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Abstract
In intelligent transportation systems (ITSs), 

integrating pedestrians and vehicles into traffic 
management models is essential for developing 
realistic and safe solutions. However, current sys-
tems often fail to simulate complex, real-world 
scenarios due to the absence of a compre-
hensive digital twin framework across diverse 
traffic environments and effective modeling of 
pedestrian-vehicle interactions. In this article, we 
propose a surveillance video-assisted federated 
digital twin (SV-FDT) framework to enhance ITSs 
by incorporating pedestrians and vehicles into 
the control loop. SV-FDT improves computational 
efficiency and communication performance by 
transmitting only semantic data and agent parame-
ters, rather than raw video streams. The proposed 
framework adopts three-layer architecture and 
constructs detailed pedestrian-vehicle interaction 
models using multi-source traffic surveillance vid-
eos. The three-layer architecture includes: (i) an 
end layer that collects surveillance videos from 
multiple sources; (ii) an edge layer that performs 
self-supervised semantic segmentation to extract 
interactions, converts them into executable traffic 
codes, and generates local digital twin systems 
(LDTSs) for regional traffic modeling; and (iii) a 
cloud layer that integrates LDTSs into a real-time 
global digital twin model. Key design consider-
ations, challenges, and practical implementation 
guidelines are discussed for SV-FDT, and a testbed 
evaluation is used to show that SV-FDT improves 
traffic flow, reduces mirroring delay, and enhances 
recognition accuracy and system efficiency 
compared to traditional terminal-server frame-
works. Finally, we outline open challenges and 
potential directions for future research in digital 
twin-enabled ITS.

Introduction
Intelligent transportation systems (ITSs) are envi-
sioned to utilize information and communication 
technologies to enhance road safety and traffic 
management. Since pedestrians and vehicles are 

the natural and primary participants in transpor-
tation systems, incorporating both entities into 
real-time decision-making and control processes 
becomes necessary for ITSs, giving rise to the con-
cept of pedestrian and vehicle in-the-loop. Such an 
in-the-loop scheme requires to continuously collect 
and process data from various sources, dynami-
cally adjusting traffic operations based on real-time 
pedestrian-vehicle interactions, with both vehi-
cles and pedestrians acting as active participants 
and decision-makers in the traffic management 
process. Compared to traditional ITSs, which pri-
marily focus on vehicle modeling and often neglect 
pedestrians and their impacts [1], [2], [3], ITSs with 
pedestrians and vehicles in the loop can model 
and analyze the mutual influence between vehicles 
and pedestrians to provide safer, more efficient, 
and human-satisfying traffic management. How-
ever, enabling ITS applications with pedestrians 
and vehicles in-the-loop is non-trivial. It requires a 
cohesive system to characterize real-world traffic 
environments and conduct behavioral simulations 
of pedestrians and vehicles.

Recently, digital twin (DT) has been increasingly 
recognized as a powerful tool for building ITSs, 
offering real-time virtual representations of traffic 
operations to support data-driven decision-making 
and optimize traffic management [4]. The feder-
ated digital twin (FDT), which can be seen as an 
advanced form of DT [1], [2], allows the integra-
tion of geographically dispersed DTs into a unified 
framework. FDT offers significant potential for ITSs 
to achieve pedestrians and vehicles in-the-loop, 
even when traffic participants, environments, and 
infrastructures are spread across different regions, 
each with numerous features and data sources. In 
addition, FDT allows data processing to be distrib-
uted, and thus can improve scalability and reduce 
latency. Furthermore, FDT enhances ITS’ ability to 
predict future events using real-time data updates 
from multiple sources. All these capabilities 
are vital for proactive decision-making, such as 
pedestrian crossing safety and traffic signal optimi-
zation over a large area with multiple correlated 
intersections.
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In recent years, several DT frameworks have 
been developed to advance ITS applications 
[1], [2], [3], [5], [6]. For example, Wang et al. 
[5] proposed a cloud-edge-device collabora-
tive DT framework for mobility services, but it 
did not provide implementation details. A DT 
co-simulation framework for pedestrians and 
vehicles was introduced in [6], but it lacked twin 
agent modeling for these traffic participants. 
Khan et al. [1] and Yu et al. [2] proposed two 
general FDT architectures for ITSs; however, nei-
ther included a technical system implementation. 
Tang et al. [3] presented an FDT-enabled colli-
sion warning framework for autonomous driving, 
focusing on a semi-asynchronous federated learn-
ing scheme to reduce training delays. Despite 
these contributions, most prior works focus on 
high-level architectural designs or isolated appli-
cations, and share several critical limitations: (1) 
Lack of pedestrian-vehicle interaction modeling. 
Existing DT solutions primarily emphasize vehicle 
modeling while overlooking pedestrian-vehicle 
interactions and their impacts on traffic dynam-
ics; (2) High communication costs and privacy 
risks. Centralized ITS architectures require pro-
cessing large volumes of surveillance video data, 
leading to excessive bandwidth usage, latency, 
and privacy concerns; (3) Absence of practical 
FDT implementations. No existing framework 
integrates pedestrian-vehicle interaction mod-
eling with real-time FDT representations in 
complex traffic environments. These gaps high-
light the urgent need for a holistic framework 
that addresses these intertwined challenges.

