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Abstract—Roundabout navigation presents significant chal-
lenges for autonomous vehicles (AVs) due to complex multi-
vehicle interactions, highly dynamic and uncertain traffic pat-
terns, and the requirement to coordinate with multiple vehicles
simultaneously. Existing approaches often struggle to maintain
safety and efficiency in uncertain vehicle behaviors and space-
constrained situations, especially for mandatory lane changes
and exit maneuvers. This paper presents a switched decision
system that combines game theory and potential fields to enable
robust navigation in roundabouts. The proposed approach first
develops a Stackelberg game framework with uncertainty-aware
prediction, where AVs dynamically adjust their decisions based
on probabilistic estimates of surrounding vehicles’ behaviors.
Additionally, a hybrid potential field method is introduced that
seamlessly transitions to emergency maneuvering when standard
game-theoretic solutions become infeasible. Through extensive
simulations under varied scenarios, the proposed approach
achieves 97% successful navigation rates while maintaining col-
lision rates below 1%, significantly outperforming baseline Nash
equilibrium methods. The results demonstrate that integrating
uncertainty characterization with strategic cooperation signifi-
cantly improves the overall safety and efficiency of autonomous
driving in roundabouts.

Index Terms—Autonomous vehicles, uncertainty-aware pre-
diction, Stackelberg game theory, hybrid potential fields.

I. INTRODUCTION

NTELLIGENT vehicles have become increasingly com-

mon in daily life, with autonomous vehicles (AVs) ex-
pected to reach 54 million globally by 2025 [1]. AVs can
effectively mitigate safety incidents resulting from human
errors such as fatigue, distraction, and delayed response [2],
[3]]. Furthermore, AVs can compute optimal decision-making
solutions more rapidly than human drivers, thus enhancing
traffic efficiency [4], [S]. Roundabouts are widely used in
various traffic scenarios due to their higher capacity and fewer
conflict points [6]]. Recent designs for many roundabouts cater
to the needs of AVs and connected autonomous vehicles
(CAVs), optimizing traffic flow and safety [7]-[9].

Despite these advantages, autonomous navigation in round-
abouts presents unique challenges that remain inadequately
addressed [10]]. The circular geometry, continuous traffic flow,
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and complex vehicle interactions create an environment where
decisions must be made within limited spatial and temporal
windows [[11]. Current approaches often fail to adequately
address three critical aspects: uncertainty in trajectory pre-
diction, balancing cooperative and competitive behaviors, and
ensuring safety during emergency maneuvers [[12], [[13]]. These
challenges are particularly pronounced when AVs interact
with human-driven vehicles (HDVs), as their decision-making
patterns differ significantly—AVs follow programmed rules
while HDVs rely on intuition, experience, and social cues [14],
[15]. The interplay between these three challenges creates
a cascading effect in roundabout navigation. Uncertainty in
trajectory prediction undermines both cooperative planning
and emergency response capabilities. When prediction confi-
dence degrades—particularly in curved geometries where sen-
sor occlusions and dynamic interactions are prevalent—game-
theoretic approaches struggle to compute reliable equilibria
due to expanded strategy spaces and increased computational
complexity. This computational burden becomes prohibitive in
time-critical scenarios, necessitating a fundamentally different
approach. Thus, our framework addresses these challenges
through a hierarchical architecture: uncertainty-aware predic-
tion forms the foundation, game-theoretic planning operates
under normal conditions with manageable uncertainty, and
potential field methods provide fail-safe emergency response
when either uncertainty exceeds thresholds or computational
constraints prevent strategic planning.

Existing decision-making frameworks for autonomous
driving in roundabouts can be broadly categorized into three
approaches: game-theoretic methods, reinforcement learning
techniques, and potential field-based systems [[16]. Each ap-
proach offers distinct advantages but also exhibits specific
limitations when applied to roundabout navigation [|17].

Game-theoretic approaches model the strategic interactions
between vehicles, enabling AVs to make decisions while
anticipating other vehicles’ responses [[18]]. For instance, [[19]]
proposes a Stackelberg game model for lane-changing, while
[20] and [21] emphasize balancing safety, efficiency, and
comfort through Nash equilibrium concepts. However, these
methods often lead to overly conservative behaviors in prac-
tical implementations [22], [23]] and struggle with computa-
tional efficiency in time-critical scenarios [24], [25]. Their
fundamental limitation in emergency situations is twofold:
the computational complexity of solving for equilibria causes
delayed responses, while their focus on strategic optimization



may not adequately prioritize immediate safety when space is
constrained.

Reinforcement learning (RL) approaches have shown
promise for complex traffic scenarios [26], [27]. Recent
work [28] applies deep Q-networks to model lane-changing
decisions in roundabouts, learning optimal policies through en-
vironmental interactions. [29] employs proximal policy opti-
mization for multi-agent roundabout navigation, while [30] ex-
tends soft actor-critic methods with safety constraints through
barrier functions [31]]. Despite these advances, RL-based ap-
proaches face significant challenges: they require extensive
training data that rarely covers all edge cases, lack explain-
ability in their learned policies, and struggle to provide formal
safety guarantees [32]. The “reality gap” between simulation
and real-world deployment remains substantial [33]], particu-
larly in dynamic and uncertain roundabout environments.

Potential field methods offer a reactive approach to navi-
gation, applying concepts of attractive and repulsive forces to
guide vehicles [34]. [35] applies improved artificial potential
fields to traffic scenarios, [36]] incorporated dynamic risk
assessment based on time-to-collision metrics. [37]] proposed
velocity-dependent potential fields that adjust force magni-
tudes based on relative speeds [38|]. However, conventional
implementations suffer from local minima problems in com-
plex roundabout geometries [39]. Some hybrid approaches
have shown integrated potential fields with Model Predictive
Control (MPC), [40] combined potential fields with fuzzy
logic [41]. Despite these improvements, existing potential
field applications typically lack strategic planning capabilities
and fail to account for growing uncertainties in vehicle state
prediction within curved geometries [42]].

