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Eliminating Uncertainty of Driver's Social
Preferences for Lane Change Decision-Making in
Realistic Simulation Environment

Zejian Deng, Wen Hu, Chen Sun, Duanfeng Chu, Tao Huang, Wenbo Li, Chao Yu, Mohammad
Pirani, Dongpu Cao, Amir Khajepour

Abstract—The task of making lane change decisions for
autonomous vehicles in mixed traffic is intricate and challenging
due to the uncertainty of surrounding vehicles. The uncertainty
exists in terms of the diverse social driving preferences and
unpredictable driving behavior of human drivers. To address
these challenges, the decision-making process for changing lanes is
represented as an incomplete information game, where the driver
characteristics of surrounding vehicles are unknown during the
interaction. To eliminate the uncertainty of the driving
environment, the concept of driver aggressiveness is proposed to
quantify the social driving preferences based on the Risk-
Response (R-R) diagram in an explainable manner. Then the
predicted trajectory is utilized to calculate the driving risks using
Gaussian Mixture Model (GMM) that is trained by the naturalistic
driving data in the interactive lane change scenarios extracted
from the highD dataset. To make the simulation environment
more diverse and realistic, the data-driven motion model social
Intelligent Driver Model (SIDM) is constructed based on car-
following data obtained from cut-in scenarios in the highD dataset.
The simulations are conducted by setting up the environment
vehicles equipped with SIDM model with diverse social driving
preferences. The findings indicate that the proposed decision-
making model can recognize the category of surrounding vehicles,
and in realistic interactive driving scenarios, it can produce
adaptive and human-like driving decisions.

Index Terms—autonomous vehicle, lane change, game theory,
driving preferences.

I. INTRODUCTION

A. Background

UTONOMOUS driving system is a breakthrough with a
great potential to improve transportation and mobility [1]-
[3]. Despite the prospects of autonomous vehicles, it is not
feasible to replace human-driven vehicles soon. As a result,
autonomous and human-driven vehicles will coexist in the
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predictable future. Consequently, autonomous vehicles must be
included as a component of a multifaceted socio-technical
system and be capable of socially compliant interaction with
other traffic participants in the near future [4]-[6].

Lane change is a complex scenario in the highway driving that
involves interacting with other human drivers in an
unpredictable driving environment [7]. The objective functions
of each vehicle in the interactions are interdependent. Moreover,
the overall objective not only includes the balances of the
driving safety and driving efficiency, but also includes the
social norms, such as courtesy and cooperativeness, because
driving is essentially a social task involving the appropriate
interactions with each other [5], [8], [9].

B. Related Works

1) Rule-Based Methods

Rule-based approaches possess clear logic and low
computational cost in making lane change decisions, and are
widely used in the literature [10], [11]. MOBIL (Minimizing
Overall Braking Induced by Lane Changes) model [12], for
example, is a lane change model that makes decisions by
considering the effects of lane change behavior. Gipps [11]
initially introduced a conceptual framework that governs the
decision-making process for lane changes. This framework
considers the primary factors of possibility, necessity, and
desirability when determining the timing, manner, and
execution of a lane change.
2) Probabilistic Methods

To model the time-series decision-making with actions, states,
rewards and transition probabilities, Markov decision process
(MDP) is adopted [13]. Guan et al. [14] utilized MDP to model
the driving task considering factors such as safety, efficiency,
and comfort. As reinforcement learning (RL) can explore the
driving environment with better scalability and generalization

University of Hong Kong, Hong Kong, China (e-mail: c87sun@hku.hk).

Duanfeng Chu is with the Intelligent Transportation Systems Research
Center, Wuhan University of Technology, Wuhan 430063, China (e-mail:
chudf@whut.edu.cn).

Tao Huang is with the School of Vehicle and Energy, Yanshan University,
Yanshan, China (email: huangtao@chd.edu.cn)

Wenbo Li is with the College of Mechanical and Vehicle Engineering,
Chongging University, Chongging 400044, China (e-mail:
liwenbocqu@foxmail.com).

Chao Yu is with the LoopX, Waterloo, ON N2L6R5, Canada (email:
chao.yu@loopx.ai).

Mohammad Pirani is with the Department of Mechanical Engineering,
University of Ottawa, Ottawa, ON KIN6N5, Canada (e-mail:
mpirani@uottawa.ca).


mailto:z49deng@uwaterloo.ca
mailto:DP_Cao2016@163.com
mailto:huangtao@chd.edu.cn

IEEE Transactions on ITS 2

for problems modeled by MDP, it is widely studied in the field
of autonomous driving decision-making [13], [15]-[17].
3) Game-Theoretic Methods

Recently, game theory is developed to deal with the
interactions between human drivers by explicitly considering
their dependencies. The objective functions of the involved
players are coupled deeply, which shows the interaction
dependency with each other. The game theoretical framework
has been applied in the fields of economics [18], [19], biology
[20], [21], computers science [22], [23], with solid
mathematical foundations.

Game theory has been used in the highway driving research.
Kita [24], [25] modelled merging behavior as a static complete
information game, where the lane change was mandatory. Liao
et al. [26] expanded upon Kita's research by examining merging
behavior on highways using a two-player nonzero-sum game.
Their work makes a significant contribution by considering the
vehicles’ anticipated states and actions in the payoffs that
correspond to the decision-making procedure of human drivers.
In contrast, the merging behavior is modeled by Kang et al. [27]
as a single-instance game that initiates upon the entry of the ego
vehicle into the merging lane. However, it lacks adaptability to
the ever-changing characteristics of the surrounding traffic.

The uncertainty of the lane change interactions in the mixed
traffic mainly stems from the unpredictable driving behaviors
of the human drivers. Thus, the human attributes are introduced
in the decision-making model, such as driving style [28]-[31]
and Social Value Orientation (SVO) [5]. Driving style refers to
a relatively stable characteristic manner, in which the driver

chooses to drive or driving habits that have developed over time.

SVO is a psychological concept that describes an individual's
preference regarding the allocation of resources between
themselves and others. In the context of driving, SVO reflects
how much a driver prioritizes cooperative versus competitive
behavior. Hang et al. [32]-[34] modelled both autonomous
vehicle and human-driven vehicle as the rational agents that
maximized their reward functions, where the weightings were
assigned to driving safety, efficiency and comfort. The
weightings were associated with different values by assuming
human drivers’ various preferences for the driving goals.
However, the driving styles were defined without the support
of driving behavior analysis of naturalistic driving data, which
is unfounded. Moreover, the online driving style identification
was not available for the autonomous vehicle, resulting in the
inability of the decision-making model to adapt to other
interactive vehicles. Compared to Hang’s works, Schwarting et
al. [5] enabled the autonomous vehicle drives in a more socially
compatible manner, through introducing the SVO estimation
module. However, the computational cost is high since they
determined the SVO value using particle filter, especially when
the number of surrounding vehicles increases.
4) Motion Model of Surrounding Vehicles

Another important challenge for related works is the lack of
human-like intelligent agents as the interactive surrounding
vehicles for the simulation, while claiming their models are
interaction-aware. Specifically, the human drivers behave
differently depending on the driving scenarios. Most lane
change decision-making models require the lag vehicle to be
realistic and imitate the human drivers’ longitudinal driving
behavior when they encounter the cut-in vehicle. Unfortunately,

current studies use the rule-based motion models without
considering the uncertainty and diversity of the surrounding
vehicles, such as Intelligent Driver Model (IDM) and MOBIL
models, or utility-based models in [32]-[34], while however,
the weightings are determined subjectively. Then the decision-
making models are difficult be adaptive to the real-vehicle
testing.

