination at the city level. Approaches based on
Multi-Agent Reinforcement Learning can handle multiple intersections at the same time,
but their coordination is usually limited to nearby intersections. In addition, Graph-based
MARL has been used to model spatial relationships by allowing intersections to share
information with their neighbors. Still, these methods are generally implemented in a
flat structure without higher-level control. As a result, large-scale traffic patterns and
long-distance interactions across the network are still not well captured.

Based on the above, a hierarchical graph-based multi-agent reinforcement learning
framework can improve traffic control at the city scale. A higher-level component can guide
overall traffic behavior, while GNN captures spatial relationships between intersections.
At the same time, decentralized agents control individual traffic signals using both local
and neighboring information. This structure allows decisions to be made at different
levels, improving both local performance and overall traffic flow across the city. The
existing literature demonstrates the growing maturity of DT-based traffic control across
intersections, motorways, and cooperative driving scenarios. However, persistent research
gaps remain in scalable real-time synchronization, robust sensing under adverse conditions,
latency-aware communication, cybersecurity, and standardized DT architectures, which
remain challenges to enable large-scale, real-world ITS deployment. Based on these recent
studies, DT-integrated traffic control frameworks can support near-future decision-making,
where different signal timing strategies can be tested in advance within the Digital Twin
environment, compared, and the most suitable option selected for real-world traffic signal
deployment. However, several challenges remain. Data latency and communication delays
can affect real-time synchronization between the physical system and the Digital Twin.
At the same time, sensor errors and uncertainty can reduce the accuracy of traffic state
estimation. In addition, sufficient computational power is required to ensure real-time
processing and scalable deployment in complex urban traffic networks.

A comparative summary of these control methods is shown in Table 1 including
datasets, simulation platforms, evaluation metrics, and main limitations.
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Table 1. Summary of traffic control methods and their evaluation characteristics.

Method, Reference Key Technique Simulation Platforms Benchmark Datasets Evaluation Metrics Limitations
. PID, GA, K-means, Geomagnetic and radar Sensor infrastructure
Classical [36] Webster SUMO sensor data Road occupancy dependency
Classical [37] GA MATLAB dC:titom real-world traffic Vehicle speed & number Scalability limit
Classical [38] GA MATLAB dC:tsatom real-world traffic Intersection delay time Scalability limit
Classical [39] V2I,GA VISSIM & MATLAB Not specified é\r/legl:;ge delay, stops & queue Computational cost
Classical [40] PSO Not specified Not specified Vehicle speed & flow ghgh communication
ependency
Classical [41] ACO Python-based Custom real-world traffic Density, speed, accident rate Single-area validation
simulation data
Passing, stop, delay, mean Hieh communication
Classical [42] BCO C++-based simulation ~ Not specified calculation time, entrance d &
ependency
speed
. Traditional Mathematical ~C language-based Custom real-world traffic Number of stops and . S
Classical [43] Model simulation data throughput Single-area validation
Classical [44] Delay-Based Traffic Signal Numerical simulation  Not specified Queue length & fairness of Iso!atec.1 Intersection
Control delay validation
Classical [45] Linear QuadraticModel =~ MATLAB Not specified Queue length computation time
Classical [46] Traditional Mathematical Mont? Carlo simulation Not specified Throughput Scalability limit
Model experiments
Classical [47] Traditional Mathematical VISSIM Not specified Que}le length, vehicle delay &  Limited evaluation on
Model traffic volume complex networks
Fuzzy Rule Base Vehicle waiting time, Fuel
Rule-based [48] i SUMO Not specified consumption & carbon Scalability limit
Reduction .
emission
Rule-based [49] Agent-Based Fuzzy SUMO Not specified Waiting time, Fuel usage & Simulation-only validation
Control carbon emission
Rule-based [50] ISJ}lzzy—Based Traffic SUMO Not specified Waiting time, number of signal Simulation-only validation
ignal Control changes & speed
Rule-based [51] Adaptive Fuzzy Logic SUMO Custom real-world traffic ~Traffic volume, travel speed & Iso!ate(;l Intersection
data mean flow rate validation
ML/RL [52] DRL, CNN-LSTN & PPO  SUMO Not specified Waiting time Limited evaluation on
complex networks
S " Limited by the exclusion of
KNN & Bi-directional Custom real-world traffic MAE error, RMSE error &
ML/RL [53] LSTM MATLAB data MAPE error weather & road blockage
factors
ML/RL [54] Deep Neural Network Not specified UAV video dataset Traffic density estimation High-quality UAV image
accuracy dependency
VicTraffic & Victorian
ML/RL [54] GBRT, Random Forest Not specified Government Data MSE error & MAE error Limited data quality
(RF) & XGBoost Di
irectory
Taipei City Government
i . Taiwan Highway Department of . Coordination among
ML/RL [56] Modified Q-learning Capacity Software Transportation Traffic Vehicle delay neighboring intersections
Dataset
Python-based Not specified (Poisson . . Isolated Intersection
ML/RL [57] MARL simulation distribution) Averaged intersection delay validation
Bangkok Metropolitan Throughput, traffic backlog,
ML/RL [58] MADRL SUMO Administration (BMA) mean vehicle speed & total jam  Scalability limit
traffic Dataset length
ML/RL [59] MADRL SUMO Not specified g:zgé“egressure' queue length Scalability limit
Scalability limit &
ML/RL [60] RL PTV VISSIM Not specified Queue length &stop delay communication
dependency
. Shiraz transportation Reliable sensor and
ML/RL [61] DRL Cooperative & SUMO organization & Queue length & delay communication
Adaptive, [65] PR
municipality dependency
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Table 1. Cont.

