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Abstract—The emergence of vehicle-to-everything (V2X) tech-
nology offers new insights into intersection management. This,
however, has also presented new challenges, such as the need
to understand and model the interactions of traffic participants,
including their competition and cooperation behaviors. Game
theory has been widely adopted to study rationally selfish or
cooperative behaviors during interactions and has been applied
to advanced intersection management. In this paper, we review
the application of game theory to intersection management and
sort out relevant studies under various levels of intelligence and
connectivity. First, the problem of urban intersection manage-
ment and its challenges are briefly introduced. The basic elements
of game theory specifically for intersection applications are then
summarized. Next, we present the game-theoretic models and
solutions that have been applied to intersection management.
Finally, the limitations and potential opportunities for subsequent
studies within the game-theoretic application to intersection
management are discussed.

Index Terms—Intersection management, Game theory, Coop-
erative and non-cooperative behavior, Decision-making, Multi-
agent reinforcement learning.

I. INTRODUCTION

NTERSECTIONS within urban traffic networks are subject

to traffic conflicts, leading to prolonged vehicle delay and
elevated energy consumption [1]-[3]. Innovative technolo-
gies such as human-machine interface (HMI), and vehicle-
to-everything (V2X) communications facilitate the collection
and sharing of vehicular and trip information, such as origins
and destinations, vehicle trajectories, and personal attributes
[4]-[7]. These advancements unlock a significant number of
opportunities for more efficient intersection management. For
example, traffic signal controllers can utilize more comprehen-
sive vehicle information to optimize signal phase and timing,
and minimize overall traffic delays. Since the introduction
of the autonomous intersection management (AIM) system
by Dresner and Stone, there have been increasing efforts
to explore the applications of emerging technologies in this
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area [8]. Simultaneously, management strategies have shifted
from focusing only on macroscopic measurements (e.g., traffic
efficiency) to microscopic considerations such as experiences
and intentions of traffic participants [9].

In the context of management and control, intersections
can be classified as signalized and un-signalized intersections
[10]. The optimization of signalized intersections typically
involves the allocation of the signal phase and timing (SPaT).
Through the optimization of SPaT, bus rapid transit (BRT)
priority strategies can be effectively executed [11]. With the
advancement of cooperative adaptive cruise control (CACC)
technology, a compatible SPaT plan has been demonstrated
to improve intersection capacity [12]. In the partially/fully
connected automated vehicle (CAV) environment, signal opti-
mization can be coupled with vehicle trajectory planning [13],
[14]. The co-optimization of SPaT information and vehicle
speed has the potential to concurrently enhance eco-driving
practices and traffic efficiency [15]-[17]. Even given SPAT
information, optimizing vehicle trajectories can balance traffic
efficiency and fuel economy [18], [19]. Meanwhile, the man-
agement of signalized intersections, considering the stochastic
behavior inherent to human-operated vehicles (HVs), is at-
tracting heightened interest [20], [21]. In an ideal environment
characterized by a full penetration of CAVs, the utilization
of traffic signals may become redundant (i.e., un-signalized
intersections). The main issues in managing un-signalized
intersections pertain to right-of-way allocation and collision-
free vehicle trajectory planning [22]-[26]. The trajectory plan-
ning for cyclists, a vulnerable demographic at un-signalized
intersections, is garnering attention. This concern arises from
the conflicts that cyclists may encounter both within their
group and with motorized vehicles [27]. For all types of
interactions, the optimization cannot be solely considered from
the perspective of traffic efficiency, factors such as the value
of time, time-to-collision (TTC), and fuel consumption are
also frequently investigated [28]-[30]. Several review articles
have summarized the existing methodologies on intersection
management and proposed promising future directions. For ex-
ample, Zhao et al. discussed the application of computational
intelligence in traffic signal control that can address the large
complex nonlinear problems in urban transportation systems
[31]. Araghi et al. also reviewed computational intelligence
methods for traffic signal control and compared the perfor-
mance of various learning methods [32]. Wang et al. surveyed
the history of traffic self-adaptive control systems, pointed out
the deficiencies, and expressed the expectations for multi-agent
reinforcement learning in this field [33]. Yau et al. surveyed
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the application of reinforcement learning algorithms to traffic
signal control [34]. Florin and Olariu reviewed three adaptive
traffic signal control strategies for various levels of vehicular
communications, including: (i) no vehicle communication; (ii)
wireless transmission of vehicle status data; and (iii) on-board
computation to optimize traffic signals [35]. Chen and Englund
surveyed cooperative intersection management strategies under
both signalized and un-signalized intersections and summa-
rized related research projects worldwide [36]. Studies re-
lated to CAV-enabled intelligent intersection management were
summarized in [37]-[39]. Namazi et al. provided a systematic
review of intelligent intersection management in mixed traffic
including autonomous vehicle (AV) and human-operated vehi-
cle (HV), also with high expectations for artificial intelligence
(Al)-enabled traffic management in the future [40]. Al-Turki et
al. concluded signalized intersection control methods in mixed
traffic and proposed an alternative machine learning (ML)-
based solution to the design of intelligent adaptive traffic signal
controllers [41]. Additionally, the existing challenges and
potential future directions were outlined. Shirazi and Morris
reviewed the behavior at intersections and the safety analysis
for vehicles, drivers, and pedestrians, and made suggestions
for the safety management of intersections [42]. Zhong et al.
provided a summary of AIM research in terms of the corridor
coordination layer, the intersection management layer, and
the vehicle control layer [43]. Iliopoulou et al. summarized
the market-inspired allocation of spatial-temporal resources at
intersections within the context of the connected vehicle (CV)
environment [44]. The aforementioned reviews highlighted the
significant accomplishments in the development of technical
tools for intersection management. Nevertheless, most traffic
management strategies, when scrutinized from an optimization
standpoint, have been developed in an altruistic manner, that
is, any player might have to sacrifice his or her own interest
to achieve the global optimum. For example, vehicles are
often obliged to endure waiting times for the larger collec-
tive benefits, without any compensation. Therefore, enhancing
our understanding of the needs of traffic participants, the
intricacies of their interactive behaviors, and the delicate
equilibrium between individual gains and collective benefits
are worthy subjects for continued exploration. Toward this
end, a comprehensive summary of interaction analysis between
decision-makers at intersections holds promise in facilitating
the research of more user-friendly management strategies.
Consequently, there is an urgent demand to identify a suit-
able tool for analyzing individual preferences and interaction
behaviors to guarantee fair decision-making in future intersec-
tion management. Game theory — known as a classic math-
ematical method to model conflicts and cooperation among
decision-makers, is commonly used to study the behaviors
of traffic participants [45]. A game consists of three basic
elements: players, strategies for players, and payoff functions
that describe how much payoff or utility each player can obtain
under various environment states and joint actions chosen
by the players [46], [47]. Game theory can be considered
as an optimization model to some extent, with its unique
characteristic being the decision-making process aimed at
maximizing one’s payoffs while accounting for the strategies