Our analysis reveals challenges in autonomous roundabout
navigation: insufficient uncertainty characterization in curved
trajectories, poor balance between cooperative and competitive
behaviors, and inadequate solutions for emergency scenar-
ios [43]. To address these challenges, we present a switched
decision system integrating Stackelberg game theory with
hybrid potential fields. Our approach employs time-varying
uncertainty models and non-selfish utility functions for normal
driving, while dynamically transitioning to emergency mode
when computational or spatial constraints demand it. The key
contributions are as follows:

o The proposed work presents an uncertainty-aware
switched decision system for roundabout navigation, in-
tegrating probabilistic prediction with game theory and
potential fields for robust decision-making.

o A Stackelberg game framework is developed incorporat-
ing time-varying uncertainty bounds in the prediction of
surrounding vehicles’ behaviors. This approach provides
adaptive decision-making capabilities for normal driving
conditions through uncertainty-aware strategic planning.

e A hybrid potential field method is introduced with
quintic polynomial trajectories for emergency scenarios
when game-theoretic solutions become computationally
intractable or spatially infeasible. This complementary
approach ensures safety and efficiency during critical
maneuvers like urgent lane changes.
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Fig. 1: Several challenging scenarios: (a) potential collision
(b) the emergencies lane-changing process with two possible
strategies: S1 and S2.

The rest of this paper is organized as follows. Section [[I| de-
scribes the problem statement and system structure. Section [[T]
describes the decision process with game theory. Section
introduces the vehicle prediction and control model. Section[V]
describes the decision model with the hybrid field. Section
presents simulation results and comparative analysis. Sec-
tion [VIIl draws the conclusions.

II. PROBLEM STATEMENT AND SYSTEM STRUCTURE

1) Problem Formulation Consider a roundabout environ-
ment as shown in Fig. where the autonomous vehicle
(denoted as SV) interacts with three types of surrounding
vehicles: proceeding vehicle (PV), rear vehicle (RV), and
interactive vehicles (IV), referring to other nearby vehicles that
may influence the SV’s behavior through implicit interaction.
Let V = {SV,PV,RV,IV} denote the set of vehicles. Each
vehicle i € V has a state vector x; = [z;, y;, di,v;] T, where
(x4, y;) represents position, ¢; denotes heading angle, and v;
is velocity.

The roundabout geometry imposes specific spatial con-
straints on vehicle navigation:

Kioad
Xeafe

Tinner < ||pSV - CH < Touter,

. (1)
||pSV - ij 2 dsafea VJ S {PVa RVaIV}a

where 7iper and rouer define the roundabout boundaries, c is
the center, p denotes the 2D position vector of each vehicle,
and dg,y is the minimum safety distance.

Within these constraints, the decision-making problem for
the SV is formulated as:

min  J(xsv, usy, Xeny) St Xsv = f(Xsv, Usy),

usy (2)

Xsv € Xroad N Xsafe(Xenv)a usy € U,

where ugy represents control inputs (acceleration, steering),
Xew = [Xpy,Xpy,Xjy] | denotes environment state, and U
represents the admissible control set. The constraints ensure
the vehicle remains within the roundabout boundaries while
maintaining safe distances from other vehicles.

The objective function J incorporates safety, efficiency,
and comfort:

J = Ws Jsafely + we Jefﬁciency + chcomfort; (3)
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Fig. 2: System architecture of the uncertainty-aware switched decision framework for roundabout navigation.

where w;, we, and w, are corresponding weights. This ob-
jective function provides a unified structure for balancing
safety, efficiency, and comfort. The weights are prioritized
as wg > w, > w., with values ws = 0.6, w, = 0.3,
and w, = 0.1 selected via simulation to reflect roundabout-
specific trade-offs. This formulation is later instantiated in
the Stackelberg model (Section and the uncertainty-aware
predictor (Section [[V).

2) Emergency Scenario Characterization An emergency
scenario is defined through a composite risk assessment:

Emergency, if T'(¢) > T (%)

otherwise

£(t) 4)

Normal,
where I'(t) is a continuous risk function aggregating com-
putational feasibility Tcomp(t)/Tmax (Tmax = 100 ms), spatial
constraint ratio S(t) = dayail(t)/dreq(t) (critical at 1.2), and
prediction uncertainty Upreq(t) = tr(X(t))/tr(30) (threshold
3). The emergency mode is triggered when I'(t) exceeds
the adaptive threshold I'thr(¢), enabling smooth transitions
between operational modes via continuous risk assessment
rather than discrete switching.

3) System Structure Our framework, illustrated in Fig.
integrates three functional layers working in tandem. The
prediction layer implements uncertainty-aware state estima-
tion through covariance matrices 3;(t) and adaptive hori-
zon adjustment via confidence measure «;(i). The decision
layer employs a dual-mode strategy that dynamically switches
between approaches based on risk assessment. During nor-
mal operation, a Stackelberg game-theoretic approach opti-
mizes interactions by balancing safety, efficiency, and comfort
objectives, with the AV (as leader) anticipating followers’
responses. However, this approach becomes computationally
prohibitive in emergency scenarios. For these situations, the
system transitions to a hybrid potential field method combining

dynamic risk assessment R;(z,y) with polynomial trajec-
tories. This switching mechanism leverages complementary
strengths—strategic planning from game theory and reactive
capability from potential fields. The control layer executes
these decisions using MPC [44]], accounting for model un-
certainties and the roundabout’s curved geometry.

III. GAME THEORY APPROACH FOR COOPERATIVE
ROUNDABOUT NAVIGATION

Our adaptive game-theoretic approach is presented to
promote cooperation between autonomous and human-driven
vehicles in roundabouts. We first establish a unified profit func-
tion framework, then customize it for specific vehicle types,
and finally formulate the Stackelberg equilibrium solution that
governs optimal control strategies.

A. General Profit Function Framework

To model vehicle interactions in the roundabout scenario,
we establish a unified profit function framework applicable
to all vehicles, with appropriate adaptations for each vehicle
type. For any vehicle ¢ € {SV,RV,PV, IV}, the general profit

function is constructed as:
P, = CU; + CU; + CU¢, (5)

where C!, C!, and C! are coefficients for safety, efficiency,
and comfort respectively, and U{, U¢, and U; represent the
corresponding utility components.