C. Motivations and Contributions

From the literature review we can know that lane change
decision-making for autonomous vehicles in mixed traffic is
intricate and challenging due to the uncertainty of surrounding
vehicles. Diverse social driving preferences and unpredictable
driving behavior of human drivers create significant challenges
for the decision-making tasks. Existing models often fail to
capture the full spectrum of human driving behaviors, leading
to suboptimal decision-making in dynamic environments.
Moreover, the simulation environment is unrealistic and does
not reflect real-world scenarios accurately, because the
surrounding human-driven vehicles are controlled by the rule-
based motion models without accounting for the diversity and
interactions with human drivers.

To address the problems discussed above, this paper
contributes to the current research as follows:

Firstly, the lane change decision is modelled as an incomplete
information game, where the interactions and uncertainty of the
human behavior are explicitly considered. Two-player and
multiplayer games are applied to typical interactive lane change
scenarios and large simulated interactive scenarios.

Secondly, considering the behaviors of the surrounding
vehicles are not addressed in the published works, resulting in
unrealistic interactions, this paper models the behaviors of the
environment vehicles based on the real driving data, i.e., highD
dataset [35]. The data-driven social IDM (SIDM) is proposed
to make the simulation environment more realistic and
interactive.

Thirdly, to eliminate the uncertainty of driving environment,
the driver identification model is explored to determine the
social driving preferences of the environment vehicles, which
are distributed in the Risk-Response (R-R) diagram in an
explainable manner. The modelled incomplete information
game can then be solved by integrating the identification results
of driver aggressiveness.

D. Paper Organizations

The paper is structured as follows. In Section I, the lane
change decision-making problem is formulized. Section llI
introduces the motion model of environment vehicles. Section
IV presents the driver identification model. The results are
analyzed in Section V. Finally, this paper is concluded in
Section VI.

Il. PROBLEM FORMULIZATION

A. General Lane Change Game Modelling

Game theory studies the strategic interactions among rational
agents by employing mathematical models. A normal or
strategic game is atriplet G = (7,8, P), where 7 is a non-empty
set of players, consisted of individual player i € 7. For player i,
his strategies set is denoted by S; = {s7, ..., s;"}, where m; is
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the total number of strategies. P: § — 7 — R is a function from
strategy profiles to real-valued utilities. The player i's utility
u;(s;,s_;) is defined as the function of his strategy and the
strategies of other players, where s_; denotes the strategies of
the other players, i.e., s_; = {sy, ..., Si_1, Si+1, -, Sy }. Player i
plays the game and chooses the best action by comparing the
utilities in all possible results when the other players choose
available actions. This best response of player i for a given
action profile s_; is defined as the action s; such that
u; (s, s_;) = u;(s;,s_;) for all actions s;. If the best response
is achieved for all players, then the Nash equilibrium s* =
(s1,55, .-, Sp) €xists, that is, no player can increase its utility by
unilaterally altering its strategy s; such that
s} = arg Siggliasagi u;(s;,s2),i=1,..,n (1)

A general lane change scenario in highway is presented in Fig.
1, where several cars are regarded as the players. The
autonomous vehicle is assigned as the ego vehicle (EV) marked
by the red color, and the other surrounding vehicles are marked
by the lighter colors, including leading vehicle (LEV), lag

vehicle (LAV), front vehicle (FV) and following vehicle (FOV).

Each vehicle has candidate actions {Lane Change,
Lane Keeping} in the lateral direction and ({Yield,
Acceleration} in the longitudinal direction. The utility
function of each player can denote the driving goal that the
player tries to achieve, such as reducing the driving risks and
improving driving speed. The detailed descriptions are
presented in the Section 11.B. The objective of the lane change
game is to find the EV’s driving decision based on the Nash
equilibrium that each vehicle maximizes its driving goals.
However, the uncertainty of the players exists in the real traffic,
and could influence greatly the driving decision of the EV,
which has not been considered yet. Thus, in the Section 11.C,
the uncertainty of each player will be discussed and the
Bayesian equilibrium will be introduced.

Lave LEV 1
— —
Target lane 1 (A:' — > ( A:' \
( § / = v
Currentlane () - -E —> )
Fov / - \ C_B
Target lane 2 (:‘ = — _'(‘_:. ‘
Lav2 LEV2

Fig. 1. Lane change interaction in the three-lane highway

B. Utilities Modelling of Players

From the observations in the real traffic, we can know that the
drivers are required to follow the traffic rules, which are
essentially designed to guarantee the driving safety.
Simultaneously, the drivers normally pursue for higher speed to
get to the destination earlier. Besides, the driving courtesy is
necessary to be supplemented in the social driving tasks.
Reducing the frequency of lane changes and stabilizing local
traffic flow is a crucial aspect of demonstrating courtesy on the
road [36], [37]. Frequent lane change increases the collision
risks and discomforts the following vehicle in the adjacent lane.
Therefore, the utility function is denoted as the driving goal that

includes driving safety, higher driving efficiency and traffic
flow stability, which are introduced as follows:
1) Driving Safety

Driving safety is essential as it directly impacts the likelihood
of collisions and other hazardous situations. By prioritizing
safety, the autonomous vehicle can make decisions that prevent
accidents and protect itself and other road users. For vehicle i,
its driving safety over a certain prediction horizon T is defined
by the comparison between the inter-vehicle distance d; ;(t)
and predefined threshold safety distance d?, as well as the lane
localization of each vehicle z; and z;. If the relative lane
difference z; ;(t) = 0 and |di,j(t)| > d? for all t € T, vehicle
i is safe. The lane of a vehicle can be multiple if it is crossing
the lane boundary. In this case, the vehicle i's safety can only
be guaranteed when all the related vehicles satisfy the definition
of driving safety.

In the definition above, z; ; is the relative lane difference z; —
z;;, d;;(t) is the inter-vehicle distance at time ¢ between
vehicles i and j

dij(t+1) =d;;(t) + t(v;(t) — v(t)) 2)
where T > 0 denotes the time interval; v;(t) and v;(t) are the
longitudinal driving speeds of vehicles i and j at time t.

