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Abstract

A digital twin is a virtual representation of a physical asset that serves as a
pivotal convergence technology that facilitates real-time prediction, optimiza-
tion, monitoring, control, and improved decision-making. It can be widely
applied to various domains, such as automotive, manufacturing, logistics, and
smart cities. The automotive industry, in particular, is actively integrating dig-
ital twins throughout the product life cycle, from research and development,
production, sales, and services to enhance the overall customer experience.
This paper presents insights and lessons learned on software practice and
experience related to implementing smart mobility digital twins, focusing
on the potential of transportation digital twins built from data collected by
electric vehicles (EVs) with EV edge cloud and automated machine learning
(AutoML). Despite current limitations in data sufficiency, we forecast that,
as the SDV trend accelerates and the adoption of EVs increases, the digital
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twin will become essential for the intelligent transportation system (ITS) in
future smart cities, enabling accurate traffic predictions even in areas with
limited road infrastructure. The successful integration of real-time data, high-
performance prediction models, and automated service environments will
enhance the effectiveness toward an SDV edge-empowered transportation
digital twin.

Keywords: digital twin, internet of things, mobility, connected vehicle,
software-defined vehicle, electric vehicle, smart city, transportation, automo-
tive, edge cloud.

1 Introduction

The concept of a digital twin was first born in the aerospace domain when the
US National Aeronautics and Space Administration (NASA) implemented a
physical model of an early spacecraft as a simulation in a computing environ-
ment to predict and reflect problems that may occur during spaceflight [1, 2].
Since then, digital twins have been used primarily in advanced research tech-
nologies in the manufacturing industry and have begun to be used in many
industries outside of manufacturing, including robotics, energy, healthcare
and transportation domains. The scope of application is expanding from
real-world objects to spaces, processes, people, and specific events [1, 3–5].

Recently, the digital twin has developed into a general term for all conver-
gence technologies used to create a twin of a real object in the virtual world,
analyze situations that may occur in advance, predict future possibilities, and
control reality. In other words, it is developing into a convergence technology
that allows (1) digital replicas of objects in reality, (2) performing analysis
and simulation based on real-time or augmented data, and (3) diagnosing
and optimizing the status of objects in reality, and predict, and solve prob-
lems. Industry interest and expectations for digital twin technology can be
confirmed through research forecasts on the digital twin market [1, 6].

Digital twins for mobility in the transportation and automotive domains
have been reported relatively rarely, where the industry is applying digi-
tal twin technology across the entire product life cycle stages, including
research and development (R&D), production, sales, and services, to improve
customer experience. Connected vehicles can also be a good data source
for implementing and realizing mobility digital twins. However, previous
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studies [3–5] have not consider the product development life cycle of
vehicles.

In the recent transportation and automotive industry, the transition to
software-defined vehicles (SDVs) and the expansion of eco-friendly elec-
tric vehicles (EVs) can be cited as the most important trends. SDVs have
the advantage of being advantageous in autonomous driving and electrical
systems and are likely to expand further based on EV platforms in the
future [5,7]. Thus, EVs can be seen as the most important trend in the indus-
try. In addition, EVs are continuously increasing worldwide. Gartner predicts
that they will account for more than 50% of automobile manufacturers’
models by 20301.

In this paper, we explore the practice and experience of building a smart
mobility digital twin based on data collected from EVs, which are currently
on the rise and are expected to be important in the future, and have various
strengths in digitalization such as autonomous driving, connectivity, and
vehicle data collection. To this end, we describe a digital twin case that
builds an EV edge cloud data platform environment that can continuously
collect/analyze data generated from EVs as the Internet of Things (IoT)
edges and perform predictive modeling using automated machine learning
(AutoML).

Our contributions are as follows: (1) We describe the general aspects and
actual implementation of digital twins in the transportation and automotive
domain based on our experience. (2) We share insights and lessons learned
from our implementation experiences throughout the product life cycle.
(3) We evaluate the feasibility of collecting actual EV data and implementing
services through the transportation digital twin case. (4) To the best of our
knowledge, this is a practical case study of a smart mobility digital twin
using real-time EV data with AutoML in the edge cloud environment for
real application.

