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Abstract
Abstract—Vehicle testing has been an important part in the

development of both highly automated vehicles (HAV) and
advanced driving assistant systems (ADAS). Obtaining a good
representation of the Vehicle Under Test (VUT) is crucial for
test scenario library generation (TSLG). Current vehicle testing
methods often involve calibrating car-following models using
vehicle trajectory data to create static representations that cannot
be dynamically updated. For instance, when multiple vehicle
trajectories are collected, it is difficult to automatically determine
whether a new trajectory improves the model’s representativeness
or degrades its accuracy.

In this paper, we introduce a dynamically updated digital
twin modeling framework featuring an adaptive mechanism
that evaluates new trajectory data. This mechanism can decide
whether to incorporate newly collected data into the current
model or create a separate digital twin model when the trajectory
significantly differs from prior data. Vehicle location, speed, and
acceleration extracted from the newly collected trajectory data
are used to support the dynamic update decision. By integrating
this digital twin model into the test library generation process,
we demonstrate its ability to assist in generating test libraries
while effectively handling newly collected data.

Index Terms—Vehicle testing, digital twin, accelerated testing,
test library generation

I. Introduction
Vehicle testing has been an essential part in ensuring the

safety, reliability, and performance of human-driven vehicles
(HDVs), advanced driving assistant systems (ADASs) and
highly automated vehicles (HAVs). Extensive research has
been conducted, both theoretical [1] and practical [2], to
advance this field. An efficient testing method is needed for ve-
hicles, which are a typical type of cyber-physical safety-related
system. To enhance efficiency and address ethical concerns,
accelerated testing must be applied to obtain statistically sig-
nificant estimation results before vehicle systems are deployed
at scale in real world scenarios. Quite a lot of research has
been done on accelerated testing for HAVs, and such a method
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can be migrated to ADASs. However, few studies focus on
the accelerated testing for HDVs, and this is mainly due to
the nature of human drivers. Compared to code-based driving
principles for HAVs, HDVs differ from HAVs due to the black-
box nature of the human driver’s decision-making process.
Various models have been proposed to explain or predict the
decision process for human drivers. Most of them adhere to
the universal stimulus-response framework [3], [4], yet the
internal mechanisms of decision-making remain understudied
compared to those of code-based HDVs or ADASs.

Common methods in accelerated testing include the gen-
eration of a test library, the selection of the surrogate vehicle
under test (VUT) model, and the estimation of performance in
VUT [5]. The selection of a surrogate model (SM) can have an
impact on both library generation and performance evaluation.
Current work on testing scenario library generation (TSLG)
requires SM to calculate the criticality of the scenario, which
subsequently affects the outcome of TSLG [6]. A significant
challenge arises from the discrepancies between SM’s predic-
tions and actual VUT performance [7], potentially leading to
errors in performance estimation. This issue is particularly
pronounced in the performance estimation of HDVs, which
exhibit greater variance compared to code- and computer-
controlled HAVs [8]. Moreover, considering the variance in
human drivers, the current static SMs deployed for TSLG may
fail to account for the dynamic nature of human driver behavior
as more HDV trajectories become available. To address those
limitations, a better representation model of VUT is needed
in the TSLG for HDVs, and in this paper, we propose to use
a dynamically updated digital twin model as a representation
of VUT in the TSLG problem.

Digital twins (DT) are the detailed digital replica of a
component, product, or system that exists in the real world, and
such a replica covers both the physical and functional aspects
of the physical object, providing all potentially useful informa-
tion for its current and future stages. This is the commonly ac-
cepted definition of DT by Boschert and Rosen [9]. Compared
with pure simulation, the core difference lies within “Twin”,
which ensures a dynamic update mechanism so that the digital
replica remains similar to the physical entity, as this concept
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arises from the NASA Apollo project, according to the NASA
technical report [10]. The dynamically updated property of the
digital twin enables them as a good representation of physical
property in the digital world. The post-damage investigation
of the Apollo 13 spacecraft was the first application that
utilizes the concept of a digital twin along with simulation to
mirror the real-life conditions of the damaged spacecraft and
enabled them to develop and test strategies to safely return
astronauts to Earth [11]. Also, the close resemblance of a
physical entity in the digital world makes them capable of
performing multiple predictions in parallel, simultaneously.
This serves as a great representation of VUT in TSLG as
digital twins by default aim to close the gap of dissimilarity
in the TSLG problem. However, not all trajectories should
be taken into consideration when updating the parameters of
the digital twin model, as the diversity in input data can
greatly diminish the representativeness of the created digital
twin model, if the diversity of the input data downgrades the
centrality of the created model. This means that apart from the
dynamic update mechanism within the digital twin model, a
decision mechanism has to be implemented to determine if a
newly collected trajectory can be used to update parameters
or to create a new digital twin model for newly collected
data [12]. Also, there exists a gap when a limited number
of vehicle trajectories are collected and a new trajectory has
to be classified as to which cluster it belongs or to initiate a
new trajectory cluster for modeling. There are certain cases in
which newly collected data were not seen anywhere. Therefore,
it also remains a problem that in some cases we would need
a digital twin model to react to an environment that was
not seen in the dataset. Calibrated car-following models are
commonly used in TSLG problem, but the dynamic update
of a calibrated car-following model requires more trajectories
to reach a new local optimum of the calibrated car-following
model and thus will greatly decrease the update frequency for
the digital replica of the VUT.

