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Cognitive-digital-twin-based Driving Assistance
Junyu Diao1# and Renzhi Tang1# and Yi Gu1 and Sen Tian2 and Zhihao Jiang*1,3

Abstract—Advanced driver assistance systems (ADAS) have
been developed to enhance driving safety by issuing timely
warnings to drivers. However, current ADAS do not take into
account the driver’s cognitive state when delivering warnings,
which can result in false alarms and impact the driver’s trust
in the system. To address this issue, we propose a Cognitive-
digital-twin-based Driving Assistance System (CDAS) that issues
warnings tailored to the driver’s perception of the driving
environment and driving style. In this paper, we present a
model of the driver’s decision-making process that explicitly
captures their perception of the driving environment, their utility
evaluation of predicted future environments, and their driving
style in terms of minimum acceptable risk. The cognitive digital
twin of the driver is then created and updated by minimizing the
discrepancy between the predicted and actual behaviors of the
driver. With the cognitive digital twin, the CDAS warns the driver
when there is a significant discrepancy between the predicted
driving strategy based on partial observation and that based on
full observation. This approach can more accurately identify risks
that the driver is not aware of and provide warnings only when
necessary. We conducted human and simulated experiments in
a virtual driving environment, and our results demonstrate that
our proposed CDAS has a similar perception of risky behaviors
compared to humans. Furthermore, the digital twin learning
framework can identify the driving styles of human participants
and accurately predict their driving strategies. Additionally, our
proposed cognitive driving assistance system provides fewer false
warnings and avoids more collisions compared to state-of-the-
art ADAS algorithms. Our research shows that incorporating
the driver’s cognitive state and driving style can enhance the
effectiveness and safety of driving assistance systems.

Index Terms—Cognitive Modeling, Acceptability and Trust,
Human Performance Augmentation

I. INTRODUCTION

W ITH vision as the primary source of information [1],
human drivers cannot anticipate and respond to unex-

pected actions of unseen agents, which is a primary cause
of traffic accidents [2]. Modern vehicles are equipped with
Advanced Driver Assistance System (ADAS) that can alert
the drivers or even takes control of the vehicle in hazardous
driving situations. By using advanced sensors like Lidar, the
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Fig. 1. The proposed cognitive digital twin captures the driver’s decision
process. Driving assistance system can can provide warnings to the driver for
unidentified risks that are consistent with the driver’s driving style.

ADAS can better understand the driving environment, identify
potential dangers that the driver may not have noticed, and
significantly enhance driving safety in various circumstances
[3], [4].

However, the driving assistance capabilities of ADAS are
reliant on the system’s perception of the driving environment,
which can differ from the driver’s perception. This can result
in the assistance being seen as "surprising" or "unneeded",
which can impact driver acceptance of the technology [5].
In the case of experienced drivers, warning them about risks
they are already aware of may cause them to become less
attentive and disregard future warnings. Conversely, novice
drivers may experience an excessive number of warnings in
complex driving environments, leading to increased cognitive
load and impaired driving performance [6].

Studies in game theory showed that information sharing
between players leads to improved social outcome [7]. While
drivers cannot actively share information about their decision-
making process with ADAS, the system can achieve imper-
fect information sharing by accurately estimating the driver’s
decision-making process. To provide appropriate warnings that
align with the driver’s driving style, the system must explicitly
identify the following components of driving decision-making:
Environment Perception: Drivers rely on prior knowledge
and experience to predict the behaviors of unobserved and
observed agents, and maintain the belief of plausible driving
environments [8]. In order to identify unidentified risks by the
driver, it is essential to capture the driver’s perception of the
driving environment and quantify its uncertainties.
Utility Evaluation: In sociology and economics, it is widely
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assumed that human behaviors are motivated by weighing pos-
sible rewards and penalties [9]. To achieve a similar perception
of risks, it is crucial for the driving assistance system to have
a similar utility evaluation of driving environments.
Driving Style: Studies show that human develop strategy base
on his/her minimum acceptable risk [10], which should be
identified as driving style by the assistance system in order to
provide warnings that are considered as "necessary".