The remainder of this paper is organized as follows: Section 2 describes
the background and related works. Section 3 presents software practice and
experience on smart mobility digital twins. Section 4 explains a case study of
smart mobility digital twins. Then, guidelines are presented through lessons
learned based on digital twin projects in Section 5. Section 6 is a discussion
of this study. Finally, this paper concludes in Section 7.

1http://www.gartner.com/en/industries/high-tech

http://www.gartner.com/en/industries/high-tech
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2 Background and Related Works

2.1 Edge Cloud

Edge cloud computing is a distributed computing system that integrates
intelligence into smart mobility devices, allowing data to be processed and
analyzed in real-time near the source of data collection. Thus, it improves
response times for processing mobility big data through extensively dis-
tributed infrastructures. This low-latency responsiveness is recognized as
important in an advancing modern society and is also important in the
transportation and automotive domains [8–11]. Nevertheless, using in-vehicle
controllers as edge intelligence is limited by safety and privacy issues, so, in
this paper, we utilize devices that act as IoT edges attached to EVs and enable
the data processing of EVs operating globally to be done close to the relevant
region, thereby reducing latency and load.

2.2 Software-defined Vehicle (SDV)

The SDV is the up-to-date trend in smart mobility, where vehicle software
is central to defining and updating various functions and performances.
Software and hardware are decoupled, functions are enhanced through edge
cloud, and continuous function improvement and maintenance are enabled
through over-the-air (OTA) updates [7]. Figure 1 shows an example of the
full architecture of an SDV.

2.3 Digital Twin

Many previous studies [1, 12–16] have extensively explored different per-
spectives on digital twins, such as definition, characteristics, applications,
enabling technologies, and tools. Rasheed et al. [6] present the definition of
a digital twin as follows: a virtual representation of a physical asset enabled
through data and simulators for real-time prediction, optimization, monitor-
ing, controlling, and improved decision making. They are widely applicable
across diverse sectors, including automobiles, manufacturing, logistics, and
smart cities [17–19]. Meanwhile, Kang [11] presented insights and lessons
learned into software practices and experiences related to implementing
digital twin projects. We extend Kang’s study by presenting a transportation
digital twin built based on data collected from EVs, which are currently on the
rise and are expected to be important in the future, and have various strengths
in digitalization, such as autonomous driving, connectivity, and vehicle data
collection. Transportation digital twins can be used as an element of the



Software Practice and Experience on Smart Mobility Digital Twin 1159

Figure 1 Full architecture of an SDV.

intelligent transportation system (ITS), which will play an important role in
smart cities in the future, and will be used to predict traffic using only data
collected from vehicles in countries with insufficient road infrastructure.

2.4 Related Works

Digital twins for mobility in the transportation and automotive domains have
relatively rarely been reported compared to other domains such as manu-
facturing, aviation, healthcare, education, and cities [6, 12]. Jafari et al. [20]
aimed to survey applications of digital twins in the development of the
various aspects of energy management within a city, including power grids,
microgrids, and transportation systems. The authors in [21] noted that the use
of actual traffic data in real-time motorway analysis has not yet been explored
and focused on simulation with real-time data integration during system run-
time. Yan et al. [22] explored digital twin applications throughout the life
cycle in the transportation engineering sector, segmented into design and opti-
mization of infrastructure development, monitoring and management during
the construction phase, intelligent infrastructure operation, and maintenance.
Wu et al. [23] aimed to provide a reference for the subsequent intelligent
development and construction of the transportation infrastructure in smart
cities using digital twin and AI technology which showed significant advan-
tages in the classification of transportation infrastructure and the management
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Figure 2 Major requirements of a smart mobility digital twin [11].

of a transportation spatial information network. Xu et al. [24] presented the
design, implementation, and use cases of the digital twin toward the vision
for smart city applications for supporting decision-making to reduce traffic
congestion, incidents, and vehicle fuel consumption. Irfan et al. [25] focused
on providing a comprehensive understanding of the requirements, reference
architecture, challenges, and future research opportunities for a transportation
digital twin system. Wang et al. [3] presented a mobility digital twin (MDT)
framework. This MDT consists of three building blocks in the physical space
(namely, human, vehicle, and traffic). A case is built with Amazon Web
Services (AWS) to accommodate the proposed MDT framework.