Method, Reference Key Technique Simulation Platforms Benchmark Datasets Evaluation Metrics Limitations
ML/RL [62] i/c[)icgﬁrf-Deﬁned oT&  Not specified Not specified Average reward Simulation-only validation
. o Communication
ML/RL [63] Deep Learning SUMO Not specified Queue length dependency
Neural Network & Fuzzy Cellular Reliable sensor &
ML/RL [64] ; ) Automata traffic Not specified Delay, velocity & travel time communication
Evolutionary Algorithm .
simulator dependency
Coope.ratlve & Vax Not specified Custom real-world traffic Ob]e.ct.det.echon & Limited infrastructure
Adaptive [65] data classification accuracy
Cooperative & Real-world Custom real-world traffic Communication
per V2X, LiDAR implementation & Object detection & latency
Adaptive [66] . data dependency
testing
Cooperative & Travel time, fuel consumption ~ Lirastructure &
Ligh Platoon control VENTOS Not specified ! P communication
Adaptive [67] & speed d
ependency
Ie tive & Fuel i d Infrastructure &
ooperative Platoon control SUMO Not specified e consumption, speed, communication
Adaptive [68] acceleration & waiting time d
ependency
Cooperative & Real-world Custom real-world traffic Sensor accuracy & weather
Ligh PIR, IoT & CV implementation & Object detection - y
Adaptive [69] . data influence
testing
Cooperative & CAV VISSIM & MATLAB ~ Not specified Queue length Communication
Adaptive [70] P & dependency
. L Sensor accuracy &
Coope}‘ ative & ToT & GPS PTV VISSIM Not specified Lane opening time, delay & communication
Adaptive [71] control messages sent d
ependency
Cooperative & Virtual Grid-Based SUMO & prototype i . . .
Adaptive [72] Cooperative control testing Not specified Throughput & delay Dynamic traffic condition
Cooperative & i Fuel consumption, travel time, .
Adaptive [73] A VISSIM & MATLAB Not specified traffic volume & stop rate CAV-only scenario
Cooperative & e e Delay, utility (social welfare) & Communication
Adaptive [74] VI Not specified Not specified run-fime dependency
Cooperative & Va2X SUMO & MATLAB Not specified Stop time & lane occupation Communication error &
Adaptive [75] P P P scalability limit
Cooperative & Edge Computing, V2I & . - . .
Adaptive [76] PSO MATLAB Not specified Waiting time & speed CAV-only scenario
Cooperative & . . . . Google Maps API
Adaptive [76] Google Maps APIs Prototype testing Google API Estimated arrival time availability & data accuracy
Ie tive & High traffic volume &
ooperative v2v Numerical simulation ~ Not specified Travel time Communication
Adaptive [78] d
ependency
Cooperative & Input traffic density, speed, Vf:cllifig:]:s:ﬁ?a’c Sensor
Ligw V2l MATLAB Not specified stop delay, passing time, fuel & P ¥, oens
Adaptive [79] L2 accuracy & communication
CO, emission d
ependency
Sensor accuracy &
DT [13] LiDAR VISSIM BlueCity API Intersection information communication
dependency
Sensor error &
DT [14] ATSC SUMO Not specified Delay & stop frequency communication
dependency
DT [80] GA &BO SUMO, C++ & Python  Not specified ;\gﬁt;“g time, traffic demand & -~y 1y scenario
Custom real-world traffic Speed, lane merging urgenc Computational time &
DT [81] Driver digital twin SUMO peed, ane MErging Urgency,  ommunication
data lateral deviation & fuel usage d
ependency
. ) Limited field test scale &
DT [82] V2C Real—world . Real-world field test data Fuel usage, p ollut.lon', traffic communication
implementation delay & communication delay d
ependency
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Table 1. Cont.

