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Following 1s All You Need: Robot Crowd Navigation
Using People as Planners

Yuwen Liao
Shenghai Yuan

Abstract—Navigating in crowded environments requires the
robot to be equipped with high-level reasoning and planning tech-
niques. Existing works focus on developing complex and heavy-
weight planners while ignoring the role of human intelligence. Since
humans are highly capable agents who are also widely available
in a crowd navigation setting, we propose an alternative scheme
where the robot utilises people as planners to benefit from their
effective planning decisions and social behaviours. Through a set
of rule-based evaluations, we identify suitable human leaders who
exhibit the potential to guide the robot towards its goal. Using a
simple base planner, the robot follows the selected leader through
short-horizon subgoals that are designed to be straightforward to
achieve. We demonstrate through both simulated and real-world
experiments that our novel framework generates safe and efficient
robot plans compared to existing planners, even without predic-
tive or data-driven modules. Our method also brings human-like
robot behaviours without explicitly defining traffic rules and social
norms.

Index Terms—Human-aware motion planning, safety in HRI,
social HRI.

I. INTRODUCTION

ROWD navigation is a challenging problem in robotics
C research as it involves not only static environmental ob-
stacles, but also dynamic agents such as humans. To handle
such complex scenarios, recent research focuses on improving
the performance of advanced planners with techniques such as
predictive planning and reinforcement learning [1], [2], [3], [4].
These works aim to develop intelligent and sophisticated robotic
systems that can make correct planning decisions, especially in
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Fig. 1. In a challenging crowd navigation scenario, the robot can easily
end up in collisions, deadlocks, and violating implicit social norms. Instead
of developing more sophisticated planners, we propose an alternative scheme
where the robot follows suitable human leaders to simplify the problem into
straightforward subgoal planning.

dense crowds and safety-critical scenarios. On the other hand,
humans, perhaps the most intelligent agents in the scene, are
solving similar navigation problems as the robot. If we think
outside the box, can the robot take advantage of human intelli-
gence to simplify its task?

Inspired by how children follow their parents when walking
in crowded streets, we find that following trustworthy leaders is
an alternative to planning independently, as illustrated in Fig. 1.
We can decompose the crowd navigation problem into high-level
decisions and low-level short-horizon movements. The former
can be solved using the aforementioned intelligent systems or
humans, while the latter only requires simple local planners.
Therefore, we propose to rethink human-robot relationships
in crowd navigation by handing over high-level decisions to
humans. We use people as intelligent planners that can help
the robot solve the more difficult part of the crowd navigation
problem.

Our proposed method consists of two steps, leader selection
and subgoal selection. We start by evaluating nearby humans
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based on their observed trajectories, assuming humans are ratio-
nal and move consistently within a small time window. Through
a set of rule-based criteria, we aim to identify suitable human
leaders who are 1) ahead of and reachable from the robot’s
current position, 2) heading towards a similar goal at a desired
speed. We then find a subgoal such that it allows the robot to fol-
low the selected leader closely with minimal interruption from
other humans. The subgoals are designed to be easily achievable
using a simple base planner and we choose Social Force (SF) [5]
in our experiments. The leader selection process is performed
continuously so the robot can switch between different humans
for maximised efficiency. We therefore simplify the task from
complex crowd navigation to following suitable human leaders
using lightweight local planners, which also enables the robot
to demonstrate human-like planning behaviours.

Of relevance to our work is the literature on human-following
robots. Many of these works study how to maintain a proper
distance from humans in different scenarios to ensure human
comfort [6], [7]. Others study how to identify a specific user in
complex environments [8], [9], [10]. In these works, a specific
user is predefined for the robot to follow without additional
context or objectives. Our work is fundamentally different as
1) the robot actively chooses a suitable leader to follow, 2) by
following humans, we effectively address the challenge of crowd
navigation.

Our contributions are threefold. First, we propose a novel
crowd navigation framework that utilises human intelligence to
decompose the original problem into straightforward subgoal
planning. Second, we design a set of evaluation processes to
find subgoals near suitable human leaders, which can be effec-
tively reached using a simple base planner. Third, we demon-
strate through experiments that the proposed People-as-Planner
scheme contributes to safe and efficient robot behaviours in
crowded and safety-critical scenarios.

