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Whole-Body Ergodic Exploration With a
Manipulator Using Diffusion

Cem Bilaloglu , Tobias Löw , Student Member, IEEE, and Sylvain Calinon , Member, IEEE

Abstract—This letter presents a whole-body robot control
method for exploring and probing a given region of interest. The
ergodic control formalism behind such an exploration behavior
consists of matching the time-averaged statistics of a robot tra-
jectory with the spatial statistics of the target distribution. Most
existing ergodic control approaches assume the robots/sensors as
individual point agents moving in space. We introduce an approach
that decomposes the whole-body of a robotic manipulator into
multiple kinematically constrained agents. Then, we generate con-
trol actions by calculating a consensus among the agents. To do
so, we use an ergodic control formulation called heat equation-
driven area coverage (HEDAC) and slow the diffusion using the
non-stationary heat equation. Our approach extends HEDAC to
applications where robots have multiple sensors on the whole-body
(such as tactile skin) and use all sensors to optimally explore the
given region. We show that our approach increases the exploration
performance in terms of ergodicity and scales well to real-world
problems. We compare our method in kinematic simulations with
the state-of-the-art and demonstrate the applicability of an online
exploration task with a 7-axis Franka Emika robot.

Index Terms—Optimization and optimal control, whole-body
motion planning and control, ergodic exploration.

I. INTRODUCTION

VARIOUS exploration tasks require physical interaction
to collect information due to contact requirements or

sensory occlusion. Existing work in tactile exploration ranges
from object shape reconstruction with tactile skins [5], and
probing for stiffness mapping [4], to exploring wrench space of
an articulated object [13] and exploring end-effector poses for
insertion tasks [19]. Although it is possible to formulate these
tasks as an optimization of information measures [21], setting
up the objective is challenging and computation is expensive.

Manuscript received 20 June 2023; accepted 18 October 2023. Date of
publication 2 November 2023; date of current version 15 November 2023.
This letter was recommended for publication by Associate Editor E. Mingo
Hoffman and Editor L. Pallottino upon evaluation of the reviewers’ com-
ments. This work was supported in part by the State Secretariat for Education,
Research and Innovation in Switzerland for participation in the European
Commission’s Horizon Europe Program through the INTELLIMAN project
(https://intelliman-project.eu/, HORIZON-CL4-Digital-Emerging) under Grant
101070136 and in part by the SESTOSENSO project (http://sestosenso.eu/,
HORIZON-CL4-Digital-Emerging) under Grant 101070310. (Corresponding
author: Cem Bilaloglu.)

The authors are with Idiap Research Institute, 1920 Martigny, Switzerland,
and also with EPFL, 1015 Lausanne, Switzerland (e-mail: cem.bilaloglu@
epfl.ch; tobias.loew@idiap.ch; sylvain.calinon@idiap.ch).

Additional material available at https://sites.google.com/view/w-ee-d/
This letter has supplementary downloadable material available at

https://doi.org/10.1109/LRA.2023.3329755, provided by the authors.
Digital Object Identifier 10.1109/LRA.2023.3329755

Fig. 1. Whole-body exploration of a target distribution using the last three links
of the robot manipulator. In kinematic simulation, the exploration target is given
in red. In the real-world experiment, the robot explores the cube region in dashed
lines to localize a target object (a tennis ball whose location is unknown). Blue,
turquoise, and purple spheres are the virtual agents constrained to the 5-th, 6-th,
and 7-th links, respectively. The green and yellow arrows show the net virtual
force and torque acting on each link’s center of mass calculated by our agent
weighing strategy. We further weigh the net wrenches acting on the active link
to obtain the consensus control action for the robot.

Fortunately, for a subset of problems, one can formulate the
autonomous exploration as a coverage of a region (target distri-
bution).

Existing work in spatial coverage focuses on multi-agent
systems with high-range sensors mounted on drones and ground
robots (camera, LiDAR, time of flight sensor arrays [6]) for in-
creasing coverage speed. Applications of these methods explore
vast regions such as crop fields [9] or bridges [10]. However,
robotic manipulators are advantageous for exploring small but
complex target distributions with physical interaction. Neverthe-
less, existing methods do not consider the link footprints and the
kinematic chain composing a robot manipulator’s whole-body
for exploration and lack the potential performance gains of
increased sensor coverage. We argue that, as the accessibility
of anthropomorphic robotic hands [20], and arms equipped with
joint force-torque sensors and tactile skins [2], [8] increases,
so will the need for whole-body exploration. Therefore, in this
letter, we propose a whole-body ergodic exploration method for
robotic manipulators that we summarized in Fig. 1.
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II. RELATED WORK

The common challenge in autonomous exploration is the
inherent curse of dimensionality. Indeed, a naive exploration
based on random actions quickly becomes infeasible and instead
requires intelligent strategies leveraging prior information [3].
In settings with minimal uncertainty about the task priors, the
best approach is to use coverage path planning (CPP) [7], [22] or
informative path planning (IPP) if the information is unevenly
distributed [18], [24]. Nevertheless, planning methods require
specifying the horizon in advance and boil down to solving a
trajectory optimization problem that is intractable for the most
general case.

