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Abstract—Modern advances to robotics have allowed opportu-
nities for robots to collaborate with humans in close proximity.
However, motion planning around humans can be challenging,
as it can be difficult to find the tradeoff between prioritizing task
efficiency and human safety [1]. Oftentimes, the level of caution
necessary is a function of the current task being performed by the
robot. We propose a scalable approach to infer the minimum safe
distance to a human through existing motion capture data. Using
Inverse Reinforcement Learning [2], we learn a reward function
that penalizes close proximity to the human. We then use the
learned reward to fit a parametrized, human-centered costmap
that is a function of the current task being performed. This
costmap can be readily utilized in motion planning algorithms [3],
[4]. We show the efficacy of our approach in a simple grid-world
environment before scaling our approach to a motion capture
dataset of two humans performing various tasks.

Index Terms—HRI, costmap, inverse reinforcement learning

I. INTRODUCTION

Developments to planning and control algorithms, combined
with more sophisticated robots in smaller form-factors have
opened the field to collaborative robots (cobots) [5] that are
designed to work in close proximity with humans in a safe
manner. However, while humans naturally have a notion of
the “personal space” of other entities around them, cobots still
have difficulty inferring the minimum safe distance to humans
when motion planning [1]. While the workspace of a robot
[6] can be rigorously defined, the minimum safe distance, or
“safe space” a human requires to feel comfortable can vary
from person to person, and even from task to task.

For example, consider the scenario where a robot and human
work together in a kitchen. If the robot is holding a potentially
dangerous object like a knife, it must afford more caution
around the human than if it were holding a bowl. In order to
successfully function as a general-purpose kitchen worker, the
robot must have an understanding of humans’ safe space that
is a function of the current task it is executing.

In the context of motion planning, one convenient method
to formalize a human’s safe space is through costmaps. A
costmap is a defined region in a robot’s task space that repre-
sents an area the robot should avoid. By attaching a costmap
to the human, we can provide a tunable, soft constraint to a
motion planner representing the human’s safe space.

To learn a task-based costmap that represents a human’s
safe space, we propose an approach that can leverage existing
or cheaply available data. A natural approach to this problem
would be to perform controlled experiments with a human

and robot performing a collaborative task. However, such an
approach will not scale to a potentially large corpus of tasks
the robot would be capable of performing. Instead, we utilize a
much more readily available source of information — motion
capture data between two humans performing labelled tasks.
In addition to not requiring a robot, we argue the increased
proliferation of off-the-shelf motion capture systems allow
these demonstrations to be performed much more cheaply
at scale. Due to equipment and workplace limitations from
the ongoing COVID-19 lockdown, we were unable to collect
motion capture demonstrations. Instead, we opted to repurpose
the NTU RGB+D motion-capture dataset of human-human
interactions for our experiments [7], [8].

We formulate the problem as a Markov Decision Process
(MDP) with an unknown reward function. Using techniques
in Maximum Entropy Inverse Reinforcement Learning (ME-
IRL), we first perform a feature transformation to the demon-
stration data before inferring a reward in feature space. Using
this inferred reward, we then extract parameters for a human-
centered costmap in task space.

Our contributions are as follows:
1) A scalable method to collect information on task-based

personal space.
2) An algorithm for inferring a task-based costmap from a

dataset of motion capture trajectories of two humans.

II. BACKGROUND

The proliferation of cobots has led to increased interest in
safe motion planning techniques in close proximity to humans,
often referred to as human-aware motion planning. Kulic and
Croft [9] proposed a strategy for planning safe paths for
hand-off tasks by minimizing danger criterion — quantitative
measures of the risk and severity of potential impacts between
a robot and human. This approach requires the planner to
take the configuration space and kinematics of the robot into
consideration.

Mainprice, Sisbot, Jaillet, Cortés, Alami, and Siméon [1]
developed a planner that generates collision-free paths in
a cluttered environment with close proximity to a human.
The planner utilized multiple costmaps that model a human’s
proximity and visual field as constraints in a randomized, cost-
based path generation algorithm. However, while this approach
provides a good end-to-end solution for motion planning near
humans, the costmaps were manually specified by a domain
expert.



Mainprice, Gharbi, Siméon, and Alami [10] build a more
sophisticated set of constraints by modelling human mobility
for handover tasks in a cluttered environment. Their planner
optimizes for paths that minimize a set of HRI constraints,
such as proximity, visibility, execution time, and human pose
comfort. However, this approach requires the human to play
an active role in the task execution. Our problem statement
assumes the human to be uncontrolled and performing inde-
pendent tasks.

In order for us to infer costmaps from human behaviors,
we draw on techniques from Reinforcement Learning. Abeel
and Ng [2] formulated Inverse Reinforcement Learning (IRL)
as a method to infer an unknown reward function of a
Markov Decision Process (MDP) from a dataset of trajectories
performed by an expert. By constraining the reward function
to be a linear combination of known features (a process called
feature-expectation matching) they prove convergence to a
reward function that is at least as optimal as the expert’s.