B. Safety Utility

The safety utility for vehicle ¢ with respect to surrounding
vehicles is defined as:

Ul= > KU,
JEN;

(6)



where N; represems the set of neighboring vehicles that ¢
interacts with, k¢’ 1s the safety coefficient between vehicles
¢ and j, and U J represents the safety utility for their
interaction. For any vehicle pair (i, 7), this interaction safety
utility is defined using a distance-based threshold function:

) 0
l]sl J _
fv( i—7s wdsafe)

where ez is an attention allocation coefficient from vehicle
to vehicle j, d;_; is the distance between them, and dgap. is
the minimum safe distance. The function f; differs between
autonomous and human-driven vehicles:

— 1 if ¢ is human-driven

fi(da €, dsafe) = { - date P 3

1-— d if 4 is autonomous
€ Usafe

: J
if di_j > € dafe

. b
otherwise

)

reflecting their different safety response characteristics.

C. Efficiency Utility

The efficiency utility for vehicle ¢ is defined as:

= Z ke Uiy + kN Uormars ©)
JEN;

where ke 7 and k"R are efficiency coefficients for inter-
actions with neighboring vehicles and normal driving speed,
respectively. For any vehicle pair, the relative efficiency utility
is:
‘ v; i Vi
Vit v, NORMAL = Tl

where V;, Vj, and Vir represent the current speed of vehicle
1, vehicle j, and the normal driving speed, respectively.

Uprh = (10)

D. Comfort Utility
The comfort utility for any vehicle is defined as:
. a/i 2
U! =
¢ ( Gmax ) ’
where a; is the vehicle’s acceleration and ap,yx is the maximum
acceleration.

(1)

E. Vehicle Adaptation and Lane-Change Logic

Each vehicle type adapts the general profit function frame-
work to its role. The autonomous SV prioritizes safety over
efficiency and comfort with the weighting structure (CSY >
CSV > (C5V). We adopt the Stackelberg framework as a
modeling approximation. While real-world driving involves
simultaneous decision-making, the leader-follower structure
captures the proactive nature of autonomous vehicles that can
commit to actions more consistently than human drivers.

To determine lane-changing timing, SV evaluates a lane-
change-specific profit function PLS(nT) at each game step

n. A lane change is triggered at time Tic = nT if the
accumulated utility exceeds a threshold:
Tic =nT if PE(nT) > mic, (12)

where 7y ¢ reflects the minimum utility required to justify a
safe and efficient lane change. Superscript LC indicates that

the profit function is specific to lane-changing. The profit
function is then defined as:

dev. [JSV-RV 77 2
pig(or) = S T ol

13)

where dgy.ry is the distance between SV and the RV, USVRY
is the pairwise safety utility, Ny denotes the duration of stable
interaction, and +y is a time discount factor. This formulation
encourages lane changes only after sufficient stability and
favors earlier transitions when safety conditions are met.

F. Stackelberg Equilibrium

We integrate the profit functions of SV, RV, IV, and PV
in () into a unified Stackelberg game-theoretic framework
that formalizes each vehicle’s objectives and lane-changing
decisions. Building on this foundation, we formulate a hierar-
chical optimization problem where the SV acts as the leader
and strategically anticipates the responses of surrounding
HDV (followers). This max-min structure provides robustness
against worst-case rational responses within the followers’
strategy spaces. The Stackelberg model captures the asymmet-
ric nature of AV-HDV interactions and enables computation
of equilibrium strategies that govern the SV’s optimal control
actions. The equilibrium solution is obtained through

Uy := arg _max mln Psy(tsv,y)
ugyEUsy yE

s.t. y = {uPV c MPV7uRV S Z/{R\”ulv S Z/{R/},

(14)

where the best-response strategy sets for each follower vehicle
are defined as:
Upy = {Bpy € Upy : Ppy(Tisy, tpy)
> Ppy(usy, Gpy) Vipy € Upy},
Ugy = {Tiry € Ury : Prv(Tsv, Tgy)
> Pryv(tsy, Ury) Viry € Urv },
Uy = {ty € Upy : Pv(Tsv, jy)
> P (tsy, try) Vi € Uy},

5)

where ugy denotes the optimal control strategy, and y =
[Gpy, Ugy, Uyy] | represents the environment state vector com-
prising follower vehicles’ control strategies. The profit func-
tions P;(-) for each vehicle i € {SV,PV,RV,IV} are defined
based on the utility components in (3)) and evaluate the rewards
for chosen control strategies.

This Stackelberg formulation embeds the unified profit
functions into a sequential decision framework that models
strategic interactions among vehicles. Solving for its equilib-
rium yields control strategies that account for both individual
objectives and predicted responses of others, encouraging
cooperative behavior crucial for safe roundabout navigation.
These decisions form the basis of a MPC execution layer,
where follower strategies are encoded in an abstract environ-
ment state vector y and physical states y are used for trajec-
tory planning. Accurate prediction of surrounding vehicles is
essential to ensure robust execution, which is addressed next
via a stochastic modeling approach.



IV. VEHICLE KINEMATICS AND UNCERTAINTY-AWARE
STATE PREDICTION

This section introduces a stochastic vehicle prediction
framework for risk-aware decision-making in roundabouts.
A nonlinear vehicle model with uncertainty propagation is
constructed and linearized to enable adaptive prediction of
surrounding vehicles’ behaviors under dynamic conditions.

A. Vehicle Kinematics and Constraints

The motion of vehicles in the roundabout is described
by a stochastic kinematic bicycle model with nonholonomic
constraints:

[j: Y ¢}T =v- {cos(¢>) sin(¢) %]T-}-W(ﬂ, (16)

where w(t) ~ N(0,Q(¢)) captures modeling errors and
external disturbances, (x,y) represents the vehicle’s position,
¢ is the heading angle, v is the velocity, L is the wheelbase,
and J is the steering angle. Here, Q(t) is the process noise
covariance matrix, characterizing the intensity and correlation
structure of the stochastic disturbances. In addition, let x()
be an estimate of the true state x(¢). The state estimation error
e(t) = x(t) — x(t) is defined, and its associated covariance
matrix is expressed as

P(t) =E[e(t)e’ ()].