Despite ongoing research efforts in the field, prior studies have focused on
their own purpose, perspective, and enabling technologies. However, research
on digital twins for smart mobility across the product life cycle has yet to be
done. Since actual EV data are rare compared to traditional cars, there exists
the possibility of discrepancies in the results obtained from previous studies.
Consequently, our objective is to explore and evaluate the smart mobility
digital twin using actual EV data with an EV edge cloud infrastructure and
AutoML for real application.

3 Software Practice and Experience on a Smart Mobility
Digital Twin

The starting point for building a digital twin is to specify requirements, as
with typical software systems. In transportation and the automotive industry,



Software Practice and Experience on Smart Mobility Digital Twin 1161

Figure 3 Applications of a digital twin in the transportation and automotive industry [11].

as shown in Figure 2, the general key functional requirements of digital twin
are as follows:

• Requirement 1 should create an identical twin in the virtual world by
reflecting the characteristics of the physical object in the real world and
connecting the object and the twin.

• Requirement 2 should construct an infrastructure or a platform that can
configure one or more evolving data models by reflecting continuously
collected data in analysis and/or simulation.

• Requirement 3 could provide a means to reflect the results derived
from the model for each individual object (e.g., automatic feedback,
recommendation, and suggestions for decision-making).

A digital twin that performs the above representative functional require-
ments has the following four characteristics:

• Characteristic 1: Two-way data flow where real-time data is
stored/analyzed at the required rate, and the results are synchronized
with reality.

• Characteristic 2: Seamless integration of data from connection with
real physical objects for analysis, simulation, prediction, and derivation
of solutions.

• Characteristic 3: Convergent use of contemporary element technolo-
gies such as IoT, cloud, big data, artificial intelligence, machine learning,
augmented reality, virtual reality, etc.
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• Characteristic 4: Can be applied broadly across business areas to make
prediction-based decisions and optimization, as illustrated in Figure 3 [1,
3–5, 26, 27].

3.1 Reference Architecture

The reference architecture to realize the requirements is a combined frame-
work of city [4], mobility [3], smart electric vehicles [5], and digital twin
frameworks. The city framework proposed in [4], consists of three layers:
(1) physical entities, (2) meta where digital twins and avatars are located
with enabling technologies, and (3) applications layers. The MDT framework
proposed in [3] consists of three components: (1) physical space including
humans, vehicles, and traffic infrastructures, (2) digital space where the
digital replicas of physical entities are activated, and (3) a communication
plane to allow data flow for both directions. Three entities are considered
in this MDT framework: Human, vehicle, and traffic. [5] presents a local
and cloud-based architecture for smart electric vehicles. [25] also presented
a reference architecture of transportation digital twin.

3.2 Steps and Enabling Technology

The digital twin starts with defining the requirements and ends with deriving
the evolving results required by the final product service. It proceeds from the
stages of data collection and transfer, data analytics, and service provision.

Each step illustrated in the upper part of Figure 4 is described as follows:

• Step 1: Define specific requirements: The process of defining the scope
and purpose of the digital twin, selecting the target and scope of

Figure 4 Steps and enabling technologies of a smart mobility digital twin [11].
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implementation, and building a twin in the same form as the physical
entity on the cloud as the realization of the virtual world.

• Step 2: Data collection/transfer: The process of collecting real-world
data such as automobiles, human beings, buildings, factories, transporta-
tion infrastructure, and in-system information in real-time, and quickly
and securely transmitting and storing them to the twin in the cloud using
sensor/communication technologies.

– Collect data in real-time and transfer it to the twin in the cloud.
Real-world data is synchronized by connecting it with twins in the
cloud.

– Measure and collect data from sensors and actuators of physical
objects and transmit the data through the process of communica-
tion, security, connection, pre-processing, and storage.

• Step 3: Data analytics: The process of analyzing data using various
artificial intelligence, machine learning, and big data technologies as
core of digital twin services and improving the accuracy of prediction
models through repetitive simulation.