As stated above, there has not been significant research
on performance evaluation regarding VUTs that are driven
by humans, especially those assisted by AI systems. Part of
the reason is the ethical dilemma inherent in testing and
validating a countermeasure in an open driving environment.
The consequence of an accident can result in severe physical
and psychological harm to traffic participants, including the
potential development of a long-lasting effect, namely post-
traumatic stress disorder (PTSD). Research indicates that a
significant portion of mother vehicle accident survivors expe-
rience psychological disorders. For instance, a study [13] found
approximately 23% of the survivors reported psychological
disorder after the accident, with 16. 5% still affected one year
after the incident. Another study [14] found that even without
severe physical harm or direct physical injury can suffer from
PTSD. Therefore, even using a driving simulator for human
participants, there is still a risk and potential mental harm to
human participants if they experience accidents in the driving
simulator, let alone the cost to the human subject. Thus, a good
representation of the human driver is needed from the collected

trajectories. Another reason for this is due to the diversity of
human drivers, modeling of a human driver is harder compared
to that with automated vehicles, and collecting human driver
trajectories is also a problem due to the limited availability of
HDV trajectories.

The high-level logic flow of this paper is shown in Figure 1.
In this work, we propose a new digital twin creation frame-
work that incorporates both passive vehicle response and the
presentation of collective human-driver maneuvers. We also
apply the acquired DT model in the downstream application
for accelerated evaluation to show that our proposed model can
be integrated as a dynamically updated digital replica of the
physical entity and it is possible to utilize larger computational
resources to accelerate the prediction of digital.

Fig. 1: Overall logic flow of proposed digital twin creation
framework

The main contributions of the paper are listed below.

• We propose a framework for the creation of digital twin
models and the updating of dynamic parameters for
human drivers based on the modeling of historical trajec-
tories and the imitation of learning through optimization.

• We propose a digital twin representation model that
consideres both similarity to historical maneuver and the
stimulate-and-response to the surrounding environment.

• We integrate dynamically updated digital twin represen-
tation of VUT into TSLG problem.

The paper is organized as follows. Section II reviews the
relevant studies on the creation of digital twin models in
transportation engineering and the evaluation of accelerated
testing. Section III describes the modeling framework in our
paper, including the high-level formulation of the problem,
ego vehicle maneuver modeling based on historical data,
and ego vehicle response based on model predictive control.
Section IV presents a numerical case study for our proposed
framework based on microscopic traffic simulations conducted
in Simulation of Urban Mobility (SUMO) [15]. We showcased
two distinct driving maneuvers and showed that our proposed
framework can ensure the representativeness of the created
digital twin with the integration of trajectory selection mecha-
nism. Section V provides a discussion of the results, highlights
the limitations, and concludes the entire work.
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II. Related Works

A. Digital-Twin-Related Work in Transportation Engineering
Digital twin indicates a digital replica of the real-world

entity. Following the definition in [10], the first attempt to use
the digital twin as a prediction to assist optimization of system
performance is founded in the investigation of the Apollo 13
project [11]. Unlike the original definition in NASA, digital
twin technology in transportation engineering now integrates
two-way data flow, AI-based dynamic updates [16], and real-
time parameter synchronization across diverse applications
such as VRU protection [17], IoT cybersecurity [18], risk
assessment [19], autonomous vehicle control [20] and so on,
thus serving as an important tool for advancing urban mobility
and intelligent transportation systems.