To address these limitations, in this article, 
we propose a surveillance video-assisted FDT 
implementation framework (SV-FDT) for ITSs 
with pedestrians and vehicles in-the-loop. The 
proposed SV-FDT is built on a cloud-edge-end col-
laborative architecture and introduces the agent 
concept to construct pedestrian-vehicle interac-
tion models. The framework integrates semantic 
segmentation technology [7] for processing sur-
veillance videos, which allows pix-level object 
recognition and offers granular insights into video 
data. SV-FDT can achieve timely video acquisition 
and data integration from multiple sources, pre-
cise modeling of pedestrian-vehicle twin agents 
at different positions, and seamless aggregation of 
local DT models across different regions. To our 
best knowledge, SV-FDT is the first DT implemen-
tation framework to enable ITSs with pedestrian 
and vehicle in-the-loop. Our key contributions are 
summarized as follows:
•	 We propose SV-FDT, a novel cloud-edge-end 

collaborative framework for implementing 
ITSs with pedestrians and vehicles in-the-
loop. Its architecture includes i) an end 
layer that collects surveillance videos from 
widespread traffic surveillance cameras, ii) 
an edge layer that performs visual under-
standing, agent-based interaction modeling, 
and LDTS creation in local regions, and iii) 
a cloud layer that integrates LDTSs across 
geographically dispersed regions to con-
struct a global DT model in real-time. To 
unlock its full potential, SV-FDT seamlessly 
integrates algorithms for semantic segmen-
tation, semantic-to-code transformation, and 
agent-based modeling.

•	 We analyze key design requirements and 
challenges for semantic segmentation-based 
FDT construction in SV-FDT, offering prac-
tical guidance for deploying FDTs via traf-
fic video surveillance. We also highlight 
potential but promising solutions to these 
challenges, inspiring effective SV-FDT imple-
mentation in dynamic transportation.

•	 We validate SV-FDT through a case study 
in the CARLA simulation environment to 
optimize traffic light control in traffic man-
agement. Our results show that SV-FDT 
outperforms traditional terminal-server frame-
works in terms of mirroring delay, recogni-
tion accuracy, and subjective evaluations.

•	 We summarize the open challenges in this 
field and propose future research directions.

Framework of SV-FDT
System Architecture and Key Techniques

The proposed SV-FDT system architecture consists 
of three layers: end, edge, and cloud, as illustrated 
in Fig. 1.

End Layer: This layer consists of terminal 
devices such as surveillance cameras, radars, and 
in-vehicle sensors. Its primary function is to col-
lect large-scale, real-time traffic data, particularly 
surveillance videos. For instance, high-definition 
(HD) surveillance cameras capture detailed visual 
data on traffic scenarios, such as vehicle move-
ment, pedestrian crossings, and road conditions. 
Radars detect and track vehicles and pedestrians, 
providing information on their speed, location, 
and movement. In-vehicle sensors, e.g., GPS and 
ultrasonic sensors, contribute precise real-time 
localization and movement data. In addition to 
real-time data collection, these devices with inte-
grated processing modules perform data fusion. 
Combining information (e.g., the locations and 
speeds of vehicles and pedestrians) from multiple 
sources can reduce uncertainties from solely rely-
ing on a single data source.

Edge Layer: At the edge layer, edge nodes, 
equipped with GPUs or NPUs, are responsible for 
data preprocessing tasks, including i) redundancy 
elimination to video data uploaded by terminal 
devices for abundant storage and bandwidth; ii) 
data aggregation to obtain unified data from het-
erogeneous sources, e.g., traffic cameras, radars, 
and in-vehicle sensors, by combining radar mea-
surements and in-vehicle sensor data with the 
visual analysis results; and iii) synchronization of 
temporal data to minimize latency discrepancies 
[8]. More importantly, the edge nodes should 
conduct semantic segmentation to classify each 
pixel within each frame of surveillance video, 
enabling effective identification of pedestrians, 
vehicles, road markings, traffic signs, barriers, 
and weather conditions. Powered by advanced 
vision encoders, it extracts detailed visual features 
for precise pixel-level classification, continuously 
generating structured semantic data that accu-
rately represents current traffic scenes. After that, 
the edge layer adopts a semantic-to-code trans-
formation module that converts semantic data 
into machine-readable traffic codes, enabling 
their direct use in traffic simulation systems and 
facilitating the DT creation and update of phys-
ical environments by edge nodes. Meanwhile, 
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the edge nodes transmit traffic codes and model 
parameters of twin agents to the cloud layer 
for aggregation to maintain spatiotemporal 
consistency between local and global DT mod-
els. Decision-making and inference results are 
returned to end-layer terminal devices, enabling 
adaptive signal control, path optimization, and 
personalized guidance to improve pedestrian 
safety and vehicle efficiency.

Cloud Layer: The cloud layer aggregates local 
DT models from distributed edge devices, creat-
ing an up-to-date global DT representation using 
traffic codes and agent-based model parameters 
across the transportation network. The global DT 
model continuously adapts to updates from local 
models, capturing new patterns in pedestrian-
vehicle interactions. Only traffic codes and model 
parameters are transmitted to protect data pri-
vacy, safeguarding sensitive information about 
pedestrians and vehicles. After updating the 
global model, the cloud layer distributes global 
DT model parameters to the edge layer for syn-
chronized updates of local models, enhancing 
decision-making accuracy.

Example Scenarios
Here, we present three typical application scenar-
ios of the proposed SV-FDT framework for ITSs 
with pedestrians and vehicles in-the-loop.

Extreme Pedestrian-Vehicle Flow Testbed 
In-the-Loop: SV-FDT can effectively implement 
ITSs with pedestrians and vehicles in-the-loop 
by providing a dynamic testbed to manage their 

interactions. The framework can support vari-
ous automated driving levels, from Level 0 (fully 
manual) to Level 5 (fully autonomous). In each 
scenario, SV-FDT simulates real-world traffic 
challenges, such as sudden pattern changes and 
adverse weather conditions, and adapts by incor-
porating real-time data from diverse sources. 
This integration allows the testbed to reflect 
the varying capabilities of autonomous systems 
across different levels. By leveraging predictive 
analytics and collaborative decision-making, 
FDTs proactively identify and manage potential 
pedestrian-vehicle conflicts, unlike traditional 
testbeds that can only react after these situa-
tions occur.