In contrast to previous research on modeling driver behavior,
which treated the components mentioned above as hidden
internal states [11], we propose a driving behavior model
that explicitly captures the driver’s driving decision process.
Cognitive digital twins of the driver can be learned based on
driver’s behaviors, and a Cognitive-digital-twin-based Driving
Assistance System (CDAS) was developed to provide person-
alized warnings based on the digital twin. As shown in Fig.
1, the driving decision process of a driver is abstracted as
perceiving the driving environment and driving styles of other
agents with partial observation, and forming strategy based on
utility evaluation of predicted future driving environments. A
cognitive model captures the driving decision process, and a
cognitive digital twin of the driver is created and maintained.
The estimation of the driver’s perception allowed CDAS to
identify risks the driver was not aware of, and estimation of
driving style was used to provide personalized warnings, which
can reduce the number of unnecessary warnings and improve
the driver’s trust towards the system.

The contribution of this paper is 4-folds: 1) A driver’s
decision model was proposed that infers the driver’s perception
of the driving environment and other agents’ driving style
based on utility evaluation of expected driving environments;
2) a virtual driving simulator was developed, which includes
cars controlled by the proposed driver’s decision model, and
can be utilized to evaluate driving assistance systems; 3) The
validity of the driver’s decision model and its ability to predict
driving behaviors was evaluated in human experiments; 4)
A cognitive-digital-twin-based driving assistance system was
proposed, and its efficacy in improving driving safety was
evaluated against existing ADAS algorithms in simulation.

II. RELATED WORK

Models have been developed to explain and/or predict driv-
ing behaviors in complex driving conditions. As summarized
in [11], previous driving behavior modeling efforts model the
driver’s decision process as a Partially Observable Stochastic
Game (POSG), in which the driver’s mental state including
driving styles were modeled as hidden internal states. Sadigh
et al. [12] proposed an active information gathering method
to infer driving style (distracted/attentive) using inverse re-
inforcement learning. Lefèvre et al. [13] proposed a Markov
state space model to infer whether the driver decides to stop at
the intersection. In [14], the authors proposed a probabilistic
model to infer driving intent (lane changing). In [15], Chen
et. al modeled the driving decision process as decision tree,
and shared the model among agents to improve driving safety.
These black-box models do not have adequate interpretability
of the driving decision process, which cannot be used for
personalized driving assistance.

The progress made in cognitive science and behavior sci-
ence has led to the development of modeling frameworks,
which aim to simulate the human decision-making process in
driving. In [16], the COSMODRIVE framework was proposed
to encompass various aspects of the driving decision process.
However, this framework focuses on strategic planning rather
than vehicle control, making it unsuitable for modeling specific
driving behaviors. The ACT-R framework [17] was introduced
to simulate human decision-making processes. However, re-
search utilizing ACT-R for modeling driving behaviors has not
addressed uncertainties in a driver’s perception and driving
style, which are crucial elements for our application of the
driver’s behavior model.

III. MATHEMATICAL FORMULATION OF DRIVING
ASSISTANCE

A. Evolution of the Driving Environment

In complex driving environment with N agents, physical
state of an agent i at time t is denoted by xi

t, which include
location, velocity, angle, angular velocity etc. The physical
state changes over time based on the action of the agent at
time t ait ∈ A:

xi
t

ai
t−→ xi

t+1

The overall state of the driving environment Xt = {xi
t|i ∈

[1, N ]} changes based on the combined actions of all agents
At = {ait|i ∈ [1, N ]}:

Xt
At−−→ Xt+1

B. Observation and Perception of the Driving Environment

Each agent can only obtain partial information of the driving
environment. We denote Oi(·) as a mapping from a ground
truth physical state to Agent i’s observation. For instance,
Oi(xj

t ) represents Agent i’s observation of Agent j at time
t, and Oi(Xt) represents Agent i’s observation of the overall
driving environment at time t.

