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Abstract— Target interception in crowded environments re-
quires reaching a moving objective while navigating among
multiple uncertain human agents. Since human navigation
intent is not directly observable, the robot must reason over
multiple possible future interaction outcomes. We formulate
interception in crowds as a partially observable Markov deci-
sion process and solve it online using tree search under a fixed
computational budget. In this setting, the action-space structure
directly shapes the search tree and how computational effort
is allocated. We perform a controlled comparison between a
sequential path-speed planner, which first plans a spatial path
and then modulates speed along it, and a unified planner that
jointly branches over steering and speed within tree search.
Across simulations with up to 200 humans, both approaches
perform similarly at low crowd density but diverge sharply as
density increases. At the highest crowd density, the sequential
planner has a safe-interception rate 31 percentage points lower
and requires 44% more time than the unified steering-speed
planner, revealing a structural limitation of spatial restriction.
Project Webpage: tic-planning.github.io

I. INTRODUCTION

Autonomous robots increasingly operate in human-
populated environments such as hospitals and airports. Con-
sider a delivery robot attempting to reach a doctor moving
between patient rooms, or navigating a dense airport crowd
to hand an order directly to a customer. Traditional delivery
systems assume a fixed drop-off location and require the
recipient to wait there. In contrast, a more efficient strategy
is for the robot to actively navigate the environment and
intercept the recipient to complete the handover. We refer to
this problem as Target Interception in Crowds (TIC) (Fig. 1).

Prior work on reaching a moving target has largely con-
sidered static environments [1], [2] or settings with known
dynamic obstacles [3]. Navigating toward a moving target in
crowds introduces an additional layer of complexity, since
surrounding humans behave as uncertain dynamic agents.
A common modeling approach represents each human as
an intention-driven agent pursuing a latent goal that is not
directly observable to the robot [4]. This enables forward
simulation of human motion, but introduces the additional
challenge of inferring each human’s intent from observations.
The robot must therefore pursue a moving target while
reasoning over human intent uncertainty, subject to its own
motion constraints. This decision-making problem requires
planning under partial observability, which we model as a
Partially Observable Markov Decision Process (POMDP).
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Fig. 1: Target Interception in Crowds (TIC). A robot (white) must
intercept a moving target (yellow) while navigating among many
intention-driven humans. The robot observes nearby humans within
a limited sensing region (blue region) and maintains a belief over
their intent hypotheses (colored bars), requiring planning under
partial observability. The simulated environment is shown from a
top-down view (top) and a perspective view (bottom).

While this POMDP formulation captures uncertainty aris-
ing from hidden human intent, solving it exactly is compu-
tationally intractable [5]. In practice, robotic systems rely
on approximate methods for solving POMDPs, including
learning-based methods [6], [7], model predictive control
(MPC) [8], [9], and sampling-based tree search [10], each
with distinct tradeoffs discussed in Section II. In this work,
we adopt an online tree search-based POMDP planning
approach. For tree search methods, the action space directly
determines the branching factor and the set of reachable fu-
ture states. Under limited computational budgets, the planner
evaluates only a sparse subset of this space, so the structure
of the action space strongly influences which strategies can
be discovered. This raises an important question: how does
action-space structure influence the effectiveness of online
tree-search planning for interception tasks in dense crowds?

For car-like robots navigating in dynamic environments,
a common planning strategy is to first compute a feasible
path to the objective and then optimize speed along it. This
path-first decomposition appears both in navigation among
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humans [4], [11], [12] and in interception literature [3]. We
refer to this formulation as Limited Space Planning (LSP).
By restricting tree search to speed control along a fixed
path, LSP reduces the branching factor and permits deeper
exploration under a fixed computational budget. Prior work
has shown that for navigation to a static goal among humans,
allowing tree search to control both steering and speed leads
to safer and more efficient behavior than LSP [6], [13], [14].
This formulation, referred to as Extended Space Planning
(ESP), expands the reachable state space and enables the
planner to modify the robot’s spatial trajectory during search.