Emergency and Disaster Management: Inte-
grating pedestrians and vehicles into SV-FDT can 
strengthen emergency and disaster management 
within ITSs. Traditional DT systems without in-the-
loop characteristics rely on historical traffic data or 
static models for delayed emergency responses. 
Unlike these systems, SV-FDT can continuously 
monitor and simulate real-world traffic scenarios, 
and adapt vehicles to unexpected traffic events 
and situations, including traffic incidents, road 
blockages, vehicle breakdowns, and sudden 
pedestrian crowds. Additionally, the system uses 
predictive models to anticipate emergencies, 
enabling the accurate assessment of traffic man-
agement strategies such as rerouting vehicles and 
safety notification of pedestrians. The in-the-loop 
characteristic means that the behaviors of pedes-
trians and vehicles are integrated into the system’s 

FIGURE 1. The overall architecture of the proposed SV-FDT system. SV-FDT consists of three layers: the end 
layer contains multiple terminal devices; the edge layer handles tasks for data preprocessing, semantic 
segmentation, and local DT construction; and the cloud layer constructs the global model and con-
ducts model inferences for ITS applications.
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decision-making processes, allowing for proactive 
rather than reactive management.

Customized Navigation and Travel Guidance: 
Without in-the-loop FDTs, conventional navigation 
guidance systems rely on static or historical traffic 
data. However, they do not account for real-time 
conditions such as pedestrian activities, sudden 
traffic disruptions, or evolving road conditions. 
SV-FDT can be instrumental in enabling personal-
ized navigation systems that cater to the specific 
needs of both drivers and pedestrians. By integrat-
ing data from various sources, such as surveillance 
cameras and in-vehicle sensors, FDTs create a 
dynamic, user-centered environment that adapts 
to individual preferences. For example, commer-
cial drivers can receive guidance to avoid narrow 
streets or select routes suitable for heavy vehicles. 
Likewise, family drivers are provided with opti-
mized routes that prioritize safety and efficiency. 
This adaptability allows FDTs to provide personal-
ized, context-aware travel guidance that enhances 
the user experience and facilitates seamless inter-
actions between pedestrians and vehicles in ITSs.

Design Requirements and Challenges
To establish a cloud-edge-end collaborative frame-
work for real-time FDT construction in ITS, we 
identify the following key design requirements 
and challenges:

1) Ultra-Reliable and Agile Global DT Model 
Aggregation With Pedestrian-Vehicle Interac-
tions: Real-time pedestrian-vehicle interactions 
require ultra-reliable data transmission to ensure 
safety and enable quick adjustments to traffic 
signals and vehicle routing. Therefore, achieving 
“ultra-reliability” and “agility” in aggregating global 
DT models from local data is paramount.

Timely Video Acquisition and Integration 
With Precise Co-Camera Control: Real-time video 
data collection and integration from potentially 
heterogeneous terminal cameras present chal-
lenges in synchronization and coordination [9]. 
Therefore, a distributed network protocol is essen-
tial for timely video acquisition and integration, 
ensuring that video data is aligned temporally and 
processed without delays for real-time and accu-
rate DT modeling [10]. Coordination techniques, 
such as distributed scheduling and synchroniza-
tion, facilitate seamless communication and data 
sharing among devices, ensuring efficient real-time 
video data aggregation from multiple cameras. To 
ensure smooth HD streaming, the end devices, 
typically the surveillance camera, must achieve 
a minimum video transmission rate of 10 Mbps 
and a frame rate of 30 frames per second, sup-
porting H. 264 or H. 265 video coding. Besides, 
cameras can be retrofitted with GPU-powered 
hardware modules to improve efficiency by using 
lightweight semantic segmentation algorithms 
to extract granular motion features of traffic ele-
ments (e.g., speeds, locations, and directions). 
Driven by these technologies, co-camera control 
enables multiple cameras to collaboratively cap-
ture videos from various angles and locations, 
ensuring comprehensive data integrity.

Multi-Source Data Processing and Dis-
tributed Data Synchronization With Privacy 
Protection: Leveraging multimodal data collected 
from diverse sources in ITS, e.g., HD cameras 
and radars, provides valuable insights into ITS’ full 

feature spaces, including the appearance, loca-
tions, directions, and speed of both pedestrians 
and vehicles. Consolidating such information 
requires advanced multimodal data processing 
and distributed synchronization techniques to 
create unified feature profiles. This data pro-
cessing and synchronization process must occur 
efficiently, ensuring quick updates to the global 
DT model. However, collecting and transmitting 
multimodal data across numerous sources may 
face significant privacy challenges. From a cross-
layer security perspective, privacy-aware access 
control and signal protection in both the phys-
ical and data link layer, user indistinguishability 
enhancement, cross-device authentication, and 
customized packet encryption in upper layers are 
essential. Advanced technologies, such as physical 
layer security, local differential privacy, zero-trust 
architecture, and blockchain, can effectively miti-
gate these risks.