However, Ziebart, Maas, Bagnell, and Dey [11] note that
feature-expectation matching is an ill-posed problem that does
not guarantee a globally optimal reward. They utilize the
principle of maximum entropy as an additional constraint, to
learn a reward function that is optimal with respect to the
expert while minimizing additional modelling bias.

III. PROBLEM FORMULATION

Given a human h and a robot r, our objective is to learn
a human-centered costmap Cht : R3 7→ {0, 1} for some task
label t ∈ T that maps a position x ∈ R3 in task space to
an indicator for whether the given position falls within the
costmap region.

For our approach, we collect motion capture demonstrations
of a pair of humans, with one acting as the human h and
the other as the robot r. Demonstrations must be labelled
such that r is performing task t. Differences in the second
human’s configuration space compared to the true robot can
be ignored, as we only analyze trajectories in task space. The
motion capture system must extract an estimate of key joint
positions from both humans, often referred to as their skeletons
[12]. From both skeletons, we select a set of u and v joints
to represent their respective states, such that sh ∈ Ru×3 and
sr ∈ Rv×3.

With this motion capture system, we collect n demonstra-
tions for each task t, each of which we represent as a sequence
of m states ζit = {sr1, sh1 , sr2, sh2 , ..., srm, shm}. Our dataset is
thus represented as Dt = {ζ1t , ζ2t , ..., ζnt }.

Before performing any reward inference on the trajectories,
we must first transform our state space. This is primarily
necessitated by ME-IRL, which operates on discrete state
spaces. However, we also take this transformation step as an
opportunity to perform feature extraction from the task space
data — the details of which will be discussed in Section IV.
This state transformation φ maps our joint human-robot state
space Ru×3 × Rv×3 to a single, discrete feature space Zk.
Functionally, this is notated as φ(sr, sh) = s̄. With slight
abuse of notation, we describe a trajectory in feature space

as φ(ζit) = {φ(sr1, s
h
1 ), ..., φ(srm, s

h
m)} and a dataset in feature

space as φ(Dt) = {φ(ζ1t ), ..., φ(ζnt )}.
Finally, we formalize our MDP with the tuple 〈S,A, T ,R〉,

where:
• S is the set of discrete states in feature space Zk we map

to using φ.
• A is the set of actions in feature space. An action a ∈ A

is one of a finite set of actions that moves the agent from
state s̄ to a neighboring state s̄′, which shares at least one
edge or vertex with the original state. If the feature space
was 2-dimensional, |A| = 9. This definition allows us to
calculate the actions taken in a trajectory φ(ζit) from the
delta between the current and subsequent state.

• The transition function T (s̄, a, s̄′) = p(s̄′|s̄, a) represents
the probability that performing action a in state s̄ will
lead to state s̄′. Due to our formulation of the action
space, we assume deterministic transitions.

• The reward function R(s̄) is the reward assigned to
arriving at state s̄. Note that the true reward is unknown,
and must be estimated.

Given this MDP, we can infer an estimated reward function
R̂ using ME-IRL. From this reward estimate, we can extract
information about the costmap Cht through an inverse feature
mapping function ψ. Details of this process will be provided
in the following section.

IV. ALGORITHM

Our motion capture system provides a skeleton with 25
joints. To simplify our approach, we consider only the end
effector joints of both r and h for our tasks, setting u = v = 1.
Specifically, we choose the right hand as our end effector. We
consider this a reasonable approximation, as their end effectors
are observed to be the joints in closest contact with each other.

sr = xrend eff ∈R3 (1)

sh = xhend eff ∈R3 (2)

In order to fit a costmap from the estimated reward R̂, we
must create a parameterization our costmap Cht (s|θ) such that
it is fully described by the vector θ. For our experiments, we
selected a spherical costmap centered at the the end effector
of h, allowing us to parameterize our costmap simply as the
sphere’s radius.

For our feature mapping φ(sr, sh) = s̄, we selected k = 2
features — the L2-norm to the terminal state g, and the L2-
norm to the end effector of h. These features are then rounded
to the nearest multiple of a discretization constant z to give us
our final feature mapping function. Training the IRL model on
the feature space instead of task space provides the advantage
of state reduction.

φ(sr, sh) =

[
φ0(sr, sh)
φ1(sr, sh)

]
=

[
ROUNDz(‖sr − g‖2)

ROUNDz(‖sr − sh‖2)

]
(3)

Since the spatial extents of Dt are bounded, we may also
bound the feature space. We notate the bounds for each feature
as [φmin0 , φmax0 ] and [φmin1 , φmax1 ].



With our feature-mapped demonstrations φ(Dt) fully de-
fined, we can run ME-IRL to learn a reward function R̂.
Note this algorithm requires its own feature-mapping f to
shape the learned reward function [11]. Since we have already
transformed our trajectories to feature space, we specify an
identity feature map for f .