Many surrogate safety indicators have been used to quantify
the safety level, such as time headway (THW), time to collision
(TTC) and inter-vehicle distance. Besides, the response time of
drivers to decelerate plays a critical role when the dangerous
conditions happen. Therefore, these factors are integrated to the
required deceleration, which is

2
Vr

1
areq,brake =5 (Ur + par)z/[(dr,f +
2 Zamax,brake (3)

1
_((Urp + Earpz))]

Eq. (3) represents the required deceleration, a,.q prake, for the
rear vehicle to avoid a collision under certain conditions. This
indicator is the function of inter-vehicle distance d, ;, the
velocities of the front and rear vehicles vy and v,., the driver’s
reaction time p, the rear vehicle’s acceleration a,, and the
maximum braking deceleration a4y prake- In this formula, the
term (v, + pa,)? represents the combined effect of the rear
vehicle’s current velocity and its acceleration over the driver's
reaction time. The denominator consists of two parts: the

effective stopping distance considering the front vehicle's
2

v—f) and the distance covered by the

2Qmax,brake

rear vehicle during the reaction time (Urp+§arp2). By

incorporating these variables, Eq. (3) provides a comprehensive
measure of the required deceleration needed to prevent a
collision, taking into account the dynamic interaction between
the vehicles and the driver's response characteristics.

The safety metrics, such as THW, TTC, relative distance, and
relative speed, do not comprehensively represent driving safety.
For instance, TTC is prone to sudden changes, and THW
represents vastly different driving risks at different vehicle
speeds. In contrast, our safety metric integrates multiple factors.
Ultimately, these factors are combined into an interpretable
physical variable—the required deceleration of the rear vehicle

velocity (dr +
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to avoid collisions. This metric is not affected by the vehicle's
speed and does not experience sudden changes. More
importantly, it is an interpretable variable that can be used to
explain driving safety based on the driving conditions.

Considering there are N — 1 related vehicles around vehicle i,
and the environment may change during the prediction horizon,
the driving safety indicator is then determined as

max (ayeq prace, (¢t + T)).j = 12,...,N (4)

The safety utility of vehicle i is then with the weight factor wy

ui,safety = W max (areq,brake,j (t: t+ T)) (5)

2) Driving Efficiency

Efficiency is another critical factor for the practical
deployment of autonomous vehicles. An efficient driving
strategy not only benefits the individual vehicle but also
contributes to overall traffic flow. The driving efficiency of
vehicle i is determined by the differences between current
speed v;(t) and future speed v;(t + 7), where the latter is
vehicle speed in the long-term stable car-following state.
Therefore, this term can be replaced by the speed of its future
front vehicle j after the period 7. Meanwhile, the inter-vehicle
distance d; ;(t + T') is also a factor that affects the v;(t + 7).
The vehicle i is free to accelerate to the limit speed vy, if
d; ;(t +T) is larger than the safe car-following distance d;.
Then the driving efficiency of vehicle i is formulated with the
weighting w,

Uief = { Wo(Uim — v:(0)  dt+Ty>ds O

3) Traffic-Friendly Factor

Traffic-friendly factor demonstrates the ability to interact
harmoniously with human drivers and follow traffic norms,
which is crucial for the acceptance and integration of
autonomous vehicles into existing traffic systems. This factor
ensures that the autonomous vehicle behaves in a socially
acceptable manner, fostering trust and cooperation with other
road users. In some conditions, the vehicle i may change lane
even when the front vehicle is far, due to longer inter-vehicle
distance from the leading vehicle in the other lane. However,
this behavior may cause traffic flow oscillations and increase
the collisions risks [36], [37]. Thus, the lane change frequency
is limited to show traffic friendliness. A lane change will only
be initiated if the current lane fails to fulfill the driving utilities.
If the future required deceleration is less than the threshold
asqge inthe current lane, a lane change penalty will be effective.
Then the traffic-friendly factor is considered by the following
term

Uitff = Wt(asafe - areq,brake,i)
* (Sgn(asafe - areq,brake,i) + 1)

where w, is the weighting for traffic-friendly factor; a4y, is
the threshold deceleration that ensures the driving safety;
Qreq brake, 1S the predicted required deceleration calculated by
Eqg. (3) according to the future states of vehicle i, sgn(*)
denotes the sign function.

(7

C. Uncertainty of the Players
1) Bayesian Equilibrium Considering Player Type

The utilities of each player were analyzed and modelled for
the lane change game in the previous sections. However, the
uncertainty of the drivers was not considered yet, which greatly
influence EV’s driving decisions. Since the Vehicle-to-Vehicle
(V2V) communication is not available in most current vehicles,
the proposed game is incomplete information, and the player
type matters. Two unfavorable conditions often happen
between AVs and human-driven cars in the lane change
interactions, i.e., overly cautious and overly aggressive
decisions of the EV, due to the unavailability of driver type
identification. The former case is especially often to see
because the state-of-the-art AVs make driving decisions based
on worst-case reasoning that ensures the driving safety against
any controls the human might conduct.

A game of incomplete information is therefore proposed by
G = (7,(S)ier (0ies, (ui(s,0))ies, p(6)). 0 is a finite set of
possible types of player i and © = X;<;0; is the set of type
assignments for all players, with a typical element 68 = (6;);¢7-
Player i's type 6;is chosen by nature (the pseudo player)
through the probability mass function (pmf) p when the game
starts. The player i estimates other players’ types given its own
type with the conditional probability distribution p(6_;|6;).
The utilities u;(s;, s_;) defined in Section I1.B then becomes
the function of player type as u;(s;, s_;(6_;), 6;,6_,).

The profile (s;());e; is defined as a Bayesian game
equilibrium if for player i € 7 and player type 6, € ©;

5:(6:)

€ argmax E p(6_; | 6;)u;(s{,5-;(0-:),6;,6_) (®)
S;ES;
i Le—i

2) Diverse Motion Models of Surrounding Vehicles
Considering the studied lane change scenarios are strongly
interactive, the driving simulation is utilized for the model
evaluation to avoid real driving risks in the on-field experiment.
Therefore, the surrounding vehicles in the simulation
environment are required to drive in a human-like manner,
which is critical to the decision-making model evaluation. This
process is considered by proposing a novel motion model
supported by both car-following rules and naturalistic driving
data, introduced in Section I11. After the construction of realistic
traffic environment, the autonomous vehicle will predict the
trajectories of the surrounding vehicles, determine their social
driving preferences, and integrate this information to make
adaptive driving decisions, which are introduced in Section 1V.