Elastic Resource Orchestration for Fine-
Grained DT Visualization Under Traffic 
Dynamics: Edge servers play a critical role in 
constructing DTs with low-latency requirements 
yet face significant challenges. High latency can 
hinder the real-time monitoring of pedestrians 
and vehicles, leading to uncoordinated interac-
tions and safety risks. Therefore, an integrated 
approach to task scheduling, communication 
spectrum management, computing resources, and 
storage allocation becomes essential [11]. Improv-
ing data transmission reliability requires employing 
ultra-reliable, low-latency communication (URLLC) 
technologies such as time-sensitive networks and 
mobile edge computing. These technologies 
support DT services, including immersive virtual 
reality and collaborative autonomous driving. For 
instance, immersive virtual reality demands high-
rate video delivery from end to edge, requiring 
99.999999% reliability and a latency of no more 
than 1 ms [12].

2) Customized and Sustainable Multi-
Agent Maintenance: To enable customized 
pedestrian-vehicle interactions in ITSs, traffic par-
ticipants are modeled as independent twin agents, 
containing virtual models replicating the physi-
cal objects and artificial intelligence for predictive 
decision-making. “Customization” addresses 
diverse and complex user needs, while “sustain-
ability” focuses on the long-term evolution of FDT 
systems. Computational optimization is crucial for 
achieving customized and sustainable multi-agent 
maintenance, ensuring that FDT systems adapt to 
user needs and support sustainable development 
over time.

Achieving Lightweight and Redundant-Free 
Replication of Large-Scale Video Footage: In 
DTs, videos uploaded by multiple terminals 
often contain significant redundancy, consuming 
excessive storage space and network bandwidth 
while increasing the risk of exposing sensitive 
pedestrian-vehicle information. Redundancy can 
hinder semantic segmentation, reducing the 
responsiveness and safety of pedestrian-vehicle 
interactions. Therefore, de-redundancy algorithms 
are essential for constructing DTs and reducing 
storage consumption. To obtain lightweight and 
redundant-free replication, techniques such as 
data deduplication algorithms, model pruning, 
knowledge distillation, video compression, and 
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semantic communication can be employed, pro-
moting effective management of both pedestrians 
and vehicles.

Balancing Standardized and Personalized 
Model Extraction for Pedestrian-Vehicle Agents: 
Achieving a balance between standardization and 
personalization is crucial in pedestrian-vehicle 
interactions. Standardized agent models should 
support some industry standards such as 
UL-46001 and can capture general features, such 
as typical pedestrian behavior patterns and vehicle 
operation modes. In contrast, personalized agent 
models focus on individual differences, including 
walking patterns, driving styles, and vehicle config-
urations. Although commonalities exist, significant 
individual variations must be considered to model 
pedestrian-vehicle interactions precisely. Standard-
ized models depend on extensive data collection, 
whereas personalized models require individual 
feature extraction via deep neural networks. An 
imbalance between the standardized and person-
alized DT model construction in ITS may result in 
low-quality global and local models within FDT 
construction. This significantly degrades the accu-
racy of both i) the global decision-making, e.g., 
traffic control and emergency management; and 
ii) the local decision-making, e.g., customized nav-
igation and travel planning.

Forward-Thinking and Spatially Versatile 
Cross-Model Migration Under Ubiquitous Mobil-
ity: Predicting user behaviors in DT models for 
highly mobile users, such as pedestrians and 
drivers, is challenging due to its inherent unpre-
dictability. For instance, drivers might deviate from 
suggested routes due to personal preferences 
or unforeseen circumstances, complicating the 
transfer of models. To tackle this issue, generative 
AI (GAI) technology can simulate potential user 
behaviors and decision-making paths, aiding in 
scenario forecasting. Transfer learning techniques 
can also be employed to personalize and refine 
the model, enhancing its adaptability to individ-
ual user needs. This approach facilitates effective 
management of interactions between pedestrians 
and vehicles, ultimately delivering more intelligent 
and tailored services.

System Implementation
The SV-FDT framework presented in the section 
“Framework of SV-FDT” shows that cloud-edge-
end collaboration is critical for real-time data 
integration and distributed processing in dynamic 
traffic environments, and continuous model 
refinement and data management can ensure 
local responsiveness and global coherence. In this 
section, we describe in detail the implementation 
of the proposed SV-FDT framework.

DT Construction by Cloud-Edge-End Collaboration
Fig. 2 illustrates an implementation of the 
SV-FDT framework, which incorporates seven 
key steps: real-time video acquisition and integra-
tion, time-sensitive transmission, self-supervised 
semantic segmentation, pedestrian-vehicle 
interaction modeling, and local and global DT 
model construction. It also explicitly visualizes 
the data flow across functional modules at the 
end, edge, and cloud layers. SV-FDT leverages 
the CARLA simulation environment to create 
traffic scenes and develop local and global DT 

models. Prior systems primarily consist of real-
time video acquisition, time-sensitive transmission, 
and DT model construction. SV-FDT addresses 
key gaps by incorporating self-supervised 
semantic segmentation, semantic-to-code transfor-
mation, pedestrian-vehicle interaction modeling, 
and real-time digital twin construction. CARLA, 
an open-source simulator built on Unreal Engine, 
generates high-fidelity traffic environments and 
accurately simulates traffic participant behaviors. 
SV-FDT utilizes CARLA’s map editor to design 
immersive traffic scenarios featuring vehicles, 
pedestrians, and detailed surroundings.

The end layer is responsible for real-time 
video data acquisition via HD cameras and sen-
sors, ensuring timely traffic perception. At the end 
layer, SV-FDT employs HD cameras and other ter-
minal devices to collect and integrate real-time 
surveillance videos, establishing a foundation for 
constructing local and global DT models.

