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Abstract—Navigating unsignalized roundabouts in mixed-
autonomy traffic presents significant challenges due to dense
vehicle interactions, lane-changing complexities, and behavioral
uncertainties of human-driven vehicles (HDVs). This paper pro-
poses a safety-critical decision-making framework for connected
and automated vehicles (CAVs) navigating dual-lane roundabouts
alongside HDVs. We formulate the problem as a multi-agent
Markov Decision Process and develop a hierarchical safety assess-
ment mechanism that evaluates three critical interaction types:
CAV-to-CAV (C2C), CAV-to-HDV (C2H), and CAV-to-Boundary
(C2B). A key contribution is our lane-specific uncertainty model
for HDVs, which captures distinct behavioral patterns between
inner and outer lanes, with outer-lane vehicles exhibiting 2.3x
higher uncertainty due to less constrained movements. We inte-
grate this safety framework with a multi-agent Monte Carlo Tree
Search (MCTS) algorithm that employs safety-aware pruning to
eliminate high-risk trajectories while maintaining computational
efficiency. The reward function incorporates Shapley value-
based credit assignment to balance individual performance with
group coordination. Extensive simulation results validate the
effectiveness of the proposed approach under both fully au-
tonomous (100% AVs) and mixed traffic (50% AVs + 50% HDVs)
conditions. Compared to benchmark methods, our framework
consistently reduces trajectory deviations across all AVs and
significantly lowers the rate of Post-Encroachment Time (PET)
violations, achieving only 1.0% in the fully autonomous scenario
and 3.2% in the mixed traffic setting.

Index Terms—Autonomous vehicles, decision making, mixed
traffic, Monte Carlo tree search, risk assessment

I. INTRODUCTION

AVIGATION at roundabouts presents unique challenges
for Connected and Autonomous Vehicles (CAVs) [[1]],
particularly in mixed traffic where both CAVs and human-
driven vehicles (HDVs) must safely coordinate through com-
plex circular geometries and multiple merging points [2], [3].
The difficulty lies in managing several critical interactions
simultaneously while ensuring safety and efficiency in a highly
dynamic setting with continuous merging, lane-changing, and
exit decisions [4f]. This challenge is further amplified by
intricate interaction patterns induced by roundabout-specific
geometric constraints and yielding rules. Therefore, a com-
prehensive understanding of both deterministic CAV behaviors
and uncertain HDV behaviors is essential [5], [6].
Traditional approaches to roundabout management often
rely on rule-based decision-making methods, which generate
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conflict-free navigation sequences through preset yielding reg-
ulations and lane assignment strategies [7]], [8]. These methods
struggle to capture the complex decision-making behaviors of
human drivers, where yielding involves significant behavioral
variability. Conventional priority-based strategies [9] ensure
safety by enforcing strict yielding rules, but may substantially
increase the requirement for onboard communication qual-
ity. More sophisticated rule-based approaches incorporating
machine learning and static- and dynamic-constraint-based
optimization have been proposed, yet their effectiveness has
only been verified in simple single-lane roundabouts [[10].

The application of machine learning to roundabout nav-
igation has advanced significantly, yet critical gaps remain
between theory and practical deployment [11], [12f]. While
deep reinforcement learning methods, including multi-agent
deep deterministic policy gradient approaches, have shown
success in controlled simulations [13[]-[15], their perfor-
mance degrades when faced with the geometric diversity
and behavioral uncertainty of real-world roundabouts [16].
The core challenge lies not in learning capability itself, but
in the mismatch between underlying assumptions and the
requirements of safety-critical traffic coordination [[17]—[19].
Specifically, neural network-based approaches exhibit three
key limitations [[20]]. First, the exponential growth of the state-
action space with vehicle density makes it computationally
prohibitive to cover all safety-critical scenarios during train-
ing [L1], [12]]. Second, limited interpretability prevents real-
time safety verification, a non-negotiable requirement in mixed
autonomy [13]], [15]. Third, the sim-to-real gap is severe in
roundabouts due to the interplay between lane-changing deci-
sions and continuous control, leading to unexpected behaviors
when policies encounter novel traffic patterns.

In complex environments like roundabouts, vehicle inter-
actions are often modeled using game-theoretic reasoning,
aiming to capture both cooperative and competitive behav-
iors among drivers [21]-[24]. Frameworks such as Nash and
Stackelberg games [25] enable multi-agent planning under
strategic assumptions. However, real-world scenarios intro-
duce significant deviations from these assumptions—human
drivers may act irrationally, interpret gaps inconsistently, or
delay exit decisions [26], leading to mismatches between
model predictions and actual behavior. Furthermore, the non-
uniqueness of game-theoretic solutions [27] can hinder reliable
coordination, particularly in multi-lane roundabouts where
rapid decision-making is crucial for maintaining safety and ef-
ficiency [28]]. Beyond learning and game-theoretic approaches,
safety-critical control methods have also been widely inves-
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Fig. 1: Overview of the proposed safety-critical decision making framework based on MCTS for roundabout navigation.

tigated to provide formal safety guarantees. Representative
examples include Control Barrier Functions (CBFs) [29], [30],
reachability analysis [31], and formal methods. In contrast,
our work addresses safety through a Monte Carlo Tree Search
(MCTS) framework with hierarchical risk assessment, tailored
to mixed traffic at unsignalized roundabouts.

