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Abstract— Robot person following (RPF) is a core capability
in human-robot interaction, enabling robots to assist users in
daily activities, collaborative work, and other service scenarios.
However, achieving practical RPF remains challenging due
to frequent occlusions, particularly in dynamic and crowded
environments. Existing approaches often rely on fixed-point
following or sparse candidate-point selection with oversimplified
heuristics, which cannot adequately handle complex occlusions
caused by moving obstacles such as pedestrians. To address
these limitations, we propose an adaptive trajectory sampling
method that generates dense candidate points within socially
aware zones and evaluates them using a multi-objective cost
function. Based on the optimal point, a person-following tra-
jectory is estimated relative to the predicted motion of the
target. We further design a prediction-aware model predictive
path integral (MPPI) controller that simultaneously tracks
this trajectory and proactively avoids collisions using pre-
dicted pedestrian motions. Extensive experiments show that our
method outperforms state-of-the-art baselines in smoothness,
safety, robustness, and human comfort, with its effectiveness
further demonstrated on a mobile robot in real-world scenarios.

I. INTRODUCTION

Robot person following (RPF) is a fundamental capability
in human-robot interaction (HRI), enabling a wide range
of applications [1]-[3]. However, existing methods based on
fixed-point following or sparse candidate selection with sim-
plified heuristics struggle to cope with frequent occlusions
of the target by static objects (e.g., walls or furniture) or
dynamic obstacles (e.g., other pedestrians), posing significant
challenges for deploying RPF in real-world environments.

Conventional RPF methods adopt a fixed-point following
strategy, tracking a target point that maintains a constant
relative distance and orientation to the target. The relative
orientation is typically behind [4]-[6], ahead [7], [8], or side
by side [9], [10], under the assumption that the target remains
continuously visible. In complex and crowded environments,
this assumption often breaks down, as rigidly maintaining a
fixed relative position can cause the robot to lose sight of
the target person when nearby people or objects temporarily
obstruct the view, or render the target point unreachable when
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Fig. 1. Adap-RPF in a real-world dynamic crowded environment. The
robot proactively avoids dynamic occlusions (pedestrian outlined in red) by
adaptively sampling trajectory based on predicted human motion (colored
arrows). Dashed outlines denote agent positions at time 7p, while solid
outlines denote their positions at time 7% . The golden star marks the selected
optimal following point, and golden circles denote the candidate points.

it is occupied, leading to frequent occlusions and tracking
failures. To address occlusions, some methods [11], [12]
predict potential search regions to reacquire the target person.
However, these reactive strategies can induce oscillatory be-
havior when the search space is constrained by surrounding
pedestrians.

An alternative is proactive planning to prevent occlusion
and potential collisions. A common strategy [13], [14] in-
volves: 1) pre-defining several candidate following points
around the target, and ii) dynamically switching among them
based on the situation. These approaches establish a small
set of candidate points or regions around the target and
dynamically switch among them according to heuristic rules,
enabling proactive planning to avoid obstacles and potential
collisions while maintaining continuous tracking. Although
these methods exemplify the general sample—evaluate—plan
paradigm, they tend to oversimplify both candidate point
selection and evaluation, often assuming back-following as
the safest option and neglecting dynamic occlusions. Con-
sequently, sparse sampling with simplified heuristics limits
their effectiveness in dynamic, crowded environments where
occlusions and collisions are prevalent.

Recently, several methods [15]-[18] have been proposed
to directly estimate the next robot action through a unified
model, based on either deep-learning [16], [19] or optimiza-
tion [15], [17], [18]. Deep-learning-based approaches often
suffer from poor generalization and limited interpretability,
reducing their effectiveness in unseen scenarios. In contrast,
optimization-based methods formulate the problem by in-
tegrating multiple constraints, such as target visibility and
collision avoidance, into a unified optimization framework
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[18]. However, this often sacrifices proxemic comfort, lead-
ing to overly distant following behaviors. Moreover, their
formulation leverages only the predicted target trajectory
for visibility optimization, while neglecting the predicted
motions of surrounding pedestrians for proactive collision
avoidance, limiting adaptability in dynamic environments.