– Modeling: A technique for finding and structuring complex real-
world data features. It can be said that the core competencies are to
structure all the characteristics related to objects, such as products,
processes, people, spaces, behaviors, intentions and environments,
integrate models, and find suitable models according to the unique
characteristics of the data among numerous modeling methods,
verify them, and improve their accuracy.

– Simulation: Through tests on various conditions that are difficult
to perform in the real world, it is possible to conduct analysis
in the prediction and optimization stages. Simulation of models
that reflect the real world can reduce error rates, uncertainties,
and costs, and can include predictions using statistics, probability,
artificial intelligence, and machine learning.

• Step 4: Service provision: The process of visualizing, linking, execut-
ing, and operating the results in accordance with the purpose of the
service and as the final step to provide the results in the form of an
actual service. It is a process that converts the analyzed results into
information necessary for the product service and transmits them to
support actual service decision-making, including visualization, data
linkage, and execution/operation.
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– Visualization: This is the process of converting and transmitting
the analyzed results into information required for the service so
that users can understand them by means of metaverse, web, or
app.

– Data linkage: This is a service that links data to the final ser-
vice, and it is possible to link with other systems, send APIs or
messages, and combine with other platforms/services.

– Execution/operation: Manage service resources and perform oper-
ation and management for service maintenance such as inspection,
evaluation, and fault detection.

As enabling technologies listed in the lower part of Figure 4 have been
advanced, the digital twin will be realized up to “fully autonomous” without
human intervention by recognizing and solving problems through complex
data modeling and simulations [1, 26, 27].

3.3 Emerging Results

In this section, we will explain emerging results of the smart mobility digital
twin illustrated in Figure 5, within a transportation and automotive com-
pany, for each product life cycle, by dividing them into three stages: R&D,
production, and sales and service [3–5, 26, 27].

The emerging digital twin in R&D is utilized to respond to trends such
as autonomous driving, connectivity and SDV, and build a preemptive veri-
fication platform for software logic and functions. Digital twins are used for
the virtual design of prototypes and virtual verification in a virtual driving
environment. Car makers reported cases of quality control of car design in a
virtual space using a VR headset rather than producing a number of costly car
prototypes. Virtual verification is used to design a new SDV or electric vehicle
model, especially as the proportion of software or artificial intelligence-based
modules increases according to SDV trends. It refers to a method of verifying
modules by creating virtual controllers, components, and vehicles instead of
using real ones, allowing for complex functions to be verified from the early
stage of development. The verified software is continuously updated on the
vehicle in operation through the OTA service. Vehicle data is monitored in
real-time, and the accumulated big data can be used for function improvement
or preventive evolution activities for residual defects.

The emerging digital twin in the production and manufacturing process
is establishing a system of systems to virtually verify and provide feedback
on process and logistics scenarios with the goal of a fully autonomous
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Figure 5 Emerging results of a smart mobility digital twin [11].

production system. Many car makers have reported on their smart factories,
including digital twins. Digital twins can be used to design efficient processes
by creating a virtual process identical to the actual process and repeating
experiments on productivity changes. They can also be used to establish
improvement directions. Utilizing spatial data, it is possible to reduce worker
movement or lower production costs by designing an efficient workspace
through simulation by replicating the production workspace.

The emerging result in sales and services is the smart mobility digital
twin, used to increase customer satisfaction and service value in sales, use,
management, and after-sales service processes. It is used to provide a proac-
tive service by collecting real-time data from customers’ vehicles, customers
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themselves, and customers’ surroundings, as well as providing analysis and
prediction by means of metaverse, 3D, web, and app visualization. A mobility
service provider twinizes smart electric vehicles and uses artificial intelli-
gence, machine learning, and MLOps technology to comprehensively analyze
actual driving data such as charging/discharging, driving habits, parking, and
the environment that can affect a vehicle’s performance. It is being used
to support performance management, such as recommending customized
vehicle and parts management plans for each vehicle. It also performs
monitoring, regular inspection, and parts maintenance of railway/urban air
mobility and passenger cars to provide safety and punctuality in virtual space
and utilizes them to save time and cost. It also builds a next-generation ITS
that delivers driving environment information to vehicles and supports safe
driving through communication between road infrastructure and vehicles, and
is used for autonomous driving testing, provision of road surface condition
information, and road toll charging. To this end, the mobility service provider
is gradually pursuing attempts to streamline customized services and opera-
tions for each target purpose by linking individual vehicle twins and spatial
information and simulating traffic, logistics, and urban environments.