of the opponents. This characteristic sets it apart from conven-
tional optimization models by aiming for outcomes that are
more likely to be satisfactory to all parties involved. Unlike
machine learning methods, which primarily analyze patterns
and predictions based on data, game theory delves into the
strategic thinking and psychological activities of the players.
The emphasis on the decision-making processes and strategic
interactions provides game theory with a notable advantage in
the interpretability of its conclusions, offering clear insights
into the rationale behind players’ decision-making and the
dynamics of their interactions. Game theory has demonstrated
its potential for managing traffic in various scenarios such
as traffic congestion management [48], lane-changing [49]-
[53], ramp-merging [54]-[57], and intersection management
[58], [59]. In lane-changing and ramp-merging games, the
number of participants may be much less than that at a
standard four-leg intersection where the interactions of traffic
participants are more complex. In terms of the operational
strategies, discrete actions such as acceleration/deceleration
during lane-changing and yield/not yield during ramp-merging
may be sufficient in decision-making modeling. However, as
the diversity and number of participants grow at intersections,
lateral and longitudinal joint strategies are needed for adapting
to complex situations. An example of this complexity is the
coordination of the green phase of traffic signals. Factors
such as TTC and travel time are widely used to construct
the payoff function from the perspective of players’ safety
and driving efficiency [60]. In scenarios where players are
traffic operators, traffic signal delays and queue lengths are
frequently considered [61], [62]. In addition, heterogeneous
trip characteristics, such as trip purpose and distance, result
in diversified preferences of time, safety, and other measures
[54], [63]. For example, catching a flight generally has a higher
value of time compared to shopping. Consequently, the payoff
functions should be more specific. Another concern is that
the continuous flow approaching the intersection makes the
problem of passing sequence optimization even more complex,
which can be NP-hard [64], [65]. Game theory serves as a
valuable instrument for decomposing complex interactions,
modeling decision-making processes, analyzing the behavior
of traffic participants, and helping take reasonable actions to
manage the aforementioned issues. Specifically, game theory
recognizes and accommodates user heterogeneity in the first
category of issues, allowing for tailored personalization of
payoff function compositions in line with individual charac-
teristics. For the second category, a synergistic combination of
game theory and multi-agent reinforcement learning (MARL)
offers a potent solution, effectively resolving the intricate
challenges presented.

Great efforts have been made to apply game-theoretic
models for intersection management. The diversity of models
makes it challenging to outline the existing studies, so a
clear lineage of game theoretic approaches for intersection
management needs to be identified. Additionally, most stud-
ies simplified intersection games by assuming a complete
information environment. In reality, self-interested players
may exploit misreported private information to increase their
payoff, making it more practical to address the problem in
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an incomplete information environment. In a nutshell, despite
the well-established conventional game-theoretic models for
intersection management, there are several challenges to be
tackled in practical applications, such as how to find an
appropriate game-theoretic models and how to incentivize
traffic participants to take part in the games.

Based on the author’s understanding, there have been few
studies that provide a comprehensive summary of recent
developments in game theory applications to intersections,
especially on the behavior analysis and the modeling of traffic
participants to enhance intersection management. Moreover, as
connected and automated technologies gradually integrate into
transportation systems, the emphasis on individual travel needs
grows correspondingly. In this context, there is an evident
demand for methods capable of balancing the requirements
of traffic participants, guaranteeing their respective interests.
Game theory provides a fitting solution to this requirement.
Employing game-theoretic methods to manage intersection
areas with multiple conflict points holds significant promise.
To fill research gaps and facilitate knowledge and development
for future relevant research, the paper provides a review on
the decision-making problems of intersection management
and aims to investigate the applications of game theory to
intersections. The main contributions of this paper include:
(i) summarizing the existing applications of game theory
for intersections, including the intersection circumstances for
deploying game theory, the basic elements of game theory,
and the various types of game theory models and solutions;
and (ii) highlighting existing issues and future directions in
combining game theory and intersection management.

This literature review is organized as follows: Section II pro-
vides a comprehensive review and discussion of the detailed
steps involved in applying game theory to intersection man-
agement, Section III summarizes the development of MARL
for intersection management, Section [V identifies the existing
limitations and opportunities associated with the application of
game theory at intersections. Finally, a summary of this paper
is presented in Section V.

II. APPLICATIONS OF GAME THEORY TO INTERSECTION
MANAGEMENT

To collect relevant literature on game-theoretic applications
to intersections, we presented a workflow for systematic liter-
ature retrieval and analysis, illustrated in Fig. 1. This method-
ology is versatile and can be adapted to trace advancements
in diverse research fields. We began by identifying critical
keywords associated with our research focus, incorporating
terms such as “game theory”, “game theoretic”, “auction”,
and “mechanism design”, combined with “intersection”, to
retrieve relevant studies. This was followed by a keyword
search in prominent scientific repositories like Google Scholar,
Web of Science, and Scopus. We also followed up on articles
citing the selected publications. Subsequently, we undertook
a preliminary screening step to offset potential inaccuracies
stemming from keyword searches. This involved a brief review
of the topics, abstracts, highlights, and the prestige of the
journals in which these studies were disseminated. Finally,

we provide an in-depth review and summary of the game
theory framework as applied to intersection management. This
analysis is methodically presented, encompassing the types of
intersections examined, the game theoretic modeling proce-
dures, and both the innovations and limitations observed. An
extensive search using specific keywords in databases yielded
a significant number of pertinent studies. However, initial
scrutiny and subsequent in-depth reviews identified instances
of duplicative content. Finally, guided by the criteria presented
in Fig. 1, we selected 88 articles, published between 2005 and
2023, for inclusion in this review.

A. An Overview of Intersection Management

Intersections serve as the critical points in urban transporta-
tion networks where multiple roadways converge horizontally;
they also represent concentrated conflict areas, resulting in a
higher incidence of collisions compared to the other parts of
urban transportation networks [66]. Fig. 2 presents a standard
four-leg intersection with three movements along each ap-
proach, including through traffic, left-turning traffic, and right-
turning traffic. When traffic flows from different directions
pass through the same section of the intersection, there are
some potential collision areas (defined as “conflict points”)
[67]. Conflict points at intersections can be categorized as
merging conflict points, diverging conflict points, and crossing
conflict points [68]. Merging conflict points arise when two
paths converge or come together into a single path. Conversely,
diverging conflict points emerge when one path splits into two
or more paths. Lastly, crossing conflict points are observed
when two paths intersect each other perpendicularly or at
some angle, resulting in the potential for one road user to
cross directly into the path of another. There exist thirty-two
(32) conflict points among motorized traffic (MT) in the given
scenario. This features eight (8) merging and eight (8) diverg-
ing conflict points, where rear-ended and sideswipe collisions
typically occur. Additionally, there are sixteen (16) crossing
conflict points inside the intersection, with twelve (12) of them
associated with left-turn movements. The remaining four (4)
crossing conflict points involve the through movements on
two adjacent approaches, where angle collisions may occur
[69]. Non-motorized traffic (NmT), as the vulnerable group,
encounters twenty-four (24) conflict points interacting with
motorized traffic. Conventional intersection management relies
on the separation of time-space conflicts among approaching
vehicles, using traffic signal control and lane channelization,
which also limits intersection capacity. To balance efficiency
and safety, many studies have explored game-theoretic ap-
proaches for intersection management, which have proven
to be a valuable tool for characterizing such interactions,
particularly in the decision-making of CAVs [70]-[72].