II. RELATED WORK
A. Social Robot Navigation

Robot navigation in crowds, or social navigation, has been
studied for decades [1], [11]. Traditional model-based meth-
ods [5], [12], [13] have been widely adopted in simulations.
However, they are less suitable for real-world complex scenar-
ios as they are short-sighted and tend to over-simplify human
behaviours [14]. Predictive planning enables the robot to look
into the future and avoid potential collisions. They rely heav-
ily on the performance of prediction modules, as inaccurate
predictions may lead to accidents and uncertain predictions
result in over-conservative behaviours [15], [16]. End-to-end
learning-based methods train robot policies using large-scale
demonstrations [17], [18], [19]. The performance of the trained
networks relies on the accuracy of the simulation platform,
or the quality of the collected data [20]. Velocity-field-based
methods use crowd motion patterns to inform implicit social
norms. Their experiment scenarios are usually simple crowd
flows in simulations or indoor settings [21], [22], [23], [24],
as complex human movements in the real world are difficult
to describe using such homogenised fields. Existing methods
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require the robot to plan its path independently. We propose a
different approach where the more complex navigation decisions
are solved by humans, and the robot simply needs to reach nearby
subgoals.

B. Human-Following Robot

Examples of social navigation scenarios include nursing and
warehouse assistance, where robots are tasked to follow a target
user. Such systems generally consist of modules including hu-
man detection, human tracking, and path planning [25], which
have been extensively studied. Recent works focus on more
specific tasks such as frontal following [6], sensor fusion [8], [9],
[26], and new application scenarios [27]. In terms of following
strategy, some works replicate human trajectories exactly [8],
[9], while others define subgoals near the leader [25], [26].
We follow the latter as it reduces the perceived intentionality
of tracking and results in more natural behaviours. We direct
the reader to [25] for a comprehensive review. Existing human-
following methods assign a hypothetical task to the robot to
follow a predefined human target. In our work, the robot’s
objective is instead to navigate to its destination by actively
selecting and following human leaders.

C. Human-Robot Relationships

As the robot navigates in crowds, there exist complex relation-
ships between humans and the robot. Apart from considering
humans as dynamic obstacles, [28] first proposes the concept
of using people as sensors to benefit from human intelligence.
This line of work infers the positions of occluded obstacles from
observed human behaviours [29], [30], [31], [32]. Inspired by
these works, we propose to use people as planners in crowd
navigation. There are a few works that also follow human be-
haviours in robot planning but with different focuses. Refs. [33]
and [34] consider human-following as one of the policies when
generating trajectory samples in a traditional sampling-based
planner. Refs. [8] and [35] utilise human guidance for pathfind-
ing in mapless environments with low human density. Ref. [36]
imitates pedestrian behaviours on a narrow sidewalk with limited
forms of interactions between humans and the robot. In compar-
ison, our proposed People-as-Planner framework can be applied
to various crowded navigation scenarios and is more suitable for
real-world robot deployment.

III. METHODOLOGY

Problem Definition: The state of an agent consists of its
position and velocity = [p",v"]" € R*. We use subscripts
H, Rtorepresenthuman and robot, and superscript ¢ to represent
timesteps. We assign a unique ID H; where i € {1,...,n} to
n humans that are within the robot’s observable range. The
robot’s goal position is defined as p, € R?. X ;' represents the
historical trajectories of all humans. O represents the environ-
mental obstacles within the robot’s observable range. In a crowd
navigation setting, the robot plan is generated by a planner P,
denoted as

aif — Pl @Yy, 0,p,). (1)
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The proposed people-as-planner framework, compared with common planning methods in crowd navigation. Utilising humans as high-level planners, we

only require the same basic inputs as traditional model-based planners, compared to predictive and learning-based planners which require additional modules. We

choose SF as the base planner in experiments.