4 Smart Mobility Digital Twin using an EV Edge Cloud and
AutoML

In the recent transportation and automotive industry, the transition to SDVs
and EVs is regarded as the most promising trend. SDVs are likely to
expand further based on EV platforms in the future due to the advantage
of autonomous driving and electrical systems. In this chapter, we discuss
the potential of a transportation digital twin built on data collected from
EVs, which are currently on the rise and are expected to be important in
the future, and have various strengths in digitalization, such as autonomous
driving, connectivity, and vehicle data collection. To this end, we describe
a case study based on a transportation digital twin that builds an EV edge
cloud data platform environment that can continuously collect/analyze data
generated from EVs as an IoT edge and perform AutoML predictive modeling
by analyzing the collected data. Despite the fact that we also provide smart
mobility services for battery and power-related predictions and driver-tailored
guidance recommendations using the same edge-cloud infrastructure and
the same EV data, this paper focuses on the transportation digital twin that
performs traffic speed prediction.
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4.1 EV Data Analytics

We first analyzed the characteristics of collected EV data for the purpose of
using the data of EVs actually driven by drivers and predicting the speeds that
are effective in understanding road traffic.

4.1.1 Data Description
We collected actual driving data directly by utilizing the infrastructure that
can collect the necessary sensor data from 60 EVs. To this end, a terminal
that can collect data from the network in the EV and transmit the data to the
cloud was attached. Data for basic monitoring was collected at 10 s intervals,
and data required for analysis was collected at 1 s intervals. The entire period
was approximately 16 months, from November 2021 to April 2023, driven
in the urban area of a large city. The features judged to be related to vehicle
speed were preferentially selected from the entire EV data. Five engineers and
data analysts with domain knowledge participated in this selection process.
The selected features corresponded to the speed were approximately 300
points. The 300 selected points include accelerator pedal depth, brake light on
status, wheel speed, battery voltage, current, temperature, etc. We note that
the data was collected with the customer’s prior consent, and the collected
data was processed, stored, and analyzed without leaving the country to
comply with local laws. We first conducted an analysis using only the data
collected from EVs, and we used third party and external data to supplement
the data shortage according to the results of the analysis. To supplement the
data shortage and verify the collected data, TomTom data collected as real-
time driving data of vehicles through IoT devices was processed and used as
external big data.

4.1.2 Building an EV Edge Cloud Environment
As mentioned in the previous subsection, a total of 60 EVs were used in this
study. Actual data generated from EVs are transmitted to a cloud environment
through IoT edge devices. The cloud environment used Microsoft’s Azure
cloud environment because it is leading the large language model (LLM)
through recent collaboration with OpenAI and is also leading in AI services
with Databricks analysis tools.

Figure 6 shows a simplified structure of the EV edge cloud data col-
lection and analysis environment built and used in this study. Although
two-way communication is implemented, this paper only describes the archi-
tecture for EV data collection for security reasons. Each EV contains a
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Figure 6 EV edge cloud data platform architecture.

high-performance computer (HPC), as it becomes an SDV, and an IoT edge.
Data collected from the EV edge is stored in Azure Data Lake storage
(ADLS) after basic pre-processing using Azure Function through the Kafka
module in the cloud in the form of messaging. Data stored in ADLS can be
analyzed and visualized using Azure Databricks and Azure machine learning
analysis tools, and modeling for prediction can be performed. We utilized
the AutoML services provided by Azure Databricks and Azure machine
learning. Various services can utilize the generated prediction model in the
form of an API via Azure Kubernetes service (AKS). Overall, the MLOps
environment was built into the infrastructure so that model training and re-
training can be continuously performed through automated data pipelines and
training pipelines. In addition, in cases where analysis is difficult with only
data collected from EVs, a pipeline and Databricks file system (DBFS) for
external datasets was added to utilize third party big data to supplement the
lack of data.