To better understand the operation mechanism of inter-
sections and the interactions among traffic participants, we
revisited the intersection management solutions with the ap-
plication of game theory. The intersection circumstances in
game-theoretic studies can be classified based on several
criteria: (i) the presence or absence of traffic signals: signalized
and un-signalized intersections; (ii) the number of intersec-
tions under consideration: single, isolated intersections and/or
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Fig. 2. Tllustration of conflict points for a standard four-leg intersection.

multiple intersections; (iii) the type of traffic composition:
traffic flow with HVs only, CVs only, CAVs only, mixed
traffic with pedestrians and vehicles. A brief overview of the
studies conducted in the various circumstances is presented
in Fig. 3. More than half of the game theory-related studies
(63.5%) have focused on the interactive behaviors among
vehicles at un-signalized intersections. The multi-intersection
coordination problem accounts for only 16.5% of studies,
which still needs further attention. A major chunk of studies
focuses on the traffic flow with CVs only or CAVs only since
CVs/CAVs are more conducive to obtaining traffic information
and implementing vehicle control strategies.

B. Game Theory-based Modeling

The key to modeling with game theory is to identify three
basic elements in decision-making problems, i.e., players,
strategies, and payoff functions. However, identifying these
elements can be challenging due to the complex nature of
intersections in urban environments. The set of players can
include a variety of traffic participants, such as HVs, CAVs,
and pedestrians. The set of strategies can be represented by the
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various choices each participant can make, such as selecting
a movement direction or a speed profile. The payoff function
can be defined based on various factors, i.e., vehicle delay, fuel
consumption, and safety. Additionally, various game theory
models, such as non-cooperative and cooperative games, can
be employed to analyze interactions among traffic participants
at the intersection. Identifying and applying these elements
and models can provide valuable insights for intersection
management and can improve traffic flow efficiency and safety.

1) Players: Existing studies usually make two common as-
sumptions related to the rationality and intelligence of players
[45]. Rational players adopt strategies that maximize their ex-
pected payoff. If an intelligent player knows everything about
the game, the player can make informed decisions regarding
his or her next moves. Table I summarizes the literature con-
cerning the categories and number of players involved during
intersection management. The number of players in a game
directly affects the choices of game theory models. Although
the two-player game has been studied more extensively than
other games with multiple players [47], the two-player game
appears to be insufficient in behavioral modeling at intersec-
tions where multiple players, such as vehicles and pedestrians,
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Fig. 3. Applications of game theory under various intersection circumstances.

TABLE I
PLAYERS AT THE INTERSECTION GAMES

Number of players

Players

Two-player Multiple (3T) players
Vehicle/Driver [64], [73]-[106] [10], [22], [28], [58], [60], [95], [105], [107]-[126]
Pedestrian [83], [86], [100], [101]

Phase/Barrier group

[62], [70]-[72], [127], [128]

[61], [6&], [129]

Intersection/Traffic operator/Signal controller

[89], [130]-[134] [108], [134]-[137]

Incoming link/Path/Movement/Flow/Direction/Vehicle group/Platoon

[30], [138]-[141] [142]-[146]

*-: Unspecified.

compete for the right-of-way. Therefore, in addition to the
two-player matrix game, it is worthwhile to investigate multi-
player games to better represent the diverse interactions at
intersections. Note that individual vehicles are widely applied
as players in game-theoretic modeling at intersections, and it is
generally assumed that each vehicle takes the optimal action to
maximize its expected payoff. In situations where pedestrian
signals are not present, pedestrians and motor vehicles also
compete for right-of-way. Some researchers opt to consider
players who represent a collective, such as phase, intersection,
and platoon of vehicles, whose objective is to maximize the
collective payoff for all the vehicles encompassed within the
aggregation.

2) Strategies: In game-theoretic modeling at intersections,
players choose different strategies to maximize their expected
payoffs from a finite (e.g., yield or not yield) or infinite
(e.g., acceleration rate) set of strategies. The strategies can
also be categorized into two main types: non-cooperative and
cooperative strategies. With cooperative strategies, players try
to achieve mutual benefits. In non-cooperative games, on the
other hand, players take actions to maximize their own payoffs
without considering the payoffs of others or the system. The
most common strategies are summarized below and outlined
in Table II.

(1) Yielding: This strategy involves a player giving up the

right-of-way to others, which is usually adopted by traffic
participants to avoid collision and to maintain safety at
intersections.
(i) Accelerating: The strategy involves a player increasing
his/her speed to approach and/or depart from an intersec-
tion, which is commonly used by traffic participants who
want to avoid waiting at red lights or to pass through the
intersection quickly.
Decelerating: This strategy involves players reducing
their speed to stay safe or to comply with traffic regula-
tions, which is commonly adopted by drivers who want
to avoid accidents or obey traffic lights.
Signal control: This strategy pertains to the traffic signal
controller that controls the phase and signal timing to
manage traffic flow and reduce congestion at intersec-
tions.

(iii)

(iv)

In summary, players at intersections adopt a variety of
strategies to optimize their payoffs. The choice of strategy
depends on the players’ type, the intersection circumstances,
and the available information for decision-making. Game-
theoretic modeling can help to understand how players interact
and how their choices of strategies would affect intersection
operations such as traffic flow and safety.

3) Payoff functions: The payoff function is a real-valued
function defined on the set of all outcomes and strategy pro-

Authorized licensed use limited to: Univ of Calif Riverside. Downloaded on May 31,2024 at 00:49:58 UTC from IEEE Xplore. Restrictions apply.

© 2024 |IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.