This matrix P(¢) quantifies our uncertainty about the state
estimate. As will be shown later, P(¢) evolves according to a
Lyapunov-type differential equation influenced by Q(t).

The system operates under physical constraints:

|6‘ < 6max7

a7

[v] < Vmax, la| < max, (18)

where vp,,x represents the maximum allowable velocity mag-
nitude, dy,ax represents the maximum steering angle (typically
mechanically limited), and a.,.x represents the maximum
acceleration/deceleration magnitude.

For controller design and stability analysis, we express the
nonlinear system in a compact form:

x = f(x,u,y) +w(t) (19)
with state vector x = [z, y, ¢| T, control input u = [v,4] T, and
environment state vector y = [XITV, x;{\,, x;{,}—r representing

surrounding vehicles’ states.

To enable efficient computation in MPC, we linearize the
system around a reference trajectory x, through first-order
Taylor expansion:

x = f(xmum}’r) + JI(X - Xv‘) + J2(u - ur) =+ J3(y - YT‘)v
(20)
where Ji, Jo, and J3 are the Jacobian matrices with respect to
the state vector, control input, and environment state, respec-
tively. By defining the error states X = x — x,, 4 = u — Uu,,
and y =y — y., we obtain the linearized error dynamics:

X = J1)~(+J2ﬁ+J3}~’+W(t). (21)

This formulation supports state prediction and control design
while accounting for interactions with surrounding vehicles.
Detailed Jacobian matrix derivations and linearization are
provided in Appendix [A]
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B. Adaptive Prediction with Time-Varying Uncertainty

Robust prediction in roundabouts requires modeling how
sensing and behavioral uncertainties evolve over time. Based
on the stochastic vehicle model in (19), we formulate an
adaptive prediction framework that captures both deterministic
motion and the temporal growth of uncertainty in vehicle
states.

For surrounding vehicle j € {PV,RV,IV}, the state
evolution follows:

Xj(t) = f(xj(t)vuj(t)an(t)) + Wj(t)v

where w(t) represents the process uncertainty. The predicted
trajectory over horizon [tg,to + T is characterized by:

(22)

x;(t) = t f(x5(7),u;(7), y;(m))dr +€;(1),  (23)

with €;(t) ~ N(0,3;(t)) capturing the accumulated predic-
tion uncertainty.

The uncertainty propagation follows a time-varying covari-
ance structure:

3 (t) = diag(o2(t), 00(t), 03(1)), (24)

where the diagonal elements evolve according to:
o?(t) = aiot + 2%, ie{x,y, b}, (25)
where o7, represents the initial variance for each state

component, and €7 denotes the growth rate parameter that
captures how uncertainty increases over time for the position
coordinates (z,y) and heading angle ¢.

To account for the evolution of prediction uncertainty
in a systematic manner, we first defined the time-varying
covariance structure X;(¢) in (24). However, this formulation
primarily captures deterministic growth patterns of uncertainty
under idealized assumptions.

For a more rigorous characterization, especially when
considering the linearized error dynamics in (ZI), the state
estimation error covariance P evolves over time according to
the Lyapunov-type differential equation:

P=JP+PJ +Q), (26)



where P reflects the propagation of stochastic uncertainties in
the state estimation. (26) complements the earlier definition of
3;(t) by accounting for the linearized system dynamics and
process noise covariance Q(t).

The solution to (26) provides a refined covariance matrix
that captures both the deterministic and stochastic aspects of
uncertainty propagation over time.

The reachable set S]t- as shown in Fig. [3|at time ¢ is defined
through the uncertainty ellipsoid:

Sh={x:(x—%;(t)"S; " (t)(x — %;(t)) <},

; @7)

where X;(t) denotes the nominal predicted state and ~y defines
the confidence level.

To maintain prediction reliability with computational effi-
ciency, we introduce an adaptive confidence measure:

a;(t) = exp(=Au(%;(1))),

where A is a positive scaling parameter and tr(3;(¢)) denotes
the trace of the covariance matrix. This measure governs the
adaptive prediction horizon through:

(28)

N, (k) = min{Np max, max{Np min, pr’maxW}},
a; (k)

where N}, nax and N i, represent the maximum and mini-
mum allowable prediction horizons respectively, and & denotes
the current time step. The resulting prediction framework
provides probabilistic state estimates for surrounding vehicles
while maintaining computational tractability through adap-
tive horizon adjustment. These predictions directly inform
the subsequent MPC optimization by defining probabilistic
constraints on vehicle interactions and enabling risk-aware
decision making. The complete derivation of the discrete-time
prediction framework is presented in Appendix [B}

(29)

C. Game-Theoretic MPC with Uncertainty-Aware Prediction

The prediction mechanism integrates with the game-
theoretic decision making through the adaptive horizon mech-
anism. Building upon the vehicle dynamics in (I9) and lin-
earized error dynamics in (2I), an integrated optimization
problem is formulated that incorporates both prediction un-
certainties and game-theoretic objectives.

The predicted states from the adaptive framework inform
the Stackelberg game solver through a constrained weighted
sum optimization:

k4N (k)

gy (k) = arg max min a; (i) Psv(tsv (i), y(i))
usy y ik
s.t. @), (T8), d; (i) > duge, Vj € {PV,RV, 1V},

i=k,... k+Ny(k),

(30)

where N, (k) is the adaptive prediction horizon at time step
k, (i) represents the prediction confidence defined by
the covariance growth, and Psy denotes the payoff function
incorporating safety, efficiency, and comfort objectives as
defined in (3). The constraints ensure satisfaction of linearized
vehicle dynamics, physical limitations on velocity, steering and
acceleration, and safe distances d; from other vehicles.

The adaptive integration mechanism operates on multiple
levels. First, the prediction horizon N, (k) adjusts dynamically
based on the uncertainty bounds defined by X,(¢), ensuring
reliable predictions within computational constraints. Second,
the confidence measure (i) weights the strategic decisions
according to prediction reliability, with higher weights as-
signed to near-term predictions where uncertainty is lower.