MCTS [32] has emerged as a promising approach by mar-
rying the learning-based and game-theoretic methods for inter-
active navigation [33]]. Unlike traditional DRL which requires
extensive offline training, MCTS can efficiently explore the
action space through online planning, making it particularly
suitable for the dynamic and geometry-dependent nature of
roundabout environments [34], [35]. The algorithm’s inherent
ability to balance exploration and exploitation makes it suitable
for handling the uncertainties in mixed roundabout traffic,
where vehicles are required to continuously make decisions
about lane positioning, gap acceptance, and exit timing [36]],
[37]. However, current MCTS implementations such as [38]],
[39]] often fall short in addressing comprehensive safety con-
siderations and face significant scalability challenges in multi-
agent scenarios involving multiple lanes and exit options.

This paper introduces a safety-critical multi-agent MCTS
framework for coordinating mixed traffic at dual-lane round-
abouts. The framework addresses the unique challenges posed
by roundabout geometry, including lane-specific uncertainty
modeling, exit proximity effects, and complex interactions be-
tween inner and outer lane vehicles. Unlike prior MCTS-based
planners that apply uniform safety checks or treat all traffic
participants identically, our approach introduces a structurally
differentiated design: safety assessment, uncertainty modeling,
and reward allocation are tailored to the specific interaction
type (CAV-to-CAV (C2C) [40], CAV-to-HDV (C2H) [41]] and
CAV-to-Boundary (C2B) [42]) and lane context, enabling
these components to reinforce each other through hierarchical
integration rather than operating as independent modules. The
main contributions are summarized as follows:

o We propose a safety-critical multi-agent MCTS frame-

work for dual-lane roundabouts, unifying safety prun-
ing, uncertainty modeling, and reward shaping into an

interaction-aware tree search pipeline for mixed traffic.

o We develop a structurally differentiated safety assessment
mechanism that handles various interactions via lane-
dependent risk metrics and conservative thresholds for
human uncertainty, validated through ablation studies.

o We introduce two key structural components for robust
coordination: (i) an adaptive HDV prediction model cap-
turing lane-specific uncertainty and exit proximity effects,
and (ii) a Shapley value-based reward allocation scheme
enabling contribution-aware credit assignment and reduc-
ing collision rates in cooperative roundabout navigation.

II. SAFETY-CRITICAL DECISION-MAKING FRAMEWORK

We consider unsignalized dual-lane roundabouts, where
CAVs must navigate among other CAVs and HDVs without
traffic signals. This task requires handling both predictable au-
tonomous behaviors and uncertainty in human driving patterns.

To model this interaction-rich environment, we cast the
problem as a multi-agent Markov Decision Process (MDP),
formally defined as (S,.A,7,R,v). Here, S represents the
joint state space capturing critical vehicle-level information
such as positions, velocities, and heading angles; A defines
the joint action space, including bounded control inputs for
acceleration and steering; 7 describes the transition dynamics;
‘R is the reward function guiding agent behavior; and v is the
discount factor used for long-term planning.

The main complexity arises from three intertwined inter-
action types: C2C, C2H, and C2B interactions. Within this
framework, the goal is to determine an optimal policy 7*
that ensures both safety and efficiency in navigation. Denoting
m € II as a policy in the admissible space, s; as the system
state at time step t, and R(s:,7(s¢)) as the instantaneous
reward, the optimization problem can be expressed as:

T—1
Z YR (s, w(st))] )

t=0

(1)

™ = argmax
mell

An overview of our proposed framework is depicted in
Fig. [I] The architecture is composed of four key modules.
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Fig. 2: Illustration of the interaction scenario.

First, the multi-agent MDP model is established, including
formal definitions of states, actions, and dynamic models with
embedded safety constraints (Sec. [[lI-A). Next, we introduce
a hierarchical safety mechanism that considers layered safety
constraints across vehicle types and environmental boundaries,
using dynamically updated safety thresholds and predictive
risk assessment for HDVs (Sec. [II-B).

Building on this foundation, we develop a safety-aware
multi-agent MCTS algorithm with safety-encoded tree nodes,
UCB-based exploration—exploitation balancing, and rollout-
based policy extraction with backpropagation (Sec. [[V-A).
Finally, we formulate a multi-objective reward function that
jointly accounts for A2A, A2H, and A2R safety, motion
efficiency, and dynamic feasibility, yielding an integrated
optimization scheme (Sec. [[V-B).

Fig. 2] illustrates the interactive environment surrounding
a CAV navigating a roundabout. The figure highlights key
spatial regions that shape decision-making, including a central
interaction zone where vehicles must account for potential
conflicts and trajectory overlaps, and a broader approach area
where speed and heading adjustments begin in anticipation
of entering the roundabout. The inner circle represents the
main circulation area, while the shaded zones near the exits
denote heightened interaction regions where yielding, merging,
and exiting are most critical. These regions collectively define
the spatial context in which CAVs must coordinate with
surrounding agents to ensure safe and efficient navigation, and
the key notation is summarized in Table[I|

III. SAFETY-CRITICAL DECISION MAKING SYSTEM

A. Multi-Agent MDP Formulation for Dual-Lane Roundabout

We formulate the dual-lane roundabout navigation problem
involving N CAVs and M HDVs as a multi-agent MDP:
(S, A, T,R,). For the i-th vehicle, the state vector s; con-
sists of its polar coordinates (r;, 6;), velocity v;, heading angle
¢;, and lane index [;. The control input u, includes acceleration

TABLE I: SUMMARY OF KEY NOTATION

Symbol
State and Control
si = [ri, 03, 01, ¢i, Li] T
u; = [aq, ¢i, 03]