Finally, we extract the costmap parameters with ψ(R̂) =
θ. Thanks to our feature selection, we can infer the radius
of the costmap as a sharp gradient in R̂ along the φ1 axis.
This gradient represents the boundary between a low-reward
region (where the states are too close to the human, and intrude
into Cht ), and high-reward region (where the states are outside
Cht ). By examining this gradient for all possible values of
φ0 above a minimum threshold Th, we can determine the
costmap boundary as the smallest φ1 value. Thus, we specify
our feature extraction function ψ as:

ψ(R̂) = argmin
φ1

(
∂R̂(φ0 = p)

∂φ1
− Th

)
∀p ∈ [φmin0 , φmax0 ]

(4)

V. EXPERIMENTAL RESULTS

A. Grid World Scenario

First of all, we test our algorithm in a simple grid world.
The major difference between a traditional grid world scenario
and our work lies in the definition of the action space, as the
former usually moves to its neighboring grid every time step,
while ours may move further in one step depending on the
range of the features.

To verify our algorithm, we define the ground truth of our
reward function as Figure 1a. Based on the hypothesis that
the robot tries to avoid human while approaching the goal
position, optimal trajectories should stay above a minimum
φ1 value and approach φ0 = 0. Next, we sample trajectories
by utilizing value iteration on top of Figure 1a with the initial
position sampling from distribution shown in 1b, as Figure
1c shows. Finally, after training ME-IRL model among these
trajectories, we guarantee that our formulation of feature-space
as well as action-space leads to a convergent reward function
as shown in Figure 1d.

B. Motion Capture Trajectories

In this section, we apply our algorithm on the trajectories
from human demonstrations captured by a RGBD camera,
namely the NTU RGB+D Dataset. We target the actions that
involves two people to complete, such as Wielding a knife
and Cheers and drink, where one of them being viewed as
the demonstrator and the other being the co-worker under
the shared environment. For instance, in the Wielding a knife
scenario, we concern the person holding the knife as the
demonstrator that robot r should learn, and the goal is to avoid
hurting the other person h while performing actions.

The data pipeline is shown in Figure 2. After obtaining the
joint positions, we extract features mentioned in the previous
section and train our IRL model to obtain the reward map
of discretized features. The costmap is therefore generated as

(a) Ground truth of the reward (b) Probability distribution of
initial positions

(c) Trajectory distribution (d) IRL reward

Fig. 1: Experimental results on the grid world scenario.

Fig. 2: Pipeline of applying algorithm to motion capture
demonstrations.

Fig. 3: Training curve of tasks Wielding a knife and Cheers
and drink



(a) Demonstrations (b) Trajectory distribution (c) IRL rewards R̂ (d) ∂R̂/∂φ1 with threshold = 10

Fig. 4: Experimental results of different tasks. ME-IRL model is trained for 20 iterations under 50 trajectories for each task.

a sphere around the end effector of h with radius coming
from the thresholding technique along partial derivative of the
reward map along the distance between r and h, namely φ1
(see Equation 4).

The training curves under 20 iterations using 50 trajectories
for each task is shown in Figure 3, which shows the conver-
gence of our model. Figure 4 shows the experimental results
for two different tasks. As the trajectory distribution shown in
Figure 4b, the distance between r and h remains large since
human tends to avoid the knife. On the other hand, in Cheers
and drink task, this distance becomes smaller as two people
try to make a toast, and then increases again as the humans
take a drink. The reward grid map shown in Figure 4c reveals
similar distribution as our demonstrated trajectories, implying
the convergence of our training process. Figure 4d is the results
of partial derivative, where the radius being the smallest φ1.

Accordingly, we can set 0.5 meter as the radius of the sphere
surrounding the end effector of human for Wielding a knife
task and 0.2 meter for Cheers and drink task respectively.
Figure 5 shows the final costmap formulation. The baseline
we choose is a cylinder-like costmap based on human’s head,
spin, and end effector. One of the drawbacks of this intuitive
formulation is the heavy calculation on every frame, leading
to some latency. On the contrary, our approach simply fixes
the radius of the sphere on the end effector, which speed up
during demonstrations. On top of that, our approach learns the
radius among different tasks, which provides flexibility during
close proximity human robot collaboration.

VI. CONCLUSION

In this paper, we propose a scalable method to collect
trajectories of human on task-based personal space and come

(a) Baseline (b) Ours

Fig. 5: Final costmap formulation comparing cylinder-like
baseline and our approach. The top figures are the Wielding a
knife task and the bottom ones are Cheers and drink task.

up with an IRL-based algorithm to infer the range of the
costmap for human-robot collaborations under share environ-
ment. In addition, the feature-based state-action formulation in
our work helps to reduce the size of the space during training
procedure. The experiments show not only the convergence
of our approach but also the efficiency of our final costmap



formulation. As for the future works, we aim to determine
the cost value inside our costmap. Moreover, more costmaps
can be created among different joints and links in order to
cover the human body. Future work in the line of research
will involve experimenting with motion planning techniques
that take advantage of the learned costmaps.

The source code of our project can be viewed at https://
github.com/r06921017/hri costmap.git.
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