To address these limitations, we propose Adap-RPF, a
hierarchical planning framework that proactively integrates
target visibility, collision avoidance, human comfort and
motion smoothness. Unlike fixed-point following or sparse
candidate-point selection methods [13], [14], our approach
performs target-centric adaptive trajectory sampling over a
dense set of candidate points generated along the predicted
target motion within a semi-annular region respecting the
target’s personal and social zones. Candidates are evalu-
ated through a multi-objective cost function considering
both prediction-aware factors (e.g., occlusion, proximity) and
observation-based factors (e.g., distance, travel, stickiness).
The optimal point is then extrapolated into a following trajec-
tory, conditioned on the target’s predicted motion. Building
on this trajectory, we further develop a prediction-aware
model predictive path integral (MPPI) controller that tracks
the reference trajectory while proactively avoiding collisions
based on predicted pedestrian motions. This predictive inte-
gration into an MPC-style controller is inspired by related
work in crowd navigation [20], [21], but represents the first
attempt in the context of RPF. Experimental results validate
that our framework is both practical and efficient, enabling
smoother and safer person-following behaviors compared
with state-of-the-art (SOTA) baselines, even in highly dy-
namic environments. Moreover, we demonstrate the real-
world applicability of our method through experiments on
a mobile robot, as shown in Fig. 1.

II. RELATED WORK

This section presents a literature review on existing RPF
approaches, with particular attention to their proactive strate-
gies for dealing with occlusion and their potential incorpo-
ration of collision avoidance functions.

A. Robot Person Following with Multiple Predefined Points

Some methods define multiple candidate following points
around the target and switch among them based on heuristic
rules. For example, Hoeller et al. [13] discretize a semi-
circular region behind the target into five candidate points
and prefer the point without collision risk, treating back-
following as the preferred strategy. However, this method
simplifies point sampling and evaluation, leaving the method
ill-suited for crowded environments where dynamic occlu-
sions and collision risks occur frequently. Yao et al. [14]
switches between rear and side positions based on static
obstacle detection and corridor geometry, while Vu et al.
[22] models an elliptical region around the target’s motion
and selects feasible points according to obstacle presence and
distance. These methods address static occlusion based on
static obstacle or environmental structure recognition, which

is not generalized to dynamic environments where frequent
and dynamic occlusions occur.

To address these challenges, we employ a denser point-
sampling strategy combined with a multi-objective evaluation
framework that jointly considers proximity constraints [23],
target visibility, collision avoidance, and motion smoothness.
The selected optimal point is then extended into a person-
following trajectory by incorporating the predicted motion of
the target. This trajectory-sampling scheme is both compu-
tationally efficient and adaptive to dynamic environments.

B. Robot Person Following with A Unified Model

Recently, several approaches have explored unified models
that directly generate the robot’s next action. Such methods
can be broadly categorized into learning-based methods
[16], [19] and optimization-based methods [15], [17], [18].
Learning-based methods, such as [16], train reinforcement
learning agents on randomized human trajectories with re-
ward functions encoding preferred distance and orientation,
thereby enabling adaptive action selection. However, these
approaches require extensive training, exhibit poor general-
ization, and offer limited interpretability, which restricts their
effectiveness in unseen scenarios.

In contrast, optimization-based approaches explicitly in-
corporate task constraints into the planning formulation.
For example, Repiso et al. [15] formulate multiple person-
following costs within the anticipate kinodynamic planning
framework, switching between rear and side positions in
narrow passages. Yet, this approach relies on a global map
and assumes the target’s global destination is known in
advance, limiting its applicability in dynamic, unknown
environments. Wang et al. [18] embed objectives such as
target detectability, tracking accuracy, motion smoothness,
and obstacle avoidance into a nonlinear MPC framework
for multi-target following. Yet, their approach struggles to
balance visibility with tracking and often overlooks proxemic
comfort. Moreover, it generalizes poorly in highly dynamic
settings, as it does not leverage future trajectories of sur-
rounding pedestrians, leading to limited proactive collision
avoidance.

By contrast, our Adap-RPF framework explicitly incor-
porates predicted trajectories of all observed pedestrians
into the controller, enabling proactive and reliable collision
avoidance. Furthermore, rather than embedding all RPF-
related objectives directly into the controller optimization, we
delegate most objectives to the adaptive trajectory sampling
module. This decomposition reduces the computational bur-
den of the controller and allows faster response to dynamic
pedestrians.