4.1.3 Performance of the AutoML Model
To obtain new insights from EV data, we utilized the AutoML service
provided by Azure Databricks and Azure machine learning. The AutoML
service is an automated machine learning service that automatically generates
a model with the best performance by applying several pre-implemented
machine learning algorithms to a given dataset, including a hyperparameter
tuning process [28]. AutoML was run to predict the vehicle speed for EV
data through Databricks and the Azure Machine Learning Studio. As a result,
each unique ensemble model was recommended as the model with the best
performance. The well-known root mean square error (RMSE) was used as a
performance indicator.

RMSE =

√√√√ 1

n

n∑
i=1

(Yi − Ŷi)2. (1)



Software Practice and Experience on Smart Mobility Digital Twin 1169

The best-performing model had an RMSE value of 23.19 in Databricks
and an RMSE value of 19.13 in Azure ML. The performance of the model
generated with AutoML achieved worse results compared to other traffic
prediction studies [29, 30]. Thus, we confirmed that there was still room for
improvement compared to the results of performing predictions with only the
current EV data, so we decided to perform the analysis by adding external
big data. We explored the minimum data size to reflect the actual road
traffic environment. By synthesizing the opinions of domain engineers, data
analysts, and other application information from the industry, we deduced
that the number of sample sizes could reflect the actual road environment if
it was greater than 10–17% of the actual [31]. The currently collected EV
data was found to be the highest at 8% in the same time zone, and it was
found that the smaller the value was, the greater the error between the actual
speed and the EV speed difference. Therefore, we determined that the current
dataset from 60 EVs was insufficient to represent the road environment.
Therefore, we confirmed that accurate prediction is not viable with only the
data collected from the current 60 EVs, so we decided to proceed with the
analysis by adding external big data.

4.2 Considerations and Enhancement for a Transportation
Digital Twin

In this section, we will examine the potential of a transportation digital twin
built on data collected from EVs. In addition to using spatial information
mainly used for transportation, this paper will describe the acquisition of
real-time EV data as a source, a high-performance prediction model, and the
environment for services.

4.2.1 EV data as a data source
We examine actual EV data from the perspective of data that enables the
transportation digital twins. First, this study collected approximately 300 IoT
sensor data of EVs based on the driving data of 60 EVs located in the urban
area. Analysis was conducted using only EV data, as in Section 4.1, and it was
found that there were shortcomings in prediction performance. To supplement
this deficiency, TomTom data collected as real-time driving data of vehicles
through IoT devices was used as external big data to supplement and verify
the lack of data. We compared and analyzed EV data and TomTom data to see
which set of data showed the best AutoML model performance when learning
the baseline models. The combined method was as follows:
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Table 1 Performance result for each combined dataset
EV only EV+TomTom (1) EV+TomTom (2) TomTom only

AutoML (1) 23.19 6.3847 8.7682 5.2619
AutoML (2) 19.13 6.7400 9.1128 6.4803

Table 2 Performance result for each combined model
TFT N-HITS DeepAR Stack Ensemble Model

RMSE 3.8036 4.8969 1.0569 1.4245

1. Dataset that consists only of EV data
2. Dataset that averages the speed of EV data and TomTom data
3. Dataset that joins the empty time of EV data with TomTom data
4. Dataset that consists only of Tomtom data.

As shown in Table 1, when testing the speed prediction model with the
TomTom data set, the RMSE value was optimal, which can be judged as the
best prediction. The dataset averaged with EV and Tomtom showed the next
best performance. The EV-only dataset showed the worst performance, and
the prediction was lower than that of other data sets. For now, the TomTom
data set that was previously collected is judged to be the most appropriate for
predicting road speed in the environment.

The amount of data collected from the 60 EVs used in this study was
found to be insufficient for prediction. Based on the coverage study [31] on
the estimated number of trips required to cover more than 80% of a city center
through mobility AIoT services operating in large global cities, it is expected
that the number of EV trips that can be collected will increase sufficiently as
EVs increase in the near future while utilizing existing accumulated big data,
sufficient data can be secured to build a transportation digital twin.