I1l. DATA-DRIVEN MOTION MODELING OF ENVIRONMENT
VEHICLES BASED ON HIGHD DATASET

To make the interactions in the simulation more diverse and
realistic, the environment vehicles should behave like
intelligent agents. In this research, the predominant motion state
of surrounding vehicles is car-following. Consequently, this
section proposes SIDM for car-following behavior modeling
that integrates the classic IDM with naturalistic driving data.
This integration allows us to model car-following behavior in a
manner that more closely resembles that of human drivers.
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A. Cut-in Scenarios Extraction from HighD Dataset

The highD dataset [35] comprises 16.5 hours of highway
naturalistic driving data in the Cologne region of Germany,
covering the years 2017 and 2018 and involving 110,000
vehicles. The dataset includes 60 recordings captured at Six
different locations along a 420-meter section of road, with a
total duration of 16.5 hours.

To make the environment vehicles drive in a human-like
manner, the car-following data of the LAV in cut-in interaction
scenarios are analyzed. As depicted in Fig. 2, after the point T;
when the EV starts to cut in, the LAV is compelled to drive
behind the EV. The LAV observes the EV's dynamic behaviors,
recognizes its turn signals, the distance between vehicles, the
lateral position, etc. Based on these observations, the LAV
implements appropriate longitudinal acceleration/deceleration
control strategies to follow the EV while maintaining a safe
distance.

TO: Cut-in intention  T2: Vehicle boundary to LM

LAV ! I
T | T

ai————il——a———:—(::_l—;./——»»év-—;

! - 71
- —— % |
n |

EV

T4: Cut-in finish
L]
|

LM: Lane Marking

I
T1: Cut-in execution | 1 73: Venicle center to LM

Fig. 2. Cut-in process division

Data from the time period [T, T,] allows us to discern human
driver behavior when faced with a vehicle changing lanes in the
right lane, as shown in the shaded area of Fig. 2. Based on this
data, the car-following model can Ilearn from the
demonstrations of human drivers and interact with the lane-
changing vehicle in a human-like manner. Consequently, the
evaluation of the proposed model in a simulated environment
will possess features of real-world traffic scenarios, including
the diversity and uncertainty of interacting objects. This will
make the validation results more convincing compared to
previous works.

B. Driving Preferences Classification Based on an

Explainable Way

The drivers are found to exhibit diverse car-following
behaviors during cut-in interactions from the extracted data.
Some drivers prefer to accelerate to vie for right-of-way with
the lane-changing driver. Conversely, some drivers are more
cautious, opting to decelerate and yield, which, despite
sacrificing efficiency, greatly enhances driving safety. This
diversity needs to be considered when modeling the motion of
surrounding vehicles. To quantify the social preferences of car-
following vehicles, we select relative distance, relative velocity,
and longitudinal acceleration as driving indicators, and
categorize drivers into aggressive, moderate, and cautious types.
Unlike previous work, we do not use machine learning-based
methods, such as clustering, for driver classification due to their
lack of interpretability. Instead, we opt for an explainable
approach. The advantage of this approach is that the
classification is fully interpretable, and the driving preferences
of drivers can be integrated into the car-following model in a
very clear and understandable way, reflecting the diversity and
uncertainty of surrounding vehicle behavior.

Based on the analysis above, we express the rules of driving
preferences in the following mathematical formula.

where, a;; and b;; are the upper and lower percentile of the
driving features; f;; is the jth feature of the ith driving
preference; i = 1,2,3 represents the three different driving
preferences, including cautious, moderate and aggressive
drivers; j = 1,2,3 is the driving features, including relative
distance, relative speed and acceleration.

In Eq. (9), we define the thresholds of various driving
indicators for drivers with different driving preferences. Each
type of driver should satisfy the defined thresholds
simultaneously, which highlights the differences in their car-
following behaviors.
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Fig. 3. Classification results of the driving preferences

Fig. 3 shows the classification results of driving preferences,
categorized into cautious, moderate, and aggressive types.
Overall, aggressive drivers, marked with red pentagrams,
exhibit greater longitudinal acceleration, higher relative speed,
and smaller relative distance to the front vehicle compared to
moderate and cautious drivers. This categorization is further
quantified by the mean values and variances of key driving
features presented in the Table I. Aggressive drivers maintain
an average relative distance of 27.87 m and a relative speed of
1.78 m/s. In contrast, cautious drivers keep a larger average
relative distance of 44.95 m and have a lower relative speed of
-0.04 m/s. These two types of drivers each account for about
20%. Moderate drivers, accounting for about 60% of the sample,
exhibit intermediate behavior with an average relative distance
of 37.10 m and a relative speed of 1.12 m/s.

Clearly, aggressive drivers pose higher driving risks during
driving, which validates the reasonableness of the classification.
Specifically, there is a clear range of driving feature distribution
between aggressive and cautious drivers, even with some
overlap. This is mainly to consider the proportion of each
driving preference in the total sample, setting thresholds for
driving preference boundaries. This classification of driving
preferences provides support for the construction of the car-
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following model in terms of diversity and uncertainty, enabling
better simulation environment.
TABLE I
MEAN VALUES AND VARIANCES OF DRIVING FEATURES BY DRIVING
PREFERENCES

Driving features Mean values and variances

Cautious Moderate Aggressive
Relative (44.95, (37.10, (27.87,
distance 216.13) 849.91) 100.34)
Relative speed (-0.04, 2.40) (1.12,6.17) (1.78,2.16)
Acceleration (-0.31,0.096)  (-0.24,0.32)  (-0.01, 0.05)

C. Social IDM (SIDM) Construction Based on Real Data

The IDM model [38] is a renowned rule-based car-following
model that has been applied in both traffic flow simulation
software and autonomous driving simulation. However, the
IDM model cannot reflect the heterogeneity of the driver
population. Therefore, we introduce the analysis results of
natural driving data to develop personalized car-following
models for drivers with different car-following preferences, to
emulate the actual car-following behaviors of human drivers.
The IDM model is shown in Eqg. (10).

appm(s, v, Av) =a [1 — (i)(S - (S*(US—AU)Y] (10a)

Vo

where

*(v, Av) +vT + vav
s'(v,Av) = s v
° 2vab
The distance s between the ego vehicle and the front vehicle,
the speed v of the front vehicle, and the speed difference Av
between the rear vehicle and the front vehicle are dynamic
inputs, while the remaining variables are parameters that need
to be predefined. s, is the minimum distance, v, is the desired

(10b)

speed, and T is the desired time headway, which are all positive.

The comfortable deceleration b is designed to restrict the
braking decelerations to a comfortable level.

To incorporate social factors, the parameter calibration of the
SIDM relies on the classification results in Fig. 3. The features
used for driving preference classification are also included in
the IDM model, including input variables and output
acceleration. Therefore, the SIDM will show significant
differences based on this classification result. Similarly, the
parameter set of the SIDM is also divided into three groups,
with its parameter calibration based on the following equation.