The edge layer handles critical processes, 
such as self-supervised semantic segmentation, 
semantic-to-code transformation, pedestrian-
vehicle interaction modeling, and local DT model 
construction, enabling local-area traffic DT. At 
the edge layer, before semantic segmentation, 
edge nodes perform essential data preprocessing, 
including redundancy elimination, data integra-
tion, and synchronization. After that, semantic 
segmentation algorithms are applied to identify 
traffic elements in the video, such as pedestri-
ans, vehicles, road markings, traffic signs, barriers, 
and weather conditions. Both traffic elements’ 
static attributes (e.g., appearance, location, and 
direction) and dynamic attributes (e.g., speed, 
behaviors, and movement trajectories) can be 
captured. Based on these attributes, semantic 
segmentation generates continuous, structured 
semantic data to support a granular under-
standing of visual inputs. The semantic-to-code 
transformation module then translates semantic 
data into executable traffic codes, which are used 
to generate digital twinning of real-world scenes. 
Such traffic codes define attributes of vehicles 
and pedestrians, including locations, speeds, and 
movement directions. Edge nodes continuously 
update local DT models and simulate pedestrian 
and vehicle behaviors by successively executing 
generated traffic codes.

The cloud layer is a central hub for global 
DT model aggregation via semantic data and 
cross-region decision-making. At the cloud layer, 
servers constantly receive semantic data and 
model parameters of pedestrian-vehicle agents 
from edge nodes to achieve a unified global DT 
representation while ensuring spatiotemporal 
coherence without transmitting sensitive visual 
data. We could exploit the global DT model to 
develop and implement ITS applications running 
on cloud servers, such as traffic signal control and 
traffic flow prediction.

Implementation of Local and  
Global Digital Twins

Real-Time Video Acquisition and Integration: 
Video compression standards, such as H.264 and 
H.265, are applied to reduce bandwidth con-
sumption while maintaining high video quality. 
Adaptive bitrate streaming adjusts video quality 

1 UL-4600 is available at 
https://www.intertek.com/
automotive/ul-4600
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dynamically according to bandwidth availabil-
ity, ensuring seamless streaming. With the time 
synchronization protocol, all video frames and 
sensor data are timestamped for accurate syn-
chronization during analysis. Multi-sensor fusion 
algorithms, such as Kalman Filters, are used to 
integrate data from various sources to ensure 
synchronized object representation across 
modalities.

Time-Sensitive Transmission: URLLC tech-
nologies are employed to enable immersive 
interactions in DTs. Edge computing further 
minimizes latency by positioning computational 
resources closer to data sources (e.g., HD cam-
eras and radars), enabling parallel processing 
of multimodal data and reducing transmission 
delays. Based on latency requirements and impor-
tance, we prioritize data packets such as real-time 
perception, semantic understanding, and signal 
timing control, ensuring critical packets are trans-
mitted first. We dynamically adjust transmission 
rates and route paths according to real-time net-
work conditions and communication needs.

Self-Supervised Semantic Segmentation: We 
prefer self-supervised semantic segmentation 
over unsupervised methods due to its ability to 
deliver real-time, pixel-level insights into traffic 
elements without manual labeling, which is time-
consuming and costly. Advanced models such as 
DINO2 excel at capturing long-range dependen-
cies and contextual relationships, making them 
ideal for complex traffic scenarios. Specifically, 
we enhance semantic perception through a com-
bination of contrastive learning for discriminative 
feature extraction, temporal correlation modeling 
for consistent object tracking, and context-aware 
refinement to suppress background interference. 
To mitigate the effects of occlusion and limited 
viewpoints, we implement cross-camera pan-
oramic feature fusion and Transformer-based 
attention mechanisms that recover missing spatial 
information. Additionally, granularity-controllable 
segmentation allows precise customization of 
output detail to align with user requirements [7]. 
Techniques such as contrastive learning enhance 
the model’s ability to identify key attributes at the 

2 https://github.com/
IDEA-Research/MaskDINO

FIGURE 2. Systematic framework of the proposed SV-FDT. The semantic segmentation module extracts 
vehicle data, e.g., <vehicle, id=A, speed=2m/s>. The semantic-to-code transformation module converts 
this data into executable traffic codes: vehicle1.setID(A), vehicle1.setSpeed(2)). These codes are subse-
quently processed and executed by both local and global DT models.
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pixel level. For example, optical flow measures 
pedestrian and vehicle speeds, while pixel-level 
annotations precisely position traffic elements. By 
extracting static and dynamic attributes through 
semantic segmentation, we generate continuous, 
structured semantic data to support a detailed 
visual understanding of traffic scenes. This seman-
tic data is then converted into traffic codes via the 
semantic-to-code transformation module.

Semantic-to-Code  Transformation:  The 
semantic-to-code transformation module is a core 
component of the framework, converting struc-
tured semantic data into executable traffic codes 
for CARLA simulation. This process uses rule-
based algorithms and advanced deep learning 
techniques, e.g., generative AI and large language 
models (LLMs), to generate traffic codes based on 
traffic elements and their attributes, as illustrated 
in Fig. 2. The transformation logic ensures accu-
rate scene replication within CARLA environments 
by adhering to CARLA’s APIs and command 
structures. We continuously monitor traffic code 
performance in CARLA to maintain accuracy, 
refining the transformation logic as needed to cor-
rect discrepancies. This iterative process ensures 
that the traffic codes are both precise and reliable.