III. METHODOLOGY

In this section, we present Adap-RPF, a hierarchical plan-
ning framework that leverages human trajectory prediction
(Sec. III-A) to proactively address target visibility, proxemic
comfort, collision avoidance, and motion smoothness. The
key innovation is the adaptive trajectory sampling module

18720



Robot Action

/| Robot \‘,‘ i1 Target Person’s ), Human Trajectory

Localization Trajectory Prediction

Panoramic! | Target Person’s Pedestrian’s Adaptive Trajectory
Images ! Identification Trajectory Sampling
2 Point ! e
";\ ! People " Prediction-aware
loud} | Tracking RobotFosition MPPI Controller
Local Mapping | Local Map

Fig. 2. RPF system pipeline. We integrate the proposed Adap-RPF
framework into the system, where the light yellow modules indicate our
contributions. Our framework consists of three components: human trajec-
tory prediction, adaptive trajectory sampling and prediction-aware MPPI
controller. Additional RPF system modules are adopted from work [11] and
are not the focus of this paper. Overall, the proposed RPF system can locate,
track, and follow a target person while proactively avoiding occlusions in
dynamic, crowded environments.

(Sec. 1II-B), which generates a dense set of candidate fol-
lowing points within the target-centric social space, rather
than relying on fixed or sparsely predefined samples. These
candidates are then evaluated against predicted pedestrian
trajectories to anticipate dynamic occlusions and potential
collisions, with the optimal point selected to form a person-
following trajectory aligned with the target’s predicted mo-
tion. We subsequently design a prediction-aware MPPI con-
troller to track this reference trajectory (Sec. III-C), which
incorporates predicted trajectories of surrounding pedestrians
into its optimization process, thereby ensuring proactive and
reliable collision avoidance.

The complete RPF framework is illustrated in Fig. 2. Our
approach tracks people and identifies the target person based
on [24], [25]. Additionally, we employ FAST-LIO [26] for
robot localization and construct a local map by filtering
the 3D LiDAR scans to retain points within a narrow band
around the robot’s body height, which are then projected onto
a 2D plane. Adap-RPF leverages this perception information
to proactively follow the target person.

A. Human Trajectory Prediction

Building on the people detection, tracking, and target
identification modules, we obtain the global positions of
the target and surrounding pedestrians. At each timestep,
each pedestrian’s position is appended to a FIFO queue.
The resulting historical trajectories are used to predict an N-
step future trajectory with a constant velocity model (CVM),
which offers high computational efficiency. Our framework is
agnostic to the choice of prediction model, allowing seamless
integration of alternative trajectory predictors.

B. Adaptive Trajectory Sampling

Unlike fixed-point following schemes, our method per-
forms target-centric adaptive trajectory sampling. As illus-
trated in Fig. 3, this approach emphasizes the multi-objective
evaluation over a dense set of candidate points, thereby ex-
panding the feasible solution space and enhancing flexibility
in dynamic, crowded environments. The process consists
of three steps: 1) sampling candidate following points, 2)
evaluating them using a multi-objective cost function, and
3) estimating the robot’s person-following trajectory based
on the optimal point and predicted target trajectory.

1) Candidate Point Sampling: We employ a low-
discrepancy point-sampling strategy (Sobol sampling [27])
to generate candidate points along the target’s motion direc-
tion. These points uniformly populate the sampling space,
enabling a comprehensive evaluation of potential following
positions. The sampling space is defined as a backward-
facing semi-annular region aligned with the target’s motion
direction. Its inner and outer radii correspond to the tar-
get’s personal and social zones, respectively, thereby satisfy-
ing proxemic constraints [23] and promoting comfortable,
socially compliant following behavior. Specifically, given

two consecutive target positions pf* = [z yT*]T and

pit =[x,y the target person’s heading is:

¢ = atan2(y 75 — ™, 2P — ™). (1)

Accordingly, Sobol’ points u; = (u;1,u;2) € [0,1)% are
mapped to a semi-annulus whose inner radius 7,;, corre-
sponds to the target’s personal zone and outer radius 7ax
to the social zone, thereby ensuring socially comfortable
following. The mapping uses an area-uniform radius and a
back-half angle, and we sample 50 points to adequately cover
the region while maintaining computational efficiency:

L 2 2 _
T = \/Tmin + (Tmax

Thus, each candidate following point can be expressed in
Cartesian coordinates as:

i
Phin) i1, 0 = b Tz (2)

x;ar + r; cos b;
c; = y?‘“ +r;sinf; | 3)
0;

which serve as candidate following positions for subsequent
multi-objective evaluation.