This article has been accepted for publication in IEEE Transactions on Intelligent Vehicles. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TIV.2024.3379986

TABLE 11
PLAYERS’ STRATEGIES
Players Strategies References

Vehicle operation (accelerate/maintain  current [10], [22], [60], [64], [73]-[80], [84],
speed/decelerate; speed profile; go through/turn | [85], [88], [90]-[93], [95], [102], [105],
left/turn right; heading angle; steering) [106], [110]-[112], [114], [118], [121]-

Vehicle/Driver [125], [133]
Yield/Not yield [83], [86], [98]-[101], [103], [104]
Cooperation/Defection, comply/disobey [811, [82], [87], [89]
Bid for the right-of-way [281, [58], [94], [96], [97], [107], [109],

[113], [115]-[117], [119], [120], [126]
Route choice [108]
Pedestrian Wait/Cross [83], [86], [100], [101]

Phase/Barrier group

Signal control (green light time/red light time, keep
current phase/change to next phase)

[61], [62], [70]-[72], [127]-[129]

Intersection/Traffic operator/Signal controller

Signal control (green light time/red light time, keep
current phase/change to next phase)

[108], [130], [132], [134]-[137]

Bid for the signal time [131]
Passing permitted/Passing forbidden [89]
Independent/Cooperative [133]

Signal control (green light time/red light time, keep

[30], [139], [141], [142], [144]-[146]

current phase/change to next phase)

Incoming link/Path/Movement/Flow/Direction
/Vehicle group/Platoon

Passing permitted/Passing forbidden [140]
Bid for the right-of-way [143]
Speed profile [138]

files. The payoff function of each player maps the multidimen-
sional strategy profiles into real values to capture preferences.
Importantly, the player’s payoff depends not only on his or her
own strategy but also on the strategies of other players [147].
The factors considered in the payoff functions are also diverse
among traffic scenarios. For example, traffic operators and
participants may be interested in safety, efficiency, comfort,
and energy efficiency at intersections.

For safety, metrics such as TTC [85], [114], time difference
to collision (TDTC) [60], [80], [110], post-encroachment time
(PET) [100], and other surrogate safety measures (SSMs) are
usually adopted, which are listed as follows:

(i) Time-to-collision (TTC) was introduced by Hayward
[148] to indicate the time it takes for two vehicles to
collide when the following vehicle is moving faster than
the leading vehicle in the same lane. TTC can be written
as

z(t) — x5 (t)

TTC(t) = ot) —vs ()

Vur(t) < wvg(t) (1)

where 2;(t) and v (¢) are the location and velocity of the
leading vehicle, respectively, and z ;(¢) and v (t) pertain
to the following vehicle. ¢ is the current timestamp.
Time different to collision (TDTC) in (2) was proposed
by [149] representing the time difference between the two
vehicles arriving at the conflict point.

(ii)

o5
vit), |, 2L v, @
Yot em e

Umin S (% (t>7 Uj (t) S Umazx

where v;(t) and a;(t) are the velocity and acceleration
at time t, respectively, and L;(t) is the distance from
the current position of vehicle 7 to the conflict point.
Similarly, v;(t), a;(t), and L;(t) pertain to vehicle j.
Umin and Up,q, are the minimum velocity and maximum
velocity, respectively.

Post-encroachment time (PET) is defined by [150], which
is the time elapsed between the moment that the first
vehicle leaves the virtual conflict zone and the moment
the second vehicle reaches it.

(iii)

PET = |~ — 13| o)
V; Vj

where 4 and j are the indexes of vehicles. L; and L;
represent the distance from their position to the conflict
point. v; and v; are the velocity of vehicle ¢ and vehicle
7, respectively.

Time advantage (TAdv) describes situations where two
road users pass a common spatial area at different times
to avoid a collision [75], [151]. TAdv serves as a measure
to evaluate PET, with the calculation method delineated

as follows,

(iv)

Li(t) _ Lj(t)

vi(t)  v;(t)
where ¢ and j are the vehicle indexes, and L;(t), L;(t)
denote the current distance from their position to the
point of conflict. v;(t) and v;(t) are the current velocities
of vehicle ¢ and vehicle j, respectively. T, is the time
threshold of safety.

For traffic efficiency, individual vehicles focus on micro-
scopic information, such as velocity, delay, and waiting time;
traffic operators, on the other hand, concern more about macro-
level metrics such as queue length, and throughput from an
aggregated/systemic perspective.

T Adv(t) = | | < T “)
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Velocity-based metrics are usually expressed in two ways.
As shown in (5), the first way involves quantifying the change
of speed Av;(t+ 1) (i.e., acceleration or deceleration rate) of
vehicle 4, [80]. The second way in (6) is the absolute value
or square of the difference between the vehicle speed and the
speed limit or desired speed [10].

A’Ui(ﬁ + 1) = Ui(t + 1) - ’Ui(t) (@)
pilt+1) = {(f i((fff)):gz ©)

where v;(t + 1) and v;(¢) are the velocities of vehicle ¢ at
time ¢ and time ¢t + 1, respectively, and v® is the speed limit
or desired speed.

Delay at an intersection denotes the additional time due to
the processes of acceleration, deceleration, and stopping, ver-
sus the normal travel time without such adjustments. Vehicle
delay may be accumulated by the increased travel distance
and/or reduced speed, insufficient capacity, and temporary
stoppage of the traffic flow [66]. Many metrics such as the
average total delay and the average stopped delay are widely
used in payoff functions [30], [61], [71], [151].

Queue length is a common measure used to evaluate the effi-
ciency of intersections. Average queue length is a conventional
indicator, which is the quantities of vehicles in the queue per
lane per time interval [71], [152]. Estimated queue length is
another frequent metric that has two different calculation meth-
ods. The first method calculates queue length by accumulating
arrivals and departures at intersections, following input-output
models. The second one analyzes the formation and dissipation
of queues using the shockwave theory [153].

With respect to driving/riding comfort, the focus is typically
on the smoothness of vehicle control. Efforts to enhance
comfort often focus on achieving a smooth trajectory. Tech-
niques include penalizing impractical acceleration/deceleration
[107], applying filters to omit abrupt changes in accelera-
tion/deceleration [91], and incorporating jerk minimization in
optimization models [76], [114]. The commonly-used metric
is jerk jerk;(t) in (7), which is the first-order derivative of
acceleration.

. dai(t)
jerk;(t) = %
where a;(t) is the acceleration of vehicle ¢ at time ¢.
Fuel (energy) consumption and emissions are crucial for
both individual drivers and traffic operators, as they are
directly related to travel costs and environmental sustainability.
Models such as the Comprehensive Modal Emissions Model
(CMEM) [154], Virginia Tech Microscopic (VT-Micro) model
[155] and Motor Vehicle Emission Simulator (MOVES) model
[156] are generally adopted in game-theoretic modeling. These
models provide fine-grained estimates of fuel consumption and
emissions, enabling decision-makers to manage traffic flow
while minimizing environmental impacts.
Fig. 4 visualizes the frequency of various factors used in
constructing payoff functions. We employed both color and the
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Fig. 4. Factors considered in payoff functions.

range of circles to differentiate the frequency of various factors
in determining the payoff function. Specifically, a larger range
circle represents that the factor is prevalently adopted, and
more detailed frequencies can be observed through different
colors. According to the statistics, traffic efficiency is the most
concerned, which is usually characterized by delay, queue
length, and velocity. For safety, conflict-related factors such as
TTC, and TDTC are commonly used, mostly in the cases of
multi-vehicle cooperation and/or un-signalized intersections.
Note that only a few studies focus on comfort and energy con-
sumption, implying that passing through intersections safely
and as fast as possible is still the most urgent demand.