The driver’s perception of the driving environment is an
estimation of the physical states, which usually deviates from
the ground truth. We use □̂i to represent Agent i’s estimation
of □. Therefore Agent i’s perception of Agent j can be

represented by x̂j
t

i

and Agent i’s perception of the driving
environment can be represented by X̂t

i
.

C. Uncertainties and Belief

Due to partial observability, there may exist ambiguities
to the perception of the driving environment. For instance,

x̂jt
i

represents a distribution in which there are m possible
perceived physical states of Agent j by Agent i:

x̂
j(m)
t

i

∼ x̂jt
i

and each perception has a belief which sums to 1.

b(x̂
j(m)
t

i

) ∈ [0, 1] &&
∑

b(x̂
j(m)
t

i

) = 1
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Fig. 2. Predictions of the driving environment at time t+1 are made based on
each of the driver’s perception of the environment at time t. Any predictions
that contradict the actual environment observed at time t + 1 are removed
(indicated by the dashed lines).

There are also uncertainties in the predicted actions, which
can be modeled as a distribution referred to as strategy:

â
j(k)
t

i

∼ âjt
i

b(â
j(k)
t

i

) ∈ [0, 1] and
∑

b(â
j(k)
t

i

) = 1

D. Prediction of Future Driving Environment

The current strategy is decided based on predicted future
outcomes [10]. Therefore each agent predicts the evolution of
the driving environment by predicting the actions of all agents
including itself. Future state of the driving environment can be
predicted such that:

x̂jt
i âj

t

i

−−→ x̂jt+1

i

, X̂t

i Ât−→
i

X̂t+1

i

Fig. 2 illustrates the predicted driving environments at time
t+ 1 from one perceived driving environment at time t.

E. Utility and Driving Style

Driving decisions are made by evaluating the potential
risk and benefit of suspected future driving environment after
taking certain actions [9]. We denote positive and negative
utility evaluation of future driving environment as:

U i
t (X̂t+1

i
) = {U i+

t (X̂t+1

i
),U i−

t (X̂t+1

i
)}

Here utility is considered to be universally accepted, and
individual utility differences are captured by driving style of
the agent σi

t. For instance, driving close to other cars are
considered as risky by everyone, but some drivers tolerate
small gaps better than others.

Fig. 3. The potential physical states of unobserved agents and their beliefs
are updated in the driver’s perception. The perceived driving styles of other
agents are updated based on their observed behaviors.

F. Decision Making during Driving

The strategy of agent i depends on the utility of predicted
driving environment and the driving style of the agent:

ait = Di
t(U i

t (X̂t+1

i
), σi

t) (1)

Other agents’ strategy can be estimated similarly as:

âjt
i

= D̂j
t

i

(Û j
t

i

(
̂̂
Xt+1

j
i

), σ̂j
t

i

)

G. Perception Update

The perceptions of physical state of observable agents are
updated as their observations, and the perceptions of unob-
servable agents are updated from their perceptions at the last
time step:

x̂jt
i

=

Oi(xj
t ) if j is observable by i

x̂jt−1

i âj
t

i

−−→ x̂jt
i

if j is NOT observable by i
(2)

As illustrated in Fig. 2, the predicted driving environments at
t + 1 with dashed lines are excluded by the observation at
t+ 1.