However, dynamic interception introduces a new structural
tension. Unlike fixed-goal navigation, interception requires
the robot to meet the target at a compatible time along
its trajectory. Because crowd-induced delays dictate where
and how interception can occur, timing and spatial decisions
become tightly and inextricably coupled. Deeper search
along a predicted interception path, as in LSP, may improve
long-horizon timing reasoning. In contrast, increased spatial
flexibility, as in ESP, may better preserve maneuvering
options when delays require significant changes in spatial
trajectory. It is therefore unclear whether deeper search or
greater spatial expressiveness yields better performance as
crowd density increases.

Contributions: In this work, we study the role of action-
space structure in online tree search for dynamic target
interception in crowded environments. We perform a con-
trolled comparison between Limited and Extended Space
Planning (LSP vs. ESP) under identical sensing, belief
estimation, reward structure, and computational budgets,
thereby isolating the impact of spatial restriction versus
flexibility. Through extensive simulations across increasing
crowd densities, we demonstrate that path-restricted planning
degrades significantly under dense multi-agent interaction.
While LSP and ESP perform comparably at low crowd
density, the performance gap widens as density increases,
with LSP degrading faster in terms of safe interception
rate and motion efficiency. These results reveal a structural
limitation of spatially constrained search and establish the
importance of action-space expressiveness when intercepting
moving targets in dense multi-agent settings.

While our primary study assumes a known target state,
we additionally evaluate a partially observable target setting
in which the target state is estimated using a particle filter
and the planner tries to intercept the most likely target esti-
mate. This secondary study examines whether the structural
advantages of ESP persist under estimation error.

II. RELATED WORK

Target interception in crowded environments combines
two challenges: intercepting a moving objective and navi-
gating safely among many uncertain human agents. Existing
work typically addresses these components in isolation.

Interception with simplified environments: A large body
of interception work assumes static environments. Related
work derives candidate interception solutions for curvature-
bounded vehicles under simplified target motion models,

including time or length optimal Dubins interception vari-
ants [1], [2], and aerial capture systems that execute se-
lected intercept maneuvers or proportional-navigation guid-
ance [15]. Qu et al. [3] follow a predict-then-intercept
pipeline for interception among known, deterministic dy-
namic obstacles. They predict the target trajectory, select
an intercept point, plan a feasible path to the point, and
use a space—time graph for speed control along that path.
These approaches perform well when target motion can
be predicted reliably, and environmental constraints remain
relatively stable, but they do not address interception in
dense, intention-driven crowd interaction.

Crowd navigation under intent uncertainty: Bai et al. [11]
introduced online POMDP planning, applied using an LSP
formulation, for the purpose of reasoning over latent human
intent hypotheses while navigating in crowds. Cai et al. [6]
extended this framework to ESP, demonstrating improved
performance through learned value approximations. While
learning-based approximations can improve computational
efficiency, their accuracy depends on training distribution and
may degrade in rare or safety-critical scenarios [16], [17].
In contrast, model-based online planning evaluates actions
directly through forward simulation, allowing adaptation to
unexpected behaviors within the fidelity of the predictive
model [18]. Other online approaches [8], [9], [19] that
consider multiple human-intent hypotheses also optimize
for heading and speed changes jointly. Using an MPC
formulation sometimes referred to as open-loop feedback
control (OLFC) [20], each time a feedback observation is
received, these methods compute a single optimized open-
loop trajectory. By contrast, online tree-search formulations
plan closed-loop policies by branching over possible human
responses, enabling belief-conditioned reasoning over mul-
tiple futures. Gupta et al. [13] demonstrate that online tree
search with ESP achieves strong performance using effective
rollout policies without relying on learned value functions.
These works navigate to a known fixed goal. This assumption
breaks in target interception, where the objective is dynamic,
and the interception point evolves during execution.

Active tracking and pursuit—evasion: Active tracking
methods plan actions to reduce posterior uncertainty over the
target or improve observability [21], [22]. Pursuit—evasion
and visibility-based planning study capture or detection
under adversarial or occlusion constraints, often with few
agents and static obstacles [23], [24]. While these threads are
related, their primary objectives and scaling regimes differ
from interception in dense crowds under intent uncertainty.