Description

State vector of vehicle ¢
Control input of vehicle ¢

C, H Set of CAVs / HDVs
N, M Number of CAVs / HDVs
Safety Assessment
d(s;,s;) Min. distance between vehicles 4, j
dsate (81, 85) Adaptive safe distance
dmin Min. base safe distance
deaw(8i) Min. distance to roundabout boundary
o, Qo C2C / C2H overall risk metric
Qe Safety thresholds for C2C / C2H
C; C2H collision probability
HDV Uncertainty Modeling
fiom(sr) IDM nominal prediction for HDV h
Slane Lane-specific covariance matrix
Miane (I1) Lane multiplier matrix
Mexit (En) Exit proximity multiplier
MCTS and Reward
Np, Qn Node visit count / cumulative reward
€exp UCB exploration constant
K Number of MCTS iterations
o3 Shapley value of agent ¢
Al Cooperation coefficient

command a;, steering rate é;, and lane-changing decision &;.
The joint state and action spaces are defined as:

i 7 € [Tinners Touter),
N+ M 0, ; € [0,2m),
S = H si= |vi| €R5 | v €0, Vmaxls , (2
= 6| e lm
li l; € {0,1}

|ai‘ S Amax;
. T . .
w=la; ¢ 0] ER®|[di] < Pmax, , (3)
5 e {~1,0,1}

A; =

where 7ipner and 7oy are the inner and outer lane radii, [; = 0
represents the inner lane, [; = 1 represents the outer lane,
and §; denotes the lane-changing decision (-1: move inward,
0: maintain, 1: move outward). The roundabout navigation
decisions must satisfy the following safety constraints on state
transitions and inter-vehicle distances:

Sqafe = {S €S | d(SZ7SJ) > dsafeaVivj cCU H},

d(si, s5) = @

min

P: — Pjli2,
pi€P(s:), p; EP(s;5) Ipi il

where s = [s1, 52, ..., syanr) L, d(si, s;) is the minimum dis-
tance between the i-th and j-th vehicles, dg,f is the minimum
safe distance, P(s;) represents the four vertices of the i-th
CAV as shown in Fig. 2| C represents the set of CAVs and ‘H
represents the set of HDVs . Let s; = [81,4, 82,4, -y SN+M,2] -
be the joint state vector of all vehicles at time step ¢, with
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TABLE II: SAFETY DISTANCE ADJUSTMENT FACTORS

Factor  Expression
ay 14 Bu]Avis| /et
ag 14 BylAdisl/m
a 1+ Bl — 1]
ax 143 g¥alsi,s;)

Purpose

Velocity adjustment
Heading adjustment
Lane difference
Zone-based risk

Sit =754, 0it, Vits Pits li,t]T being the state vector of vehicle
ite CUH.
Navigation decisions must also satisfy constraints over 7"

st+1¢ Ssafe»Vt € [07T]7 |'Uz| < VUmax, chb(si) > dmin, (9)

where dcop(s;) is the minimum distance to roundabout bound-
aries, with the minimum allowable value d,,;,,. The CAV state
transitions can be precisely calculated using control inputs and
dynamics as follows:

St+1 = ‘I’(Su ut), (6)

with the transition function ®(s;, u;) = g;(s; ¢, uiyt)fvzl. u =
[u14,ug,, - ,un,]? contains the control inputs for all CAVs
at time t. g;(s; ¢, u;,¢) contains the vehicle kinematic model
of vehicle ¢ € C as follows:

S e, Touter] (ri,t + %At)
WIAP(g o7 (Qi,t 4 2t CORPie) C:ﬁf¢i’t)At)
sat[o, Umax] (Ui,t + ai’tAt) ) (7)

WIap[_ 7] <¢i,t + éf;i,tAt)
LC(li ¢, 0it, Ziy)

9i(Sit,Uit) =

where At is the time step, sat[a,b](-) keeps values
within bounds, wrap[a,b](-) handles angle continuity, and
LC(l;, 0i4, Zi,t) is the lane-changing function that depends
on current lane /4, ¢, decision J; ¢, and safety conditions Z; ;.
While CAV states are updated by (6), HDV behavior involves
inherent uncertainties that grow over time and vary signif-
icantly between inner and outer lanes. These uncertainties
must be properly characterized for reliable safety assessment
in roundabout environments.

B. Hierarchical Safety Assessment for Roundabout Navigation

To ensure safe navigation in dual-lane roundabouts, we
develop a hierarchical safety assessment framework that eval-
uates three critical interaction types. For C2C interactions, we
directly use vehicle states s;,s; € S since their evolution
can be precisely characterized by (7). For C2H interactions
involving HDVs (denoted by i € H), we need to predict their
future states S, due to behavioral uncertainties. Additionally,
C2B interactions are considered for spatial safety constraints
within the roundabout geometry.

1) C2B safety assessment: The C2B safety assessment
focuses on spatial constraints by partitioning the roundabout
environment into the interaction area (), and approach/exit
areas (lypp:

Qint = {S S S ‘ Tinner S r S 7mouter} 5 (8)
Qapp = {5 €S| 7 < Tinner V' 7 > Touter} -

1.2 16
Risk '
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Fig. 3: Safety-critical risk assessment. (a) Distance-based risk.
(b) safety risk visualization.

The safety level is evaluated through the minimum dis-
tance to roundabout boundaries dc(s;) and its corresponding
penalty function @y (d), defined as:

deob(s;) = min distance (p, cire U OQappr)

PEP(s;)
—0Q0, if d S dmina
, ©)
dmin
pen(d) =4 -3 ( y > ,if dinin < d < dgafe,
0, if d > dgate,

where O denotes the area boundary and f is a scaling factor.