4.2.2 High-performance model as a prediction model
In this subsection, we investigate the possibility of improving the prediction
performance through more sophisticated modeling. We predicted the aver-
age speed of a road where enough data was collected by selecting three
well-known methods for time series prediction: RNN-based, MLP-based,
and transformer-based models, respectively. The models we selected in this
process are TFT [32], N-HITS [33, 34], and DeepAR [35]. This paper omits
detailed descriptions of each model since they are beyond the scope of this
paper. Research on traffic prediction models using open datasets can be found
in [29].
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Figure 7 Stack ensemble model architecture.

In this study, after verifying the performance of each model as shown in
Figure 7, we utilized an ensemble model that combines the strengths of the
three individual models to improve the prediction performance. Each model
predicted the average speed by the roadside (upbound: 1, downbound: 0) and
the road segment (three road segments) in 15 min intervals. The final pre-
diction value was generated by combining and averaging the results of each
individual model. The reason for using an ensemble model that combines
three models is that it can utilize the strengths of each model and comple-
ment its weaknesses. Model synthesis can prevent overfitting of individual
models and provide generalized predictions. In addition, since it combines
the predictions of multiple models, it can provide more diverse and suitable
predictions than a single model. As a result, this method achieved 1.4245
RMSE, shown in Table 2, which confirmed the possibility of improving the
prediction accuracy through the model.

Through these results, we were able to see that if we design the prediction
model elaborately through the results of collecting and analyzing vehicle
data, we can achieve sufficient prediction accuracy to build a transportation
digital twin.

4.2.3 Automated ML as a service
Finally, we explore whether we could establish a system that automati-
cally learns predictive models and deploys the models to perform services
simultaneously with data collection.

In Figure 8, the speed of each section of the road was predicted using
the stacking ensemble model, and the actual values were visualized for
comparison. It was re-trained with new incoming data from 17 January to
30 January 30 2023 (2 weeks), and the average speed for every 15 min on
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Figure 8 Results of speed prediction and visualization for each road section.

31 January was predicted. The prediction model showed that it accurately
predicted a decrease in speed during the rush hour on the downbound lane
from 7 to 10 AM. In addition, it was predicted that the speed of the upbound
lane during rush hour from 17:00 to 19:00 would decrease as vehicles exited
the road.

Overall, the MLOps environment was built into the infrastructure so
that model training and re-training could be continuously performed through
automated data pipelines and training pipelines. A prediction model was
created on Azure Databricks, and the created model was deployed through
AKS Service. First, a model was created and saved in Databricks. Afterward,
the models saved in Databricks were loaded and registered in Azure Machine
Learning Studio. After that, AKS was created, and the models registered in
Azure ML were deployed through AKS. Kubernetes was used to consider
future expansion in terms of scalability, high availability, and automation.

In terms of automated ML service, it was confirmed that MLOps ser-
vice could be provided through the EV edge cloud environment, including
automated data pipelines and training pipelines.

5 Lessons Learned

Based on the experience of digital twin projects in the transportation and
automotive industry, the following guidelines are proposed for practitioners
to conduct digital twin projects and apply them in their own business areas in
the future.

• Using the edge cloud is a good option. Edge cloud is a good solu-
tion available at the time as it collects real-time or non-real-time data
from objects, creates models with the data, builds XXOps such as
dataOps, MLOps devOps, and secOps, and fuses multiple enabling
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technologies into one platform, geographically located close to the
user or data source. The edge cloud achieves all four characteristics
of digital twins, including seamless integration and convergent use
of contemporary element technologies. This study outlines deploying
an edge-cloud architecture on Microsoft Azure but is not limited to
Azure. The choice of the cloud platform is regarded as crucial as it
must ensure the security of private data. Public cloud platforms, while
convenient, come with inherent security and privacy risks due to the
loss of control over resources. In contrast, private cloud platforms offer
enhanced security and privacy by dedicating resources exclusively to
a single organization, allowing for greater customization. However,
private clouds are generally more expensive and less scalable than public
clouds, which can offer on-demand resources and greater reliability
through extensive server networks. The decision between public and
private cloud platforms should be based on the specific purpose and
needs of the digital twin services, with a combination of edge, hybrid,
and multi-cloud approaches offering another viable option for building
digital twins.