One of the differences between digital twin and pure simula-
tion lies within the ”Twin” capability of the digital replica for
the representation of the digital twin, as well as the dynamic
update mechanism for digital twin, which pure simulation
lacks [21]. A complete data update process for a digital twin
system consists of the following steps: initialization, model
construction, and scenario-based prediction. In this process,
the digital twin is applied to simulate real-world scenarios,
with the collected trajectories used to iteratively refine and
update the parameters of the digital twin model. The digital
representation of the target entity can run parallel in the digital
world, meaning it is possible to utilize the comparatively
high computational resources on the cloud side to perform
multiple runs under perturbed situations. This can serve as
a reference to improve system design [11]. There have been
several applications utilizing a similar concept. [21] used the
digital replica of the tire rotation model to help adjust the
developed controller. In this work, the authors first build
a digital replica of the tire model that integrates domain
knowledge and the collected data. Then this digital twin of
the tire is used to predict the rotation angle of tire under
different driving conditions. Finally, the prediction result is
utilized by the test vehicle controller. The work presented in
[22] also utilizes the digital twin for prediction, and in this
work the digital twin was utilized for driver modeling, and
the result of the model is integrated into the generation of
control commands. There had been some work considering
the digital twin with intelligent transportation system, yet not
much touched on the part of using the digital twin as a more
accurate representation of the evaluation target.

B. Accelerated Testing for HDV/ADAS
Numerous vehicle tests have been performed for the HD-

V/ADAS system, and among them there is also significant
work on accelerated testing, with the aim of having an accurate
estimation of the crash rate of vehicles with a significantly
lower number of testing cases needed. This kind of problem
is called testing scenario library generation (TSLG) [6], which
uses a surrogate model (SM) to estimate the crash rate and a
Monte Carlo Markov chain (MCMC) to sample the selection
of the cases from the generated testing library. Despite the

difference in aspect from vehicle engineering and transporta-
tion engineering, they all involve the consideration of exposure
frequency and criticality of the testing cases themselves. The
calculation of the exposure frequency relies on the collected
Naturalistic Driving Data(NDD). A key challenge in estimating
the exposure frequency from NDD is accurately accounting for
events that have not occurred. This issue has been addressed
in [23], which focuses on improving estimation methods for
such cases.

Accurately creating SM for accelerated testing is also an-
other issue for performance estimation. As stated in [7], the
error between the actual vehicle model and the constructed
SM is the key contributing factor to the difference between
the estimated crash rate and the actual crash rate. For the
construction of SM, several works utilized different methods.
Research work in computer software engineering [24] directly
used the digital representation of middleware and decision
systems as SM, as they can be executed multiple times in
different environments without directly involving the physical
entity of the test vehicle. There may be issues with using
only the digital system to evaluate system performance: 1.
computation load is large if it is running on all cases 2. no
consideration of the physical part of the test vehicle. This
means a better representation of VUT is needed. Calibrated
car-following models were used by [6], [25]. This proposed
static representation of vehicle dynamics replaces the actual
testing vehicle for the estimation of the criticality of the crash
rate. The issue with calibration of a car-following model is that
the newly collected trajectories could not directly contribute
to the parameter update, and it takes multiple trajectories for
the new car-following model’s calibration to converge. Also,
there is no selective mechanism of calibrating car-following
when new trajectory data are collected. Thus, if the newly
collected data differs a lot from the historical dataset, then the
calibrated car-following model could not accurately represent
the maneuver of the set of trajectories from historical data.
Therefore, a representation of VUT with both dynamic update
and selective update mechanism is needed, which we represent
in our work.

III. Methodology
This work proposes to validate the workflow of online

updating digital twin with the corresponding application in
the downstream area. The digital twin is built from col-
lected trajectories, and we also include a trajectory acceptance
mechanism to make sure the newly included trajectories do
not differ from the originally created twin too much. In this
section, we will describe the proposed digital twin formulation
mechanism, the digital twin model along with the mechanism
to determine if the newly collected trajectories will be accepted
for parameter update. The entire data update workflow is
shown in Figure 2.

A. Digital-Twin Framework and Components
The digital twin representation of our proposed work con-

sists of two parts: the parameter and its corresponding model-

145

Authorized licensed use limited to: Augusta University. Downloaded on December 19,2025 at 02:14:56 UTC from IEEE Xplore.  Restrictions apply. 



Fig. 2: Data update workflow

predictive control based control generation, and a ”reference
trajectory” generated from Gaussian Mixture Model(GMM).
The GMM was trained from historical collected trajectories
and can generate a reference trajectory that has the highest
probability of occurrence with weight adjustment given the
initial ego vehicle state. The model predictive control-based
optimization generates trajectory that are as close to the
original collected maneuver as possible in the consideration
of safety, mobility, comfort and energy.