C. Classifications of Game-theoretic Models

Game theory is a powerful tool for modeling and an-
alyzing complex interactions among traffic participants in
traffic systems. There are various ways to classify game
theory models according to different criteria, such as whether
players will negotiate a binding contract and whether all
information is common knowledge for players. In general,
game theory models can be classified into non-cooperative
games and cooperative games, which are distinguished by
considering whether a coalition is formed. Non-cooperative
games investigate the decision-making of individual players,
while cooperative games focus on the joint actions of groups
of players [147]. In addition, based on the amount and/or
type of available information, games can also be classified
into complete information games and incomplete information
games. The subsequent section presents the game theory
models commonly adopted in intersection management. Table
IIT illustrates the applications of these game theory models
and showcases their relevance and usefulness in the context
of intersection management.

Non-cooperative V.S. Cooperative:

1) Non-cooperative games: Non-cooperative (strategic)
game is a type of game in which individual players take strate-
gies and in which the outcome of the game is described by
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TABLE III
GAME THEORY MODELS AND SOLUTIONS
Game type Solutions References
. Pareto efficiency [30], [61], [137]
Transferable utility game Shapley value [128]
Cooperative games Bargaining game Pareto efficiency 160]

P g - g g & Nash bargaining solution [62], [127]

Coalition formation game Merge and split rule [129]

Fuzzy coalitional game

Fuzzy Shapley method

[T14]

Non-cooperative games

Auction-based game

[28], [107], [109], [111], [113],
[115]-[117], [120], [126]

First-price auction

[96], [119], [131], [143]

N-player normal form game

Second-price auction [96], [112]
Vickrey-Clarke-Groove mechanism [58]
Pareto improvement solution of Nash equilibrium [130]

Nash equilibrium

[74]. [76], [79], [86], [89], [93],
[94], [971-[99], [102]-[104], [110],
[132], [135], [139], [146]

Pareto efficiency

[71], [133], [141]

[82], [87]

Sequential game

Nash equilibrium

[10], [22], [106]

Stackelberg-Nash equilibrium

[70], [105], [123], [134], [145]

Level-k model

[731, [77], [78], [118], [121], [125]

Nash equilibrium

[124]

Differential game

Nash equilibrium and Stackelberg equilibrium

[85]

Others

Nash equilibrium/Pareto efficiency

[64], [701, [72], [75], [80], [90],
[91], [108]

*-: Unspecified.

the strategy taken by each player, along with the correspond-
ing payoff for each player [157]. In non-cooperative games,
players do not form coalitions or cooperate directly with one
another. Instead, they take strategy independently to maximize
their individual payoffs. Note that “non-cooperative” does not
mean there is no cooperation among players. Instead, the
game focuses on the individual strategies and payoffs, and it
analyzes the joint strategies without considering the possibility
of some players forming coalitions and transferring their
payoff within the coalition [47]. Non-cooperative games are
widely used in modeling right-of-way competition at intersec-
tions, such as signal control, pedestrian crossing, and passing
sequence decision-making of CAVs. Some commonly used
non-cooperative games for intersection management include
and are not limited to IN-player normal form games, Level-k
thinking, and Stackelberg games.

(i) N-player normal form games: The game describes all
possible combinations of strategies and the corresponding
payoffs in a matrix for two players or multiple matrices
for more than two players. Players aiming to maximize
their expected utilities may take a pure strategy, identified
as a deterministic single strategy. Alternatively, they may
resort to a mixed strategy, which assigns a probability
distribution to the possible pure strategies [47]. A finite
N-player normal form game can be formulated by using
a tuple (N, A, a), where:
oN = {1,2,3,...,N} is the finite set of N-players,
indexed by 1.
oA = A; x Ay x ... x Ay represents the joint strategy
set of players, where A; is the finite strategy set available
to player ¢ and a = (a1, as,...,ay) € A is a strategy
profile with a; € A;.
ou = (up,ug,...,uN), U; A — R is the payoff
function for player ¢, which maps the strategy profile a to

(i)

(iii)

a real value. The payoff of player ¢ is dependent not only
on his or her own strategy but also on strategies taken by
others. Therefore, the utility function is defined over the
space of A instead of A;.

Level-k thinking: Level-k thinking assumes that play-
ers take their strategies based on predictions about the
strategies of others, thus we can categorize players by
the “depth” of their strategic thought, a.k.a., “Levels”
[118]. “Level-zero” players take their strategies without
considering the strategies of others. “Level-k£” behave
under the assumption that their fellow players are at
“Level-k—1". They then adopt the optimal response to the
strategies of the “Level-k—1” players. In [118], driving
aggressiveness, encompassing both conservative vehicles
and aggressive vehicles, was utilized as a criterion to
demonstrate the “Level”.

Stackelberg games: The Stackelberg game depicts the
process in perfect information where one player is the
leader who takes a strategy first. The other players are
followers who observe the leader’s strategy and then
choose their strategies accordingly [47]. In the context of
intersection signal control, the signal phase with emer-
gency vehicles can be deemed as a leader who first
determines its phase timing and the other phases may
be considered as followers [70].

(iv) Auction-based game: An auction is a mechanism that al-

locates a set of goods to bidders based on their announced
bids. Today, auctions are pervasive in e-commerce, e-
business transactions, and many other web-based applica-
tions [147]. With the evolution of V2X technology, they
have also found applications in intersection management
[113], [116], [126]. Common types of auctions include
the English auction, Dutch auction, first-price auction,
and second-price auction. In subsequent sections on in-
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complete information games, we will delve into those
auction types frequently used in intersection management
that are incentive-compatible.

(v) Differential game: Differential games are grounded in
a mathematical theory that addresses conflict problems
modeled as games where players’ states continuously
vary over time [158]. In such games, the potential actions
of players are modeled and analyzed using differential
equations that encompass control vectors manipulated by
players [159]. The inherent ability of differential games
to handle continuous time challenges, combined with
their resemblance to control problems featuring multiple
controllers with different objectives, makes them aptly
suited for intersection management, where traffic states
are continuously evolving.

2) Cooperative games: The cooperative (coalitional) game
is a type of game in which players can negotiate binding
contracts that allow them to plan joint strategies, and no play-
ers can do worse by cooperating [129], [157]. In cooperative
games, a group of rational players cooperates to reach a shared
goal, in which the most crucial step is the allocation of the
payoff among the players. The mathematical definition of a
cooperative game can be represented using an ordered pair
(N,v), where N is a finite set of players and v = 2V — R is
the characteristic function, which describes the value created
by the group of players. It conforms to the v(¢) = O,
signifying that the collective payoff of an empty coalition is
zero (0) across all subsets of N [160]. Typical cooperative
games used in intersection management are transferable utility
games that allow a group of vehicles to “purchase” the travel
time from others [30], and bargaining games to optimize the
signal timing by modeling signal phases as players [62].