The planner P replans at every step until goal is reached.
Overview: In our proposed scheme, we first identify a human
leader H} and subsequently define a subgoal p!:

Hz = fleader(wszv X(]);It, Oa pg)v

p; = fsubgoal(mi'—]fbvmi'i)a

(2a)
(2b)

where fieader(-) and foubgoal () are the leader and subgoal selec-
tion processes that will be detailed in Sections III-A and III-B.
Robot plan is then generated by base planner P:

2y P(@h, @, O0,p)), 3)

and the process repeats until goal is reached. We assume that the
robot dynamics is incorporated into the planner and our method
is planner-agnostic. Since each subgoal pf] is much easier to
reach than the original goal p,, we can use a simple local planner
as the base planner. The overall framework is illustrated in Fig. 2.
We will now introduce the two major components of our
proposed method: 1) Leader Selection which involves group
identification, reachability check, and individual evaluation,
2) Subgoal Selection which defines a straightforward subgoal
near the selected leader and adjusts the following speed. Time
superscripts are omitted when no confusion is aroused.

A. Leader Selection

Before evaluating individual humans, we first identify humans
that walk closely together as groups. Two Human ¢ and Human
j are assigned the same group if

||pjpi|| < Teroup_dis ij'vz'” < Tgroup_vel s

where Tyroup_dis and Tgroup_ver are thresholds for distance and
velocity difference. We denote the obtained group information
as G which includes a list of all groups. Treating groups as a
whole can prevent the robot from cutting in between humans
that walk together, which respects the social norm.

Next, we evaluate the reachability of each human. As we
aim to use simple base planners, the selected leader needs to
be directly accessible without the need for complex obstacle
avoidance. Spatio-temporal planning [37], [38] is a feasible
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Fig. 3. An example of reachability check from robot (red cross) to three
candidate leaders (green dot). The purple curves enclose the visible region.
Human 4 has a larger score than human 0 for being closer to the robot. Human
3 has a negative score as it is blocked by human 2.

method, but at a high computational cost with prediction uncer-
tainties. Instead, we adopt Line-of-Sight (LoS) distance metric
proposed by [39] to define the reachability. As illustrated in
Fig. 3, LoS measures the distance from each human to the
boundary of the robot’s visible region constructed from LiDAR
scans. We represent the reachability score as fieaen and only
consider Human ¢ as a potential leader if

freach(Hia (B%, w?[a Oa g) Z Treach (4)

where Tyeach 1S the reachability threshold.

We then evaluate each qualified human 7 using 3 criteria: 1)
average heading, 2) average speed, 3) relative position between
the human, the robot, and the robot’s goal. Based on 7" previous
steps, we first evaluate if the human’s average heading is towards
the robot’s goal p:

VP Py V;P; P
— > cos 7§ 4,
Shead = < illllPipg]l HvllHIPngH 5)
-1, otherwise.

where ©; = & 370, ;.| vF. We choose not to predict future
headings because existing prediction methods may overlook
corner cases [40] and increase computational costs.

Second, we compare the human’s average speed to the robot’s
ideal speed vprer:

Vi — Upref e
ot if ; < Vprer,
max (O, 1-—

Svel - (6)

Vi — Upref

r— >7 otherwise.
pre
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where ¥; = £ ZZ:FT_H |v¥||. Humans walking at the ideal
speed are given the highest score and the score decreases as
human speed exceeds the ideal speed. We penalize slower speeds
to encourage active progression.

Third, we compare relative positions to identify humans be-
tween robot and its goal, favouring the closer ones:

max (0,1 [2aell) | jf PREBARL >
Spos = ’ T ’ IPrPilPrPy|l BN G))
-1, otherwise,
where 7 is the robot’s observable range.
We can now calculate a weighted score .S; by
Si = Whead Shead + Wyel Syel + wposSp057 (3

where Whead, Wyel, and wpos are the weights for each score compo-
nent. If .S; exceeds a threshold 7ieaq.r, Human ¢ becomes a leader
candidate who can lead the robot towards its goal at a desired
speed. We add an adjustment term to the previous leader S it
to avoid fluctuation between candidates with similar scores. The
candidate with the highest score is selected as H .

B. Subgoal Selection

We aim to define a subgoal pz that allows the robot to follow
H?! through a straightforward path. If H belongs to any group
in the group list G, the group member closest to the robot is used
to replace H! so that the robot will not attempt to interrupt the
group.