Method, Reference

Key Technique Simulation Platforms

Benchmark Datasets

Evaluation Metrics

Limitations

Traffic counter, sensors &

Real-world traffic-counter

Traffic counter accuracy &

DT [83] VaX SUMO data Traffic volume communication
dependency
} . Occupancy, flow, speed, speed -
DT [84] va2Xx Aimsun Next Custom real-world traffic deviation, travel time, Communication
data . dependency
pollution & fuel usage
X Data quality &
DT [85] oV Python Custom real-world traffic MAPE error, MAE error & communication
data RMSE error d
ependency
. Scalability limit &
DT [86] RL SUMO dC:tsatom real-world traffic Fuel usage & CO, emission communication
dependency
DT [87] CV & edge computin Not specified The Indian Driving Object detection Data qualit
g P g P Dataset (IDD) ) q Y
DT [88] va2Xx Unity game engine Not specified Speed, vehicle position error & Limited field test scale
update frequency
Custom real-world traffic Limited field test scale &
DT [88] V2P CARLA-SUMO & Unity data V2P warning performance communication
dependency
DT [90] DRL MATLAB/ Simulink & Not specified Speed, delay & computational ~Communication
Highwayenv time dependency
DT [91] YOLO SUMO Bellevue Traffic Video Traffic throughput Communication
Dataset dependency
DT[92] Edee computin Cellular automata & Custom real-world traffic CAV Lane-changing Unauthorized CAV control
& puting LTE-V-based MEC data performance & computational time
ML/RL [93] Hierarchical MARL SUMO dCustom real-world traffic Reyard, queue length, speed & Computational Fomplex1ty
ata waiting time upon network size
ML/RL [94] Hierarchical MARL SUMO Custom real-world traffic  Travel time, delay, throughput 1y, 012ty & privacy
data & emission
Waiting time, queue length & Single-area validation,
DT [95] IoT & Q-learning SUMO UDOT dataset & q & sensor noise & pedestrian
throughput I .
nteraction
. Python, PyTorch & Custom real-world MAPE error, delay, stop & Single-area validation &
DT el TCN attention Cuda &traffic data queue pedestrian Interaction
DT [97] BIRCH clustering SUMO & CARLA Not specified Stop rate & fuel consumption  Scalability limit
Municipal Transport Stop delay, queue length, speed ~ Single-roundabout
DT [98] Adaptive Inflow Metering PTV VISSIM Authority in Rzeszé6w &level fy’ - ! Tuati
(ZT™) evel of service evaluation & sensor error

Of the 19 studies classified as Digital Twins (DTs) in Table 1, only four ([13,81-83])
demonstrate online or connected interaction with the physical traffic system, while the
remaining 15 are evaluated offline. Of these, seven ([84-86,91,95,96,98]) use real-world
traffic or video datasets, whereas the others rely primarily on software-generated traffic.
This indicates that online DT implementations remain limited, motivating the proposed
online DT framework for continuous physical-digital interaction.