(i) Transferable utility games: In a transferable utility game,
players can make unlimited side payments to others.
This allows them to redistribute the value of a coalition
among the players in the coalition in any way as they
deem appropriate [161]. The characteristic function in
transferable utility games assigns a value of v(.S) to each
coalition S C N, where v(.59) is the value of the coalition
S depicting the total amount of transferable utility that
the members of S can earn without any help from the
player outside of S [147].

(ii) Bargaining games: Bargaining games describe the pro-
cess by which two or more players bargain toward an
agreed-upon outcome [162]. The two-player bargaining
game was first presented by [163], where each player
demands a portion of some good, if the sum of the
proposals is no more than the total good, then both
players obtain their demand. Otherwise, both players
receive nothing [159]. A two-player bargaining game
can be represented by using the ordered pair (S,d),
where S C R? is the set of alternatives, which is
nonempty, compact, and convex; d = (d;.d2) € S is
the conflict (disagreement) point. There is an alternative
z = (r1,%2) € S satisfying > d, which means that
if players agree on the alternative x, their payoffs are z;
and x, respectively, if not, their payoffs are d; and ds

[162].

Complete information V.S. Incomplete information:

3) Complete information games: A game is regarded as
a complete information game if the players share common
knowledge of the game being played, including each player’s
strategy sets and payoff functions. This indicates that each
player is aware of these elements, each player knows that all
other players are aware, and this cycle of knowledge contin-
ues indefinitely [47], [147]. In traffic scenarios, particularly
at intersections, complete information gaming is an overly
idealized method of modeling, as traffic participants typically
prefer to maintain the privacy of their trip information. Further-
more, obtaining information about all users poses a significant
challenge due to communication constraints.

4) Incomplete information games: A game is regarded
as an incomplete information (also known as asymmetric
information) game when, as the players are ready to take
a strategy, at least one player possesses private information
about the game that the other players may not know [147].
In such scenarios, players must make decisions based on the
available information and their beliefs about the undisclosed
information. To address the information asymmetry in incom-
plete information games, mechanism design is commonly used
to reveal the real information of the players [147]. Mechanism
design involves designing a game that incentivizes players to
reveal their private information truthfully, leading to a more
efficient outcome. In mechanism design, the designer chooses
a mechanism that maximizes the social welfare subject to
some constraints, such as incentive compatibility, individual
rationality, and budget balance. Incentive compatibility is
an effective tool for revealing the real information players
possess, with two main types: (a) For dominant strategy
incentive compatibility (DSIC), truth revelation is the optimal
response for each player, regardless of the information reported
by others; (b) for Bayesian incentive compatibility (BIC).
truth revelation is the optimal response for each player in
expectation of the information of other players [147]. Incentive
compatibility can be achieved by the following methods.

(1) Second-price auction (Vickrey auction): A second-price
auction is a sealed-bid auction where the highest bidder
emerges as the winner but only pays a price equivalent
to the second-highest bid [147].

(1) Vickrey-Clarke-Groves (VCG) mechanism: The Vickrey-
Clarke-Groves (VCG) mechanism is designed to elim-
inate incentives for misreporting by imposing on each
player the cost of any distortion they cause. In the
VCG mechanism, the payment for a player is set in
such a way that their report cannot influence the total
payoff for the rest of the players [164]. This approach
encourages truthful reporting by aligning the individual
player’s interests with the overall welfare of the group.

Research related to incomplete information environments at
intersections is comparatively limited, with key studies out-
lined below: Initially, the second-price auction was applied to
design a reservation policy for managing the passing sequence
of conflicting zone movements at intersections [112], [113].
Subsequently, the VCG mechanism was designed to reveal true
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private information from players, such as the urgency level,
to schedule the vehicle passing sequence at intersections [58].
More recently, an online incentive-compatible mechanism was
proposed to prevent players from misreporting their delay
costs, notably, it can be implemented in dynamic traffic envi-
ronments [126]. Sponsored search auction was employed as a
solution for encouraging players to report truthful information
to prevent conflicts and deadlocks in the mixed traffic flow
comprising HVs and CAVs [116]. Following this, a sponsored
search auction was extended for application in multi-vehicle
dynamic traffic environments to mitigate overflow issues [115].

D. Game solutions

The solutions of a game represent the combinations of
strategies that players may adopt, and in turn predict the
possible outcomes of the game, which may correspond to
multiple different solutions. The general solutions of games
are summarized below, and the applications for intersections
are listed in Table III.

1) Nash equilibrium: Nash equilibrium is one of the solu-
tion concepts prevalent in non-cooperative games, and players
have no incentives to deviate from their current strategies, even
if they know others’ strategies at Nash equilibrium [165].

Given a non-cooperative game (N,S; u;), let N =
{1,2,3,..., N} be the set of players, S; be the possible
strategy set of player ¢ and u; be the payoff function of player
i. The strategy profile s* = (s}, s* ;) where s*, is strategies

of all players except player ¢ is the Nash equilibrium if

wi(sf,8",) > ui(si,s*,;),Vs; € Siyi €N (8)

which can also be formulated as

* *
irS—q

w;(s ) = maxu;(s;,s*;),Vi e N )

In short, each player’s Nash equilibrium is the best response
to the other players’ Nash equilibrium [147].

2) Pareto efficiency: Pareto efficiency (Pareto optimality)
is an economic state where resources cannot be reallocated to
make one individual better off without making at least one
individual worse off [147]. Pareto efficiency can be expressed
mathematically as follows:

A strategy profile s is Pareto efficient if there is no alterna-
tive strategy profile s’ such that the payoff u;(s") > u;(s) for
every player ¢ and wu;(s’) > u,;(s’) for some player j.

3) Shapley value: The Shapley value is a popular single-
valued solution concept for cooperative games, which provides
a way to allocate total benefits to players in a coalition [162].
The Shapley value gives player 7 in the coalition a share of

$i(N,v)= 1S[{(n —n|!5|_1)!

SCN\i

(v(SUi) —v(S))

(10)

in which n is the total number of players, |\S| is the cardi-
nality of coalition S, and v(S) is the characteristic function
indicating the worth of coalition S.

4) Core: In a transferable utility cooperative game, the core
is the set of payoff allocations that are stable against deviations
by any coalition of players, which ensures that no coalition has
an incentive to break away and form a new coalition to obtain
a more favorable payoff. Given a cooperative game (N, v), the
core C'(N,v) can be represented as

C(N,v) ={x=2x1,22,23,...,Zp | in = v(N),
iEN
and in >v(S) forall SC N}

€S

(11)

where N is a finite set of players, v is the characteristic
function, S represents a coalition and X = {z1, 22, z3,...,2n}
is a payoff vector [166].