We first sample a set of position candidates p,,, between the
robot and Ht, defined as

d
1PrPw? |

where 0,,, € {7 +mA0|[m =0,1,...,[5x5]}; dis the safe
distance from humans; and

o = [

Py = PH: — R(0.m) "PRrPH! - &)

_ sin(@m)l . (10)

cos(0)

We select the position furthest from neighbouring humans:

t . —
P, = argmax,, <H?£§}; P ||>, an
so to minimize the possibility of collision avoidance.

We adjust the robot’s speed in the planner P to encourage the
robot to follow the leader closely. In our experiments, we update
the speed limit vy, in SF planner directly:

N e
Vimax = {|'UHE Hﬂ if ||pRpH’L ” < Tcatchup (12)

Ucatchup otherwise,

where vcachup 15 @ slightly faster speed when the robot needs
to catch up with the leader. For other planners with different
settings, this adjustment can be adapted accordingly.

If no Hp, is identified in the previous leader selection step,
we will set ptg = p, where it will plan towards the robot’s goal
directly. We will show in Section IV-C that this happens when
there are only a few surrounding humans and using a simple SF
planner is sufficient.
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Fig. 4.
roundabout. The initial and goal positions are shown in red stars. The direction
of travel is interchangeable.

Three test scenes from the SDD dataset: Promenade, crossing, and

IV. EXPERIMENTS
A. Simulation Settings

Scenarios: We first perform simulation experiments with
real-world trajectory data from the Stanford Drone Dataset
(SDD) [41]. SDD was collected mainly from three scenes and we
name them Promenade, Crossing, and Roundabout. As shown
in Fig. 4, the three scenes exhibit increasing levels of difficulty:
1) Promenade has one main road, 2) Crossing has a junction
with complex traffic, 3) Roundabout involves challenging street
crossing. For each scene, we select 10 crowded segments from
the longest video. The scene densities are listed in Table II. We
evaluate our method on all 30 segments and use the densest
segment from each scene for comparison study. As we directly
playback the dataset, the humans are non-reactive. Reactive
human behaviours are studied in the real-world experiments in
Section IV-D.

Implementation Details: We use a holonomic robot model and
the control dynamics is incorporated into the base SF planner. We
set Upref, 7, d to 1.4m/s [42], 10m, and 0.8m respectively. We set
the robot speed limit to 2.0m/s. The rest of the tunable parameters
can be found in our code repository. We find the set of parameters
through manual tuning and we use the same values for all
experiments. Since not all baselines distinguish heterogeneous
road users, we set the radius of all agents, including robot,
humans, bicycles, and cars to 0.5 m for fair comparisons. For
collision evaluation, we provide two sets of agent dimensions: 1)
all agents have the same radius of 0.5 m, 2) bicycles and vehicles
are given realistic dimensions of 1.9m x 1m and 4.5m X 1.9m.
We report results for both settings in Section IV-B. Simulations
are conducted at 30 Hz on Gazebo platform [43] with AMD
5950XT CPU and RTX3090 graphic card.

Baselines: We compare our method with five crowd naviga-
tion methods under different frameworks:

1) Social Force (SF) [5] calculates attraction from goal and

repulsion from obstacles and neighbours.

2) Dynamic Window Approach (DWA) [12] searches for the
optimal trajectory within a dynamic window that moves
towards the goal while avoiding obstacles.