Note that our proposed digital twin creation and modeling
approach captures the responsive behavior of the vehicle under
test. Therefore, both components of the digital twin framework
are needed: one for ego vehicle maneuver modeling, the other
for responding to surrounding environment. GMM is used to
model the maneuver of the ego vehicle and does not consider
interference with the surrounding environment. GMM-based
reference trajectory generation ensures that, given the initial
state of the ego vehicle, the digital twin can generate a vehicle
trajectory profile that is close to the collected trajectory cluster.
MPC-based control ensures that the vehicle response is close
to the historical trajectory cluster.

We can define the whole problem as an optimization prob-
lem at the high level. In order to explain the whole problem, we
need to introduce some definitions and annotations. First, we
define a data point within the trajectory. Each data point on the
trajectory is denoted as pi with definition pi = (ti, si, vi, ai)
where t denotes the time frame, s denotes 1D location within
the road network, v denotes vehicle longitudinal driving speed,
a denotes the vehicle’s longitudinal acceleration at that time
stamp. Then we denote the whole trajectory for a single record
as Tj = {pi = (ti, si, vi, ai)|i = 1...N} where N is the
fixed trajectory length in our framework, and j is the record
id with regard to the collected trajectory set. Note that the
original data record for a single vehicle might have multiple
trajectory records, as the record for a single vehicle might have
a longer time compared to the planning horizon we define in
our framework. In that sense, we use rolling horizon to crop the
original collected HDV trajectory for multiple sub trajectories,
and each sub trajectory is regarded as an independt record in
out digital twin system. Then we denote the set of trajectories
as Xk = T k

j , j = 1...M where the upper note of the trajectory
record T k

j refers to the label of the trajectory, and the footnote
j refers to the index of trajectory record in the corresponding
trajectory set.

The high-level formulation of the digital twin creation
problem can be formulated as an optimization problem,
with the notation mentioned above. We first define a set of
historical trajectories as H = (Xe, Xl) where Xe is the set
of ego vehicle trajectories and Xl is the set of corresponding
leading vehicle trajectories. Our aim is to build a digital
representation that can represent the common maneuvers
from Xe while reacting to different background scenarios.
The modeling process of the digital twin model itself can be
formulated as an optimization problem below:

min
πk,µk,Σk,w

J(P k(Xe), w,Xl) (1)

where:
• P k(Xe) denotes the GMM model trained from the tra-

jectory in set k.
• w: Weight parameter balancing the influence of ego and

leading vehicle trajectories.
• J(P k(Xe), w,Xl): Predefined cost function based on

model predictive control formulation to ensure that the
learned weights and GMM model can represent historical
trajectories of the ego vehicle as close as possible

The GMM model P k(Xe) is defined as :

P k(Xe) =
K∑

k=1

πkN (Xe | µk,Σk) (2)

where:
• πk: Weights of Gaussian components,
• µk: Means of Gaussian components,
• Σk: Covariance matrices of Gaussian components.

Note that this is the high definition of problem formulation.
The modeling of GMM, the formulation of model-predictive
control based trajectory generation problem, and trajectory se-
lection for parameter update will be discussed in the following
part of this section.

B. Gaussian Mixed Model-based Historical Trajectory Mod-
eling

Certain data augmentation methods have to be used to
mitigate the gap between the limited number of collected
trajectories versus the required for ”ground truth” trajectory
when applying for prediction. In our dynamic-updated digital
twin for the accelerated evaluation framework, we also intro-
duce a trajectory selection mechanism to ensure the newly
collected trajectory could be properly used to update the digital
twin model parameter. We introduce a GMM based modeling
approach to cope with the two mentioned need.

In our previous work [26], we have cooperated with GMM
in the task of modeling crowd-sourced trajectories where
GMM shows capability of capturing changing and dynamic
patterns in the HDV trajectories in the work zone. In this
work, the trajectories are modeled on a 1D control sequence
considering time-spatial properties. Therefore, the trajectories
are modeled as Tj = {(ti, si, vi, ai)|i = 1...N} where each
i represents the time index within the trajectory starting from
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the initial state, and the j under the note of T represents the
trajectory index. To simplify the problem here, we use fixed-
length trajectories and long trajectories are divided as length
N with sliding window approach.The modeling of trajectory
using GMM is shown as follows:
Trajectory Modeling as a 4D Gaussian Mixture Model (GMM):
In order to obtain trajectory modeling with 4D GMM, we
need to obtain the probability density function (PDF) of the
GMM, which is defined as equation (2). For a given GMM
model, Each Multivariate Gaussian distribution is defined
through mean, covariance, and the whole GMM model is a
combination of multiple Gaussian Models.