6; = argmm—z G- (@18 (D

The principle of SIDM parameter calibration is based on the
metric of mean square error (MSE). By employing optimization
techniques, we aim to minimize the average MSE between the
time series data and the model's output. In doing so, we can
obtain optimal parameters, ensuring that the model output
closely fits the actual driving data. In the Eq. (11), At the ith
time step denoted by i, the trajectory has a total number of
observations represented by N. The parameters vector in the
SIDM model is given by 8, = (vo,T,so a,b)T, while the

measurement vector at the ith time step is represented by Q =
(s(D),v(i),Av(i))T. There are five parameters that need to be
calibrated, which is difficult. However, it was mentioned in
previous literature that the platoon oscillation stability [39] and
variance contributions in the analysis of variance (ANOVA)
[40] of car-following behavior are influenced by two important
parameters: the desired time headway T and maximum
acceleration a. Additionally, both studies have revealed that the
most significant factor in enhancing car-following behavior is
the adjustment of the desired time headway T. Therefore, we
only calibrate the desired time headway T in this study.
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Fig. 4. Histograms and PDF curves of the desired time headway for different

driving preferences

Fig. 4 presents the calibration outcomes, indicating that the
calibrated desired time headway T among the three driver
groups conforms to a normal distribution. The mean values of
these distributions are 1.17 s, 0.7 s, and 0.41 s, respectively. It
is worth noting that the findings indicate that more than 75% of
cautious drivers have a desired time headway that exceeds that
of 75% of moderate drivers and nearly all aggressive drivers.
These findings are crucial for establishing different social
driving preferences in the motion model of surrounding
vehicles, thereby facilitating the evaluation of the decision-
making model in real traffic conditions.
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Fig. 5 shows the overall flow of how the SIDM is constructed
and applied in the autonomous driving simulation. First, the cut-
in data were extracted from highD dataset. Then the social
preferences of human drivers were classified based on the key
driving features, including relative distance, relative speed and
acceleration. The desired THW in the SIDM model was
thereafter calibrated to show the car-following preferences
when the cut-in happened. The SIDM-based simulation
environment was finally constructed by placing surrounding
vehicles with diverse driving preferences. The validation of the
lane change decision-making model can be significantly
enhanced as a result of the diversity and unpredictability of the
surrounding vehicles within a realistic simulation environment.

IV. IDENTIFICATION OF SOCIAL DRIVING PREFERENCES

In this section, the driving preferences of surrounding
vehicles are quantified in terms of driver aggressiveness. Then
a driver identification model is proposed to eliminate the
uncertainty of the driving environment for making safe and
efficient driving decisions.

A. Driver Aggressiveness Quantifications

Two factors are considered to identify the driving preferences
of a car-following driver, i.e., driving risks and driver’s
response, which is quantified by the longitudinal acceleration
in the car-following scenario. An aggressive driver is expected
to have higher acceleration when the driving risks are high (e.g.,
THW is low). Conversely, cautious drivers do not accelerate
that much even in situations where the driving risks are low.
The Risk-Response (R-R) diagram is therefore proposed to
show the differences between aggressive and cautious drivers
in Fig. 6. It is inspired by the stimulus-response model [41],
which is a conceptual framework in psychology that describes
how individuals respond to external stimuli. It was used to
model the vehicle's car-following behavior, assuming the
drivers react to stimuli from the environment. In our study, the
stimulus is the driving risk that is quantified by the time
headway between subject vehicle and leading vehicle. The
response can also be obtained by measuring the vehicle
acceleration. Thus, the ratio of response and stimulus, i.e., the
slope in the R-R diagram, is taken as the parameter to quantify
the driver aggressiveness. Overall, the R-R diagram is proposed
by reversely using the widely adopted stimuli-response model.
This quantification method for driver aggressiveness is
appropriate and interpretable.

The longitudinal behavior of the LAV is not solely quantified
by acceleration. This is because longitudinal behavior
corresponding to the same acceleration can significantly vary if
the vehicle's longitudinal speeds differ. To comprehensively
take account into these influence factors, the future trajectories
of the LAV are utilized to quantify the driver’s longitudinal
behavior.

Our initial hypothesis is that driver aggressiveness correlates
with shorter time headway (THW) and larger accelerations.
This hypothesis is grounded in previous research, which has
demonstrated a significant relationship between these
parameters and driver aggressiveness. Specifically, studies
have shown that larger THW is indicative of more cautious
driving behavior [42]-[44]. Conversely, greater accelerations

under similar driving conditions are associated with more
aggressive driving styles [45]-[47].
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Fig. 6. Driver aggressiveness quantification based on R-R diagram

These findings are supported by extensive analyses of diverse
driving datasets in these studies. This hypothesis is further
validated using statistical analysis of the dataset. The THW and
acceleration data are plotted for different driving styles in Fig.
7. The data shows that cautious drivers tend to have larger THW
and smaller accelerations on average, whereas aggressive
drivers exhibit shorter THW and larger accelerations. This
statistical evidence supports the validity of using the R-R
diagram model to define and identify driver aggressiveness.
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Fig. 7. Demonstrations of driving features between cautious and aggressive
drivers. (a) Time headway, (b) Acceleration.

B. Interactive Trajectory Prediction of Surrounding Vehicles

The trajectory prediction of the target predicted car is
conducted by extracting the information of its most relevant
surrounding cars based on the Gaussian Mixture Model (GMM),
considering its excellent approximation properties. The driving
features selected for the GMM model include relative distance,
relative speed, and acceleration, as these factors are critical in
defining the motion patterns of surrounding vehicles. Firstly,
relative distance between the ego vehicle and surrounding
vehicles helps in understanding spatial relationships. Secondly,
the speed is crucial for capturing dynamic interactions. The
third parameter is the heading angle which allows the model to
better capture the vehicle's orientation and directional intent.

The driving data utilized for training the GMM model are
collected from naturalistic driving datasets during specific
periods when interactions between the EV and the LAV are
observed. Specifically, data are only used when the longitudinal
time headway between the two vehicles is less than or equal to
2 seconds. This criterion ensures that the data captures
meaningful interactions between vehicles, which is critical for
the trajectory prediction model. The historical driving features
of the LAV and EV are then used to predict the future motions
of the LAV.
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S(1) = [Vpar (T) @rLav (@) vey () @py (1)

Ady(z) Ady(D)],7 € [t — Ty, t] (12)

where Ad, and Ad,, represent distances between the LAV and
EV in the longitudinal and lateral directions, separately. The
historical horizon length is denoted by T;,. The model outputs
are the anticipated velocity and yaw angle of the LAV:

zZ(T) = [Vpay(T)  @rav(D]TE [t t + Tf] (13)
The joint Gaussian mixture distribution is
K
P = ) mNE | o B (14
k=1

where x = [s(7), z(T)]; m,, Hx, X are the estimated
weightings, mean value matrix and covariance matrix.

Then the driver response is determined based on the
normalized occupancy of the predicted trajectory. The
calculation for the percentage ratio is given by the following
formula:

- Xmin
- Xmin

where x;,, 1S the predicted trajectory generated by the trained
GMM model f;(*)

Xeum ( + T5) = fo(Se—r):c|P) (16)

In Eq. (15), X;in and X4, are the minimum and maximum
predicted distances the vehicle can travel, assuming it drives at
the minimum and maximum accelerations, respectively. These
values can be investigated using the available driving dataset. It
is indicated from Fig. 8 that the LAV’s predicted trajectory is
normally distributed with an uncertainty range.