The methodological categories used in Table 1 are intended to provide a structured
means of organizing the reviewed literature rather than strictly exclusive classifications.
Because several studies combine multiple techniques, for example, Digital Twins with
ML/RL, IoT, or cooperative V2X control, a study may conceptually span multiple categories.
For consistency, each study is assigned to the category that best represents its primary
methodological contribution.

5. Open Research Challenges

Despite recent progress in Intelligent Transportation Systems (ITS) traffic control,
several challenges remain for large-scale real-world deployment. One major issue is
communication delay in real-time data exchange between sensors, vehicles, and control
centers, which can significantly reduce the effectiveness of traffic signal optimization and
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Digital Twin synchronization. Similarly, sensor failures and inaccurate detections from IoT
devices and vision-based systems can lead to incorrect traffic state estimation, affecting
the reliability of decision-making in intelligent control systems. These issues become more
critical in highly dynamic urban environments where traffic conditions change rapidly.

In addition, scalability remains a key limitation in deploying ITS solutions across
large metropolitan areas. Many existing control methods perform well at isolated inter-
sections, but they struggle to maintain efficiency when extended to large-scale networks
with multiple interconnected junctions. The high computational requirements of advanced
learning-based methods, particularly deep reinforcement learning and multi-agent sys-
tems, further increase the complexity of real-time deployment. Moreover, the cost of
implementing large-scale ITS infrastructure, including sensors, communication networks,
roadside units, and cloud or edge computing platforms, remains a significant barrier for
practical implementation.

Furthermore, cybersecurity and data privacy concerns present additional challenges
in connected transportation systems. ITS environments rely heavily on continuous data
exchange between vehicles, infrastructure, and cloud systems, making them vulnerable to
cyberattacks such as data manipulation, spoofing, and unauthorized access. Such attacks
can severely affect system performance, compromise traffic safety, and reduce public trust
in intelligent mobility systems. Therefore, ensuring secure, reliable, and resilient ITS
operations is essential for real-world implementation.

6. Future Directions

Current DT frameworks rely heavily on microscopic traffic simulators (e.g., SUMO,
VISSIM, CARLA) to validate signal control algorithms, driver behavior models, and coop-
erative intersection strategies. However, simulation environments assume idealized vehicle
dynamics, static roadway friction, and deterministic driver responses, creating a significant
domain gap when transferring policies to physical deployment. Future research must prior-
itize physical-world testbeds and empirical validation protocols. This includes evaluating
DT platforms against unexpected real-world edge cases, e.g., illegal lane changes, vehicle
breakdowns, non-compliant pedestrians, and adverse weather, to demonstrate closed-loop
operational fidelity before real-world actuation. Future research should focus on develop-
ing scalable, reliable, and intelligent ITS traffic control frameworks capable of operating
efficiently in large urban environments. Key directions include integrating Connected
and Autonomous Vehicles (CAVs), Vehicle-to-Everything (V2X) communication, and edge
computing for decentralized decision-making, as well as designing failsafe mechanisms to
handle communication failures. One promising direction is integrating hierarchical and
graph-based multi-agent reinforcement learning with Digital Twin technology, which can
enable both local intersection-level optimization and global network-level traffic coordina-
tion. This combination can improve adaptability and enhance system-wide traffic efficiency
under dynamic and uncertain conditions.