When agent i was observed doing action a
i(o)
t by agent j,

the perceived driving style of agent i by agent j σ̂i
t

j
can be

updated such that ai(o)t would be the most dominant action in
predicted strategy:

argmax
σ̂i
t

j

b(â
i(o)
t

j

), â
i(o)
t

j

∼ D̂i
t

j

(Û i
t

j

(
̂̂
Xt

i
)

j

, σ̂i
t−1

j

) (3)

Fig. 3 illustrates the driving decision formulation with a
simple example. The ego car was overtaking car 1 at t0,

and the ego car’s perception of car 1’s driving style σ̂1
t0

Eg

was conservative . At t1 the ego car could not see car 1,

but still maintained a perception of its state as x̂1t1
Eg

, which
entropy increased with no new observations at t2. At t3 car 1
overtook the ego car from the slow lane. With new observed

behaviors, the uncertainty of x̂1t3
Eg

was reduced, and the
perceived driving style was updated. Then after car 1 merged
in front of the ego car with small gap at t4, the behavior is

considered as risky and the perceived driving style σ̂1
t4

Eg
is

updated to "aggressive".
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H. Advanced Driving Assistance System (ADAS)

With advanced sensors like Lidar, the perception of ADAS
is the same as its observations.

X̂t

AD
= OAD(Xt)

The system predicts all possible outcomes

X̂t

AD A∗
t−→ X̂t+1

AD

in which possible actions of all agents are considered:

A∗
t = {ak1

t . . . akN
t |∀i ∈ [1, N ], ki ∈ [1, ∥A∥]}

ADAS outputs warnings and/or actions if there exist an
outcome with excessive risk (i.e. collision):

φAD
warn : ∃X̂(i)

t+1

AD

∈ X̂t+1

AD
s.t. UAD−

t (X̂
(i)
t+1

AD

) > rWarn

(4)
However, from the driver’s perspective, X(i)

t+1 is either an
acceptable outcome, or has very low probability, such that the
risk is below the driver’s alarming threshold:

b(X̂
(i)
t+1

Eg

)× UEg−
t (X̂

(i)
t+1

Eg

) < rEg
warn

which makes the warning "redundant".

I. Cognitive-digital-twin-based Driving Assistance System
(CDAS)

The driver’s trust towards driving assistance system can
be significantly improved if a driving assistance system can
"empathize with" the driver, such that the driving assistance
system provides warnings that are both useful and expected.

In this paper, we propose a Cognitive-digital-twin-based
Driving Assistance System (CDAS) that estimates the driver’s
1) driving style and 2) perception of the driving environ-
ment, and provides warnings only when the driver is about
to perform an action that he/she would not do with better
observations.

The observations of the driver can be estimated via eye
tracking devices in order to estimate the driver’s perception:

̂̂
xjt

Eg
CD

=


ÔEg(xj

t )
CD

j observable
̂̂

xjt−1

Eg
CD ̂̂

aj
t

Eg
CD

−−−−−→
̂̂
xjt

Eg
CD

j unobservable
(5)

The ego’s prediction of the strategies of other agents can be
estimated using Equation 1. And the driving style of agents
are also updated based on their observable behaviors based on
Equation 3. The predicted outcomes and their corresponding
beliefs can then be estimated:

̂̂
Xt

Eg
CD ̂̂

At
Eg

CD

−−−−−→
̂̂

Xt+1

Eg
CD

(6)

and the ego strategy can be estimated as:

âEg
t

CD

= D̂Eg
t

CD
(
ÛEg
t

CD
(

̂̂
Xt+1

Eg
CD)

, σ̂Eg
t

CD
)

(7)

Due to limited observability, there may exist risks that the ego
driver may fail to identify. To provide personalized warnings,
the driver’s strategy with complete observation X̂t+1

CD
can

be estimated as:

âEg′

t

CD

= D̂Eg
t

CD
(
ÛEg
t

CD
(

X̂t+1

CD
)
, σ̂Eg

t

CD
)

(8)

The outcomes with unacceptable risk, which results from the
kth action of the ego driver can be calculated as:

X̂(k)
risk

CD

= {
̂̂

X
(i,k)
t+1

Eg
CD

|ÛEg−
t

CD

(
̂̂

X
(i,k)
t+1

Eg
CD

) > σ̂Eg
t

CD

}
(9)

in which

̂̂
X

(i)
t

Eg
CD

a
Eg(k)
t+1

̂̂
At+1

Eg
CD

−−−−−−−−−−−→
̂̂

X(i,k)
t+1

Eg
CD

The CDAS warns the driver when 1) the risk associated with
an action of the ego driver is high, and 2) the ego driver
with partial observation may perform the action with high
probability, and 3) the driver would not perform the action
with full observation:

φCD
warn : ∃aEg(k)

t s.t.
∑

ÛEg−
t

CD

(X̂(k)
risk

CD

) > rCD &&

b(âEg(k)
t

CD

) > pmax
warn && b(âEg′(k)

t

CD

) < pmin
warn

(10)

In the rest of the paper, we will introduce the implementation
and validation of the proposed driver’s decision model, the
digital twin learning process, as well as the CDAS system.

IV. IMPLEMENTATION OF COGNITIVE DIGITAL TWIN

A. Multi-lane straight highway with no exits

A simple highway driving scenario with no exits was used
to demonstrate the proposed framework. Without the need to
consider goal and exits, the following assumptions can be
made:
The decision mechanisms and utility functions are the same
for all agents:

a1 : ∀t, i, j,U i
t (·) = U j

t (·) && Di
t(·) = Dj

t (·)

The decision mechanism and utility functions for each agent
do not change over time:

a2 : ∀i, t1, t2,U i
t1(·) = U i

t2(·) && Di
t1(·) = Di

t2(·)

The physical state of each agent include:

xi
t = {pxt , p

y
t , v

y
t , acc

y
t }

which are updated by:

vyt = vyt−1 + accyt , p
y
t = pyt−1 + vyt

And the actions of each agent are abstracted for each 1 second
decision period:

• Acc: accyt = 1m/s2

• Dec: accyt = −2m/s2

• Main: accyt = 0
• Left: accyt = 0, vyt = vyt−1, p

x
t = pxt−1 − LaneWidth
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Fig. 4. Depending on the location of the agent, the social force exerted on
the ego car is calculated either as the length of the normal of ellipses or the
Euclidean distance, following the idea in [18].

• Right: accyt = 0, vyt = vyt−1, p
x
t = pxt−1 + LaneWidth

The observation of each driver is assumed to be the physical
states of agents within 120◦ in front of the vehicle. The driver’s
perception are updated each second according to Equation 2.

B. Utility U i(·)
It is widely assumed that human behaviors are motivated by

maximizing expected reward, and the decision making process
can be abstracted as weighing possible rewards and penalties
[9].

1) Risk UEg−
t : The following aspects were considered as

risks for each predicted outcome X̂t+1

i
:

• Collision {0, 100} ∗ (n− 1): Collisions with other agents
or guardrails is considered as high risk.

• Social force [0, 60] ∗ (n − 1): The concept of social
force has been suggested as a means to measure the
ideal physical distance that individuals feel comfortable
maintaining from one another [18]. As shown in Fig. 4,
Euclidean distance and lengths of the normal of ellipses
are used to quantify social forces among cars.

• Speeding: {0, 15}: A minor risk is added when the speed
is more than 120km/h.

2) Reward UEg+
t : In our simplified implementation, the

reward is given based on the action:

reAcc = 4, reDec = 1, reMain = 3, reLeft = reRight = 3.5

Intuitively, accelerating and lane changing may get to the
destination faster.

C. Driving Style σi

The driving style for each agent is modeled as Minimum
acceptable risk, such that any potential outcomes that carry a
risk level exceeding the minimum acceptable risk are deemed
unacceptable by the agent. Therefore acceptable future scenar-
ios for each action k can be calculated as:

X(k)
accept = {X̂(i,k)

t+1

Eg

|UEg−(X̂
(i,k)
t+1

Eg

) < σEg
t } (11)

Fig. 5. The conservative driver opted to decelerate in anticipation of car 1
changing lanes, while the aggressive driver chose to accelerate in order to
overtake car 1 quickly. The strategies are represented as probabilities of 5
different actions.