2) C2C and C2H safety assessment: The adaptive safety
distance accounts for multiple risk factors via a base value
and adjustment terms, as shown in Table

daate (i, 55) = max{dmin, fo| Avij|} - [ ar(sirs5), (10)
ke

where d,;, is the minimum base distance, k, is the velocity
scaling factor, Av;; = v; — v; is the relative velocity, Ag;;
is the relative heading angle, /;,{; € {0,1} denote lane
indices, vy is the reference velocity for normalization, (5 are
weighting parameters, and ¥ (+) is the indicator function for
vehicles in zone Q. K = {v,¢,l, z} indexes the adjustment
factors in Table Fig. [3] visualizes our safety-critical risk
assessment framework for CAVs and HDVs navigating round-
abouts. Fig. 3(a) presents the foundational distance-based risk
function, characterized by an exponential decay curve, which
quantifies collision urgency and informs immediate avoidance
actions in MCTS decisions. The clearly defined safe distance
threshold enables effective and computationally efficient bi-
nary safety decisions. Fig.[3(b) provides a spatial risk heat map
for a representative roundabout scenario, highlighting high-risk
zones at lane-changing and exit-merging points.

Based on the distance measure in (@) and safety threshold
in (I0), we define two complementary risk metrics. The
instantaneous risk captures immediate collision threats:

dq { _dmin A %l
Tinst(8i, 85) = exp <‘ated ] ) : (1 + 1204 U”') , (1D
safe max

where d,i, is the minimum distance between vehicles and the
exponential term penalizes proximity violations while the ve-
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locity term accounts for relative speed risks. The temporal risk
aggregates future collision probabilities with time discounting:

T
1 1
RT(Si,Sj) = T § 1+¢ 'p(dtadsafe)a (12)
t=1

where p(d, dgre) = max{0,(1 — d/dguge)?} provides a
quadratic penalty when d < dg,g. For C2C interactions, the
overall safety level is quantified by:

Q?icsk(siv Sj) = wicriHSI(Siv Sj)+w§cRT(3iv Sj)7 iaj € C, (13)

where wi® and w§® are given weights.

3) Lane-Specific HDV Uncertainty Modeling: For C2H
interactions, we adopt the IDM [43]] as the nominal behavior
predictor and embed it within a probabilistic framework to
account for behavioral deviations. The lane-specific covariance
El;‘;me captures the distinct uncertainty profiles of inner and
outer lanes, where drivers exhibit different levels of yielding
tendency and speed variability. The uncertainty model is:

P(3nlsn) = N (fom(sn), TR (¢, n, Ex)),

where fipm(sp) captures the nominal human driving
behavior,sy, is the current state of HDVs, and El;";ne(t, In,Ep)
is the lane-specific time-varying covariance matrix:

(14)

5ty Bn) = Soase(t) - Miane(ln) - Mexi(Er), — (15)
where the lane-specific multiplier matrix is:

Miane(ln = 0) = diag(0.3,0.5,0.4,0.6,0.2),  (16)

Miane (I = 1) = diag(1.2,1.5,1.3,1.4,1.8).  (17)

The scaling factors are motivated by the geometric asymmetry
of roundabout lanes: inner-lane vehicles are constrained by a
tighter turning radius that naturally limits lateral and heading
deviations, whereas outer-lane vehicles have greater freedom
for radial displacement and exit maneuvers [[11]]. The effec-
tiveness of this lane-specific design over uniform uncertainty
is validated in the ablation study (Section [V-C).

The exit proximity multiplier M (Ep) accounts for in-
creased uncertainty near exits:

Nexit |9h*9 'k2

Meit(Bp) =T+ D &eexp (————5— ) I, (18)

202
k=1 exit

where N, is the number of exits, feyit, 1 is the angular position
of the k-th exit, & is the exit influence factor, oey; is the exit
influence range, and Jy, is a diagonal matrix containing state-
specific uncertainty amplification factors for the k-th exit. The

base covariance matrix Xy, (t) is defined as:

2:base(t) =
aft + e%tQ 0 Pro0r Oyt 0 0
0 ojt + et? 0 posooost 0| (1g)
PryTrOyt 0 05 0 01,
0 p9¢0'90¢t 0 O’i 0
0 0 0 0 012

where (0,9, €-¢) capture position uncertainty growth includ-
ing the radial uncertainty measured by o2t + ¢2 and angular

| I
= Inner (Radial)

6 H=Outer (Radial) -
S Inner (Angular)
2 Outer (Angular)
=
'S 4 — —
b=
Q
Q
=
Do

0 ===

0 2 4 6 8 10 12

Prediction Time (s)

Fig. 4: Oscillating temporal uncertainty evolution showing the
growth of prediction uncertainty over time for inner and outer
lanes in both radial and angular dimensions.

uncertainty measured by o3t + e3t* , while (04,4, prv, Pos)
model velocity, heading, and state correlations.

Fig. [] illustrates the temporal evolution of prediction un-
certainty for HDVs in inner and outer lanes. Over a 12-
second horizon, outer-lane radial uncertainty (red line) reaches
approximately 5.80 compared to 2.5¢ for the inner lane (green
line), while angular uncertainties show similar disparities (4.0
outer vs. 2.00 inner). The shaded regions represent 75%-—
125% confidence envelopes. This lane-specific uncertainty
growth validates our hierarchical safety framework, where
outer-lane vehicles require larger safety margins due to their
less constrained movement patterns.

We bound HDVs’ reachable state space as:

[Pr = Pr(®)]l < (Vmax + 00)t,
|Uh| S VUmax + 20v7

|¢h‘ < T,

lh S {07 1}

The collision probability for C2H interactions is:

Con = / G50 6) - N fiom(sn), Z)dsn, 21
§h,esi

St =43,eR’ (20)

where ¥(8;, 5,) = 1(d(8;, 8n) < dsafe(s;, sp,)) is the collision
indicator function. The safety level for C2H interactions is:

QP (51, 81) = WMringe (54, 85)+wS Ry (54, s )+w Cin, (22)

wherei € C, h € H, and wi?, k € [1,3] are given weights.