3) Optimal Reciprocal Collision Avoidance (ORCA) [13]
solves for the optimal action for each agent assuming equal
responsibility for avoidance.
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TABLE I
QUANTITATIVE COMPARISONS ON THE DENSEST SEGMENT FROM EACH TEST SCENE
Method Promenade Crossing Roundabout
TCCJ Tavg(s)i Davg(m)i TCC| Tavg(s)i Davg(m)i TCC| Tavg(S)Jf Davg(m)i
SF [5] 2.66 /50.13 50.11 62.99 12546 /23413 39.19 54.57 134277721 22.53 31.37
DWA [12] 44.14 /7 114.79 48.56 67.03 8.00 / 182.59 29.98 42.43 29.85/ 141.55  27.69 39.16
ORCA [13] 8.00 / 43.11 56.62 74.81 0.00 / 80.07 29.70 41.87 2.94 /53.07 28.41 35.03
Pred2Nav+CV [16] 122.71 /125.68  48.45 57.34 18.90 / 40.68 32.64 43.50 16.27 / 58.12 19.84 29.37
Pred2Nav+SGAN [16] | 138.36/139.65  43.92 56.06 71.47 / 117.06 31.98 44.22 23.87 / 83.66 19.40 30.05
HEIGHT [44] 605.68 / 605.68  56.08 43.35 171.45 /27046 29.91 44.45 12.17 / 71.76 19.41 26.17
Ours 0.25/1.94 40.39 60.48 0.00 / 0.00 29.40 45.10 0.54 / 5.44 19.87 29.17

100 repeated experiments are performed for each segment. For TCC, the first and second values (e.g., 0.25 and 1.94 of our method in the Promenade scene) are calculated by setting all agents with the same radius
of 0.5m, and setting bicycles and vehicles with realistic dimensions, respectively. TCC is the frames with collisions under 30Hz simulation (e.g., our method leads to collisions in 0.25 frames in the Promenade
scene, averaged over 100 runs). The best performance is in bold and the second-best is underlined.

TABLE II

QUANTITATIVE RESULTS OF OUR METHOD ON THE THREE TEST SCENES WITH 10 SEGMENTS (SEG.) EACH

Seg Promenade Crossing Roundabout

" | TCCJ Ta(s)) Daye(m)] Ped Others Total Density | TCCJ Ta,(s)) Daye(m)] Ped Others Total Density | TCCJ T,y,(s)) Daye(m)] Ped Others Total Density
1 194 4039 6048 21 3 24 high 0.00 2940 4510 21 23 44  high 544 19.837 29.17 38 51 89  high
2 0.00 40.66 6027 24 4 28 medium| 0.00 2843 4473 18 17 35 high 533 1829 2997 34 49 83 medium
3 0.00 4440 5925 13 2 15 low 0.00 2899 4548 33 27 60 high 3.62 20.87 28.66 26 43 69 high
4 0.00 37.68 57.16 23 1 24 medium| 0.56 30.27 50.50 27 25 52 medium| 0.00 1627 2845 25 52 77 medium
5 0.00 4499 6033 24 2 26  high 1241 34.04 48.09 27 24 51 medium| 0.00 17.70 26.60 15 48 63 low
6 1.73 4433 61.60 24 3 27  high 0.00 2726 4417 21 17 38 medium| 0.00 16,70 2599 6 29 35 low
7 310 4272 59.66 23 4 27  high 6.70 3245 4693 12 17 29 medium| 838 2508 3454 33 46 79 high
8 0.00 3595 5866 16 3 19  low 500 2782 46,57 19 18 37 medium| 1.75 1853 26.81 15 47 62  low
9 14.62 4287 5694 18 4 22 medium| 12.69 31.13 47.86 26 22 48 medium| 7.64 20.11 30.13 24 51 75 medium
10 0.00 36.88 56.09 21 2 23 medium| 0.00 3550 4692 27 19 46 low 756 1745 27777 28 51 79 medium
Avg | 2.14 41.09 59.04 \ \ \ \ 3.74 3053 46.64 \ \ \ \ 397 19.09 2880 \ \ \ \
STD | 453 3.32 1.80 \ \ \ \ 522 273 1.89 \ \ \ \ 337 2.8 2.46 \ \ \ \

100 repeated experiments are performed for each segment. For TCC, we use realistic dimensions for bicycles and vehicles, which corresponds to the second value of TCC in Table I. We count the total number
of road users in each segment, including pedestrians, bicycles, and vehicles. We record the crowd density along the robot’s path, determined through visual inspection.

4) Pred2Nav [16] incorporates human trajectory predictors
into a sampling-based MPC. We compare two predictors
implemented by the author, constant velocity (CV) and
SGAN [45] which is a neural network.

HEIGHT [44] is an end-to-end reinforcement learning
method that considers crowd interactions. We follow the
training procedures from the provided repository to train
the model for holonomic robots.