Gap addressed in this work. Prior interception pipelines
typically ignore crowd intent uncertainty, while crowd-
navigation methods that study action-space structure in tree
search assume fixed goals. Crucially, prior work has not
examined how the structural assumptions of decoupled path-
and-speed planning break down in dynamic target intercep-
tion as crowd density scales. This motivates a controlled
study of LSP and ESP within an online tree-search planning
framework for dynamic target interception in crowds.



III. TIC POMDP PROBLEM FORMULATION
A. POMDP Preliminaries

A Partially Observable Markov Decision Process
(POMDP) provides a principled framework for sequential
decision-making under uncertainty. A POMDP is defined by
the tuple (S, A, Z,T,0, R,~). Here, S is the state space, A
is the action space, Z is the observation space, T'(s, a,s’)
is the transition model, O(s’, a, z) is the observation model,
R(s, a) is the reward function, and v € (0, 1) is the discount
factor. The true state, s € S, is not directly observable.
The robot therefore maintains a belief state b, which is a
probability distribution over S, with b(s.) indicating the
likelihood of s, being the true state. Let b; denote the belief
state at time ¢. If the system takes an action a; and gets
an observation 241 at the next time step ¢ + 1, then using
Bayes’ rule, we get the new belief state b,y as:

biy1(s') o O(S/7at72t+1)ZT(S,Gt,S/)bt(S) (1)
seS

The objective of any POMDP solution technique is to
find a policy 7* that maximizes the expected discounted
cumulative reward, i.e., 7* = arg max, V™ (b) where

V() =E |> 7' R(si,m(by)) | bo = b 2)
t=0

B. TIC as a POMDP

1) State Space: The state consists of three components:
(i) the robot state sp, (ii) the target state sp, and (iii)
the states of N nearby humans {s%;}¥,. The full state is
s = (SR, 87, 58%,...,5N). The robot and target state encode
their position and motion variables. Each human state s’;
includes position, motion variables, and the intent variable
g;. The human intent variables g; are not directly observable,
inducing partial observability in the system.

2) Action Space: The action space A consists of control
inputs admissible under the robot dynamics. At each decision
step, the planner selects an action a € A, which is executed
for duration At. Section IV-B describes the action-space
formulations used in this work. Additionally, the action space
includes a sudden braking (SB) action that enables rapid
deceleration in response to imminent collision.

3) Observation Space: At each time step, the robot re-
ceives an observation z € Z. The robot directly observes
its own state, the target state, and the positions of nearby
humans without noise. While realistic sensors do exhibit
noise, this modeling choice isolates the impact of latent
intent uncertainty from localization errors, consistent with
established crowd navigation literature [4], [11]-[13]. This
modeling choice simplifies belief updates but is not required
by the POMDP framework.

4) Reward Function: The reward function balances in-
terception success, safety, and efficiency. A positive terminal
reward Ry is given when the robot reaches the target within a
capture radius d.. Collisions with the environment boundary
incur a negative reward R.ps. For human interactions, we

adopt the not-at-fault safety formulation of [25]. If the robot
violates a minimum safety distance d; to any human while
moving, it incurs a penalty R}, whereas no penalty is applied
when the robot is stationary. To discourage unnecessary
emergency braking, selecting the SB action results in a
penalty Rsp. Finally, a constant per-step penalty Rgiep
promotes faster interception. The total reward is the sum of
these terms, with terminal rewards applied upon interception
or collision.

5) Generative Model: We assume access to a simulator-
based generative model G(s,a) that returns a sampled next
state s’, observation z, and reward r. Given state s =
(SR, s7T,{s%}) and action a, the system evolves over one
decision interval At as follows: s, = fr(sg,a), sp =
fr(sr), st = fu(si;,gi) + wh. fr and fr denote the
robot and target motion models, and fy is the human
motion model parameterized by intent. Robot and target
dynamics are deterministic during planning, while human
motion is stochastic with bounded process noise w';. An
observation z is generated according to z = h(s’), where h
is defined in Section III-B.3. The reward r is computed from
(s,a,s’) using the reward function defined in Sec. III-B.4.
This generative formulation enables sampling-based online
planning without explicit representations of transition or
observation probabilities, as is standard in online POMDP
solvers such as ARDESPOT [26] and POMCPOW [27].