D. Driving Decision D(·)

The strategy at time t aEg
t is calculated based on the

expected reward of each action:

b(a
Eg(k)
t ) =

rek × ∥X(k)
accept∥∑

k re
k × ∥X(k)

accept∥
(12)

In Fig. 5, the influence of driving styles σEg on driving
decision aEg

t is simulated in a scenario where the ego car
is faster than two cars on the other lane. Since there is a
chance that car 1 may change lane, an aggressive ego driver
would overtake, while a conservative one would decelerate.
This aligns with our intuitive understanding of typical driving
behaviors.

E. Learning of the Cognitive Digital Twin

The CDAS constructs and maintains a cognitive digital twin
of the driver, which captures the driver’s perception of the
driving environment, as well as the driving style.

The driver’s perception
̂̂
Xt

Eg
CD

is updated using Equation
5 and 6, and the system’s estimation of the driver’s driving

style σ̂Eg
t

CD

is updated by minimizing the SVM loss [19],
which is a common criteria to quantify similarity between a
sample and a distribution. Equation 3 can be extended as:

argmin

σ̂Eg
t

CD

k ̸=o∑
a
Eg(k)
t ∈∥A∥

max(0, b(â
Eg(k)
t

CD

)− b(â
Eg(o)
t

CD

) +∆)

(13)

V. EXPERIMENTS

Three experiments 1 were performed to validate the driver’s
decision model, the learning of digital twin, and the driving
assistance based on the digital twin.

1Experiments involving human subjects were approved by the IRB of
ShanghaiTech University with approval No. Q2022-044
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Fig. 6. The Virtual Driving Environment in Unity

A. Virtual Driving Simulator

As shown in Fig. 6, a virtual driving environment for
the multi-lane straight highway scenario was developed in
Unity. Each vehicle is controlled by a driving decision model
introduced in Section IV. Three vehicles can be initialized
with different physical states as well as driving styles. The red
car was designated as the ego vehicle, with a stationary 120◦

field of view in the forward direction. Driving strategies and/or
decisions were collected using questionnaires during simula-
tion. The virtual simulator is used as driving environment in
all three experiments. Studies have suggested that individuals
may experience a decrease in risk perception when utilizing
driving simulators [20]. However, as our experiments are
focused solely with the relative variations in risk perception,
this disparity is deemed acceptable.

B. Validation of Risk Perception

It is important that the driving decision model has similar
perception of risks compared to human drivers.
Experiment Design:
Three agents were initialized in the virtual driving simulator
as scenes with different initial states. Agent 1’s perception of
Agent 2’s driving style σ̂2

1
was set to 20 and simulated 5

seconds. 14 scenes were selected in which σ̂2
1

has increased
to above 30, indicating a risky behavior was observed, and
16 scenes in which the number remained under 30. 13 human
participants were asked to watch the replay of the 30 scenes
and vote whether the behaviors of Agent 2 showed high
minimum acceptable risks in each scene. The behavior is
considered as "risky" if 60% of human participants voted yes
and "not risky" if 60% of human voted no, and the rest is
considered as "unsure".
Hypothesis:
If majority of human drivers agree that Agent 2 performed an
action that lead to risky outcome, the driving style perception
σ̂2

1
of Agent 1 should increase, indicating that Agent 2 has

model
human Risky Not risky Unsure

Risky 10 2 2
Not risky 0 15 1

TABLE I
CONFUSION MATRIX OF RISK PERCEPTION

Fig. 7. Cumulative distribution of predicted driving style (minimum accept-
able risk) of 13 subjects in 30 scenes, aggressive vs. conservative

high minimum acceptable risk. With human driver’s vote as
ground truth for risky behaviors, the model should have no
false-negatives, and a few false-positives are allowed in order
to ensure safety.
Results:
As shown in Table I, the driving decision model has no false-
negatives for risk perception with 100% sensitivity and has a
few false-positives with 88.2% specificity, which is desired for
safety considerations.