Evaluation Metrics: We perform 100 repeated runs for each
segment and evaluate the average performance to count for
the uncertainty of physics engine approximation in simulation.
We mark it as a collision if the robot enters within the agent
dimensions. The following three metrics are used:

1) Total Collision Count (TCC) is the number of frames
where collision occurs. Experiment continues after a col-
lision so there could be multiple counts in one run.

2) Average Time (Ta,yg) taken to reach the goal.

3) Average Distance (D4yg) taken to reach the goal.

5)

B. Quantitative Evaluation

As shown in Table I, our method shows the best safety aware-
ness with high efficiency across all three scenes. Our method
allows the robot to adjust its speed according to the leader, so
it can reach the goal fast even when additional manoeuvres are
required for effective collision avoidance. Notice that although
we set the radius for all agents to 0.5 m during the experiments,
when we calculate collisions using real dimensions for other
road users (namely bicycles and vehicles), our method maintains
a low TCC, while the values increase dramatically for all other

baselines. This implies that our method can keep a larger distance
from dangerous road users without explicitly considering agent
types in the inputs, which benefits from the human leader’s
planning decisions.

In comparison, ORCA tends to get too close to humans
since it assumes reciprocal avoidance behaviours, which lead
to more collisions than ours. SF and DWA are less robust in
highly dynamic environments, as shown by the inconsistent
performance across the three scenes. For Pred2Nav, although
SGAN gives more accurate human predictions on large-scale
datasets [45], it doesn’t consistently improve the planning per-
formance. HEIGHT is less sensitive to collisions because it is
not explicitly enforced like the other methods. It demonstrates
biased behaviours such as moving in a curved path, which results
in heavy collisions with the wall in the Promenade scene. We also
show that by simplifying complex crowd navigation problems
using people as planners, we can achieve the best performance
using a simple base planner SF, which is less capable when
planning independently.

We summarise the types of information and procedures re-
quired to deploy each method in Table III. All methods except
DWA require current states of humans to consider human avoid-
ance and interaction explicitly. All baselines except Pred2Nav
require environmental information such as obstacle maps and
point clouds for obstacle avoidance. Although Pred2Nav does
not consider static obstacles, none of its TCC reported in Table |
comes from collision with walls. Our method uses point clouds
for human reachability evaluations. In addition, Pred2Nav re-
quires a trajectory prediction module to obtain future human
states. HEIGHT, as well as SGAN used by Pred2Nav, require
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Qualitative comparisons in simulation experiments. The three rows correspond to the promenade, crossing, and roundabout scenes respectively. The

temporal progression is represented by the gradient colour (from light to dark) of each trajectory. The robot and the selected leaders are highlighted by different
glow colours. For simplicity, we select a few agents to draw for each scene to highlight the interactions. The full experiment recordings can be found in the

supplementary video.

TABLE III
COMPARISON OF DEPLOYMENT REQUIREMENTS BETWEEN BASELINES AND
OUR METHOD

Current Future Environment ..
Method human states human states information Training
SF [5] v X v X
DWA [12] X X v X
ORCA [13] v X v X
Pred2Nav+CV [16] v v X X
Pred2Nav+SGAN [16] v v X v
HEIGHT [44] v X v v
Ours v X v X

training on either simulations or large-scale datasets. We can see
that our method only needs the basic inputs to achieve the best
overall performance. Our method is further evaluated over all
30 segments from the three scenes, as shown in Table II. We
demonstrate strong robustness as the performance is consistent
under different traffic conditions and crowd densities.

C. Qualitative Evaluation

Using people as planners, our method demonstrates efficient
and socially-aware behaviours that contribute to the outstanding
results presented above. For the Promenade scene in Fig. 5(1a),
the robot switched to the second leader when the first leader was
temporarily occluded, and switched back when the second leader
stopped moving. In Fig. 5(1b), Pred2Nav resulted in collisions
twice. From the sharp turns before the collisions, we can infer
that the robot tried to avoid the humans, but it acted too late.