. XeMMm
ratio =

(15)
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Fig. 8. Motion prediction with uncertainty

C. Lane Change Game Considering Driver Identification

Driver aggressiveness is defined by both the driving risk and
the corresponding driver response. The former term is a
determined value represented by the THW. The driver response
is defined by the percentage ratio that follows the Gaussian
distribution. Therefore, the ith driver aggressiveness y; is
modeled as a random variable given by

~ WV (i, 67) (17

The driver aggressiveness metric provides a clear indication
of how a lane-changing vehicle adapts its behavior when
interacting with other vehicles of varying aggressiveness. By
utilizing Eq. (1), the utility of the EV can be evaluated in
relation to the type of surrounding vehicles

U2 +6> unN+Sn
wy(0y, ..., Oy, 04) = J- f Sty X2 -0 Xn)
Uz—62 UN—6N
V1001, ey Ony O1, X2s s XN DA X2 o XN
(18)
where v, (03, ..., 0y, 01, X2, -, Xn) 1S the expected utility of the

EV under the mixed strategy o, = (044, *, 0,%) and the other
N — 1 surrounding vehicles chooses the mixed strategy

0'21 e 0—2]2
(0-2,0-3,...,0-1\[) = ( : - : ) (19)
O-Nl e O-N]N
which is shown as
v1(01, e, O, 91,)(2: . ’XN)
K
z z z 0'1k(91)0'212 (x2) - O'ZJNQ(N)
=1 j2= Jn=1
ul(slk, S2jyr e ijN) (20)
where y, ..., xy are the driver aggressiveness of the other N —

1 surrounding vehicles, which are Gaussian random variables;
The mixed strategies of players are denoted by oy, ..., oy, While
fxy,..xy (X2s > xn) signifies the joint probability density
function (pdf) of the surrounding vehicles' driver
aggressiveness. Given the utilities of each player under mixed
strategies, the driving decisions can be determined by solving
the game, and the optimal path is planned via polynomial
splines [7].

V. RESULTS AND DISCUSSION

A. Scenario 1: Two-Player Game

When the surrounding vehicles keep lane, the lane change
becomes a two-player game, where the LAV and EV are the
players. The LAV follows the SIDM while exhibiting distinct
driving preferences, as discussed in Section I11.

LAV LEV

s "~ Aggressive/Moderate

Target |ane (Q://'Cautmus/ drivers proposed moetél _ 7(’ D ‘
~ - Two-player game Py //"
_>—p P Surrounding vehicles
Current lane ( 4:' . = J J
Fov EV FV

Fig. 9. The two-player lane change game with incomplete information

The lane width is set to 4 m. Each vehicle is 5 meters long and
2.2 meters wide. At the beginning of the simulation, the LAV
operates under moderate driving preferences and maintains a
normal following distance behind the EV. In each scenario, the
vehicles' initial positions and longitudinal velocities are set to
identical values. Light-colored bars are used to mark critical
time steps in each figure. The benchmark utilized in this study
is the game model that does not incorporate the driver
identification module. The EV assumes that the LAV maintains
moderate car-following preferences.

1) Interacting with a Cautious Driver

In this scenario, the FV and LEV are traveling at constant
speed, and the LAV starts to drive cautiously when the EV
intends to change lane at 9.7 s, as shown in Fig. 10 (a). As the
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EV is driving faster than LAV, the cautious LAV decelerates
accordingly, leading to a successful lane change with reduced
risks. Once the lane change is complete, the new LAV and LEV
are set up to be close to the EV in the leftmost lane, so the EV
keeps lane until the simulation ends. As shown in Fig. 10 (b),
the LAV’s driver aggressiveness is observed to be around 0.4
for several seconds while it ranges from 0 to 1, because it drives
moderately. After the LAV decelerates, its driver
aggressiveness decreases to 0.25 in a short time period, showing
the cautious driving preference. The EV thus performs a safe

lane change until t=14.4 s.
Motion profiles

* Proposed model 26.5
10 - -Without DI |===============--~
- — t=9.7s, LC starts 26
TE  EEEEEEEE 255
AN
)/_ 25
0 245

150 200 250 300 350 400 450 500

Estimated driver aggressiveness

= —
Mean value
Uncertainty area

Aggressiveness
o O o o
N W B

0 ‘ ; j i

150 200 250 300 350 400 450 500
The distances between EV and LAV

30 "'—Prdposed model

3 - — Without DI ‘ .
5 825¢ S

8 / -

(2]

a 20

150 200 250 300 350 400 450 500

Vehicle speeds

28
——Proposed model EV = ==Without DI EV
»w ——Proposed model LAV Without DI LAV ﬁé‘z
= = .
_E% T
° g - //
224 /
n ~—
22 ;
150 200 250 300 350 400 450 500
X (m)

Fig. 10. Interactions with the cautious driver in the two-player game.

The identification of driver aggressiveness plays a crucial role
in generating more efficient decisions. In the case of the
benchmark without driver identification (DI), the EV initiates
its lane change 1 s later than the proposed model, because the
driver is not identified, which results in the conservative
decision.

2) Interacting with an Aggressive Driver

The aggressive LAV's interactions are depicted in Fig. 11. At
t=8.3 s, the LAV adopts an aggressive car-following preference.
This prompts an acceleration in the LAV and a gradual
reduction in the distance between the EV and the LAV. As
driver aggressiveness escalates from approximately 0.5 to a
higher level, the EV identifies the LAV's aggressive behavior.
Consequently, the EV maintains its lane, following the FV at a
stable speed without changing lanes. The proposed model

demonstrates clear effectiveness in promoting safer driving
decisions by determining the driving preferences.

The EV controlled by the game model without DI stays in its
lane continuously because it assumes the LAV will drive
moderately. This makes lane changing impossible even if the

driver's perception is inaccurate.
Motion profiles

generates

e i ]

150 200 250 300 350 400 450 500

Estimated driver aggressiveness

L Mean value }
Uncertainty area|

o
=)

(
Aggressiveness
g
[}

N
o~

200 250 300 350 400 450 500

150
99 The distances between EV and LAV
——Proposed model
75‘20 |~ = Without DI
— ———

.18

ce
x 16
L
o 14

12 : L
150 200 250 300 350 400 450 500
2% Vehicle speeds
Proposed model EV = =Without DI EV
D —Proposed model LAV Without DI LAV
€25 S ——

£ / —

T o ~— — ./ ]
[0} T—————— e — e~~~ _ 4
Q224
w

23 i i
150 200 250 300 350 400 450 500

Fig. 11. Interactions with the aggressive driver in the two-player game.