Training the GMM: To estimate the parameters πk, µk,Σk

for each Gaussian component, the Expectation-Maximization
(EM) algorithm is used:
E-step: Compute the posterior probabilities (responsibilities)
for each data point belonging to each Gaussian component.

γnk =
πk N (Xn | µk,Σk)∑K
j=1 πj N (Xn | µj ,Σj)

(3)

M-step: Update the parameters πk, µk,Σk using the responsi-
bilities:

πk =
1

N

N∑
n=1

γnk (4)

µk =

∑N
n=1 γnkXn∑N
n=1 γnk

(5)

Σk =

∑N
n=1 γnk(Xn − µk)(Xn − µk)

T∑N
n=1 γnk

(6)

GMM Parameters obtained: After training, the GMM pro-
vides the following:

• Component weights (πk): Represent the proportion of
the data assigned to each Gaussian.

• Means (µk): Represent the center of each Gaussian
component in the 4D trajectory space.

• Covariances (Σk): Capture the spread and correlations
between t, s, v, a within each Gaussian component.

C. Inverse Reinforcement Learning based Control Maneuver
Generation

There are several ways to construct a digital twin using
human driving data. In this paper, we formulate the trajec-
tory generation problem as an optimal control problem using
Model Predictive Control(MPC). The reason for using MPC
to formulate the problem is that MPC has been widely used
for vehicle control [27]–[29], and they can properly model
the decision making process by integrating multiple factors
into the decision-making process, similar to human driver
decision making process [30]. The weight of MPC is obtained
from historical data with inverse reinforcement learning and
optimization. Similarly to the method presented in [31], we
first construct a nonlinear model predictive control model with
cost functions, then we use the inverse reinforcement learning

(IRL) method to obtain optimal weights for the cost function
with respect to the optimal control model presented.

The trajectory generation model is formulated as a non-
linear optimal control model, which we used for the construc-
tion of the digital twin model in this paper. The model is
represented as follows.

argmin
s1:N

5∑
i=1

θifi(s, u) (7)

s.t. u ∈ U (8)

where N is the planning horizon, s1:N denotes the generated
control sequence on ego vehicle through out planning horizon
considering interaction with surrounding vehicles and similar-
ity to collected trajectories. U is the control set of the target
ego vehicle, θ is the weight vector based on the formulation of
MPC and is obtained through IRL training. fi denotes features
utilized in the MPC problem, where each feature represents
one aspect of the model. Several features are calculated, and
a cost function is designed for the optimal control problem.
The features used are listed below:

• f1 = 1
N

∑N
1 a2i , which calculates the average acceleration

throughout the planned trajectory.
• f2 = 1

N−1

∑N−1
1 (ai+1 − ai)

2, which calculates the
average acceleration change in each time step throughout
the generated trajectory. This feature represents the jerk,
and the large jerk is penalized to ensure that a comfortable
trajectory is generated.

• f3 =
∑N

k=1(x
n
k − xi

k) −
(
s0 + t0 · vik +

vi
k·(v

n
k−vi

k)
2ab

)
calculates the safety feature for the ego vehicle during car-
following scenarios. This feature tries to model the ego
vehicle’s response throughout the car-following process
in the planning horizon.

• f4 is the terminal feature that is used to ensure that the
generated trajectory also serves as the digital replica of
the historical trajectory set.

• f5 is the stepwise feature that is used to ensure that the
generated trajectory can closely represent the ground truth
at each step.

As stated, the DT itself consists of modeling for ego
vehicle maneuver as well as responsive maneuver. The MPC
formulation is used to model the responsive maneuver, and the
local optimum for weight factor θ is trained through IRL and
serves as part of the DT model.

D. Parameter Update for Digital Twin: More Means Better?
We include a trajectory selection mechanism in our

framework in which we have to determine the similarity
between the newly collected trajectory and the historical
trajectories. The similarity of the trajectory is determined by
the probability that the trajectory belongs to the distribution
defined by pre-trained GMM, which is shown below:

We have a newly collected trajectory Tj = {pi|i =
1, . . . , N}, where pi = (ti, si, vi, ai). For pretrained digital
twin we denote it as P k(Xe), where the label k represents
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driving maneuver k and Xe represents the training set of
that specific maneuver. P k(Xe) is described with parameters
πk, µk,Σk. Here we evaluate the probability that the trajectory
Tj belongs to the trajectory collected in set k using the
log-likelihood of the trajectory under the GMM, which is
calculated as:

logP
(
Tj | P k(Xe)

)
=

T∑
i=1

log

(
K∑

k=1

πk N (Xi | µk,Σk)