As illustrated in Fig. 5, employing game theory to model
interactions at intersections necessitates prioritizing the avail-
able information and the controllability of objects. In the era
of fully automated driving, with extensive access to infor-
mation and control over all entities, analyzing the behavior
of interactions among various objects becomes significantly
straightforward. Before the realization of connectivity and
automation, the optimization of traffic signal timings is only
possible through the collection of data via roadside sensing
technologies. Furthermore, as highlighted in Fig. 2, intersec-
tions are complex environments with numerous conflict points
across different directions. Players engaged in these conflicts
finally reach a state of equilibrium through non-cooperative
games as well as cooperative ones, like transferable utility
game [30]. Meanwhile, players who are indirectly involved
in conflicts have the opportunity to benefit from cooperative
strategies. For example, motorized vehicles and pedestrians
moving in the same direction collaborate to secure an earlier
green light timing. The complexity of the game increases
with the number of players involved, presenting challenges
that can be addressed through a multiplayer game approach
or by decomposing the interactions into simple two-by-two
engagements [45].

III. MULTI-AGENT REINFORCEMENT LEARNING
AT INTERSECTIONS

MARL has a significant connection to game theory, where
players select actions to maximize payoffs in the presence of
other payoff-maximizing players [167]. A multi-agent system
(MAS) is an extension of agent technology where a group of
loosely connected autonomous agents act in an environment
to achieve a common goal, which can be done either by
cooperating or competing, sharing or not sharing knowledge
with each other [168]. Recently, the requirement for adaptive
MAS, combined with the imperative to examine complicated
interactions among agents, has spurred the advancement of
the MARL field. This is built on two fundamental pillars:
the RL performed within Al and the interdisciplinary work
on game theory [169]. Game theory models MAS as a multi-
player game and can provide a rational strategy for each player
in a game [170].
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Fig. 5. Applications of game theory in various intersection scenarios.

A. A Brief Overview of Multi-agent Reinforcement Learning

The single-agent reinforcement learning process can be
formulated using a Markov decision process (MDP) [171].
The single agent will find the optimal policy through a trial-
and-error process, which can maximize a possibly delayed
reward in a stochastic stationary environment [169]. How-
ever, extending this framework to multiple agents scenarios
introduces significant challenges, particularly in defining an
optimal learning goal for multiple agents [172]. Agents have to
simultaneously interact with the environment and others, and
the reward function is formulated by all agent’s joint actions,
making this problem even more challenging in this dynamic
case. With the development in recent decades, the MARL has
achieved remarkable accomplishments in many fields, such as
StarCraft II [173], Atari [174], and Robotics [175], and it has
also made ripples in transportation [176].

The decision-making process in multi-agent cases is usually
modeled by the stochastic game in Definition 1 [171], [177].

Definition 1 (Stochastic game) A stochastic game is the
extension of MDP in the multi-agent case, which can be
defined by a tuple (N, S, {A}icn, Py {R }ienrs7)-

Where

o N: the number of agents, N = {1,2,--- N}, N > 1

o S: the state space shared by all agents

« A’: the action space of agent i. Let A:= A" x A% x A3 x
e >< AN

e P:S x A" — A(S): the transition probability from any
state s € S to state s’ € S for any joint actions a € A

e R: 8 x AxS — R: the reward function that returns a
scalar value to the agent ¢ for a transition from (s, a) to
S/

e v € [0,1] is the discount factor
At each time step ¢, given the state s;, the agent € N

*MT: Motorized traffic
NMT: Non-motorized traffic

will execute the action ai, simultaneously with others. The
joint actions of the agents make the system transit to the
next state s;41 ~ P(:|s¢, a;), and rewards of the agent i by
R(s¢,at,s¢+1). The agent i aims at optimizing its long-term
reward in (12) by finding the policy 7* : S — A(A?) such that
a’ ~ m(|s;). The common shorthand notation —i = A\ 7 is
used to represent the set of other agents. Therefore, the value
function V? : & — R of agent i is transformed into the joint
policy m : S — A(A) defined as w(als) := [[;c 7' (a’]s).
Given the specific joint policy 7 and state s € S.

V717';7',7'r_7' (S) = ]E[Z ’YtRi(Shah St-‘rl)‘ai ~ ﬂj('lst)a S0 = 5]

>0
(12)

The optimal policy is
7 (ai|s,m—;) = argmax V,"""" ' (s) (13)

Ux2

We recommend that interested readers refer to [171] and [175]
for a detailed introduction to the MARL.

B. Benchmarks and Simulation Platforms

The opportunities of multi-agent learning in intersection
management pointed out by Dresner and Stone have attracted
and encouraged an increasing number of scholars to address
the challenges of MARL in intersections [178]. Especially,
MARL is widely considered to be promising for traffic signal
control (TSC) in large-scale road networks. The topic of
MARL applications for intersection management has attracted
increasing attention from researchers.

In the domain of intersection management, the application
of MARL often entails performance comparisons with conven-
tionally recognized methods to underscore their advantages.
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TABLE IV
BENCHMARKS FOR MULTI-INTERSECTION MANAGEMENT
Conventional methods | Reference

Fixed time [179]
MaxPressure [180]
GreenWave [181]
Longest queue first [182]
SCOOT [183]
SOTL [184]
Al-based methods Reference
PressLight [185]
CoLight [186]
MA2C [187]
MetaLight [188]
1G-RL [189]
MARLIN-ATSC [170]
MPLight [190]
AttendLight [191]

Notably, several high-performing Al-based techniques have
also gained prominence. Hence, we provide a list of potential
benchmarks in Table IV to facilitate related research.

MARL requires considerable training before it can be
applied in practice, so a simulation platform that provides
a more realistic picture of traffic operations is critical.
With the rapid development of MARL technology and its
widespread application at intersections, some platforms are
becoming compatible with multi-agent training. Popular traffic
simulation software such as VISSIM [192], Paramics [193],
Aimsun [194], and SUMO [195], which now offer interfaces
for applying MARL algorithms, present more convincing
descriptions of traffic flow. Simultaneously, in an effort to
provide a more streamlined and effective environment that
eases the complexity of training, specialized MARL-targeted
environments like CityFlow [196], Flow [197], Traffic3D
[198], SMARTS [199] and highway-env [200], have been
developed. Moreover, the autonomous driving simulation
software CARLA [201] is experiencing a gradual increase
in widespread use, primarily because it offers more realistic
representations of autonomous driving scenarios, such as
detailed sensor information.