The integration of Digital Twin (DT) technology with advanced techniques has sig-
nificantly advanced intelligent transportation systems (ITS). In particular, hierarchical
graph-based multi-agent reinforcement learning (HG-MARL) has emerged as an effective
framework for large-scale traffic signal control by combining graph-structured modeling,
decentralized decision-making, and hierarchical coordination. DT-integrated HG-MARL
frameworks enable predictive and adaptive traffic control by allowing multiple signal
strategies to be evaluated in a virtual environment before deployment. Despite their ad-
vantages, challenges remain in real-time synchronization, communication latency, sensing
uncertainty, cybersecurity, and computational scalability, which limit reliable large-scale
ITS deployment.
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In addition, future ITS frameworks should emphasize fault-tolerant and safety-aware
control mechanisms to handle real-world uncertainties such as sensor failures, communica-
tion delays, and sudden traffic disturbances. Integrating predictive models with real-time
Digital Twin synchronization can further enhance system robustness and enable proactive
traffic management strategies rather than purely reactive control. Moreover, the adop-
tion of edge computing and distributed cloud architectures can help reduce latency and
improve real-time decision-making performance by processing data closer to the source.
Next-generation communication technologies such as 5G and 6G will also enhance data
transmission speed and reliability in connected transportation systems. Finally, stronger
cybersecurity methods are needed to protect data and prevent unauthorized access in
connected transportation systems, improving overall safety and reliability in ITS applica-
tions. Modern traffic management relies on fragmented subsystems: IoT environmental
sensors, connected and autonomous vehicles (CAVs), unmanned aerial vehicles (UAVs),
computer vision feeds, and cloud routing APIs (e.g., Google Maps). The existing literature
largely evaluates these technologies in isolation. The ultimate challenge lies in establishing
unified, interoperable ITS standards. Future architectures must seamlessly synthesize mul-
timodal data streams, along with sparse CAV trajectory data, continuous camera feeds, IoT
queue metrics, and macro-level routing data, into a standardized data bus. Building open,
interoperable control standards will enable cooperative decision-making across public
infrastructure, private autonomous fleets, emergency priority networks, and vulnerable
road users (VRUs).

7. Conclusions

This review has presented recent developments in intelligent transportation system
(ITS) traffic control, focusing on classical optimization methods, learning-based approaches,
graph-based models, cooperative control, and Digital Twin-based frameworks. The dis-
cussion shows that while traditional methods perform well in limited scenarios, modern
data-driven and multi-agent approaches offer greater adaptability for complex, dynamic
traffic environments. In particular, graph-based multi-agent reinforcement learning and
Digital Twin integration have shown strong potential for improving both local intersection
control and overall city-scale traffic coordination.

However, several limitations remain, including scalability issues, communication
delays, sensor reliability problems, computational requirements, and safety concerns in
real-time deployment. These challenges highlight the need for more robust, efficient,
and fault-tolerant traffic control systems that can operate reliably in large urban networks.
In conclusion, ITS traffic control is shifting towards more intelligent and connected solu-
tions. Future work should focus on improving scalability and enhancing system reliability.
The integration of hierarchical learning, graph-based methods, and Digital Twin technology
is expected to play an important role in next-generation traffic management systems.
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The following abbreviations are used in this manuscript:

ADAS Advanced Driver Assistance Systems
AIM Adaptive Inflow Metering

ANPR Automatic Number Plate Recognition
ATSC Adaptive Traffic Signal Control
BIRCH Balanced Iterative Reducing and Clustering using Hierarchies
BO Bayesian Optimization

BSMs Basic Safety Messages

BSS Basic Service Set

DDT Driver Digital Twin

GBRT Gradient Boosting Regression Trees
GNN Graph Neural Network

HG-MARL  Hierarchical Graph Multi-Agent Reinforcement Learning
HMARL Hierarchical Multi-Agent Reinforcement Learning

LDPC Low-Density Parity-Check

MEC Multi-access Edge Computing
MPC Model Predictive Control

PC5 PC5 Sidelink Interface

PPO Proximal Policy Optimization
PSO Particle Swarm Optimization

RFE Random Forest

RL Reinforcement Learning

RSUs Roadside Units

SDIoT Software-Defined Internet of Things
SEFP Same Entrance Full-Pass

SPaT Signal Phase and Timing

SUMO Simulation of Urban MObility
TCN Temporal Convolutional Network
XGBoost Extreme Gradient Boosting
YOLO You Only Look Once
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