C. Learning and Predicting Human Behaviors

It is important for the cognitive digital twin to accurately
capture driving style and predict the driving strategies of the
ego driver.
Experiment Design:
Three agents were initialized in the virtual driving simulator
as scenes with different initial states. The driving style of
Agent 1, represented by σ1, was set to 20 and simulated for
5 seconds. At the 5th second, two strategies were provided
by an aggressive model with σ = 40 and a conservative
model with σ = 18. 30 scenes were selected in which the
Jensen–Shannon divergence (JS divergence) [21] between the
two strategies were large (>0.3), indicating the scenes are
most effective in distinguishing aggressive and conservative
behaviors. 13 human participants were instructed to watch
replays of the 30 selected scenes from the first-person per-
spective of Car 1 and provide their own strategy at the 5th
second. The experiment required each participant to drive
aggressively and conservatively twice, with the understanding
that aggressive/conservative corresponds to high/low minimum
acceptable risk. The cognitive digital twin system predicts the

human participant’s driving style σ̂Eg
CD

and strategy âEg
t

CD

for further analysis.
Hypothesis:
Aggressive driver should have larger σ̂Eg

CD
, and the discrep-

ancy between the predicted strategy and the driver’s actual

strategy JSD(âEg
t

CD

, aEg
t ) should be small2.

Results:
Fig. 7 shows the distribution of σ̂Eg

CD
for all 30 scenes

2Two distributions are considered as similar when JS divergence is <0.1
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Fig. 8. Accuracy of driving style identification is dependent on the driving scenario. Here are 3 driving scenarios in which aggressive and conservative drivers
exhibited 1) distinct strategies, 2) similar but distinguishable strategies, or 3) nearly identical strategies.

by all 13 participants when instructed to drive aggressively
and conservatively. The results indicate that the system is
more likely to identify drivers who drive conservatively as
conservative, whereas there is no definitive identification of
aggressive drivers in general. The accuracy of identification
is contingent on the type of scene being considered. Fig 8
provides further insight into this trend by presenting 3 distinct
scenarios3. In the first scene, aggressive drivers are more
inclined to accelerate, while conservative drivers prefer to
decelerate. In the second scene, aggressive drivers are more
inclined to change lanes rather than slow down, while conser-
vative drivers prefer to decelerate. These scenes demonstrated
distinguishable difference in driving style that can be correctly
identified by the system. However, in the third scene, the
risk of all possible actions exceeds the minimum acceptable
risk for both aggressive and conservative drivers. As a result,
both types of drivers may choose to slow down to minimize
risk. This can make it challenging to distinguish their driving
style based on this scene alone. Filtering techniques may
be introduced in future work to account for consistency in
different driving scenes.

The JS divergence between the human strategies and the
system predicted strategies was 0.054 for aggressive driving
and 0.058 for conservative driving (p<0.05), indicating good
strategy prediction performance.

D. Validation of CDAS

With good prediction performance, the performance of
the cognitive digital twin and the corresponding CDAS are
evaluated in terms of collision prevention against state-of-
the-art Bosch’s Blind Spot Detection4 and Forward Collision
Warning [22].
Experiment Design:
Three agents were initialized in the virtual driving simulator
with different initial states for 6000 5sec-scenes. As ego car,
Car 1’s driving style σ was set to {15, 25, 35} to represent
"conservative", "regular", and "aggressive" drivers. Without
driving assistance, there were {940, 1541, 1774} collisions,
respectively. CDAS with correct and incorrect σ̂CD as well

3Data was normalized among 13 participants in Scenes #24, #15, #28 from
Experiment 2

4The turning signals were approximated as the initial left or right turn
actions within the model

Fig. 9. 1) CDAS warned the ego driver about the approaching aggressive
driver and helped avoid a collision; 2) CDAS withheld warning for an
anticipated aggressive behavior from an observable Car 2.