IV. MULTI-AGENT MCTS SOLUTION APPROACH
A. Multi-Agent MCTS for Roundabout Navigation

Building on the safety assessment framework, we propose
a structured tree search approach where the risk assessment
functions in and are used to evaluate safety at each
node and prune unsafe nodes that exceed predefined safety
thresholds (QS for C2C interactions and Q! for C2H inter-
actions). Let 7 be the search tree whose node n € T is defined
as: n = (dn, Pn, Cny Np, Qn, tn, &,). where d,, is the node
depth, p,, is the parent node, C,, is the set of child nodes,
N, is the visit count, (),, is the cumulative reward value, and
uy, is the action leading to this node. A node is considered
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Fig. 5: Illustration of the safety-critical MCTS framework.
Each node stores the visit count N,,, value estimate @),,, and
UCB score. Nodes identified as unsafe (shown in orange)
are pruned during the safety validation stage. The green path
indicates the backpropagation process.

safe ({, = safe”) if the safety metrics satisfy: Qi < Q@

for C2C interactions, QS < Q% for C2H interactions, and
deap > dmin. Otherwise, it is marked as unsafe (§,, = unsafe”).
The joint policy space Ajpine = @7 = 1NV+MP; represents the
Cartesian product of policy sets.

We set the safety thresholds to Q§ = 0.8 (C2C) and Qf =
0.6 (C2H), using a more conservative margin for human-driven
interactions due to higher prediction uncertainty. These values
are calibrated in preliminary experiments to balance safety and
traffic efficiency, and the sensitivity to d,,;, is further studied
in Section Following standard surrogate safety analysis,
we adopt a PET threshold of 1.0s [44].

The safety-critical multi-agent MCTS algorithm uses a
depth-first search strategy with safety validation at each node
expansion. The search process evaluates nodes recursively:

Expand(n;) U Rollout(n;),
Search(UCB(n;)),

if new & safe,

Search(n;) = if visited,

Terminate, if unsafe.

The selection of nodes for expansion is governed by the
UCB formula, which balances exploration and exploitation:

Qn In Np,
M + €exp N: )

where e, is the exploration constant balancing exploitation
and exploration, and INV,,, is the visit count of the parent node.
Fig. ] illustrates the structure of an MCTS guided by the UCB
strategy. Leaf nodes represent terminal or intermediate states,
with one marked as an “Unsafe Node” indicating trajectories
that violate safety constraints.

UCB(n) = (23)

B. Roundabout-Specific Reward Function Design

Roundabout navigation involves dense, asymmetric inter-
actions that require both individual planning and group-level
coordination. To accommodate these challenges, we propose

a structured reward function that integrates four key aspects:
safety, efficiency, comfort, and lane-specific behavior.

1) Group-aware reward formulation We adopt a coalition-
based design using the Shapley value ¢; to distribute the global
reward among cooperative vehicles:

cl—Dl(n—|c
3 (Il )n(! |])!

cCCUH, i€c

¢i(v) = [v(c) = v(e\ {i})],

where v(c) = ... R;(st, us) denotes the coalition value at
time ¢ and v(c \ {i}) denotes the coalition value excluding
CAV;,, such that the difference v(c) — v(c\ {¢}) reflects how
much value agent i brings to coalition c. The coefficient
W represents the probability that CAV; is the last
to join group ¢ when CAVs join in a random order. This helps
average ¢’s contribution across all possible team formations.

The global reward at each timestep is then defined as:

=Y ¢ R

ieC

st, ut St, U—t) (24)

Each CAV’s individual reward R; balances its own perfor-
mance and the impact on others:

self t (other
;= M7 (25)
1+ A(N-1)
where Qself = éafely + Qéff + onmfort + Qfane’ and Q?ther =
> 7él( atery T Qly + Qlane) The cooperation coefficient
AL € [0,1] is fixed for CAVs and empirical estimates based on
typical driving patterns for HDVs (e.g., A\l = 0.4).
2) Reward components: Each CAV’s self-reward comprises
four components that balance safety, efficiency, comfort, and
lane-specific behaviors:

gafety = ~wecQrik (5:) — wc2hQ§i};k(si) — We2bPce2b,
ot = —Wy (V; — UdCS)Q — wpl|p; — pref||27 (26)
(Z:r)mfort = 7wa|a’i‘2 - w¢|¢i|27

Qliane = éosition(li) wtfdﬂ5|5 |2 + Qexn( )

where the safety terms directly incorporate the risk metrics
from (), and (22)), with o penalizing boundary viola-
tions. The efficiency component encourages desired velocity
v4es and path tracking to reference trajectory pr.r. The comfort
term penalizes excessive acceleration a; and yaw rate b;.

3) Summary This hierarchical reward design enables agents
to balance local objectives with socially-aware behavior in the
roundabout, while explicitly incorporating safety, comfort, and
intent-awareness. The cooperation coefficient \; modulates
each agent’s autonomy versus altruism, and the Shapley-based
allocation ensures fair credit assignment in joint outcomes.

C. Optimization Policy

For HDVs in the roundabout, we use the IDM model with
lane-specific parameters as described in Section [[II-B] During
MCTS rollouts, HDV actions are sampled from the predictive
distribution in (14), with cooperation levels A; based on
typical driving patterns. The optimality of our MCTS solution
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for roundabout navigation can be formally characterized by
the following optimization objective:

T—1
oD ¢iRi(se,uls))|ul,
t=0

ieC

u* = argmaxE 27

u€ Ajoint
subject to the following constraints at each time step ¢:

Safety Constraints:

(C20) Q% (s4i,85) < QF, Vi,jel
(C2H) Q% (si,sn) < Q% VieC,heH
(C2B)  deaw(si) = dmin, Viel
Dynamic Constraints: (28)
(Velocity) v; € [0,Vmax),  Vi€C
(Acceleration) |a;| < amax, Vi€C
(Steering) |q25l| < (i)max, Viel

This formulation provides a comprehensive theoretical charac-
terization of our roundabout navigation approach. The reward
function R;(st,u(st)) incorporates Shapley value-based con-
tribution quantification. The lane-specific modeling through
matrices Mlane(l;,) and Mexit(Ey,) enables precise character-
ization of uncertainty variations between inner and outer lanes,
while the exit proximity effects provide realistic behavioral
modeling for roundabout scenarios. Following the kinematic
model in (7), our framework addresses roundabout conflicts by
integrating safety assessment, reward design, and MCTS-based
policy search, ensuring safe and efficient navigation through
the balance of individual and cooperative behaviors.