2) Multi-objective Evaluation: Subsequently, the sam-
pled target-centric candidate points c; are processed by first
filtering out those occupied by pedestrians using a local map.
The remaining candidates are then assessed through a multi-
objective cost function:

min J(Cz) = wochocc(ci) + wproxJprox(Ci) + wdistJdist (Cz)
+ wtrathrav (Cv) + wstickjstick(ci)-
“)
where these weights are empirically set to woec = 10.0,
Wprox = 1.0, wgist = 10.0, Wiray = 1.0, and wggicx = 0.5.
Occlusion Cost. To evaluate whether the target will be
occluded when the robot arrives at a candidate position c;, we
assume the robot will reach c; after N steps from the current
time ¢ using constant velocity. We then construct a virtual
camera extrinsic matrix from c; and project the predicted
positions of the target ptT+ n and each pedestrian p?+ N at
time ¢ + N into the panoramic image. The occlusion cost is
defined as:
Joce(€i) = S > ToUBr(pfin:ci); Br(plin,c)),
M

heH N
&)

where H is the set of predicted pedestrians at time ¢ + V.
Br(-,¢;) and Bp(-,c;) are the projected bounding boxes of
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Fig. 3. Target-centric Adaptive Following Trajectory Sampling. (a) Following Trajectory Sampling. Candidate following points are generated using
Sobol sampling within a target-centric semi-annular region defined by the target’s personal and social zones. The candidates are evaluated using a multi-
objective cost function that accounts for target visibility, collision risk, social compliance, and smoothness. A following trajectory is then constructed
relative to the predicted target trajectory using an offset (d, 8) based on the selected optimal point. (b) Proximity Cost (Eq. 6). Minimum distance dy to
surrounding pedestrians is computed from predicted trajectories and social zones; candidates intruding into personal space (e.g., Ct, C ) are dlscarded,
and Cf is selected. (c) Occlusion Cost (Eq. 5). Occlusion is estimated using the ToU between pedestrian and target projections (P teN and PT bt \) using

predicted trajectories; Ct is rejected due to partial occlusion (light gray), whereas C

remains visible. (d) Distance Cost (Eq. 8). Penalizes deviation

from the desired distance to the target. (e) Travel Cost (Eq. 9). Encourages minimal pdth effort from the robot’s current position (green rectangle Pf).
(f) Stickiness Cost (Eq. 10). Promotes continuity by favoring points near the previously selected following point.

the target and pedestrian h. IoU(+, -) denotes the intersection-

over-union between two projected bounding boxes.

Proximity Cost.To ensure the robot avoids intruding into
the personal zones of surrounding pedestrians, we define the
proximity cost:

07 dmin(ci) 2 dmax,
Jprox(cz = (dmdx — dmln l)) , € < dmin(ci) < dma}u (©6)
dmax : mln L)
7 dmin(ci) <eg,

where dpin(c;) represents the minimum distance between

a candidate point c; and the predicted pedestrian positions
at the corresponding future time step /N. This distance is
calculated as:

dmin (Cl) =

.o

min H

h
C; — Pyle.
thHg(ci) ! £(es)

Here, dy,.x denotes the safety threshold, set to 1.2 m to align
with the boundary of the pedestrian’s personal zone [23]; €
represents the lower bound to avoid collisions; and M is a
large penalty value of 1000, used as a filtering threshold.
Distance Cost. To maintain a socially acceptable distance
within the target-centric personal zone while accounting
for the robot’s physical footprint, we penalize deviations
from a desired following distance d*, set to 1.5m in our
experiments. Let ¢! = [c¥,c!]" denote the 2D positional
component of candidate ci. The distance cost is defined as:

Jaise(¢;) = (||c? — ) ¥

Travel Cost. The travel cost measures the Euclidean
distance between a candidate point and the robot’s current

Tar ||

position pf* = [z}, yR]T, promoting navigational efficiency

by favoring closer goals:
€))

Stickiness Cost. To promote motion smoothness and dis-
courage abrupt changes in the selected point, the stickiness
cost is defined as:

Jtrav(ci) - ‘Cf - p?

llci — Cprevlly s if Cprey exists,

Jstick(ci) = (10)

0, otherwise.

Through the above sampling and evaluation process, we
select the optimal following point that minimizes the multi-
objective cost function (Eq. 4).