as the Bosch ADAS system were implemented on Car 15.
Warnings were provided in form of complete observation of
the driving environment for the next iteration.
Result:

Table. II illustrates that both Bosch and CDAS were suc-
cessful in reducing the number of collisions by warning the
driver. However, CDAS provided significantly fewer warn-
ings than Bosch, particularly false warnings in scenes where
there were no collisions with or without warnings. Overall,
CDAS was able to avoid more collisions compared to Bosch
ADAS. CDAS with accurate estimation of driving style was
more effective in avoiding collisions compared to CDAS with
inaccurate driving style estimation. It is worth noting that
early warnings altered the original evolution of the driving
environment, leading to the occurrence of new collisions.

Fig. 9 shows two scenes that illustrate the advantage of
CDAS. In the first scene, an aggressive car 1 was approaching
car 2 quickly, and intended to merge in front of the ego car,
assuming the ego car would yield. However, since the ego car
did not change lanes, the Bosch blind-spot detection algorithm
did not alert the driver with acoustic warning. Consequently,
car 1 collided with the ego car. On the other hand, CDAS
detected that the ego driver was not aware of car 1’s approach
and predicted that the driver would maintain speed. CDAS
also anticipated that car 1’s merging could pose a risk to the
ego car and that the driver would decelerate if made aware of

5Implementation of ADAS and CDAS followed Equation 4 and 10
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Ego Style System
# of

collisions
w/o warning

# of
collisions

w/ warning

# of scenes
w/ warning

total # of
warnings

# of
avoided

collisions

# of
new

collisions

cdas ✓
bosch ×

bosch ✓
cdas ×

# of scenes
w/ false
warning

Bosch 940 874 2588 5102 91 25 2222
conservative CDAS:con 940 800 537 582 145 5 54 0 144

σ = 15 CDAS:reg 940 828 519 558 116 4 27 2 305
regular Bosch 1541 1397 943 997 147 3 570
σ = 25 CDAS:reg 1541 1428 643 727 142 29 10 15 262

Bosch 1774 1658 821 851 118 3 468
aggressive CDAS:agg 1774 1641 462 573 167 34 49 0 151
σ = 35 CDAS:reg 1774 1647 526 622 133 6 19 4 232

TABLE II
COLLISION PREVENTION OF BOSCH ADAS AND THE PROPOSED CDAS

the approaching car 1. Therefore, CDAS issued a warning to
the ego driver at time t. As a result of the warning, the ego
car decelerated and avoided the collision.

In the second scene, car 2 merged in front of the ego car
at time t within a short distance, which triggered a front
collision warning from the Bosch ADAS. However, in the
same situation, CDAS recognized that car 2 was observable
by the ego car and predicted that the conservative ego driver
would decelerate to allow car 2 to merge in with very low
risk. As a result, CDAS withheld the warning.

VI. SUMMARY AND FUTURE WORK

This paper presents a Cognitive-Digital-Twin-Based Driving
Assistance System (CDAS) that issues personalized warnings
to drivers. The system utilizes a driving decision model
and digital twin learning algorithm to capture the driver’s
perception and driving style. The cognitive digital twin allows
the system to issue warnings when there is a significant
discrepancy between the predicted driving strategy based on
partial observation and that based on full observation. This
approach effectively improves driving safety and minimizes
the occurrence of false warnings.

Many components of the framework can be extended in
future work:
Action space: Driver’s observation actions can be taken into
account which can improve perception estimation.
Long-term utility: Utility evaluation on future scenarios
after multiple actions instead of one action can be used to
represent long-term goals.
Driving styles: Whether a driver consider other driver’s utility,
as well as whether a driver assumes his/her action/perception
is known to others can all be extended as driving style.
Experiments: the effect of excessive warnings and how
they affect the driver’s acceptance of warnings were not
accounted for in current virtual CDAS validation, which can
be improved with experiments involving human subjects.
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