C. Pros and Cons of Game Theory V.S. MARL

Both game theory and MARL can tackle decision-making
in multi-agent environments. Game theory offers an analytical
method, shedding light on players’ strategies and producing
explainable outcomes like the Nash equilibrium and the Pareto
optimality. However, its efficacy diminishes with continuous
actions or an extensive number of agents while MARL is adept
at generating continuous actions for numerous agents. Despite
its strengths, MARL’s challenges include time-consuming
training, transferability issues, and lack of explainability.
Recognizing these possible shortcomings, hybrid algorithms
like Minimax-Q and Nash-Q have emerged, integrating game
solutions with MARL to derive learning-based equilibrium
[202]. These hybrids aim to balance the rigor of game-theoretic
solutions with the dynamic learning capabilities of MARL,
addressing their individual limitations while leveraging their
collective strengths.

IV. LIMITATIONS AND FUTURE RESEARCH DIRECTIONS

To facilitate the adoption of game theory in intersection
management, it is essential to address the technical challenges
associated with these applications and to identify potential
future research directions. This section discusses some of
the main challenges in using game theory for intersection
management, as well as promising approaches and future
research directions in this field.

A. Limitations of existing related studies

In the previous sections, the applications of game theory
for intersections were reviewed and summarized. However,
despite numerous studies that have investigated various inter-
section environments, there are still many limitations, as listed
below.

(1) One significant challenge is the development of game-
theoretic models in dynamic traffic environments. Traffic
states at intersections can exhibit marked changes dynam-
ically, such as the arrival of vehicles and vehicle states.
Therefore, the game theory model should be able to adapt
to such changes and to make real-time decisions. Addi-
tionally, the computational complexity of game-theoretic
models can make them challenging to implement in real-
time traffic management systems [22]. Thus, there is a
need to develop more efficient algorithms and techniques
to calculate with these models efficiently.

(i1)) Communication plays a crucial role in micro-level in-

teractions among traffic participants, but some studies

do not specify the degree of connectivity and intelli-
gence required for effective communication. In general,
vehicular communications rely on robust link and channel
access protocols, such as IEEE 802.11p wireless access
in vehicular environments (WAVE) [203]. It is worth
noting several inherent communication issues: (a) fre-
quent topology partitioning resulting from the high-speed
mobility of traffic participants, (b) instability of long-
range communication due to increased delay spread and
diminished channel capacity, (c) complications arising

from the use of conventional routing protocols, and (d)

broadcast storm issue in high dense scenarios. Real-

time performance is crucial for intersection management.

Without a reliable communication network or accurate

adherence to control strategies by vehicles, intersections

can become highly disorganized and inefficient. Conse-
quently, potential communication challenges need further
discussion and investigation.

NmT, who are highly involved in traffic and interact

frequently still receive insufficient attention in related

studies, and more research is needed to address their
specific needs and challenges.

The assumption of a complete information environment

may be too idealistic in real-world scenarios, and traffic

participants may misreport their private information to
gain more benefits, resulting in unfair resource allocation.

Thus, more research is needed to develop mechanisms

to detect and to mitigate the effects of information

asymmetry.

(iii)

@iv)
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(v) Existing studies have skillfully applied game theory
to upper-level decision-making for autonomous driving.
However, the upper-level decisions made by game theory
models are not consistently well-integrated with lower-
level vehicle motion planning and control.

Game theory is formulated under the assumption of
rational players, but players’ strategies can also be in-
fluenced by different characteristics. In existing studies,
many utilitarian factors, such as total delay or throughput,
are considered, but the real needs and preferences of
traffic participants are often not adequately addressed.
Heterogeneous users, with their diverse preferences and
objectives, need further investigation in addition to the
mere differentiation in the categories of players.

(vi)

B. Future research directions

Based on the limitations of the available literature, several
gaps and opportunities for future research in game theory-
based intersection management can be identified. These in-
clude:

(i) For micro-level interactions between vehicles, it is crucial
to address the communication requirements of traffic
participants in real-time scenarios. Simulating a con-
nected environment by adding communication systems
to traffic simulation is one way to improve the realism
of the simulations. Additionally, field experiments under
connected conditions can provide valuable insights.

(i1) The interaction among MT and NmT should receive more
attention in future research. These groups are highly
involved in traffic and interact frequently, but their in-
teractions are often overlooked in existing studies.
Incomplete information environments are common in
real-world scenarios, and mechanism design under in-
complete information in a dynamic traffic environment
should be highlighted. Future research can explore the
interaction of traffic participants by considering incentive
compatibility and other constraints.
Combining optimization algorithms and game theory in
decision-making is a promising research direction. For
instance, game theory models can be used to decide
whether to adopt the planned vehicle trajectory or speed
profiles obtained from system-level optimization, thereby
improving the efficiency of intersections.
(v) Existing models assume rational players, but drivers’ and
passengers’ strategies can also be influenced by their
emotions and experience. Future research should consider
the individual characteristics and bounded rationality of
traffic participants. In addition, including more personal
travel information in constructing the payoff function can
make intersection management acceptable to all individ-
uals.

Future research directions in this field also include the

exploration of new game-theoretic models and techniques

for managing CAVs at intersections, the development of

MARL approaches for adaptive intersection management,

and the investigation of game-theoretic approaches for

managing interactions between MT and NmT.

(iii)

(iv)

(vi)

Overall, game theory has the potential to revolutionize inter-
section management by providing more efficient and adaptive
solutions to traffic control. However, significant technical
challenges must be addressed, and innovative approaches must
be developed to fully realize the benefits of game theory in
this field.

V. CONCLUSION

In conjunction with the advancement of intelligent trans-
portation systems, incorporating knowledge of game theory
and mechanism design becomes imperative for ensuring the
ground truth collected individual travel information (such as
the value of time), thereby fostering fair decision-making
processes. Moreover, rather than the conventional collective
approach to intersection management considering all vehicles
in an approach as a unified group, there is a growing emphasis
on personalized guidance. Game theory becomes instrumental
in this shift, offering insights into individual behaviors and
their interactions. Unlike conventional optimization models,
game theory incorporates the strategies of potential opponents
to formulate strategies that maximize personal payoffs even in
a dynamic environment. Furthermore, different from machine
learning models, game theory offers better interpretability
by examining the psychological motivations behind players’
actions. In this paper, we provided a summary of the ap-
plications of game theory for urban intersections. First, we
proposed and applied a workflow for systematic literature
retrieval and analysis, yielding high-quality relevant literature.
Then, numerous game-theoretic modeling approaches and cor-
responding possible solutions applied to intersections were
reviewed and summarized. Concurrently, the widely discussed
multi-agent reinforcement learning (MARL), which is inextri-
cably linked to game theory, is briefly summarized. Finally,
limitations and possible future directions in this area were
pointed out. In conclusion, numerous innovative solutions for
intersection management have been proposed by leveraging the
advantages of game theory. Game theory excels in resolving
traffic conflicts and harmonizing the interests of multiple
traffic participants, making it an invaluable tool in the field of
transportation management. As the intelligent transportation
system continues to evolve, the strategic application of game
theory for analyzing individual traffic participants’ interactions
can significantly contribute to establishing a harmonious trans-
portation ecosystem.
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