Control methods are robust to uncertainty compared to plan-
ning approaches and can be used when the terminal time for
planning is unknown [17]. In [16], Mathew and Mezić proposed
to use ergodicity—a concept that originated from statistical
physics providing a metric that measures the difference between
the target distribution and time-averaged statistics of agent tra-
jectories [1] for control. This particular method called spectral
multiscale coverage (SMC), minimizes the ergodic metric by
matching the Fourier series weights of the target distribution
and the reconstructed distribution from the agent trajectories
(coverage). Although the original formulation uses the Dirac
delta function as the agent’s footprint to simplify the computa-
tion of coverage, Ayvali et al. [3] proposed using KL-divergence
for arbitrary agent footprints, which also alleviates the need for
approximating the target distribution by a finite number of basis
functions. However, the techniques based on KL-divergence are
sampling-based planners, and they were not tested in online
control settings. In [19], Shetty et al. proposed an online ergodic
exploration technique for peg-in-hole tasks. They extended the
SMC algorithm by a low-rank approximation called tensor train
factorization to scale the computation of Fourier series weights
in the 6-D pose space describing the end-effector location.

A recent alternative to SMC-based methods is heat equation-
driven area coverage (HEDAC) [11]. HEDAC encodes the target
distribution as a virtual heat source and calculates the potential
field resulting from diffusion, modeled as heat conduction in
a uniform medium. Virtual heat conduction provides a model
to smooth the gradient field and propagate information about
unexplored regions to the agents. This technique is based on
the diffusion (heat) equation, an extensively studied partial dif-
ferential equation (PDE) that can be solved in various domains
such as mesh surfaces point clouds and by using explicit or
implicit time stepping schemes [15]. Additionally, it is possible
to introduce internal and external domain boundaries where no
heat conduction is allowed to encode exploration with embedded
obstacle avoidance behavior. For instance, Ivić et al. adopted
a finite element method to solve the heat equation on a planar
domain with obstacles modeled as internal boundaries [12] using
the Neumann boundary conditions. They later extended this
approach to a three-dimensional planning setting [10] because
the re-planning frequency was too low for online control. Ex-
isting work in HEDAC focuses on multi-agent systems, with
the only exception being drozBot [14], a robot manipulator
drawing artistic portraits. DrozBot solves the non-stationary

heat equation for a single explicit timestep to have an artistic
effect similar to doodling. The method considers only a single
point (the tip of the pen) for the planar coverage and not the
whole-body of the manipulator.

In this work, on the other hand, we consider the robot’s
link footprints and the kinematic chain for increasing sensor
coverage. For that purpose, we decompose the whole-body into
kinematically constrained virtual agents. The primary challenge
here is to formulate a locally consistent exploration behavior in
time and space, combining agents for global exploration with the
robot. We achieve this by solving the non-stationary diffusion
equation to slow the diffusion to increase local exploration.
Then, we combine local exploration and introduce weighting
strategies on the agent and link levels to simplify reaching
a consensus among the agents. Consequently, we present the
first whole-body ergodic exploration method and the first three-
dimensional control implementation of the HEDAC approach.
We summarize our contributions as follows:
� Increased sensor coverage by modeling the whole-body as

a collection of virtual exploration agents constrained to the
robot’s kinematic chain;

� Formulating a locally consistent exploration behavior in
time and space, combining agents for global exploration;

� Controlling the robot with consensus among virtual agents
and links by the introduced weighting strategies

III. WHOLE-BODY CONTROL USING KINEMATICALLY

CONSTRAINED VIRTUAL AGENTS

A. Smooth Potential Field Resulting From Diffusion

We extend the state-of-the-art ergodic control technique
HEDAC to obtain the potential field guiding the explo-
ration behavior. Original implementation [11] solves stationary
(u̇(x, t) = 0) diffusion with virtual source s(x, t), sink a(x, t)
and convective loss u(x, t) terms

α ·Δu(x, t) = β · u(x, t) + γ · a(x, t)− s(x, t). (1)

We summarize the HEDAC algorithm which uses the potential
field u(x, t) resulting from integrating (1) in Fig. 2. We modify
HEDAC to formulate a locally consistent exploration behavior
in time and space, combining agents for global exploration. For
that purpose, unlike the original formulation, we solve non-
stationary (u̇(x, t) �= 0) diffusion to increase local exploration
by slowing down the diffusion

u̇(x, t) = α ·Δu(x, t)− u(x, t) + s(x, t). (2)

We omit the sink term because we want to combine agents
therefore inter-agent collision is not a concern. Moreover, we
use a single parameter (α) for tuning the exploration behavior as
proposed in [10]. We numerically integrate (2) using an explicit
time-stepping scheme

u(x, t+ 1) = u(x, t) + u̇(x, t) · δt, (3)

where the maximum stable timestep δt is a function of the diffu-
sion rate α and given by Courant—Friedrichs—Lewy condition
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Fig. 2. HEDAC [11] method computes the potential field u(x, t) that guides
the agents for ergodic exploration. The time-averaged coverage of the agent(s)
c(x, t) at time t is subtracted from the target distributionp(x) and positive values
corresponding to unexplored regions are squared and used as the virtual heat
source s(x, t). The diffusion (heat) (2) is then used for diffusing the potential
field and propagating information of unexplored regions to the agents.