)
,

(9)
where the multivariate Gaussian probability density function

is defined following (2).
If there are multiple m pre-trained GMMs denoted as

P 1(X1
e ),...,Pm(Xm

e ), then a new digital twin model will
be initiated if the new data satisfy none of the pre-trained
and historical vehicle maneuvers. The determination of such
process involves calculate the log-likelihood of the trajectory
under each GMM:

logP (Tj | P k(Xe)), for k = 1, 2, . . . ,m. (10)

The selection of new data will be determined based on the log
likelihood, and the new trajectory will be used to update the
DT model parameters correspond to the GMM model with the
highest log-likelihood:

P ∗(Xe) = argmax
q

logP ((Tj) | P q(Xe)). (11)

where
q ∈ 1, ...,m

And it should also be noted that there exists possibility that
new trajectory is not similar with any set of the historical data.
In that sense, the inclusion of new trajectory data Tj in the
DT model with the label k will only be accepted if and only
if logP ((Tj) | P q(Xe)) ≥ γ, where γ is a predetermined
threshold.

IV. Case Study
In this part, we present the setup and baseline of the

experiment used for comparison.The aim of our case study is
to demonstrate that: 1. our proposed new modeling approach
for the digital twin model can integrate with the TSLG
problem and support the calculation of scenario criticality;
2. the mechanism of selective trajectory integration into the
DT model can ensure the representativeness of the DT model
created. The content of this section involves the description
of simulation environment, the setting for the two different
driving scenarios which we used for creation of different
DT model. Then we evaluate the created DT model in the
evaluation of criticality and then integrate the DT into TSLG
problem with NDD data collected from real-life scenarios.

A. Experiment Environment Setup
A microscopic simulation environment using SUMO [15]

is used to generate traffic data for both the VUT and the
background vehicle for different driving scenarios and working

conditions. In the simulation environment, we generate groups
of vehicles on a high-definition map, and the geometry of the
map is provided by ExiD dataset [32]. The reason for using
the HD map from ExiD is that we use the NDD data collected
from ExiD to calculate the exposure frequency, and to ensure
that the driving maneuver fits the scenario, we use the same
working condition and road geometry for the NDD data.

For the same road geometry, we generate two sets of vehi-
cles representing different driving patterns. We use Intelligent
Driving Model(IDM) [33] to control background vehicles
using the simulation environment provided by SUMO. To
ensure that the vehicle maneuver generated is reasonable, we
adopt the IDM car-following model parameters from previous
published work [34] and implement the two representative
car-following maneuvers in SUMO for generation of HDV
trajectories, which will be applied in the DT creation and
TSLG problem later.

To integrate the DT into the generation of testing library
with regard to car-following scenarios, we first model the target
scenario and then obtain distribution based on the NDD. To
simplify the scenario, we use constant speed assumption for
the background vehicle when considering car-following cases.
In our scenario, we model the state of the scenario as r, ṙ, vego
where r denotes the range between the front vehicle and the
ego vehicle, ṙ denotes the speed difference between leading
vehicle and the ego vehicle, vego denotes the speed of the VUT.
We also limit the range of car-following cases to less than
80 meters, as a higher car-following distance means a lower
interaction between the ego vehicle and the leading vehicle
and the maneuver of the ego vehicle will be dominated more
by the free-flow pattern than by the car-following pattern [35].
To ensure that the generated test library does not overestimate
the occurrence of critical events, we calculate the exposure
frequency of NDD and have the exposure frequency shown
below as:

Fig. 3: Exposure frequency for NDD data on test scenario

B. Digital Twin Generation with Certain Set of Trajectories
After collection of HDV trajectories (in this work, we

use SUMO-generated trajectories), we perform DT modeling
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for ego vehicle maneuver and responsive maneuver. For ego
vehicle maneuver, we perform GMM modeling based on
collected vehicle data. Note that the original modeling is
a 4D GMM model, which makes it hard to visualize, and
here we just visualize the GMM model for acceleration and
speed to illustrate the difference between two kinds of driving
maneuvers. It is also notable that the collected data are discrete
and there are always the case when historical data do not have
relevant record with regard to new initial state of trajectory.
In such a sense, the GMM model provides a good estimation
of missing data. As shown in Figure 4, the issue of missing
data occurs due to the observation is limited, and the GMM
provide estimation for such missing data as shown in Figure 5.