C. Belief Representation

The robot maintains a belief over the intent variables of
nearby humans. We assume the robot state, target state and
human positions are directly observable without noise, and
therefore do not require belief representation.

Human Intent Belief: Each human ¢ has a discrete intent
variable g; € G, referred to as its goal, where G is a
finite set of candidate goal locations. For each human, the
robot maintains a categorical distribution b;(g) over g € G.
When a human is first observed, the belief b;(g) is initial-
ized uniformly over all the goal locations. For previously
observed humans, the belief is updated using Bayes’ rule.
The likelihood term is derived from the intent-conditioned
human motion model fg (-, g), which predicts motion under
goal g. Intents whose predicted motion better explains the
observed displacement receive higher posterior probability.

IV. SOLUTION APPROACH

System Overview: The system operates in an online
replanning loop with a control period At. At time t, the
robot knows its current state, the target state and is executing
a previously selected control over the interval [t, t + At). It
observes all humans detected within its sensing range and
maintains beliefs over their latent intentions. For planning,
only the N nearest humans are incorporated into tree search.
This focuses computational effort on the most safety-critical
interactions while limiting search complexity. Using the
current belief at time ¢, the planner performs online tree
search for a fixed budget of At seconds to select the control
to be executed over the next interval [t + At, t+2At). Thus,



Fig. 2: Tllustration of the search trees generated by the Limited-
Space Planning (LSP) and Extended-Space Planning (ESP) formu-
lations. LSP (left) finds a path (dotted blue line) to the predicted
target position (yellow) and performs tree search along that path.
The search encounters a robot collision (red) with a human (purple),
so the planner chooses to slow down. In contrast, ESP (right)
explores multiple spatial trajectories, finds collision-free states,
evaluates them using rollouts (dotted blue line), and selects a right-
turn maneuver to move around the humans.

planning at time ¢ overlaps with execution over [t, t + At),
enabling continuous operation without interrupting control.
The simulated search horizon is sufficiently long for roll-
outs to reach an interception event whenever reasonably
achievable. At time ¢ + At, the newly selected control is
applied, new observations are incorporated to update the
beliefs, and the process repeats. This loop continues until the
robot reaches the target within a predefined capture radius.

A. Online Tree Search

At each planning cycle, the robot uses sampling-based
online tree search to approximately solve the TIC POMDP.
Given the current belief, the planner samples possible future
realizations of human behavior and propagates the target
deterministically under its motion model. The search in-
crementally builds a tree of simulated action sequences by
invoking the generative function described in Section III-
B.5. Tree search operates over a finite discretization of the
robot’s action space. The system evolves in a continuous
state space with stochastic human dynamics, and tree search
operates on sampled uncertainty realizations to approximate
future evolution. Each tree node corresponds to a simulated
future state of the system under these sampled realizations.
Leaf nodes are evaluated using rollout simulations to estimate
the long-horizon value beyond the explored portion of the
tree. Under a finite computational budget, the resulting
search depth is limited, making rollout-based leaf evaluation
essential for guiding tree expansion. After the computational
budget is exhausted, the action at the root with the highest
estimated value is executed.

B. Action-Space Formulations

The structure of the action space used by tree search
determines which future trajectories can be explored under
a fixed computational budget. We consider a car-like robot
whose motion is controlled by forward velocity and steering.
We study two formulations that differ in how these controls
are represented in the planner’s action space (Fig. 2).

1) Limited Space Planning (LSP): Limited Space Plan-
ning [11] adopts a decoupled architecture. A path-planning
algorithm first computes a dynamically feasible path toward
a target hypothesis, thereby determining the robot’s heading
evolution. Online POMDP planning performs tree search to
reason about uncertainty in human intent and motion while
selecting how fast or slow the robot should proceed along
the path. Heading adjustments are not optimized within tree
search but are determined by the precomputed path.