D. Computational Complexity Analysis

The computational complexity of the proposed multi-agent
MCTS-based planning algorithm arises from three main com-
ponents: joint-action tree expansion, safety validation, and
rollout simulation. Tree expansion considers joint actions
over N CAVs, each with |A| possible actions, resulting in
a branching factor of |A|". At each expanded node, safety
validation involves pairwise CAV interactions (O(N?)), CAV-
to-HDV checks (O(NM)), and lane-level uncertainty evalua-
tions, typically contributing O(N M - d?) complexity, where d
is the state dimension.

Each new node further triggers a rollout simulation up to
a depth d.x, With per-step computations dominated by state
transitions, reward evaluations, and uncertainty updates, also
scaling with O(NM - d?).

As a result, the worst-case overall complexity across K
MCTS iterations can be coarsely estimated as:

O (K - |AIN - dmax - NM - d?), (29)

which grows exponentially with the number of agents.

In practice, however, the actual computational cost is sig-
nificantly lower due to three factors: 1) safety pruning that
eliminates unsafe branches early; 2) UCB-guided selective
search that limits unnecessary expansions; and 3) matrix-based
parallel implementation of safety and reward computations.
While the lane-specific uncertainty modeling adds overhead,

TABLE III: COMPUTATIONAL COMPLEXITY COMPARISON

Method Complexity Operations
Joint exhaustive search AN H ~ 1085
Game-theoretic Nash O(AINH . Ivash) > 1087
MCTS (no pruning) K-|Al-N-H ~ 3.2 x 10°
MCTS + safety pruning | (1 —p)- K- |A|-N-H | ~ 2.2 x 103

it substantially improves prediction robustness in congested or
uncertain roundabout scenarios.

To provide practical runtime context, we report measured
per-step computation times from our MATLAB implemen-
tation. In our most complex scenario (8-vehicle symmetric
intersection), the framework plans for N = 4 decision-making
CAVs while the remaining HDVs are modeled as reactive
agents with negligible planning overhead. The average plan-
ning time is approximately 58 ms per decision step, well within
a typical planning cycle of At = 0.2 s. Given the linear scaling
with N in our MCTS framework, we estimate the current
implementation can support approximately N = 6-8 planning
agents in real time. As shown in Table safety pruning
reduces the effective search space by approximately 1.4x
compared to unpruned MCTS, while UCB-guided selection
further concentrates search effort on promising branches. A
C++ implementation with parallelized rollouts would further
extend this scalability envelope, left for future work.

V. EXPERIMENTAL EVALUATION

Simulations are conducted in MATLAB 2024a to evaluate
the proposed approach for safe and efficient autonomous
driving at a signal-free, dual-lane roundabout. We compare
the proposed method with several advanced optimization al-
gorithms, including the Stackelberg game approach [45] and
the Nash equilibrium method [27]].

A. Case 1: Dual-lane Roundabout (ROP = 100%)

The experimental evaluation begins with a baseline scenario
featuring a 100% rate of penetration (ROP) at a signal-free,
dual-lane roundabout. As depicted in Fig. [6fa), four CAVs
simultaneously approach the roundabout from different direc-
tions, creating a complex multi-agent coordination challenge.
The conflict zone, highlighted by the red dashed box, marks
the critical region where vehicle paths intersect and potential
collisions may occur.

Fig. [6[b) illustrates the velocity profiles of the CAVs under
our proposed method. Solid lines indicate the mean velocities,
while the shaded bands represent the 95% confidence intervals.
The results show that the vehicles maintain stable speeds
ranging from 3 to 5 m/s, requiring only minimal speed
modulation for safe interaction. This highlights the ability of
our MCTS-based framework to ensure both safety and motion
smoothness without unnecessary deceleration.

Further insights are provided in Fig. [f[c), which compares
trajectory deviations among our method and two baselines:
Nash and Stackelberg. Across all CAVs, our approach consis-
tently yields smaller deviations from the reference trajectories.
This significant improvement in tracking accuracy reflects the
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Fig. 6: Performance Analysis in Case 1 (ROP = 100%).

effectiveness of our planning strategy in preserving intended
paths while adhering to safety constraints. Additionally, the
reduced size of the error bars indicates greater behavioral
consistency and robustness.

The decision-making process is further analyzed through
the control input heatmap in Fig. [7(a), which reveals the
temporal evolution of acceleration and yaw rate commands for
each vehicle. The predominant green coloring indicates that
most control actions are moderate, with occasional stronger
interventions (darker colors) occurring primarily during critical
in-roundabout driving phases. This pattern demonstrates the
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Fig. 7: Analysis of decision-making and safety performance.

(a) Variations in control inputs. (b) PET distributions and

violations: benchmarks, Baseline (without adaptive risk evalu-

ation), and our methods with d,,x of 3 and 8 (ROP = 100%).

TABLEIV:
COMPARISON OF ALGORITHM PERFORMANCES IN CASE 1.