3) Person-Following Trajectory Estimation: Upon de-
termining the optimal following point, instead of merely
tracking the point as in other methods, we calculate the
relative distance d and orientation # with respect to the target.
Based on this, a goal trajectory G is estimated to align with
the predicted target trajectory, enabling the lower MPPI local
controller to achieve smoother motion.

C. Prediction-Aware MPPI Controller

Given the estimated person-following trajectory, we em-
ploy a prediction-aware MPPI controller for trajectory track-
ing, collision avoidance and motion smoothness. We adopt
MPPI [28] because this sampling-based MPC ensures fast
computation and avoids solver failures, making it well-
suited for real-time navigation in dynamic environments.
For completeness, we briefly introduce our prediction-aware
MPPI in the following section.
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For the robot dynamic model, we assume a differential
model defined as:

x? + vy, cos O, At

X1 = f(Xp,up) = | YR +vpsinp At |
Ok + wi At

Y

where x; = [z8, ¥R, 0] T denotes the robot state, serving as
the foundation for forward simulation of the MPPI controller.
As for the cost function, we introduce three cost terms:

K-—1
min J(k) = Z (wgoangoal(k) + wenCJenC(k) + quu(k))7
k=
’ (12)
S.t. Umin S Uy S Umax
where k = 0,..., K — 1 indexes the horizon, w are the cost

weights, and J are the cost functions, defined as follows.

Goal Tracking Cost. To ensure smooth and continuous
motion, the robot follows the estimated person-following
trajectory aligned with the MPPI horizon. At each step, the
robot’s position p& = [z}, yE]T is encouraged to follow the
corresponding goal point gy, € G:

Jeoat(k) = || DX — &k [I3-

Encroachment Cost. To avoid entering pedestrians’ per-
sonal zones, we penalize candidate states that fall within a
safety margin of dgafe = 1.2 m. This margin accounts for
both the robot’s and pedestrians’ physical dimensions around
their predicted positions:

13)

Nn
hj
Jene(k) = Y- max{0, de, — [ PF— P I3} (14
j=1

Control Effort Cost. To further ensure motion smooth-
ness, we penalize the variation in control inputs between
consecutive time steps:

Ju(k) = [Jur —up_1 |2, (15)

where uy, = [vg,wy] " and uy_; denote the control inputs at
the current and previous time steps, respectively.

These cost functions further refine the person-following
trajectory by integrating dynamic constraints and prediction-
aware collision avoidance, enabling the robot to proactively
follow the target person in dynamic crowded environments.

IV. EXPERIMENTS

To evaluate our Adap-RPF, we conduct experiments on a
public benchmark. This section first introduces the bench-
mark (IV-A), baselines (IV-B), and implementation details
(IV-C). We then compare our approach with fixed-point,
multiple predefined-point and optimization-based baselines
(IV-D.1), followed by ablation studies analyzing the role of
human trajectory prediction in explicit dynamic point selec-
tion and local planning (IV-D.2). Finally, we demonstrate
the system’s real-world effectiveness in dynamic crowded
environments with a mobile robot, as shown in Fig. 1.

A. Benchmark

We use a public benchmark [29] to quantitatively evaluate
RPF performance in dynamic environments. The benchmark
provides four realistic dynamic-crowd scenarios: perpendic-
ular, parallel, circular, and random crowd. These scenarios
are primarily distinguished by pedestrian motion patterns.
In the perpendicular scenario, pedestrians cross orthogonally
to the target’s path, simulating intersections. In the parallel
scenario, pedestrians move in the same direction as the target,
resembling corridors or sidewalks. In the circular crowds
scenario, pedestrians traverse along straight lines connecting
opposite points on a circle, mimicking diagonal crossing
in plazas or open squares. In the random crowds scenario,
pedestrian motions are randomized and disordered, reflecting
the chaotic flow in densely populated environments such as
shopping malls or train stations.

In this benchmark, each pedestrian is modeled as a circle
with a radius of 0.3m. Their interaction behaviors are
simulated using ORCA [30]. The benchmark presents diverse
and challenging conditions, including dynamic occlusions,
unpredictable pedestrian trajectories, and frequent crossings.
These challenges make it difficult to maintain target visibil-
ity, providing a solid evaluation for RPF planning methods.
Representative examples are shown in Fig. 4.