Pedestrian-Vehicle Interaction Modeling: In 
the CAR-LA environment, the vehicular motion 
model is based on a kinematic bicycle model, 
enabling realistic simulation of acceleration, 
deceleration, lane changes, and turning behav-
iors. To explicitly model pedestrian dynamics, a 
collision-free velocity model is employed [13], 
allowing pedestrians to exhibit natural walking 
patterns such as acceleration, deceleration, hes-
itation, and spontaneous crossings in response 
to nearby vehicles and infrastructure layouts. We 
develop pedestrian-vehicle twin agents with both 
standardized and personalized features to sim-
ulate realistic interactions. Using model-driven 
agent modeling, we treat traffic participants as 
independent, autonomous agents, combining stan-
dardized traits for predictable behaviors in typical 
scenarios with personalized features derived from 
individual-specific data. Each twin agent oper-
ates autonomously in the CARLA environment, 
independently perceiving its surroundings, mak-
ing decisions, and executing actions. This hybrid 
approach balances standardized and personal-
ized behaviors, enabling agents to dynamically 
adjust and produce realistic, responsive interac-
tions in complex traffic environments. To enhance 
the system’s ability to model highly unpredict-
able behaviors of pedestrians and vehicles, such 
as sudden pedestrian road crossings and abrupt 
stops, the agent models integrate two core tech-
nologies: semantic-level interaction representation 
and a probabilistic behavior inference module. 
The semantic-level interaction representation cap-
tures high-level intentions of both pedestrians and 
vehicles, including actions like waiting, crossing, 
and hesitating. To address inherent randomness 
and spontaneity, the probabilistic behavior infer-
ence module employs Gaussian process 
regression to generate behavioral predictions. A 
context-aware attention mechanism further refines 
these predictions in real time by adapting to 
interactions with surrounding agents. These com-
ponents enable SV-FDT to effectively capture and 
respond to unpredictable behaviors, enhancing 

the system’s realism and adaptability in complex 
urban environments.

Local and Global DT Model Construction: 
Local and global DT models are constructed and 
updated using semantic data and model param-
eters of twin agents. Edge nodes build 3D local 
panoramic DT models of roads, buildings, and 
infrastructure, either online or offline, and con-
tinuously update them by executing traffic codes. 
These traffic codes dynamically adjust attributes, 
such as weather, vehicle positions, and pedestrian 
presence, ensuring that local DT models remain 
accurate and up-to-date. The global DT model 
aggregates semantic data and agent parameters 
from distributed edge nodes, providing a unified, 
large-scale view of the transportation network. 
Data exchanges between edge nodes and cloud 
servers are designed to maintain privacy and spa-
tiotemporal coherence by omitting sensitive visual 
information. As local DT models update in real 
time, the global DT model synchronizes these 
updates to preserve a consistent and coherent 
representation of traffic conditions across regions. 
Local DT models mirror specific traffic regions 
in ITS applications, such as navigation guidance, 
by incorporating pedestrian-vehicle interactions 
and evolutionary reasoning based on real-time 
updates. The global DT integrates these updates 
to provide a comprehensive network view for 
guiding vehicles and pedestrians along the most 
efficient or safest routes.

To meet the real-time demands of ITS applica-
tions, we introduce a latency-aware synchronization 
mechanism to coordinate local and global DT 
models. The total update delay, Tupdate, includes 
transmission, processing, and aggregation delays. 
To ensure timely responsiveness, we impose the 
constraint:

	 Tupdate ≤ Tthreshold� (1)

where Tthreshold is empirically set to 0.5 seconds 
based on safety-critical latency requirements 
in ITS environments. To satisfy this constraint, 
SV-FDT adopts URLLC protocols and packet prior-
itization techniques to reduce transmission delays. 
Time-sensitive packet scheduling dynamically pri-
oritizes critical semantic data and traffic control 
messages to ensure they are transmitted first. This 
mechanism enables SV-FDT to maintain reliable 
synchronization and real-time DT updates across 
system layers.

Case Study and Experimental Results
Given the overall architecture of the proposed 
SV-FDT framework, this section presents a pio-
neering case study on optimizing traffic light time 
setting, addressing design requirements and chal-
lenges as presented in the section “Framework of 
SV-FDT.”

Experimental Setup and System Design
As illustrated in Fig. 3, we developed a testbed 
platform based on SV-FDT to optimize traffic 
signal timing in ITS. The end layer includes HD 
cameras, radars, and traffic lights. The cameras 
and radars collect visual data, which they pre-
process and integrate locally. The edge layer 
comprises a desktop computer serving as the 
traffic signal control center and five laptops 
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equipped with NVIDIA RTX 4060 GPUs and 
i9-14900HX processors, functioning as edge 
nodes. To enable flexible deployment of edge 
nodes under resource-constrained conditions, 
we employ lightweight semantic segmentation 
algorithms and large language models with sig-
nificantly reduced parameter sizes based on 
available edge resources. One edge node runs 
a lightweight semantic segmentation algorithm 
to monitor pedestrian and vehicle positions, 
generating real-time semantic data on their 
speeds and trajectories. A second node handles 
semantic-to-code transformation, converting this 
data into executable traffic control commands 
for the CARLA simulation environment. A third 
node is responsible for 3D scene modeling, 
generating a panoramic representation of the 
road and surrounding structures. The fourth and 
fifth edge nodes maintain local DT models for 
two subregions, updating them in real time. The 
traffic signal control center uses these local DT 
models to optimize signal settings dynamically.

The traffic signal control center employs 
a fuzzy clustering algorithm combined with 
a density-based spatial clustering algorithm 
(FCA-DBSCAN) [14] to estimate pedestrian and 
vehicle densities. FCA-DBSCAN leverages traffic 
structure, real-time pedestrian and vehicle den-
sities, road width, and pedestrian walking speed 
to enable adaptive signal control. The cloud layer 
hosts two servers: one for generating the global 
DT model and the other for executing global 
traffic signal optimization. Fig. 4 illustrates the 
deployment of the SV-FDT system at the inter-
section of Yuelu Ave. and Wanglong Rd. in Yuelu 
District, Changsha, China. Real-time federated 
digital twin scenes are generated from traffic sur-
veillance videos captured by three cameras. Due 
to substantial traffic fluctuations throughout the 
day, this location serves as an ideal urban testing 
site. To evaluate SV-FDT’s dynamic signal con-
trol capabilities, experiments were conducted at 
07:00, 14:00, and 18:00, representing the morn-
ing peak, off-peak, and evening peak periods, 
respectively. SV-FDT dynamically adjusts signal 
timings based on road width, pedestrian walking 

speed, and traffic volume to enhance safety and 
optimize traffic flow.