Average Speed | Average Trajecto Collision

Methods (il/s)p De\igiationJ (m) N Rate (%)
Stackelberg 5.22+1.34 0.89 £0.84 16.0
Nash 5.16 £1.01 0.74 £ 0.59 11.0
Baseline 5.44 £ 1.10 0.65 4 0.47 13.0
dmax = 3 5.27 +£1.03 0.574+0.38 4.0
Chingse = & 5.31 £ 0.89 0.45 +0.39 0.0

framework’s ability to generate comfortable trajectories while
responding appropriately to dynamic interaction scenarios.

Fig.[7b) presents a quantitative assessment of safety perfor-
mance based on Post-Encroachment Time (PET) distributions.
The proposed method with a maximum tree depth of dp,x = 8
delivers the best outcomes, with no instances of PET falling
below the critical threshold of 1.0 second. In comparison, the
baseline approach exhibits 8.8% violations, while the Stack-
elberg and Nash methods perform worse, with violation rates
of 26.1% and 13.2%, respectively. These results underscore
the effectiveness of our framework, which leverages dynamic
risk evaluation and adaptive safety constraints to proactively
manage both current and anticipated interactions.

Table [IV] demonstrates the superior performance of our
proposed method with dy.x = 8, which achieves the low-
est collision rate (0.0%) and the smallest trajectory devia-
tion (0.45 £ 0.39,m), while maintaining competitive driving
speed (5.31 + 0.89,m/s). In contrast, Stackelberg and Nash
baselines exhibit substantially higher collision rates (16.0%
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Fig. 8: Performance Analysis in Case 2 (ROP = 50%).

and 11.0%), indicating their limited robustness in complex
interaction scenarios. Increasing d,,x consistently improves
safety, confirming the benefit of incorporating larger safety

margins in roundabout coordination.

B. Case 2: Dual-lane Roundabout (ROP = 50%)

To assess the robustness of our proposed framework under
mixed traffic conditions, we conduct experiments with a 50%
CAV penetration rate, where CAVs and HDVs coexist and
interact at the signal-free, dual-lane Roundabout. As illustrated
in Fig. [B(a), the test setup features four CAVs and four
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Fig. 9: Analysis of decision-making and safety performance.
(a) Variations in control inputs. (b) PET distributions and
violations: benchmarks, Baseline (without adaptive risk eval-
uation), and our methods with dp,x of 3 and 8 (ROP = 50%).

TABLE V:
COMPARISON OF ALGORITHM PERFORMANCES IN CASE 2.
Average Speed | Average Trajector Collision
Methods (I%’l/s)p Deviation. (m) " | Rate (%)
Stackelberg 5.25 +1.31 1.14 £ 1.06 33.0
Nash 5.12+1.24 0.85 £+ 0.68 29
Baseline 4.83 £+ 0.82 0.81 £0.65 17
dmax = 3 5.16 £ 0.95 0.76 £ 0.62 5.0
Uz = & 5.23 +0.94 0.63 £ 0.59 2.0

HDVs entering the roundabout from different entrance ports,
introducing additional coordination complexity due to the
unpredictable behavior of human drivers.

The velocity profiles depicted in Fig. [8(b) highlight the
effectiveness of our method in managing such complex round-
about. In contrast to the full-CAV scenario, the velocity
trajectories exhibit greater variability—ranging between 3—
5 m/s—and wider confidence intervals, reflecting the influ-
ence of HDV-induced uncertainty. Despite this, the veloc-
ity transitions remain relatively smooth, suggesting that our
MCTS-based framework is capable of adapting to human be-
haviors while preserving both safety and traffic flow efficiency.

As shown in Fig. [|c), the trajectory deviation analysis
further confirms the advantages of our approach over baseline
methods. Our framework consistently yields smaller deviations
from reference paths, demonstrating improved path-tracking
accuracy even in the presence of mixed vehicle types. These
results underscore the effectiveness of our risk-aware decision-
making mechanism and its adaptability in complex, uncertain
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traffic environments.

The control input heatmap in Fig. [J[a) reveals a greater
diversity and frequency of CAV behavior adjustments com-
pared to the fully autonomous scenario. The emergence of
more pronounced light and dark regions indicates that CAVs
engage in more dynamic control actions in response to the
unpredictability of human-driven vehicles. This pattern reflects
the adaptive nature of our framework, which effectively mod-
ulates between assertive and conservative behaviors to ensure
safe and efficient interaction with HDVs.

The safety performance assessment based on PET distribu-
tions, as illustrated in Fig. Ekb), underscores the difficulties
posed by mixed traffic scenarios. Our method with dp,x = 8
achieves the most favorable safety outcome, with only 3.1% of
instances violating the PET threshold. In contrast, the baseline
method results in a notably higher violation rate of 13.3%,
while the Stackelberg and Nash strategies perform worse
still, with violation rates of 28.0% and 15.2%, respectively.
These findings emphasize the complexity of maintaining safe
interactions when human-driven vehicles are involved.

As shown in Table our MCTS-based method with
dmax = 8 achieves the best overall performance in Case 2,
yielding the lowest collision rate (2.0%) and the smallest
trajectory deviation (0.63 £ 0.59,m), while maintaining a high
average speed (5.23 & 0.94,m/s). In comparison, Stackelberg
and Nash exhibit substantially higher collision rates (33.0%
and 29.0%), highlighting their limited robustness in mixed
traffic with human-driven uncertainty. These results confirm
that increasing d,,x significantly improves safety and motion
consistency in complex roundabout interactions.