B. Scenario 2: Multi-Player Game

In this scenario, the LEV cuts into the current lane, impacting
other players' decisions, as shown in Fig. 12. The LAV is
programmed to either yield to EV or accelerate. In the first case,
the LAV follows the moderate SIDM model in the beginning
and then yields to the EV. In the other case, the LAV is
manually controlled to surpass the EV.
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Fig. 12. The multi-player lane change game with incomplete information

1) LEV Cuts in and LAV Yields

The EV and LEV’s motion profiles are depicted in Fig. 13.
Notably, the LEV's cut-in process is marked by a square marker,
while the EV's corresponding positions are denoted by a
pentagram. At the beginning of the experiment, there are
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multiple LAVs positioned behind the EV. The first LAV, being
very close to the EV, accelerates and overtakes the EV,
becoming the LEV when it cuts in front of the EV. The LEV
prompts the EV to change lanes prematurely. The second LAV,
which follows, is the vehicle that yields to the EV.

Our prior work [7] presents the quantifications of driving risks,
taking into account THW, TTCi (inverse TTC), and relative
distance. As Fig. 13 (b) shows, the risk levels and the inter-
vehicle distances encounter a sudden change when the original
LAV overtakes the EV replacing the old LEV, and cuts into the
current lane to become the new FV. Thus, the desire for lane
change increases. Concurrently, the new LAV’s driving
preference transitions from moderate to cautious, enlarging the
inter-vehicle distance between EV and LAV. As a result, the
EV successfully changes lanes from t=4.4 s to t=10.1 s.
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Fig. 13. Interactions with the cautious lag vehicle when the LEV cuts in.

2) LEV Cuts in and LAV Accelerates

As illustrated in Fig. 14, the motion of the other vehicles and
driving conditions remain the same as the last case, while
however, the new LAV in the target lane accelerates to overtake
the EV. The distance between EV and LAV continues to
shorten and the safety-danger probability difference slowly
decreases, after the EV’s lane change. The EV subsequently
returns back at t=6.5 s considering the distance is 10 m from
LAV. The LAV continues accelerating, surpassing the EV at
t=10.5 s, and the simulation terminates. It is found that the

driver identification module helps the EV evaluate the driving
risks from the environment vehicles and avoid the collisions.

C. Validations Based on Human Driving Data

Human driving data are extracted from highD dataset for the
validation of the proposed model through comparing the
driving decisions and generated trajectories. Two scenarios are
studied, where the LEV maintains its lane and cuts in,
respectively.
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Fig. 14. Interactions with the aggressive lag vehicle when the LEV cuts in.

1) LEV Keeps Lane

In this scenario, the LEV does not cut in, and the game is
played by only EV and LAV, as shown in Fig. 15. The EV
initially accelerates due to the large EV-FV distance, while the
human driver decelerates and yields to the LEV. As the EV gets
closer to the FV, it keeps lane and slows down because the LAV
drives very close, and the danger probability is 1. Since the
human-controlled EV decelerates initially, the EV-LAV
distance is then large enough for a lane change. Hence, the lane
change maneuver happens earlier. In terms of the total traveling
distance, the proposed model stops at 424.85 m, while the
human-controlled car travels 413.03 m, indicating higher
efficiency of the proposed model.
2) LEV Cutsin

In this scenario, the LEV cuts into the current lane, and the
interactions happen among the LEV, EV and LAV, as shown in
Fig. 16. The EV initially accelerates due to the large distance to
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the FV. As the LEV starts cutting in, the EV slows down to
yield to the LEV. Subsequently, the EV initiates a lane change
maneuver without being affected by the LAV and LEV. For the
human-driven EV, it conducts similar driving strategy to the
proposed model. It is shown that the motion profiles of two
controlled EVs are close. In terms of driving efficiency, the total
traveling distances are 412.4 m and 412.7 m for the multi-player
game model and human-driven vehicle. This indicates a
comparable level of driving efficiency between the two.

The validations reveal that the proposed model prioritizes
exploring the current lane before considering changing lane, as
opposed to human drivers who can make longer-term
predictions. Furthermore, human drivers behave variously, and
a range of vehicle trajectories exist in the naturalistic driving
dataset. In comparison to human drivers, the proposed model
ensures driving safety while achieving similar driving
efficiency.

D. Statistical Comparisons with Baselines

To better validate the proposed decision-making model, three
baselines are selected, including the game theoretic model
without driver identification (NO-DI), optimization-based
Model Predictive Control (MPC), and Deep Reinforcement
Learning model based on Deep Q-Network (DQN-DRL).
Additionally, we generate 120 scenarios for each of the cautious,
moderate, and aggressive social driving preferences based on
the proposed SIDM model, resulting in a total of 360 scenarios.
This controls the interaction behavior of the LAV with the EV
in these random lane change scenarios. Collision rate (CR), lane
change success rate (SR), and average speed (AS) are selected
as evaluation metrics, and the results are shown in Table II.

The results show that our method outperforms the benchmark
methods under different conditions. The driver identification
module enables our method to avoid collisions in all scenarios.
Moreover, the proposed method can generate adaptive driving
behaviors by identifying the driving characteristics of the LAV.
This provides a way to maintain a good balance between safety
and efficiency. Without considering driver identification, the
safety, lane change success rate, and driving efficiency of the
model are reduced in all scenarios.

TABLE II
STATISTIC RESULTS OF THE PROPOSED METHOD COMPARED WITH
BASELINES
LAV type Methods (02 ? ("Z? (ml?ss)
Ours 0 95.83 27.24
Cautious NO-DI 2.50 93.33 26.96
MPC 5.83 88.33 26.46
DQN-DRL 1.67 92.50 2691
Ours 0 89.50 26.56
Moderate NO-DI 6.67 87.50 26.38
MPC 13.33 78.33 25.24
DQN-DRL 5.83 89.17 26.46
Ours 0 85.83 26.32
Aggressive NO-DI 10.83 83.33 26.04
MPC 17.50 72.50 24.89
DQN-DRL 9.17 86.67 26.41

The MPC benchmark method exhibits the driving behavior
that lacks efficiency when interacting with a cautious LAV,
because it is based on a constant speed prediction for the LAV.

Additionally, the MPC benchmark performs poorly under all
settings, with high collision rates, low lane change success rates,
and low driving efficiency. The reasons may include a lack of
interaction in the strategy, only specifying a fixed safety
distance constraint. Compared to the MPC method, the DRL
benchmark significantly reduces the collision rate. However, it
ignores the uncertainty of the environment vehicles in decision-
making, resulting in some collisions and lower driving
efficiency compared to the proposed model.
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Fig. 15. The comparisons between the human driver and proposed model when
LEV keeps lane.

E. Discussions

The performances of the proposed model are evaluated in the
realistic simulation environment, where the surrounding
vehicles are equipped with the data-driven SIDM model. Also,
the validations are conducted by utilizing the driving
environment in the highD dataset.