Lidar  RPF Trajectory Pedestrian

(a) Circular crowds

=, AT
- — P,

(c) Parallel (d) Perpendicular

Fig. 4. Representative dynamic-crowd scenarios in the public RPF
benchmark: (a) circular crowds, (b) random crowds, (c) parallel and (d)
perpendicular. Red beams indicate Lidar scans, while the green dashed line
represents the RPF trajectory. Blue circles denote moving pedestrians, the
green rectangle represents the robot, and the yellow circle marks the target
being followed.

B. Baselines

To evaluate target visibility and following performance
on the benchmark, we compare our method Adap-RPF with
several baselines categorized as follows:

1) Multiple Predefined Following Points: Vu’s Method
[22] adopts a similar sample-evaluate-plan approach to ours
but leverages current scene observations for following-point
selection and local planning.

2) Optimization-based: Wang’s Method [18] is the first
to maintain target visibility in RPF by formulating an opti-
mization function within the NMPC framework, incorporat-
ing multiple constraints.
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TABLE I. Comparison of task success rates (%) across four benchmark scenarios with varying pedestrian numbers (5-30). The task success rate represents
the proportion of successfully completed following tasks under different pedestrian numbers in the benchmark scenarios. Bold indicates the best result,

while underlined marks the second-best.

Circular Crowd Parallel Perpendicular
Method
5 10 15 20 25 30 5 10 15 20 25 30 5 10 15 20 25 30 5 10 15 20 25 30
Wang’s [18] |43.75 16.25 6.25 2.50 3.75 11.25/85.00 37.50 30.00 13.75 0.00 0.00 | 95.00 95.00 90.00 75.00 70.00 40.0083.75 38.75 17.50 10.00 3.75 0.00
Vu’s [22] 67.50 50.00 21.25 23.75 23.75 20.00|78.75 57.50 25.00 13.75 16.25 2.50 | 86.25 73.75 61.25 62.50 35.00 22.50|73.75 32.50 22.50 12.50 8.75 10.00

RDA-Traj [29]|77.50 57.50 35.00 35.00 22.50 12.50|82.50 82.50 57.50 55.50 35.00 35.00| 95.00 95.00 82.50 85.00 72.50 77.5082.50 72.50 47.50 42.50 32.50 25.00
Ours 83.62 64.34 49.45 33.68 47.39 37.43/93.75 72.50 61.25 42.50 32.50 12.50|100.00 98.75 98.75 90.00 92.50 85.00|90.00 78.75 65.00 56.25 31.25 17.50
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Fig. 5. Comparison of our method with optimization-based and multiple
predefine points baselines across six metrics on the public benchmark.
The horizontal axis represents pedestrian number(5-30). Each method is
tested across four scenarios: circular crowds, random crowds, parallel, and
perpendicular. Results are averaged over 20 random instances per scenario
and then across all scenarios.

3) Fixed Following Point: RDA Planner Trajectory
Following (RDA-Traj) achieves SOTA performance in the
public benchmark [29]. It employs a Kalman-filter-based pre-
diction model to estimate the future trajectory of the target.
A person-following trajectory is then extrapolated based on
the predicted target trajectory and a fixed following position.
The RDA planner [31] is used to track this trajectory.

To ensure a fair comparison of proactive planning ca-
pabilities, no person-search techniques [11] are employed;
therefore, the robot does not attempt to re-identify the target
after occlusion.

C. Implementation Details

We first compute the time required for the target to traverse
each dynamic environment without robot following. This
duration is scaled by a factor of three, and the maximum
time across all environments is used as the evaluation horizon
for all algorithms. To ensure diverse and comprehensive
testing, we randomly generate 50 scenarios per environment
by sampling pedestrian start and end positions within the
target’s traversed region. Each scenario includes 5, 10, 15,
20, 25, and 30 pedestrians. All evaluations are performed on
a computer with an Intel(R) Core(TM) 19-14900K CPU and
NVIDIA GeForce RTX 3090 GPU.

For real robot experiments, we use YOLOX [32] for
person detection and a deep re-identification model [24] to
track the target. The platform is a ScoutMini differential-
drive robot equipped with an Intel NUC 11 (i7-1165G7

CPU @ 2.80GHz, NVIDIA RTX 2060). A Livox Mid-
360 LiDAR (360°x59° FOV, 10 Hz) and a Ricoh Theta
panoramic camera (1280x720, 15 Hz) are mounted on the
robot (Fig. 1). All planners and controllers are configured
identically to the simulation setup for consistency.