2) Extended Space Planning (ESP): Extended Space
Planning [13] eliminates the reference-path constraint used in
LSP. Online POMDP planning directly selects dynamically
feasible controls that determine both heading and forward
motion, allowing spatial decisions to adapt during search
rather than being fixed in advance. Heading and speed
changes are therefore optimized jointly within tree search
under uncertainty.

C. Rollout Policy

The reward structure of the TIC problem is sparse, with
positive reward obtained only upon successful interception.
Under a finite computational budget, tree search may not
expand deeply enough to discover interception events. Ef-
fective rollout policies are therefore essential for providing
informative value estimates at leaf nodes, which in turn
guide tree expansion toward high-value regions of the search
space [13], [14], [28]. We design rollout policies that promote
interception-oriented behavior whenever feasible. Rollouts
terminate upon interception, collision, or when the predefined
maximum depth is reached.

1) LSP Rollout: Under LSP, tree search is constrained to
a reference path. At a given tree node, the remaining portion
of this path determines the robot’s heading evolution during
rollout. Following prior work, we employ a conservative
reactive controller to modulate speed along the path [4],
[11], [12]. Each tree node contains a simulated system state,
including the robot and the N nearby humans. If no humans
are within distance Dy,, of the robot, the robot increases
its speed. If any human is within distance Di,,, the robot
decreases its speed. Otherwise, the robot does not change its
speed. This rule promotes cautious behavior in dense regions
while allowing faster progress in open space.

2) ESP Rollout: Under ESP, no reference path is avail-
able, so changes in heading and forward motion must be de-
termined during rollout. The speed update is first determined
using the same reactive controller as in LSP (Section IV-C.1).
Each tree node contains a simulated system state, including
the robot and target state. At every rollout step, the target
state is propagated forward for At using the target dynamics
model. For the robot, each steering command in the action
set is combined with the selected speed update and simulated
forward for At. The action that brings the robot closest to
the propagated target state is selected; this ensures rollout
actively reduces distance to the target at each step, whether
or not interception occurs during tree expansion.

To ensure a fair comparison, both LSP and ESP rollouts
utilize identical reactive speed modulation based on human



proximity. The divergence in their spatial behavior is a direct,
unavoidable consequence of their respective action-space
formulations rather than an injected bias.

V. EXPERIMENTS

We evaluate the planners in a dynamic target interception
setting across increasing crowd densities.

A. Simulation Environment and System Models

We compare the different action-space formulations for
TIC in simulation. The simulation environment is a 50 m x
50 m workspace without static obstacles. State variables for
the robot, target, and humans are expressed in a common
global Cartesian frame. We use variables x,y to denote
position, 8 to denote heading and v to denote speed.

Robot Model: The car-like robot follows a kinematic bi-
cycle model. Its state is sg = (xR, Yr, 0r, vr). The control
inputs consist of steering angle ¢r and a speed update &,,
where the commanded speed at the next decision step is
given by vg « clip(vg + 9y, 0, vy,). The continuous-time
dynamics evolve as ©p =vg cosfOgr, Yyr =vgsinbpg, Op =
“tan ¢g, where L =0.75m is the wheelbase. The maxi-
mum allowed speed is v,,, =2 m/s and the maximum allowed
steering angle is ¢,, =0.475rad.

Target Model: The target state is st = (zp,yr, 01, vr).
The target evolves according to a constant speed and turn-
rate model given by &7 =wvp cosbr, yr=vrsinfp, Op =
w, where w = 0.05rad/s. When approaching workspace
boundaries, the target heading is smoothly redirected to
remain within bounds.

Human Model: Each human i has state sb; =
(z%y, vy, 0%, v, gi), where g; is the goal location represent-
ing the human’s intent. Every human moves at a constant
speed vi; and follows a goal-directed model in which the
heading 0%, at each step points toward the goal location g;.
The dynamics are ity =vt; cos 0, 4t =vl; sin ;.

Observation Model: At each time step, the robot observes
its own state, the target state, and the positions of all
humans within a 15 m sensing radius and 360° field of view.
These observations are assumed to be perfectly measured,
consistent with prior navigation work [4], [11]-[13].