To establish robust stability guarantees for the prediction
framework, we analyze the bounds on the linearized error
dynamics in (ZI). The evolution of prediction errors is char-
acterized by:

=@l < %O +72 suwp 5 st 71,792 >0, G

where ; bounds the growth of initial state errors and 7.
characterizes the system’s sensitivity to environmental uncer-
tainties. These bounds are derived from the Jacobian matrices
J1 and J3, respectively, with ; determined by the maximum
eigenvalue of J; and 72 by the induced norm of .J3. The sta-
bility certificates ensure that prediction errors remain bounded
even as uncertainties accumulate over the prediction horizon,
enabling reliable trajectory planning under both normal and
emergency scenarios.

Despite its adaptive capabilities, the game-theoretic frame-
work faces fundamental limitations when uncertainty becomes
excessive or spatial constraints become severe. In such critical
scenarios, we transition to a hybrid potential field method
(Section that provides more efficient reactive capabilities
while maintaining essential safety guarantees.

D. Computational Limitations in Emergency Scenarios

While the Stackelberg framework provides strategic advan-
tages, its computational complexity grows exponentially with
uncertainty and spatial constraints. The equilibrium computa-
tion requires solving:

11

C(ugy) = O(|Usv| - U ), (32)
i€{PV,RV IV}

where |U;| represents the cardinality of vehicle i’s best-
response strategy set. Under high uncertainty, these sets ex-
pand significantly as:

U5 (8)] o exp(Ae - (24 (1)), (33)

where A\, > 0 is the complexity growth rate parameter, and
33, (¢) is the prediction covariance matrix defined in (24)). This
exponential growth makes real-time computation infeasible
when tr(3;(t)) exceeds critical thresholds. Furthermore, when
spatial constraints tighten (duya — dsate), the feasible strategy
space becomes fragmented, causing convergence issues in
the iterative equilibrium solver. These fundamental limitations
motivate our hybrid approach, where potential fields provide
computationally efficient reactive control when strategic plan-
ning becomes intractable.

V. HYBRID POTENTIAL FIELD APPROACH

The game-theoretic and potential field approaches serve
complementary roles in our framework, each suited to differ-
ent operational regimes defined by uncertainty and urgency.



Game theory enables strategic multi-agent coordination over
extended horizons with complexity O(n?) for n agents, but
becomes computationally intractable and spatially infeasible
in emergency scenarios where prediction errors amplify and
maneuvering gaps shrink. In contrast, potential fields offer
instantaneous responses with linear complexity O(n), provid-
ing robust reactivity and guaranteed efficiency. Our hybrid
approach leverages these complementary strengths through
adaptive mode switching: under normal conditions the system
pursues globally optimal game-theoretic planning, while in
emergencies it transitions to potential field control, prioritizing
safety and responsiveness over long-horizon optimality.

A. Mode Switching Mechanism

Building upon the emergency characterization in Sec-
tion [} our system employs a dynamic switching mechanism
based on continuous risk assessment. When environmental
conditions exceed safe thresholds for game-theoretic reason-
ing, the system transitions to reactive potential field control:

I(t) < Tue(t)
L(t) > Tue(t)

Game-theoretic,

. (34)
Potential field,

Mode(t) = {
The composite risk function I'(t) = >, w;vi(t) aggre-
gates multiple normalized indicators: prediction uncertainty
1/c(t), potential field ratio, velocity differential, and spatial
feasibility S(t) = davail (t)/dreq(t). Notably, the prediction un-
certainty indicator 1/cy;(t) implicitly captures deviations from
the rational behavior patterns assumed in the game-theoretic
model, as human drivers may exhibit bounded rationality due
to cognitive limitations and varying risk preferences. This
allows the switching mechanism to naturally transition to
potential field control when surrounding vehicles’ behaviors
deviate significantly from game-theoretic predictions. Here,
davail (t) represents the actual available gap between vehicles,
dreq(t) represents the minimum required gap based on reaction
time, braking distance, and dynamic safety margins. The
threshold T'y,(¢) adapts based on contextual factors such as
distance to the exit point, becoming more sensitive as the
vehicle approaches critical decision points.

B. Uncertainty-Aware Risk Field

Central to our approach is incorporating prediction uncer-
tainty directly into the risk assessment. For each surrounding
vehicle, we construct a probabilistic risk field that combines
static and dynamic risk factors:

Rz(xayvt) = [Rgos(x7y) + R;]el(x7y)] : \IJi('r7yat)~

pos
)

(35)

The position-based component R. models collision risk
using Gaussian distributions in the vehicle-centered frame,
while the velocity-dependent component R;el accounts for
relative motion as shown in Fig. 4] The uncertainty modulation
factor ¥; amplifies risk in proportion to prediction uncertainty:

(2, y) — (@, 5:)|1?
20 u(Z(1) ) (36)

where X, (t) is the prediction covariance matrix in 24), Ay is a
scaling coefficient for uncertainty influence, (Z;, §;) represents

U, (x,y,t) =1+ Ay exp <
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Fig. 4: Illustration of the dynamic risk field.

the predicted mean position of vehicle ¢, and A4 controls the
spatial extent of uncertainty effects. This integration ensures
that areas with higher prediction uncertainty generate propor-
tionally higher risk values.

A key feature of our design is that all spatial parameters
scale with uncertainty. For example, the standard deviations in
the risk field expand as prediction confidence decreases:

B (), oy (t)=0y,0 + 7y

Oy (t) =03,01+Vz E?y(t), (37)

where 0, o and o, o are baseline spatial parameters represent-
ing nominal risk field size, 7, and -y, are scaling factors that
determine how strongly uncertainty affects risk distribution,
and 377(t) and XYY(t) are the position variance components
extracted from the covariance matrix. This scaling creates
larger risk regions around vehicles with uncertain predicted
trajectories, naturally promoting more conservative behavior
when prediction reliability diminishes.