Fig. 4: 2D histogram visualiztion of speed and acceleration
from training data

Fig. 5: 2D visualiztion of GMM result based on training data

For modeling of the responsive behavior of the ego vehicle,
we follow the formulation of the MPC problem mentioned in
equation (8), and we train the parameter of MPC formation
based on Inverse Reinforcement Learning shown in [31]. The
trained parameter is a local optimum of the historical recorded
dataset, and the parameters are obtained only when the training

converges, as shown in Figure 6. The trained local optimum
parameter at this step, along with the obtained GMM model
and predefined MPC formulation in equation (8), forms the DT
model as a whole, and we evaluate the capability of “twin” in
the following part.

Fig. 6: Convergence figure of IRL training process

C. Evaluation of Similarity for the Proposed Framework
To ensure the correctness of the selected models, we tested

the correctness of the DT model based on our simulation
method and show the result as follows. To simplify the
annotation, we abbreviate ground truth as GT in the following
section.
Individual Case illustration: To validate the capability of
our proposed model to generate maneuver similar to pre-
recorded trajectories while also showing similar maneuver
response to background vehicles, we first conducted individual
level evaluation and presented the results as follows. At this
level, the evaluation focused on comparing the individual twin
representations against GT data from test cases. We perform a
comparison and evaluation that includes location, speed, and
acceleration. Each record was individually analyzed to evaluate
the performance of the digital twin model by examining
whether the outcome of digital twin model can align with
its corresponding ground truth trajectory. We plotted vehicle
profile of the ground truth and DT model for visual assessment
of the model’s performance in replicating historical data. The
comparison of outcomes is shown below:
In Figure 7, we plot the time-space diagram for both the
ground truth and the result from DT. We compared the location
profiles of the vehicle’s GT data against the corresponding
DT representation. Given that the test scenario focuses on car-
following behavior, a time-space diagram was used to visualize
and analyze the results. This plot illustrates the spatial and
temporal trajectories of both the ground-truth and the DT
models, providing a clear comparison of their alignment. From
Figure 7 we can see that the location profile generated by DT
closely resembles that from ground truth trajectory.
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Fig. 7: DT for location comparison

We also plotted the speed profile for evaluation in Figure 8.
The divergence in the plot is due to the range of the y axis,
which magnifies the difference between DT and ground truth.
It can still be seen that the DT’s speed profile closely aligns
with the GT data. The variations between the two profiles
are minimal, indicating DT’s capability of resembling the
maneuver characteristics of GT. This strong alignment shows
the reliability of the DT model in replicating real-world speed
behavior.
We also compared the acceleration profile for the vehicle,

Fig. 8: DT for speed comparison

an example is shown in Figure 9. It is notable that the ac-
celeration profile generated by SUMO shows deviations from
expected behavior, as the acceleration profile of the GT data
shows a zig-zag maneuver, which actually means a high jerk
and uncomfortable driving pattern. However, the DT model
effectively mitigates the impact of these deviations, producing
a more accurate representation of the vehicle’s acceleration
dynamics.

Aggregated Result: We then show that our proposed
method can obtain a relatively consistent performance in

Fig. 9: DT for accceleration comparison

multiple test cases. We show a cumulative result with multiple
cases. The testing cases and training cases are separated before
the training process began, and the testing cases and training
cases are selected under the same kind of driving scenario.
This is to ensure the consistency in driving scenario so that
the testing result shows the capability of creating digital twin
based on selected data:
We aggregated the results from all evaluation cases to provide
an overall evaluation of the DT model’s performance. We
obtain the 2D histogram of Average Displacement Error for all
testing cases shown in Figure 10. This shows the ADE for the
trajectories generated by DT compared to the corresponding
GT in the same scenario record. The histogram reveals that
over 80% of the records have an ADE smaller than 0.3 meters,
illustrating the model’s high accuracy in replicating trajectory
profile compared with real-world entities. For location-specific
analysis, we further evaluated the final displacement error
(FDE) of the trajectories, shown in Figure 11. The correspond-
ing plot shows that the majority of the FDE values are less than
0.6 meters, which is less than the length of a typical vehicle.
These findings demonstrate that the DT model consistently
produces highly accurate spatial representations, which shows
the capability of such model serving as a good surrogate model
in downstream applications.

We also evaluated the speed profile by comparing the DT-
generated results with the corresponding GT data. A 2D
histogram of the ADE for speed demonstrates that over 80%
of the records exhibit an ADE smaller than 0.5 m/s. This
indicates a strong alignment between the DT and GT speed
profiles in most records. The high similarity further supports
the reliability of the DT model in capturing speed dynamics
effectively throughout the planning horizon.