The experiments utilized 4-megapixel cameras 
capturing traffic with a bandwidth of 10 Mbps, 
supporting real-time data collection and process-
ing at 30 frames per second. Drone aerial footage 
provided offline video data to the scene modeling 
node, enabling the pre-construction of a static 
3D panoramic DT model. End nodes connect 
to edge nodes via Gigabit Ethernet for efficient 
video transfer, while edge-to-cloud communica-
tion occurs over 5G networks at speeds up to 
200 Mbps. Lightweight UniMatch V2+ DINOv2 
encoders3 perform semantic segmentation to 
track real-time pedestrian and vehicle flow, gen-
erating structured semantic data at 30 times per 
second sent to the semantic-to-code transfor-
mation node. This transformation node utilizes 
the WizardCoder language model as its founda-
tional pretraining model. After fine-tuning with 
semantic data and traffic codes, WizardCoder 
generates executable traffic codes from structured 
semantic inputs. The local DT node loads the 3D 
panoramic model from the scene modeling node 
and uses CARLA to execute these codes, simulat-
ing real-world pedestrian-vehicle interactions at 
the frequency of 30. Meanwhile, the global DT 
modeling node integrates semantic data from all 
local DT models, creating a comprehensive global 
DT model within CARLA. The aggregation and 
updates of the global DT are done less frequently 
than those of the local DTs. Instead, updates 
occur periodically every minute or when signif-
icant changes in traffic patterns, such as traffic 
events, are detected. Ultimately, SV-FDT dynami-
cally adjusts signal timings to improve road safety. 
The case study showcases the feasibility and valid-
ity of the SV-FDT framework.

Performance Evaluation
Performance evaluation of the proposed plat-
form is based on seven key metrics: 1) Mirroring 
Delay: The time required to replicate real-world 
traffic conditions within the digital twin system. 
2) Recognition Accuracy: The proportion of 
correctly identified vehicles and pedestrians in 

3 https://github.com/
LiheYoung/UniMatch-V2

FIGURE 3. The SV-FDT framework-based FDT testbed platform for optimizing traffic signal timing.
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surveillance video frames. 3) Traffic Flow Under 
Different Signal Modes: The volume of vehicles 
passing through the intersection under various 
traffic signal control strategies. 4) Mirroring Delay 
Intervals Under Varying Confidence Levels: The 
distribution of mirroring delays at different con-
fidence thresholds. 5) Delay Under Different 
Resource Constraints: The latency performance 
under limited computational or bandwidth 
resources. 6) Signal Timing Settings Under 

Varying Recognition Accuracy Ratios: Traffic sig-
nal duration settings corresponding to different 
recognition accuracy ratios. 7) Subjective Evalu-
ation: Based on user feedback regarding video 
fluency, cyber-physical consistency, and move-
ment synchronization. Based on experimental 
data at the intersection of Yuelu Ave. and Wan-
glong Rd., Fig. 5 compares SV-FDT with the 
traditional terminal-server framework across the 
above performance metrics.

FIGURE 5. Comparisons on objective measurements. a) Mirroring delay comparison. b) Recoginition accuracy comparison. c) Traffic 
flow in different signal modes d) Delay intervals under varying confidence levels. e) Delay under different resource constraints. 
 f) Signal timing vs. recognition accuracy.

FIGURE 4. Real-time traffic digital twin scenes at the intersection of Yuelu Ave. and Wanglong Rd. at three different times of day (Time: 
7:00 AM, Morning Peak Hour; Time: 2:00 PM, Midday Off-Peak; Time: 6:00 PM, Evening Peak Hour), generated by the proposed 
SV-FDT model based on real-time traffic surveillance videos from three cameras. 
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As shown in Fig. 5(a), the SV-FDT framework 
outperforms the traditional terminal-server frame-
work in DT modeling, achieving significantly 
lower average delay (AVE-DL), maximum delay 
(MAX-DL), minimum delay (MIN-DL), and jitter 
(JIT-DL). This improvement is attributed to two key 
reasons in the proposed SV-FDT: (i) data process-
ing occurs at edge nodes closer to the data source; 
and (ii) only traffic codes and model parameters 
of twin agents, rather than raw surveillance vid-
eos, are transmitted to the cloud. Fig. 5(b) shows 
the recognition accuracy comparison, where 
SV-FDT also performs better, demonstrating 
higher average (AVE-RA), maximum (MAX-RA), 
and minimum recognition accuracy (MIN-RA), 
along with lower jitter (JIT-RA). This is because 
the semantic segmentation algorithm in SV-FDT is 
executed at edge nodes, which can continuously 
learn from local traffic environments, ensuring 
overall recognition accuracy. Fig. 5(c) illustrates 
traffic flow variations under fixed and adaptive 
signal modes at different times of the day. Under 
the adaptive signal mode, the average vehicle and 
pedestrian densities during peak hours are 1.8× 
and 10× higher than those during off-peak peri-
ods, and 1× and 10× higher than those during 
morning peak hours, respectively. Compared 
to the fixed signal mode, the adaptive mode 
effectively enhances traffic flow by dynamically 
adjusting the signal timings, significantly increas-
ing vehicle and pedestrian throughput during 
peak hours. Fig. 5(d) presents the mirroring delay 
intervals at different confidence levels. At con-
fidence levels above 80%, SV-FDT achieves a 
mirroring delay of approximately 0.24 seconds 
while maintaining recognition accuracy within the 
range of [0.90, 0.93]. Fig. 5(e) illustrates mirroring 
delay variations under three different resource 
constraint modes. The results show that the total 
mirroring delay remains below 0.5 seconds even 
when computational or bandwidth resources 
are degraded to 50%, individually or jointly. Fig. 
5(f) shows the relationship between signal tim-
ing settings and recognition accuracy ratios. For 
simplicity, green light durations assigned to three 
different passing directions are selected as illustra-
tion samples. When recognition accuracy ratios 
are higher, signal timing configurations remain 
almost unchanged. In summary, the SV-FDT 
model outperforms the terminal-server frame-
work in both delay and recognition accuracy, 
while demonstrating high robustness and stability. 
Compared with fixed traffic signal settings, SV-FDT 
achieves significant performance improvements 
by adopting adaptive traffic signal timing. Finally, 
subjective evaluations were conducted by 10 vol-
unteers on the test platform. Table 1 shows that 
the terminal-server framework encountered issues 
related to DT modeling delay, inconsistencies, and 
asynchronous movement, whereas the SV-FDT 
framework operated seamlessly. These findings 
confirm that our framework provides an outstand-
ing and immersive quality of experience (QoE) in 
both objective and subjective measurements.