C. Potential Field Formation and Decision Logic

The total potential guiding the autonomous vehicle com-
bines attractive forces toward the lane center and repulsive
forces from surrounding vehicles:

4
Uota (2,9, 1) = Y kili(x,y, 1),
i=1

where U1 = Ulane’ Uz = Upv, U3 = Usz, and U4 = Uunc
denote the attractive lane potential, repulsion from the preced-
ing vehicle, surrounding vehicle influence, and uncertainty-
weighted potential field, respectively. Uy, enforces lane-
keeping through a quadratic potential, Upy and Us; represent
repulsive potentials from preceding and surrounding vehicles
based on their risk fields, and Uy, adds explicit uncertainty-
based repulsion. The coefficient ks = k4,9(1—c;(t)) increases
the influence of uncertainty as prediction confidence decreases.
Lane-changing decisions emerge naturally from the po-
tential field structure. A lane change is triggered when the

repulsive potentials overwhelm the lane-keeping attraction:

UPV + USZ + Uunc 2 5@) : ljlanea

where B(t) = Spexp(—Adpy) - (1 + p - tr(Zpy(t))) adapts
to both proximity and uncertainty. Here, 5y is a baseline
threshold coefficient, A is a distance-sensitivity parameter that
modulates the effect of distance to the PV dpy, and p is
an uncertainty-weighting factor that scales the influence of
prediction uncertainty represented by the trace of the covari-
ance matrix Xpy(¢). This formulation enables more aggressive
evasive maneuvers when necessary while maintaining safety
margins to prediction uncertainty as shown in Fig. [3

(38)

(39)
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hybrid potential field during lane changing.

D. Trajectory Generation

Once a lane change is triggered, smooth trajectories are
generated using quintic polynomials that ensure continuity in
position, velocity, and acceleration:

f(t) = Z aktka tstart < t < tend, (40)
k=0

where f(t) represents the position trajectory along either the
T or y axis, ay are the polynomial coefficients determined by
boundary conditions (initial and final position, velocity, and
acceleration), and %, and t.,q define the time interval for the
lane change maneuver.

The polynomial coefficients aj are determined through
constrained optimization:

min/tend(f(t))Qdus.t. @, (T8, and @B @1
t

ag
start

ensuring the generated trajectory respects vehicle dynamics
limits including lateral acceleration a, < ug and steering
constraints inherited from the vehicle model in (I6).

A key innovation is uncertainty-aware goal adjustment,
where the terminal waypoint shifts based on prediction un-
certainty:

[xf7 yf} = [xf.,Oa yf,O] + )\d TV tr(EPV(t)) : dnorma

where [xf0,Yf0] is the nominal final position, and dnom is
the normalized direction vector away from potential collision
points. This adjustment creates larger safety margins when
prediction uncertainty is high.

The potential field mechanism complements the game-
theoretic layer, providing reactive capabilities for emergency
situations while preserving the uncertainty-awareness estab-
lished in our prediction framework.

(42)

VI. SIMULATION RESULTS

The proposed method is evaluated against the baseline
Nash equilibrium approach [20] using Matlab 2023b. The
baseline implements a simultaneous non-cooperative game
where all vehicles make decisions concurrently without hi-
erarchy, contrasting with our Stackelberg approach where the
SV acts as a committed leader influencing others’ responses.

TABLE I: KEY PARAMETERS USED IN THE SIMULATION.

Component Parameter Value
Maximum velocity (vUmax) 15 m/s
Vehicle Maximum acceleration (@max) 5 m/s?
Dynamics Maximum deceleration (Gmin) -5 m/s2
Safe distance (dsafe) 5m
Safety weight (CSV) 0.6
Stackelberg Efficiency wc?ight (csV) 0.3
Game Comfort weight (CSV) 0.1
; ; Y
Attention allocation (e3") 1.5
Attention allocation (3V) 1.2
' Initial position variance (Ug,o, 02’0) 0.1, 0.1) m?2
Uncertainty Growth rate (¢2,€2) (0.05, 0.05) m2/s
Prediction Heading variance (o3 () 0.01 rad?
Prediction horizon (Np, max) 5s
- Repulsive weight (k2) 0.7
Hybrid
o rtl | Attractive weight (k1) 03
%?’;éa Risk amplitude (As) 1.0
Lane-change threshold (8o) 0.85
Sampling time (7) 0.1s
MPC .
Control horizon (N.) 10 steps
Controller . X ; 4
Constraint satisfaction tolerance(s) 10

Both methods use identical profit functions but differ in
their solution concept: simultaneous mutual best responses
(Nash) versus sequential leader-follower optimization (Stack-
elberg). Simulation parameters are summarized in Table[[} with
weights empirically tuned to balance safety and efficiency.
Both methods use identical initial conditions, convergence
criteria (¢ = 10~%, 50 iterations), and an MPC framework
(2.0s horizon, 0.1s step), differing only in decision strategy:
Stackelberg-based optimization versus simultaneous best re-
sponse. Performance is assessed through arrival rate, collision
rate, travel time, and key trajectory statistics across two
cases—one under normal conditions, and another involving
emergency overtaking maneuvers.

A. Case 1: Normal Situations

TABLE II:
ALGORITHM PERFORMANCE COMPARISON IN OUTLET 4.

| Average Arrive | Average Collision | Average Simulation
Methods | ™ R ate (%) Rate (%) Time (s)
Ours 94.72 + 3.16 0.94+1.09 41.7+75
Nash 72.43 £ 5.27 11.27£4.15 58.4 £ 6.1

A typical roundabout scenario is selected to represent
normal situations. Fig. [6] illustrates the comparative perfor-
mance analysis between our Stackelberg approach and the
Nash equilibrium method for outlet O4. Fig. [6(a) and Fig. [6(b)
show the trajectory patterns through the roundabout, where
both methods achieve collision-free navigation. Our approach
demonstrates more consistent spacing between vehicles and
smoother trajectory curves, particularly evident in the extended
circular section required for reaching the fourth exit.