Compared to Fig. 5(1c), predicting with SGAN did not bring
much benefit. For the Crossing scene, both SF and HEIGHT
resulted in collisions with a fast-moving bicycle, as shown in
Fig. 5(2b) and (2¢). Our method, as shown in Fig. 5(2a), avoided
this encounter by switching between the two leaders.

For the Roundabout scene, DWA first collided with a bicy-
cle, then with two humans walking face-to-face, as shown in
Fig. 5(3b). In Fig. 5(3c), ORCA only collided with the bicycle,
but was forced to stop by the two humans and only continued
moving after the humans walked by. In comparison, as shown
in Fig. 5(3a), our method followed the leader to cross the road
safely, switched to default planner in the middle when the leader
was temporarily occluded, and then continued to follow towards
the goal. An interesting observation in this scene is that, although
traffic rules are not explicitly defined, our method follows the
human to cross the road from the appropriate point on the
sidewalk, which avoids a dangerous encounter with the bicycle.
Other baselines, however, move towards the goal directly, which
inevitably increases the difficulty of avoiding fast-moving road
users on the main road. This makes our method especially useful
in real-world deployments, as it is difficult to define every rule in
every scenario, our method can simply follow the surrounding
agents to respect the “unknown rules”.

D. Real-World Experiment

In addition to the performance comparison against baselines
using recorded human data, we further demonstrate the effec-
tiveness of our method when interacting with real-world reactive
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Event 1: Switch leader

Fig. 6. Events observed in the real-world experiment. Green arrows represent
robot subgoal planning. Blue colours represent selected leaders and their move-
ments. Grey arrows represent movements of other humans. The dashed circle in
event 1 represents the previous leader.

humans. We conduct the experiment in a 150 m crowded campus
corridor with over 40 human encounters, which is similar to the
previous SDD scenes in terms of environment and human den-
sity. We use a 2D LiDAR to obtain point clouds for reachability
check, and use a depth camera for human tracking. To ensure
human safety and privacy, we reduce the robot speed limit to
1.0 m/s, stop the robot when getting too close to pedestrians, and
do not collect their identifiable information during experiments.

In Fig. 6, we illustrate four events, most of which have been
observed in the simulation experiments. In the first event, the
robot switched to a new leader when the previous leader slowed
down. This ensures the robot continues to progress efficiently
without being stuck behind static humans. In the second and
fourth events, the robot moved through a complex crowd and
a narrow gate without deadlocks. In the third event, the robot
followed the social norm to keep to the left, which avoided en-
counters with humans walking from the opposite direction. The
robot benefits from the proposed people-as-planner scheme and
makes intelligent decisions in real-world crowded environments.
Our method is robust to disturbances such as inaccurate human
tracking, hardware delays, etc., and successfully completes the
run without collisions. The complete experiment can be found
in the supplementary video.

E. Limitations

During simulation experiments, we found that our method
may fail when interacting with aggressive road users, as shown
in Fig. 7. Future work could incorporate data-driven policies
trained on real-world corner cases. Some existing works allow
the robot to actively influence human behaviours [46], [47], [48],
which may also be useful, especially in difficult scenarios such
as moving against a dense crowd.

The dynamic subgoal setting in the proposed framework
may potentially affect trajectory smoothness. In the current
experiments, our method does not show significant fluctuations
compared to the baselines (comparison results on trajectory
smoothness can be found in the supplementary video). Nev-
ertheless, to improve the smoothness, future work may consider
other types of robot dynamics apart from the holonomic model,
or incorporate various trajectory smoothing techniques [49].
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Fig.7. Failure cases in simulation experiments. In (1), the robot was confused
by a human blocking the way and forced into a short deadlock. In (2a), the
robot was following a group and did not detect an oncoming bicycle due to
occlusion. A dataset labelling error caused the bicycle to unrealistically run
over the pedestrians, leading to a sudden collision with the robot in (2b).

V. CONCLUSION

This paper presents a novel crowd navigation scheme which
utilises people as external intelligent planners. The more com-
plex planning decisions are handed over to humans so the robot’s
task is simplified into straightforward subgoal planning. The
experiments demonstrate robot behaviours that are safe, effi-
cient, and socially compliant in various crowded environments.
Our proposed framework offers new insights into human-robot
relationships in social navigation.
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