Conclusion and Future Research Directions
This article presents a novel cloud-edge-end 
collaborative framework, SV-FDT, designed to 
revolutionize ITSs by integrating pedestrians and 
vehicles in the loop. The proposed framework 

includes a comprehensive system architecture 
and highlights key design requirements and chal-
lenges for semantic segmentation-based FDT 
construction. We demonstrate several potential 
applications, such as an extreme pedestrian-vehicle 
flow testbed and emergency and disaster man-
agement. A case study conducted in CARLA 
simulation environments validates the effective-
ness of SV-FDT in optimizing traffic management. 
Our results show that SV-FDT outperforms tra-
ditional terminal-server frameworks in terms of 
mirroring delay, recognition accuracy, and sub-
jective evaluations. Furthermore, we identify and 
outline several open challenges.
•	 High-Precision DT Extraction via Multimod-

al Fusion: Extracting and fusing features 
from multimodal traffic data (e.g., images, 
audio, text, videos) enhances the accuracy 
of FDT models in heterogeneous ITS envi-
ronments. While traditional methods rely 
on single-modal data, multimodal models 
require real-time data acquisition and dis-
tributed storage, posing privacy and security 
challenges. Future work will focus on build-
ing FDT models using knowledge graphs 
and deep learning to improve security and 
accuracy.

•	 Seamless DT Synchronization Across Diverse 
Vehicular Communication Systems: Vehicular 
communication devices vary in transmission 
rates, coverage, reliability, and interference. 
Real-time DT synchronization across these 
vehicular communication systems is chal-
lenging. Future efforts will leverage 6G tech-
nology for efficient wireless transmission and 
explore visible light communication (VLC), 
radio frequency identification (RFID), milli-
meter wave (mmWave), acoustic communi-
cation, and low Earth orbit (LEO) satellites to 
optimize DT synchronization.

•	 Extending FDT to Future ITS With Hyper-
Spatial Mobility: As AI advances, future ITS 
will evolve into hyper-spatial systems sup-
porting efficient and secure transportation 
across rail, subway, drone, and autonomous 
vehicle networks. Future research will inves-
tigate deep learning and intelligent control 
technologies to develop hyper-spatial FDT 
models for autonomous decision-making, 
route planning, state monitoring, perfor-
mance evaluation, and fault prediction 
across multiple transport modes. In addition, 
we will explore integrating resource schedul-
ing strategies, such as TD3 [15], into these 
systems to optimize computational resource 
allocation, improve data processing and 
communication efficiency, and ensure real-
time performance with reduced latency in 
large-scale, multi-source environments.

•	 Optimal Traffic Signal Control in Self-
Evolving FDT Systems: Errors in DT models 
can significantly impair traffic signal accu-
racy and decision-making, making optimal 

Framework Video fluency DT consistence Sync.

Terminal-server Choppy Discrepant Asynchronous

SV-FDT Fluent Consistent Synchronous

TABLE 1. Comparisons on subjective measurements.
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FDT coordination highly complex. Future 
research will focus on developing mecha-
nisms to detect and correct inaccuracies in 
traffic DT systems, applying filtering tech-
niques, and leveraging federated learning 
and collaborative optimization to enhance 
data sharing and coordinated decision-
making. For instance, in multi-intersection 
signal control, local SV-FDT agents will use 
reinforcement learning to adjust signal tim-
ings based on real-time pedestrian-vehicle 
interactions. Instead of transmitting raw 
data, only model updates are shared via fed-
erated learning, enabling the cloud to con-
struct a global control policy. Distributed, 
multi-agent learning strategies will be also 
developed to adaptively respond to real-
time traffic, improving both traffic flow and 
road safety. Additionally, we will explore 
adaptive learning mechanisms that allow 
SV-FDT to dynamically respond to diverse 
traffic scenarios. In future work, SV-FDT will 
be equipped with reinforcement learning 
capabilities and semantic feedback loops 
to enable real-time policy updates based 
on local observations of traffic patterns, 
weather conditions, pedestrian flow, and 
vehicle behaviors. These localized models 
will be aggregated via federated learning to 
refine global optimization strategies, allow-
ing SV-FDT to adapt to varying conditions 
across different regions while preserving 
data privacy.
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