• A digital twin is not an all-purpose solution. Consider the cost. Costs
should be considered in advance. Even though enabling technologies
like cloud and artificial intelligence have become more common, more
advanced, and cheaper, building a digital twin solution is still expensive.
It is necessary to sufficiently review in advance whether a digital twin is
the right choice. According to our internal survey, for one vehicle, the
variable costs are still 100 times more expensive than expected relative
to the goal of being mass-produced or attractive to customers.

• Decision-making and support from top management are essential. To
realize a digital twin, multi-collaboration between business, R&D, pro-
duction, service, ICT, strategy, and innovation organizations is essential.
Therefore, top-down decision-making and support are essential. In
addition, internal and external domain experts and industry–academia–
research linkages may be necessary.

• Standardization of data, communication, and vocabulary is needed.
Efforts on standardization are essential to accelerate multi-collaboration
as well as internal and external domain experts, and industry–academia–
research linkages. Standards are needed in the transportation domain
to fully implement digital twin technology in connected vehicles.
These standards would enable secure data management and interaction
between different transportation entities and help in designing better
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customer satisfaction services. However, achieving standardization in
the transportation domain may face challenges due to differing interests
between the transportation sector and the automotive sector.

• 3D modeling or visualization is not always necessary. Depending on the
target and purpose of the digital twin, the combined technologies and
final results are different.

• The focus is on model evolution and individualized feedback. Regard-
less of the target and purpose of the digital twin, this statement is usually
true.

• Above all, connecting the value chain is the most difficult task. To build a
digital twin across the entire value chain that connects R&D, production,
and services, co-operation and collaboration between many organiza-
tions and stakeholders, and continuous promotion, are very important.
This is only made possible when top management’s decision-making
and support, standardization, and convergence of enabling technologies
are properly harmonized. Moreover, it takes a long time due to slow and
step-by-step progress, so stable and patient support is needed.

6 Discussion

In this section, we would like to mention additional concerns.

• Privacy. There have been many concerns about personal information.
This means that data collection and utilization must be done with the
consent of the individual for the service. Security must be given special
attention in data storage and utilization, and sensitive information must
be safely utilized through encryption or anonymization.

• Scalability. This study implemented edge intelligence by attaching addi-
tional IoT devices to the vehicle. With the advent of the SDV and the
use of HPC, it is expected that attempts to safely utilize additional
computing in vehicles will be possible in the future. SDVs with true edge
intelligence and edge cloud configurations are expected to be possible.
Amid the recent global chaos caused by cloud failures, continuous
service and operation utilizing edge-based delegation of authority and
multi-cloud are expected to receive more attention.

• Regulation. Despite the above technical possibilities, computing may
not be permitted when the vehicle is not in use or may be restricted by
local regulations.
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7 Conclusion

The paper discusses insights and guidelines on developing smart mobility
digital twins, focusing on their application in transportation and automotive
domains. The potential of fully autonomous digital twins, synchronized with
big data such as urban spatial data and sensor information, is highlighted
for advancing smart mobility and city services. However, more research
is needed, especially as digital twins expand across different applications
throughout the development life cycle.

The future will likely see an increasing demand for diverse digital twin
applications, particularly in transportation, where they can enhance customer
convenience and value through comprehensive analysis of road environments
and mobility data. Despite the limited data from EVs in the current study, the
growing prevalence of SDVs and EVs, which are well-suited for digitaliza-
tion, offers significant potential for developing transportation digital twins.
The rise of SDVs and EVs will further drive the collection of mobility data
and utilization of edge intelligence.

In conclusion, for these digital twins to be effective, it’s crucial to
integrate real-time data, develop high-performance prediction models, and
create automated service environments. They are expected to be key compo-
nents of ITS in future smart cities, capable of performing traffic predictions
even in areas with limited infrastructure. As a smart mobility digital twin
in transportation and automotive domains evolves toward an SDV edge-
empowered transportation digital twin, future studies are expected to address
these real-world challenges in terms of cost, privacy, scalability, regulation,
and standardization.
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