In the first case, the two-player game is modelled when the
LEV keeps lane. The interactions are studied between the
autonomous vehicle and both cautious and aggressive LAVS.
Compared to the benchmark model, the proposed model
identifies the driving preferences of other vehicles and makes
driving decisions adaptively with higher safety and efficiency.
In the second case, the multi-player game is formulated when
the LEV cuts in to the EV’s driving lane. Then the EV is forced
to change lane due to the sudden drop of the driving space. The
LAVs are switched to the decelerating and overtaking types in
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two separate scenarios. Based on the proposed decision-making
model, the EV can select different car to follow with higher
expected driving efficiency and lower driving risks. It should
be noted that the internet of things [48] and driver intent
prediction [49] technologies are helpful for the proposed
decision-making model, because the autonomous vehicle needs
to get the necessary information of surrounding vehicles in the
decision-making process.

Besides the simulations, the validations are also conducted.
Two typical scenarios are selected from the highD dataset,
where the LEV maintains lane and changes lane, respectively.
Therefore, the two-player and multi-player games are both
included in the validations. Similar safety and efficiency
performances are found in the comparisons between the
proposed model and human driving data, although there are
differences in the trajectories. Overall, human-like decision-
making frameworks for autonomous vehicles help achieve
better interaction with human drivers in mixed traffic
environments, and help the proposed model to exhibit more
natural driving behaviors [42].
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Fig. 16. The comparisons between the human driver and proposed model when
LEV cuts in.

While the driver identification model helps the decision-
making model make more adaptive driving decisions in
simulation environments, several challenges should be
addressed for successful real-world implementation. These
include robust data acquisition and processing, model

adaptation, and computational efficiency. These challenges are
worth exploring in future research to help improve the
effectiveness of the proposed model in real-world autonomous
driving scenarios.

VI. CONCLUSIONS AND FUTURE WORK

This paper modelled lane change decision-making based on
game theory, considering interactions with the diverse human-
driven vehicles in the mixed traffic. Two-player and multi-
player games were applied to possible interactive lane change
scenarios in real driving. The SIDM motion model was
proposed to connect the motions of surrounding vehicles to
human driving behavior by integrating the IDM model and real
driving data. As a result, the interactions in the simulations were
more realistic and comprehensive compared to existing studies.
By introducing the R-R diagram, the social driving preferences
were defined and quantified in an explainable manner. With the
development of driver identification, the proposed model could
recognize the aggressiveness of surrounding drivers. The
simulations and validations demonstrated that the proposed
decision-making model could make human-like driving
decisions to enhance driving safety and efficiency.

In the future work, the players in the game can be irrational,
and the decision results will be different. Additionally, it is
worth investigating the incorporation of traffic rules and
constraints into the research to ensure driving decisions comply
with traffic regulations. Future research will also focus on
collecting comprehensive datasets that include road and
weather conditions and developing mechanistic models to
integrate these factors effectively. Moreover, field tests in a
controlled and safe environment will be conducted to further
demonstrate the practical applicability of our model.

APPENDIX

A. The calculation of the Bayesian Nash equilibrium

An incomplete information game is constructed where each
player adopts mixed strategies, determining each action
according to a certain probability distribution. According to
Nash's proof [50], any game with a finite number of players and
a finite number of actions has a mixed-strategy Nash
equilibrium. In this game, the number of players and actions are
both finite, so an equilibrium solution must exist.

When solving this game, there may be multiple equilibria. An
equilibrium selection mechanism is used by considering both
payoff dominance and risk dominance strategies to select
among multiple Nash equilibria [51], [52]. For example, if in
Equilibrium 1, the payoff of each player is higher than that in
all other equilibria, the AV's driving decision will be made
based on Equilibrium 1. If the above condition is not met, the
equilibrium is selected with the minimum driving risk for the
AV and use its result as the driving decision. This condition is
easy to achieve because the AV only needs to drive
conservatively. As the experiment progresses, the AV will re-
evaluate the driver aggressiveness of surrounding vehicles and
make safe and efficient driving decisions.

After the lane change decision-making and driver
aggressiveness identification, the utility functions are
established for each vehicle. Thereafter, the Bayesian Nash
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equilibrium is solved wusing the sequential quadratic
programming (SQP)-based quasi-Newton technique [53]. This

problem is transformed into the following optimization problem:

min > [ - ui(o)]
iEN )
st ut(o7hsf)—pI<0 Vj=1,.m,VieN
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L 1)
Z of =1 VieEN

j=1

o >0 Vj=1,..,m, VieN

where B¢ is the optimal payoff of the player i. ui(o) is the
payoff to player i when all players play mixed strategies. The
calculated strategy combination o is the one that makes each
player have a payoff value that is close to the highest possible
value as much as possible. (o7 s/) denotes the mixed
strategies combination in which player i plays with his j,, pure
strategy. m! is the number of pure strategies that player i has.
aj denotes the probability assigned to pure strategy sji. After
optimization, the calculated strategy combination o is the one
that makes each player have a payoff value that is close to the
highest possible value as much as possible. It is proved that this
strategy combination o is just a Nash equilibrium of the game
studied. Detailed proof has been provided in [53].

Take x to be a vector of length m + n described as follows.
Arranging the strategies of players 1 to n in order, we have a
total of m strategies and we take x; in order as: x; = of,x, =
Oy ey Xt = a}nl, ) Xm = a,in, Where subscripts in o denote
the strategies and superscripts stand for the players. Then take
Xpmai = BL, 0 =1,2,..,n. Performing this transformation of
variables in Eq. (21), it is converted to the following form

min f(X)
s.t. gx)<0
h(x) =0
x;>0Vi=1,..,m (22)
X; are unrestricted
Vi=m+1lm+2...m+n
where
f0 =) (B -ui)
iEN ‘
g =ui(o7isf)—pt Vj=12,..,m VieEN
mi
h(x) =Z gl—1 VieN
j=1

Eqg. (22) is the standard form of a nonlinear optimization
problem. To get a solution of this nonlinear minimization
problem with nonlinear constraints, we use the SQP-based
quasi-Newton method. The readers can refer to [54] for a
detailed description of the method.

B. Experimental Parameters

The experimental parameters are listed in the following table.
TABLE III
DETAILS OF THE EXPERIMENTAL PARAMETERS

Parameter Value (unit) Description
W 5 Weighting for driving safety
W, 3 Weighting for driving efficiency
we 1.5 Weighting for driving courtesy
Viim 35m/s Maximum vehicle speed
p ls Driver’s reaction time

Maximum braking deceleration

2
Amaxbrake zm/s of preceding vehicle
Vo 32m/s Desired speed in IDM
So 10m Minimum distance in IDM
L 100 m Maximum detection distance
lyen S5m Vehicle length
Wyeh 22m Vehicle width
T, 3s Trajectory prediction horizon
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