To evaluate safety under varying CAV penetration rates,
experiments were conducted with penetration rates ranging
from 20% to 100%. Fig. shows the PET distributions, re-
vealing improved safety as CAV penetration increases. At low
penetration rates (20%-33.3%), PET distributions are more
variable, with low violation rates (1.0%-3.7%) due to the un-
predictability of HDVs. In the medium range (42.8%-57.1%),
violation rates initially rise to 3.7% at 42.8%, then stabilize
around 3.2%, reflecting the complexity of mixed traffic. At
high penetration rates (66.7%-100%), violation rates drop to
0.9%, and PET distributions narrow, demonstrating consistent
safety margins due to the dominance of CAV behavior.
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TABLE VI: SENSITIVITY AND ABLATION ANALYSIS

Collision PET Viol. Traj. Dev.
Rate (%) Rate (%) (m)

Min. Safe Distance dp,in (Default dpin = 2.0m)

Min.

Setting Distance (m)

dmin = 1.0m 9.0 82+09 0.56+039 1.31+0.74
dmin = 2.0m 2.0 31+07 0.73+061 2.72+093
dmin = 3.0m 1.0 24405 1424085 3.61+1.12
Reward Allocation Strategy (Default Shapley)

Equal sharing 140 102+21 1.634+085 1.1240.71
Distance-weighted 7.0 53+16 1.12+078 2.3640.87
Shapley value 2.0 31+07 0.73+061 2.71+0.93
HDV Uncertainty Model (Default Lane-Specific)

Deterministic IDM 0.0 1.9+05 0.524+043 2.54+0.98
Lane-agnostic 11.0 87+18 1.66+082 1.25+067
Lane-specific 2.0 31+07 0.73+061 2.71+093

C. Sensitivity and Ablation Analysis

To evaluate the robustness of key design choices and vali-
date the contributions of individual components, we conduct
sensitivity and ablation studies. The quantitative results are
summarized in Table with visual comparisons for the two
core algorithmic contributions presented in Fig.

1) Sensitivity to Minimum Safe Distance: We vary the
minimum safe distance threshold dpi, € {1.0,2.0,3.0} m.
As shown in Table a smaller threshold (dpin = 1.0m)
permits closer interactions, resulting in elevated collision rates
(9.0%) and reduced minimum distances (1.31 m). Conversely,
a larger threshold (dp;, = 3.0m) yields slightly lower
collision rates (1.0%) but introduces excessive conservatism,
increasing trajectory deviations to 1.42m. The default setting
dmin = 2.0m achieves an effective balance between safety
and efficiency, maintaining a low collision rate (2.0%) with
moderate trajectory deviations (0.73 m).

2) Reward Allocation Strategy: We compare three reward
allocation strategies: equal sharing, distance-weighted sharing,
and Shapley value allocation. As illustrated in Fig. [IT|a), the
Shapley value method significantly outperforms both alterna-
tives. Equal sharing, which ignores individual contributions,
leads to the highest collision rate (14.0%) and PET violation
rate (10.2%), as agents lack incentive for cooperative behavior.
Distance-weighted sharing improves upon equal sharing but
still yields a 7.0% collision rate. The Shapley value method
reduces collision rates to 2.0% and achieves the best mini-
mum distance (2.71 m), demonstrating that fairly attributing
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each agent’s marginal contribution to the coalition reward is
essential for effective multi-agent coordination.

3) HDV Uncertainty Model: We evaluate three uncertainty
modeling approaches for human-driven vehicles: deterministic
IDM, lane-agnostic uncertainty, and lane-specific uncertainty.
As shown in Fig. [TT[b), the deterministic IDM achieves zero
collisions in simulation, which is expected since the predic-
tion model matches the simulator. However, this zero-margin
approach offers no robustness against real-world behavioral
deviations. The lane-agnostic model, which applies uniform
uncertainty across lanes, introduces excessive conservatism
that paradoxically increases collisions to 11.0%, as overly
cautious planning causes hesitation and deadlock. Our lane-
specific model strikes an effective balance, reducing collisions
to 2.0% while providing structured robustness margins cali-
brated to lane-dependent behavioral variability, as outer-lane
vehicles exhibit inherently higher trajectory uncertainty than
inner-lane vehicles.

VI. CONCLUSION

This paper introduces a safety-critical decision-making
framework for autonomous vehicles navigating unsignalized,
dual-lane roundabouts by integrating Monte Carlo Tree Search
(MCTS) with a hierarchical risk assessment strategy. The
framework offers three major innovations: a multi-agent
MCTS structure for scalable and efficient action space explo-
ration, a hierarchical safety assessment mechanism for robust
spatiotemporal risk evaluation, and an adaptive reward func-
tion that effectively balances safety and efficiency. Experimen-
tal results confirm the effectiveness of the proposed method
under varying autonomous vehicle penetration rates. In fully
autonomous settings (100% CAVs), the framework achieves
reduced trajectory deviations and eliminates PET violations
when compared to baseline approaches. In mixed traffic sce-
narios (50% CAVs + 50% HDV35), the framework delivers even
greater improvements by reliably handling the uncertainty
introduced by human drivers, while maintaining low deviation
and high safety margins. Sensitivity and ablation analyses
further demonstrate robustness to key parameter choices and
confirm that each proposed component—Shapley value al-
location and lane-specific uncertainty modeling—contributes
meaningfully to overall performance. We note that the current
framework assumes accurate state observations and plans
independently per CAV without inter-vehicle communication.
While these assumptions are idealized, the probabilistic C2H
uncertainty model provides inherent robustness margins that
can partially absorb sensing inaccuracies. The current results,
validated in simulation, demonstrate the framework’s promise
as an effective decision-support tool for complex roundabout
coordination. Future work will focus on improving com-
putational scalability through parallelized search strategies,
extending the framework to diverse roundabout geometries,
and integrating data-driven behavior prediction with validation
under realistic sensing noise and communication delays.
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