The acceleration distributions shown in the top row of
Fig. [flc) and Fig. [6(d) highlight the enhanced stability of
our approach. Under the Stackelberg method, acceleration
distributions are more tightly concentrated near zero, with
RV showing a particularly sharp peak, indicating smoother
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driving behavior. In contrast, the Nash method exhibits broader
acceleration distributions with multiple peaks, suggesting more
frequent and abrupt speed adjustments.

The velocity profiles presented in the middle row of
Fig. [6(c) and Fig. [f[(d) reveal superior speed management
in our approach. The Stackelberg method maintains more
uniform velocity distributions around 7.5m/s, with well-
synchronized patterns between vehicles. The Nash equilibrium
method, however, shows more dispersed velocity distributions
extending beyond 10m/s, indicating less coordinated speed
control and potentially more aggressive driving behavior.

The relative distance analysis in the bottom row of
Fig. [fc) and Fig. [f(d) demonstrates the improved spatial
coordination of our approach. Under the Stackelberg method,
relative distances between vehicle pairs show compact distri-
butions centered around 10 m, while the Nash method exhibits
wider spreads up to 20m. This indicates that our approach
achieves more efficient space utilization and better maintains
safe distance throughout the roundabout maneuver. Note that
although the spatial trajectories in Fig. [6(a) and Fig. [6(b)
appear similar, their temporal dynamics differ markedly. The
Stackelberg approach yields smoother velocities and steadier
spacing, while the Nash method shows frequent speed changes
and larger variations. These distinctions are evident in the
distribution plots Fig. [6fc) and Fig. [6(d), where “Density”
denotes normalized PDFs with different scales reflecting the
concentration of accelerations, velocities, and distances.
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Fig. 8: Emergency scenario: (a) Spatial trajectories with SV
lane change at ¢t=18s; (b) Risk heatmap showing high-risk
area, mode switch trigger zone, and vehicle positions.

Fig. [7] presents box plots comparing acceleration charac-
teristics for both methods in the O4 scenario, highlighting
distinct performance differences. In the longitudinal dimension
(Fig.[7(a)), our Stackelberg approach shows improved stability,
with SV exhibiting a more concentrated distribution around
zero and fewer outliers compared to the Nash method’s wider
range of —4 — 5m/s®. For lateral acceleration (Fig. b)),
our method achieves smaller interquartile ranges and fewer
extreme outliers, particularly for SV and RV. In contrast,
the Nash method shows larger variations and extreme lateral
movements, with SV reaching up to 6m/s>. These results
demonstrate that our approach ensures more stable and com-
fortable vehicle control throughout the roundabout maneuver.

Table [[] demonstrates the superior performance of our
Stackelberg approach in the complex O4 scenario. Our method
achieves a significantly higher arrival rate 94.7 + 3.16% vs
72.43 + 5.27% and substantially lower collision rate 0.94 +
1.09% vs 11.27 4+ 4.15% compared to the Nash method.
Furthermore, our approach completes the navigation more effi-
ciently with an average simulation time of 41.747.5 s, notably
faster than Nash’s (58.4 & 6.1s), validating its effectiveness
in complex roundabout scenarios.

B. Case 2: Emergency Mode Switching

To evaluate our system’s adaptive capabilities, we designed
a scenario where the autonomous vehicle transitions from
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game-theoretic to hybrid potential field control when con-
fronted with an emergency situation. The spatial trajectory
analysis in Fig. [§fa) shows the SV successfully executing a
lane change from inner to outer lane by ¢ = 18s, adapting to
the complex geometric constraints of the roundabout’s north-
eastern quadrant. The hybrid potential field method effectively
generates appropriate repulsive forces from the PV while
maintaining safe distances from other vehicles.

Fig. [§[b) illustrates the risk heatmap and mode switching
mechanism during the emergency scenario. The heatmap visu-
alizes risk levels across spatial positions, with the highest risk
region (red) concentrated around the PV. The SV is positioned
at the edge of the mode switch trigger region (white dashed
rectangle), which activates the transition from game-theoretic
to hybrid potential field control. The black dashed contour
demarcates the high-risk region where immediate reactive
control becomes necessary, while red contour lines indicate
risk threshold boundaries. This visualization demonstrates how
the risk level increases as distance to the PV decreases, and
how our system adaptively adjusts its control strategy based
on dynamically assessed risk levels. The spatial distribution of
vehicles—PV (purple square), SV (green triangle), RV (orange
circle), and IV (blue diamond)—shows their relative positions
during this critical transition phase.

Fig. [0 shows the velocity and acceleration profiles during
the mode switching process. At ¢ = 15s, the system tran-
sitions from game-theoretic control to the hybrid potential
field method in response to the PV’s sudden deceleration.
Before switching, both SV and PV maintain stable velocities
(approximately 8 m/s and 7.8 m/s) with acceleration fluctua-
tions below 4 0.5m/s>. When the PV begins decelerating to
—0.5m/s? at t = 155, the system’s risk assessment triggers
the mode switch. The hybrid field controller responds with a
characteristic acceleration pattern, then increasing to 1.5 m/s?
to execute the lane change. This adaptive response enables
the SV to maintain a relatively consistent velocity despite the
disturbance, stabilizing at approximately 9m/s by ¢ = 19s
while keeping acceleration changes within comfortable limits
(£1m/s?) throughout the transition.

C. Computational Performance Analysis

We evaluated our framework on an Intel Core 15-12600KF
CPU (3.70 GHz) with 64 GB RAM. As detailed in Table

TABLE III:
COMPUTATIONAL PERFORMANCE ANALYSIS.

. Computation Time (ms)
Algorithm Component Mean | Std Max
State Prediction 8.4 1.2 11.7
Stackelberg Game Solver 287 | 3.2 36.5
Hybrid Potential Field 12.3 1.5 15.8
MPC Trajectory Generation | 15.9 | 2.1 21.3
Total (Normal Mode) 530 | 43 63.2
Total (Emergency Mode) 36.6 | 2.8 42.5
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Fig. 10: Computational analysis showing the efficiency of the
Stackelberg approach and the higher efficiency of the hybrid
potential field method in emergencies.

the Stackelberg game solver requires 28.743.2 ms per decision
cycle, while the hybrid potential field method needs only
12.3+ 1.5 ms, demonstrating its suitability for emergency sce-
narios requiring rapid responses. The complete decision cycle
averages 53.0 ms in normal mode and 36.6 ms in emergency
mode, with maximum observed times of 63.2 ms and 42.5 ms
respectively. Both operational modes comfortably satisfy our
100 ms real-time constraint.