Belief Configuration: For human intent, a categorical be-
lief is maintained over the goal hypotheses. Four corners of
the workspace serve as candidate goal locations for humans.

Robot and target dynamics are deterministic during simu-
lation to isolate the effects of crowd-induced uncertainty on
interception performance. Human motion is stochastic, with
bounded additive displacement noise wi; ~ U(—0.2, 0.2) m
applied along the direction of motion at each time step to
capture behavioral variability. The proposed POMDP frame-
work readily accommodates additional sources of uncertainty
(e.g., robot actuation noise or stochastic target motion), as
well as alternative robot models (e.g., second-order car),
alternative target dynamics (e.g., intent-driven models), and
alternative human motion models (e.g., Social Force [29] or
PORCA [4]), without modification.

B. Online POMDP Planner

We use the ARDESPOT [26] algorithm as implemented
in POMDPs. j1 [30] to solve the POMDP online. Planning
operates in a receding-horizon loop with decision period
At = 0.5s. Since ARDESPOT struggles with large or
continuous action space problems, tree search is performed
over a discretized action space. Developing online POMDP
solvers that can better solve continuous action space prob-
lems is an active area of research [31].

Scenario  Initialization: At each planning step,
ARDESPOT samples K = 50 scenarios from the current
belief. For each of the N = 6 nearest humans, intent is
sampled from its categorical belief. The target state in all
scenarios is initialized to the observed target state at the
current time step.

State Propagation: During tree search, robot and target
dynamics are propagated deterministically (i.e., without pro-
cess noise), while human motion remains stochastic due to
sampled intent hypotheses and bounded motion noise. De-
terministic propagation of robot and target dynamics during
search facilitates value propagation under sparse interception
rewards and is applied uniformly across all planners.

Observation Discretization: ARDESPOT requires discrete
observations, so continuous robot, target and human positions
are discretized at a fixed spatial resolution of 2 m.

Bounds: ARDESPOT guides its search by maintaining
lower and upper bounds at each tree node. The lower bound
is obtained using the rollout policy described in Section IV-
C. The upper bound is the average of per-scenario upper
bounds across all scenarios at that node. For an individual
scenario, if the robot is moving and within the safety distance
ds = 1m of any of the N humans, the upper bound is set
to the human collision penalty Rj. Otherwise, the bound is
defined as ' R;, where ¢ is the minimum time required for
the robot to intercept the target, assuming it travels at its
maximum speed in the absence of humans. For LSP, ¢ is
computed along the reference path. For ESP, ¢ is estimated
using the same interception procedure used in its rollouts.
This provides an optimistic bound on achievable interception
reward under idealized motion without human interference.

C. Planners

We compare three planner instantiations that differ in how
control authority is exposed to online tree search, while
sharing identical belief representations, solver parameters,
and reward models. Each planner operates at 2 Hz, consistent
with prior online tree-search approaches for navigation [4],
[11]-[13], yielding a planning budget of 0.5s per cycle. For
the LSP variants, at most 0.1 s is allocated to path generation
and the remaining time to ARDESPOT tree search. If a new
path is not found within 0.1s, the path from the previous
planning cycle is reused. For ESP, the full 0.5s budget is
allocated to tree search. The three planners are:

1) Reactive LSP (R-LSP): uses the LSP action space
formulation. At each planning cycle, Hybrid A* computes a
dynamically feasible path from the robot’s current state to the
current target state. Human-intent uncertainty is incorporated
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conservatively during path generation by inflating safety
margins. Hybrid A* plans using a fixed nominal velocity
of 0.5m/s and a steering discretization of 19 equally spaced
values in the range [—@,, ¢m]. Details on the path gener-
ation process can be found in [13] and [32]. ARDESPOT
then selects the best speed update along this path using the
discrete action set ¢, € {—0.5, 0, 0.5} m/s.

2) Predictive LSP (P-LSP): extends R-LSP by incorporat-
ing target motion prediction into path generation. Instead of
planning to the current target estimate, Hybrid A* accounts
for target motion by propagating the target state forward
under its dynamics during search while simultaneously ad-
vancing the robot state. This allows the planner to identify a
dynamically feasible path that reaches a predicted future tar-
get position. Tree search remains constrained to the resulting
path and selects speed updates as in R-LSP.