D. Digital Twin in Test Library Generation

We connect the proposed digital twin modeling mechanism
with the TSLG problem to show its application. In this part, we
also show the importance of our selective acceptance for new
trajectory data. We first show that failing to perform selective
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Fig. 10: distribution of ADE for location profile

Fig. 11: FDE for location distribution

Fig. 12: ADE for velocity distribution

acceptance for new data can downgrade the representativeness
of the DT model, then we show the generated testing library
of both kinds of maneuvers.
Calculation of Criticality: The case study includes two
distinct types of driving maneuvers: cautious and aggres-
sive, implemented based on the findings presented in the
research paper [34]. These maneuvers represent different driv-
ing behaviors, allowing for a comprehensive analysis of the
DT model under varying conditions. Figure 14 presents the
results obtained from the calculation of the criticality of
the aggressive driving maneuver, highlighting the associated
dynamic behavior and potential risks. In contrast, Figure 13
illustrates the criticality results obtained from the cautious
driving maneuver, showing a more measured and controlled
driving pattern. The comparison of these scenarios provides a
baseline for the TLSG problem.

Fig. 13: Criticality calculation result based on collected tra-
jectories for cautious maneuver

Fig. 14: Criticality calculation result based on collected tra-
jectories for aggressive maneuver
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A key feature of our digital-twin model is its selective
acceptance mechanism for new trajectories. To illustrate the
importance of this module, Figure 15 demonstrates that incor-
porating new trajectories without proper identification leads
to significant errors in the generated DT model and highlights
the consequence of including trajectory data that do not belong
to the same driving pattern cluster. The lack of identification
proposed by our work will downgrade the model’s repre-
sentativeness. This underscores the critical role of trajectory
validation in maintaining the accuracy and reliability of the
DT model.

Fig. 15: Criticality calculation result based on collected tra-
jectories without selection mechanism

Testing Library Generation Result: We present the results
of the generated test library for both cautious maneuvers (in
Figure 17) and aggressive maneuvers (Figure 16). While the
criticality differs significantly between the two driving styles,
the difference in testing cases diminishes when considering
the exposure frequency from NDD. Despite these variations,
the proposed DT model effectively captures the underlying
behavior of the VUT (VUT). This demonstrates the model’s
utility as a robust and accurate representation in the testing
library generation for vehicle evaluation. As shown in the test
library generation result, both generated library considered the
criticality and the exposure frequency. The test cases which
have high exposure frequency in the NDD dataset also have a
higher probability of occurrence in the generated test library.
The difference lies within cases that are both highly critical
and have some exposure frequency. For scenarios that are
dangerous to aggressive behavior but not dangerous to cautious
behavior, the testing library generated for cautious behavior
does not select those scenarios. The same scenario has been
selected for testing library on aggressive maneuver, and this
is due to the higher criticality provided by DT.

V. Discussion and Conclusion

This study presents a modeling framework for digital twin
models from recorded historical trajectories. We demonstrate

Fig. 16: Result for testing library generated on aggressive
maneuvers

Fig. 17: Result for testing library generated on cautious ma-
neuvers

its capability of generating maneuvers that capture both the ego
maneuver of the historical trajectories and how ego vehicles
respond to surrounding trajectories. We evaluate the similarity
of the DT generated profile with ground truth and show that
the proposed trajectory selection framework is important to
maintain the representativeness of the DT model.

Although the experiments showcase promising results for
downstream applications, there are still some issues that need
future explorations, as listed below.

• Reliance on proper modeling for historical trajectories:
The digital twin framework can be regarded as a trajec-
tory generation module which also ensures similarity of
generated trajectory with new trajectories. In this work,
we used GMM to capture the pattern of maneuvers
in historical trajectories. This method necessitates the
assumption that both the new driving pattern and the
working conditions had to be similar. If either one de-
viates greatly from the historical data, then the capability
of DT model to generate similar pattern according to
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historical data will be downgraded. We plan to address
this issue in our future work and release this assumption.
We plan to replace the GMM model by introducing
predictive models (e.g., LSTM) that can better capture
the characteristics in the historical trajectories.

• Ability to distinguish different driving behaviors. As
shown in the case study, the difference between different
driving patterns can be observed. However, this classifica-
tion and trajectory selection is based on provided driving
pattern labels. Future work needs to develop an automatic
driving pattern classification mechanism that relies less
on previously collected driving pattern labels.

• extension to spatial-temporal features considering traffic
domain knowledge. In this work, all trajectories are
cropped using rolling horizon, thus the long-term evolv-
ing effect of traffic flow was neglected in such modeling
approach. The integration of traffic flow into the modeling
process can be considered in future work.
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