D. Experiment Results

1) Evaluation Metrics: We use six common metrics for
evaluation. (1) Target visibility rate (TVR) [18], the propor-
tion of steps where the target remains visible; (2) Collision
avoidance rate (CVR), the proportion of scenarios where the
robot avoids any collision; (3) Task success rate (TSR), the
percentage of trials where the target is still visible at the final
step; (4) Time in personal zone (TPZ), the number of steps
the robot stays within the target’s personal zone (0.45-1.2
m) [23]; (5) Time in private zone (TPrZ), the number of
steps the robot intrudes into any pedestrian’s intimate zone
(0-0.45 m) [23]; and (6) Average planning time (APT), the
average planning runtime per scenario.

Optimal Trajectory

MPPI Candidate

Trajectories

SUl PAT.

Candidate Points

(a) Ours

Reference Trajectory

*

(c) Vu’s (d) RDA-Traj

Fig. 6. Comparison of visualization results in the perpendicular
scenario with 20 pedestrians. (a) Ours: adaptively switches to the optimal
red point to avoid dynamic occlusion; (b) Wang’s: produces incorrect
solutions; (c) Vu’s: collides with pedestrians; (d) RDA-Traj: uses a fixed
point, directly runs into the crowd, and loses the target.

As shown in Fig. 5, Adap-RPF significantly outper-
forms existing SOTA proactive RPF approaches, including
predefined-point and optimization-based strategies, across
key metrics: TSR, TVR, and TPZ. For TSR, Adap-RPF
achieves approximately 10% higher performance than the
baselines with five pedestrians. Under the 15-pedestrian
setting, it reaches 69.38%, outperforming Wang’s method
by 38.76% and Vu’s by 40.63%. Even in high-density
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TABLE II. Ablation study on TVR and TSR. TVR is the proportion of steps where the target remains visible, and TSR is the percentage of trials where
the target is visible at the final step. Both metrics (%) are evaluated under varying pedestrian counts (5 to 30) to assess the impact of adaptive sampling

(Adap.) and trajectory prediction (Traj. Pred.).

Ablation TVR / % TSR / %
Adaptive Trajectroy Sampling MPPI Controller 5 10 15 20 25 30 5 10 15 20 25 30
w/o Adap. w/ Traj. Pred. 86.15 77.18 61.92 5298 3889 41.03 |85.00 7594 59.06 4844 30.32 31.56
w/o Traj. Pred. w/o Traj. Pred. | 62.56 46.33 29.61 2541 21.86 19.56 | 58.44 38.44 19.38 14.06 8.12 594
w/o Traj. Pred. w/ Traj. Pred. 81.52 7450 59.36 50.01 40.64 36.06 | 80.62 74.06 5594 44.68 33.44 24.06
w/ Traj. Pred. w/o Traj. Pred. | 7832 61.90 47.22 40.17 34.02 32.78 | 77.50 58.44 4250 31.88 25.31 21.25
w/ Traj. Pred. w/ Traj. Pred. 91.96 79.68 70.40 58.76 55.68 44.26 | 91.25 77.18 65.94 51.88 47.82 34.38

scenarios with 25 pedestrians, it remains robust at 46.88%,
exceeding both baselines by over 30%. For TVR, Adap-
RPF maintains a 10% advantage at five pedestrians and
reaches 72.70% with 15 pedestrians, surpassing Wang by
33.90% and Vu by 36.28%. At a density of 25 pedestrians,
its TVR stays above 50%, while both baselines fall below
30%, yielding a margin of over 26%. For TPZ, Adap-RPF
achieves 40.47 s with five pedestrians, 1.5 s higher than Wang
and 50% higher than Vu. With 15 pedestrians, it records
30.31 s, representing 1.7 and 4.5 times the performance of
Wang and Vu, respectively. These results demonstrate that
Adap-RPF ensures superior tracking, target visibility, and
social compliance across varying pedestrian densities. Fig. 6
provides intuitive visualizations supporting these findings.
In a perpendicular scenario with 20 pedestrians, Adap-RPF
selects optimal trajectories, while Wang’s method produces
incorrect solutions. Vu’s method leads to collisions, and the
fixed-point RDA-Traj approach loses the target in dense
crowds. While Adap-RPF demonstrates strong performance
across key metrics, its APT and TPrZ are slightly higher than
those of Vu’s method. Nevertheless, the method remains real-
time and offers a more comprehensive evaluation of target
visibility and social comfort. Although the CVR is lower due
to the relatively aggressive nature of our approach, Adap-
RPF consistently maintains high TVR and TSR.