3) ESP: uses both steering and speed decisions within

the tree search. Steering angles are discretized as
2¢m m m  2¢m i
{=0m, — ‘f; , —%, 0, %, %, ¢m }, with the same set

of speed updates ¢, € {—0.5, 0, 0.5}m/s. To limit branch-
ing during tree search, velocity updates are allowed only
when ¢ = 0 in ESP. This restriction reduces the effec-
tive action space size while preserving representative steer-
ing—speed combinations, consistent with common practices
in discrete-action online POMDP planning [13].

D. Experimental Protocol

We conduct 500 trials for each combination of planner
and crowd size (N, € {50,100, 150,200} humans). Each
trial evaluates all planners under identical human and tar-
get initializations and motion realizations, enabling paired
statistical comparison. All planners share identical belief
representations, solver parameters, and reward models. A
trial terminates when the robot enters the capture radius
d. = 1m of the target (successful interception), after 300s

(timeout), or upon collision with the workspace boundary.
A human proximity violation is recorded if the robot, while
moving, gets within the safety distance ds of any human;
such violations do not terminate the trial but are counted for
safety evaluation. The robot starts near the bottom-left corner
of the workspace and the target near the top-right corner
to ensure consistent task difficulty and substantial traversal
before interception. Humans are initialized at random posi-
tions in the workspace with goals sampled uniformly from
the four corners. To maintain constant crowd density, when
a human reaches its goal, it is removed and replaced by a
new human spawned along a workspace boundary. The new
human’s goal is sampled from the opposite side to promote
motion through the interior.

Secondary Study: The primary study assumes a fully
observable target state. To evaluate robustness to imper-
fect target information, we consider an estimator—planner
architecture in which the target is not directly observed. A
forward-facing detector with 15m range and 180° field of
view provides intermittent measurements of target position
(z7,yr), with missed detections occurring with probability
pm = 0.1. A Sequential Importance Resampling (SIR)
particle filter [33] with 1000 particles maintains a belief over
the target state. When a target detection is received, particles
are reinitialized around the observed position. The target
heading and speed are estimated from recent consecutive
detections. At each time step, the planner is provided a
single target-state hypothesis, represented by the maximum
a posteriori (MAP) particle, and treats this hypothesis as the
target state for planning. Scenario initialization is modified
accordingly by initializing the target state in all scenarios to
this hypothesis; all other components (human belief, solver
parameters, action discretization, and rollout policies) remain
identical to the main study. Thus, uncertainty in the target
state is handled externally, not modeled within tree search.



Speed (m/s)

10(4.6 12.27

Count
NW AU O N ®
IS
W
&
IS
I
@

50 100 150 200 50 100 150 200
Number of humans Number of humans

(a) Idle Time (b) Average Speed

2.74 S g0 J043 7489
2.06 o }7013—{,//’*\*
50 100 150 200 50 100 150 200

Number of humans Number of humans

(c) Sudden Brake Count (d) Distance Covered

Fig. 5: Motion statistics from the secondary study across increasing crowd densities. The figure reports idle time, average speed, sudden
braking events, and total distance traveled for ESP, P-LSP, and R-LSP.

Fig. 6: Snapshots from a representative interception trial in the secondary study using ESP at 7' = {5, 15, 30, 50, 60} s. The robot (white)
navigates through a dense crowd to intercept the target (yellow) while maintaining a belief over the target state. Red dots denote particles
of the particle-filter belief, black figures represent humans in the environment, and the blue sector illustrates the robot’s sensing region.

The orange curve shows the executed robot trajectory.

VI. RESULTS

We report interception performance across increasing
crowd densities. A trial is considered successful if the robot
reaches the target within capture radius d. before the episode
terminates, and safe-successful if interception occurs without
any human proximity violations. Success and safe-success
rates are computed over all trials. Motion-related quantitative
metrics are computed over successful trials only, and error
bars denote standard error. Results are reported for the fully
observable target setting (primary study) and the estimator—
planner setting (secondary study) described in Sec. V-D.