Fig. further illustrates the computational efficiency of
our approach across different traffic scenarios. During nor-
mal operation, the Stackelberg-based decision system main-
tains stable computation times around 0.055s, less than the
Nash baseline. When the SV encounter interaction conflicts
(~ 15s), the Nash equilibrium approach exhibits significant
computational spikes exceeding 0.1 s, surpassing the real-time
threshold. In contrast, our switched decision system intelli-
gently transitions to the emergency mode, leveraging the more
efficient hybrid potential field method throughout the conflict.
This adaptive switching mechanism ensures that our system
remains responsive and reliable even in complex, safety-
critical traffic situations. The computationally intensive game-
theoretic approach is reserved for non-emergency scenarios
where strategic decision-making is not time-critical.

VII. CONCLUSION

This paper presents an uncertainty-aware framework for
autonomous driving in roundabouts that effectively balances
safety, efficiency, and cooperation under both normal and
emergency conditions. The proposed system combines prob-
abilistic prediction with game theory to enable strategic
planning under uncertainty during normal operation, while
seamlessly transitioning to a hybrid potential field approach
when emergency maneuvers are required. Extensive simula-



tions demonstrate that our method significantly outperforms
baseline approaches in terms of navigation success rate and
collision avoidance. Future work will focus on incorporating
learning-based mechanisms to enhance prediction accuracy.
The framework will also be extended to handle more complex
multi-vehicle scenarios with heterogeneous agent behaviors,
comprehensive analysis of roundabout entry performance,
and system-level evaluation of traffic efficiency improvements
across different penetration rates of AVs.

APPENDIX

This appendix provides derivations of the vehicle predic-
tion with uncertainty. We first present the continuous-time
system linearization, followed by the discrete-time prediction
formulation with explicit uncertainty propagation.

A. System Linearization and Uncertainty Characterization

Starting from the nonlinear vehicle dynamics in (T6) with
process uncertainty, and the compact form in (19)

For linearization around a reference trajectory (x,., u,,y),
first-order Taylor expansion of is

of

X = f(xraurayr) + &(X - Xr)
(43)
0 a
o)+ iy -y 4wl

The Jacobian matrices derived through partial differentia-
tion are:

of 0 0 —v,sin(¢r)
J = o P 0 0 w.cos(¢r) |, (44)
X lu=u,
Vey" _0 0 0 ]
[cos(¢y) 0
1o} .
Jy = of e sin(¢,) 0 , (45)
ou u—=u, tan(d,) V.
Y=yr L L L cos?(¢,)
Bafl é;9f1 aaf1
= R R R (46)
3= 8y x=X, | Oxpy OxXRy oxy | -
u=u, Of3 dfs dfs3
Y=yr Oxpy  Oxpy  OxXpy

Defining error states X =X —X,, U = u — U,, and y =
y —yr, we can get the (2I).

B. Discrete-Time System and Prediction Framework

Building on the continuous-time formulations and
from the main text, we now derive their discrete-time
counterparts for use in MPC. The continuous-time system
(21) is discretized with sampling time 7. Using an Euler
approximation for simplicity, we have:

x(k+1) = Ax(k) + Ba(k) + Cy (k) + wq(k), 47)
where the discrete-time system matrices are derived:
A=I1+4+T-J, B=T-Jy, C=T-Js. (48)

When transitioning from the continuous-time formulation
to the discrete-time setting for numerical implementation, the
continuous-time process noise covariance Q(t) is converted

into a corresponding discrete-time covariance Qg. Specifi-
cally, Qq = fOT eJlTQeJlT 7dr is obtained by integrating
the continuous-time covariance over the interval [0, 7. This
ensures that the discrete-time system accurately reflects the
accumulated process noise over one sampling interval 7.

To incorporate states and time-varying uncertainties in
prediction, we define an augmented state vector including both
error states and uncertainty terms. Using the notation from the
main text and 33;(¢) in 24), we have:

(k) = [x(k) ak-1) yk-1) k)",

where 33; (k) is the discrete-time counterpart of the continuous
uncertainty covariance X, (t).

The augmented state evolution follows from substituting
the discrete-time dynamics and uncertainty propagation:

(49)

Ax(k)
Ek+1) =

+Bu(k—1)+ Cy(k —1)
a(k—1)
y(k—1)
AZ;(K)AT + Qq

BAu(k) + CAy (k)
Au(k)
Ay (k) ’

0

where Au(k) = u(k)—a(k—1) and Ay (k) = y(k)—-y(k—1).
This can be written compactly as:

(50)

E(k+ 1) = A¢(k) + BAw(k) (51)
with augmented system matrices:
A B C 0 B C
- 0 I 0 O = I 0
A= 0 0 I o0 B= 0o I}’ (52)
0 0 0 A 0 0

where the uncertainty propagation operator 4 is defined as:

A=APA" + Qq. (53)

We also define a measurement equation that incorporates
uncertainty:

n(k)=Hek)=[H 0 0 Hy]&k), (54)

where H maps states to measurements and Hy extracts
uncertainty information.
For a prediction horizon V,, and control horizon N, (N, >
N.), the predicted state evolution is:
j—1
§(k+7) = AE(k)+ Y AT BAW(k + 1),
i=0
j—1

%5k +5) = AZ;(k) + Y ATITQ

i=0

(55)

The complete output prediction incorporating uncertainties
is given by:

Y = ®¢(k) + TW + UW + AX, (56)



where:

; (57)

H

HAN»= AN
The probabilistic prediction bounds are characterized by:

Pef{ln(k +jlk) = n(k +jR)| < €} > 1 —a;,  (58)

where ¢; represents the error bound and c«; defines the
confidence level at prediction step j.
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