As summarized in Table. I, we compare Adap-RPF with
Wang’s method, Vu’s method, and the fixed-point base-
line RDA-Traj, averaging TSR across fixed-back and side-
following modes in various scenarios with different pedes-
trian densities. While our method outperforms the others in
most cases, RDA-Traj occasionally performs better in some
crowded and perpendicular scenarios. This advantage comes
from the fixed-back strategy, where the robot follows directly
behind the target, leveraging the target’s natural obstacle
avoidance to create a clear path without active planning.
Our method does not explicitly account for environmental
patterns, which limits its performance in such cases. Future
work will incorporate environmental patterns into adaptive
trajectory sampling for further improvement.

2) Ablation Study of Adap-RPF: To assess the contribu-
tions of adaptive trajectory sampling and human trajectory
prediction in both the sampling module and the MPPI
controller, we conduct ablation studies using TVR and TSR
as evaluation metrics. The results are summarized in Table II.

Ablation 1 replaces adaptive trajectory sampling with a fixed
relative following point, and constructs a trajectory by main-
taining constant distance and orientation along the predicted
target path; MPPI still uses human trajectory prediction.
Ablation 2 removes trajectory prediction entirely from both
adaptive trajectory sampling and MPPI. Ablation 3 disables
prediction in adaptive trajectory sampling but retains it in
MPPI. Ablation 4 enables prediction for adaptive trajectory
sampling but disables it in MPPIL. These variants isolate the
effects of adaptive trajectory sampling and the role of human
trajectory prediction.

We observe that ablation 1 achieves 86.15% TVR and
85.00% TSR, below our method (91.96% TVR and 91.25%
TSR) under the low-density setting with five pedestrians.
As the number of pedestrians increases to 15-20, both met-
rics drop more sharply, indicating that our method remains
effective under frequent occlusions. However, performance
declines at 30 pedestrians due to overcrowding, suggesting
the need to incorporate crowd flow information. These results
emphasize the importance of adaptive trajectory sampling.

In the five-pedestrian scenario, ablation 2 performs the
worst, with TVR and TSR dropping to 62.56% and 58.44%,
more than 25-30% below our method. Ablation 3 and
ablation 4 perform reasonably well under five pedestrians,
with TVR at 81.52% and 78.32%, and TSR at 80.62%
and 77.50%, respectively. However, their performance drops
sharply as density increases, with TVR falling below 60%
and TSR below 56%, which is 10-20% lower than our
method. These results from ablation 2 to ablation 4 highlight
that human trajectory prediction is critical for both adaptive
trajectory sampling and the MPPI controller. The best per-
formance is achieved when these components are effectively
combined.

E. Discussion

As shown in Fig. 5, the proposed Adap-RPF outper-
forms optimization-based and predefined-point baselines in
TVR, TSR, and TPZ across varying pedestrian densities.
This is achieved by sampling candidate points within the
target’s social zones and evaluating them using a multi-
objective cost function that considers target visibility, col-
lision avoidance, human comfort, and motion smoothness.
The optimal point generates a smooth, socially compliant
trajectory, tracked by a prediction-aware MPPI controller.
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Ablation results (Table. II) further highlight that trajectory
prediction is essential for both adaptive sampling and MPPI,
playing a key role in maintaining stable visibility and robust
following. Nonetheless, as shown in Table. I, Adap-RPF does
not fully exploit the natural shielding effect of following
directly behind a person. This limitation leads to performance
degradation in highly crowded scenarios, highlighting an area
for improvement. Future work will explore leveraging the
crowd flow information to further improve generalization and
robustness.

V. CONCLUSIONS

In this paper, we present Adap-RPF, a hierarchical plan-
ning framework that proactively integrates multiple objec-
tives—target visibility, collision avoidance, motion smooth-
ness, and human comfort. By densely sampling candidate
points within the target-centric social space and evaluating
them using predicted trajectories of both the target and
surrounding pedestrians, Adap-RPF generates a proactive
following trajectory that guides a prediction-aware MPPI
controller, enhancing both comfort and safety. A key advan-
tage of our method is its ability to maintain target visibility
for as long as possible, even under dynamic occlusions,
which is crucial for robust and consistent person following
in crowded environments. Compared with baseline methods,
Adap-RPF achieves SOTA person-following performance
across multiple metrics in diverse dynamic scenarios on
public benchmarks and real-world experiments.
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