A. Interception Performance

Figs. 3a and 4a report interception success rates for the
primary and secondary studies, respectively. For both studies,
the performance of all planners is comparable at the lowest
crowd density (/N, = 50), but the performance gap widens
as density increases. At N, =200 in the primary study, ESP
and P-LSP have 98% and 96% success, while R-LSP drops
to 73%. Due to estimation uncertainty in the target state,
success rate decreases for all planners in the secondary study.
Nevertheless, ESP still maintains around 90% success while
P-LSP and R-LSP drop to 83% and 69% at Nj, =200.

Fig. 3b reports the safe-success rates for the primary study.
Both LSP variants exhibit significantly lower safe-success
than ESP as crowd density increases. At N, = 200, ESP
retains 97% safe success, compared to 66% for P-LSP and
44% for R-LSP. A similar separation is observed in the sec-
ondary study (Fig. 4b). Incorporating target prediction in path
planning improves performance relative to purely reactive
path planning, but both LSP variants remain consistently
outperformed by ESP.

This separation can be understood through action-space
expressiveness during search (Fig. 2). When steering is not
explicitly explored, the planner must rely primarily on speed
modulation to navigate around humans, limiting the set
of reachable future states at each expansion. Under dense
interactions, this restriction limits the feasible interception
maneuvers represented in the search tree. By expanding
both steering and speed together, ESP explores a richer
set of trajectories, increasing the probability of identifying
collision-free paths to the target as density grows.

B. Motion Characteristics

To understand how performance differences arise, we
examine motion statistics conditioned on successful trials.
Figs. 3c and 4c show that ESP consistently requires less
time to intercept than both LSP variants. Interception times
are higher for all planners in the secondary study than in
the primary study due to estimation uncertainty in the target
state. At N = 200 in the secondary study, ESP requires
around 98 s on average, compared with 114s for P-LSP and
132 s for R-LSP. This difference is also reflected in motion
statistics, with a similar gap in both studies.

Motion statistics from the secondary study are reported in
Fig. 5. ESP exhibits lower idle time (Fig. 5a), higher average
speed (Fig. 5b), and fewer sudden braking events (Fig. 5c¢)
than both LSP variants. These trends indicate that steering-
restricted planners exhibit increased hesitation and reactive
braking in dense crowds. Additionally, Fig. 5d shows the
average distance covered by each planner. ESP travels farther
than P-LSP while still achieving shorter interception times.
This suggests that ESP maintains active maneuvering rather
than stalling or repeatedly correcting its motion, enabling
more consistent progress toward the target. Representative



trajectory snapshots are shown in Fig. 6, illustrating contin-
uous progress under ESP.

Summary: These results show that performing online tree
search over both heading and speed improves interception
reliability, safety, and motion efficiency under dense human
interactions. Restricting robot headings during search limits
maneuver diversity and leads to sharp performance degra-
dation as human density increases. These benefits extend
beyond fully observable interception and remain relevant
when planning must operate on imperfect target estimates.

VII. CONCLUSION

We presented a POMDP formulation for target interception
in crowds, where a robot must intercept a moving target
while navigating among intention-driven humans. Through
a controlled comparison between Limited Space Planning
(LSP) and Extended Space Planning (ESP) under identical
sensing, belief estimation, and computational budgets, we
isolated the impact of action-space structure on online tree-
search performance. Our experiments demonstrate that re-
stricting tree search to speed modulation along a precom-
puted path leads to pronounced performance degradation in
safe and reliable interception and motion efficiency as crowd
density increases. In contrast, allowing joint branching over
steering and speed within tree search improves interception
success, reduces reactive braking, and maintains more con-
sistent forward progress. These results suggest that action-
space design plays a key role in enabling effective online
tree-search planning for interception tasks in dense crowds.
Future work will extend the framework to environments
with static obstacles, which will require collision-aware,
interception-driven rollout policies for ESP. Efficient paral-
lelized motion-planning methods may enable these rollout
policies to be generated within the online planning budget.
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