δt

(
Nd∑
i=1

αi

δxi

)
≤ 1, (4)

with the spatial discretization δx and the number of spatial
dimensions Nd. We introduce the parameter Nk, for the number
of integration steps we take using the maximum stepsize δt
computed by (4). Note that choosing high values for Nk would
mean integrating (2) until u(x, t+ 1)− u(x, t) ≈ 0 and would
be equivalent to stationary diffusion.

B. Kinematically Constrained Virtual Agents

We define virtual agents as atomic particles that compose
a rigid body and interact with the potential field u(x, t). De-
pending on the task, virtual agents abstract a sensor/tool used
for physical interaction during exploration. Additionally, we use
the term whole-body if the sensor/tool spans multiple bodies on
different links of the manipulator. By construction, we can locate
each agent in the potential field using the forward kinematics
function fkin of the robot

xi,j = f kin(q, i, j) ∀i = 1, . . . , Nj ∀j = 1, . . . ,M, (5)

where Nj is the number of virtual agents on the j-th link, and
M is the number of links composing the whole-body. xi,j is the
position of the i-th agent on the j-th link and q is the vector of
joint variables.

C. Active Agents and Local Weighting

We call the virtual agents that we use for computing coverage
but not contributing to the control action as passive. We use the
term passive because these agents explore regions indirectly as
a secondary effect of the robot’s primary goal. Still considering
their coverage relieves the need to revisit those locations later. On
the other hand, active agents, contribute to the control command
of the robot with their local exploration goal in addition to
coverage.

Fig. 3. Comparison of uniform and local temperature weighting. The green
square is the exploration target and small arrows show the temperature gradient.
Blue dots and arrows show active agents and the force exerted on each agent
after weighting.

According to our model, the potential field exerts a fictitious
force on each active agent based on the gradient of the potential
field, and we multiply this force by an agent weight wi,j

f i,j = wi,j∇u(xi,j(t), t). (6)

The naive method of computing the agent weights is to use a
uniform weighting strategy, thus assigning equal importance to
every agent. However, this is suboptimal since the significance
of agents differs depending on their position in the potential
field and the current state of the potential field itself. The value
of the potential field at a given point encodes how much this
particular region is underexplored. Accordingly, we embed this
information by using the local value sensed by the agent as
its weight. Hence, agents on the frontier of exploration (the
ones closer to the underexplored regions) will have a higher
weight than those on the overexplored regions. Thus, we set the
normalized weight of the i-th agent on the j-th link as

wi,j =
w̃i,j∑Nj

i=1 w̃i,j

with w̃i,j = u(xi,j(t), t), (7)

and call it local weighting strategy. Note that, the local weight
is a function of the potential field, i.e. both space and time, and
is therefore computed online. We show the difference between
local and uniform weighting strategies in Fig. 3.

D. Active Links and Manipulability Weighting

Similarly to active agents, we call a rigid body composed of
active agents active link and compute the net force and moment
acting on it by all the agents

f netj =

Nj∑
i=1

f i,j , mnetj =

Nj∑
i=1

ri,j × f i,j , (8)

where ri,j is the displacement vector connecting the active
agent and the j-th link’s center of mass. We concatenate force
and moment into a net wrench acting on the j-th link of the
manipulator. For the simplest kinematic control strategy, we set
the desired twist of the link vdesj equal to the net wrench acting
on the j-th link

vdesj =
[
f�

netj m�
netj

]�
(9)

corresponding to having identity inertia.
Here the twist commands that we generate correspond to

consensus among the agents because the gradient field exerts
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similar forces to neighboring agents (local consistency) since we
set the local cooling term used for collision avoidance in HEDAC
to zero and slowed down diffusion by solving the non-stationary
diffusion equation. Moreover, the gradient (force) field resulting
from spatial diffusion is smooth, and we perform first local
exploration (moving based on the force field) and then global
exploration (by the propagation of information as diffusion).

We weight the contribution of the active links to the control
command because each link has different manipulability [23]
and volume ν, resulting in distinct volumetric coverage rates.
For that purpose, we compute the link weights using the scalar
manipulability index μ

wj = νjμj , (10)

with μj =
√

det (J j(q)J j(q)�), (11)

where J j(q) is the Jacobian of the j-th active link computed at
its center of mass.

E. Consensus Control for Whole-Body

Our setting consists of multiple weight-prioritized tasks, en-
coded as task velocities with corresponding Jacobians, and we
would like to perform them in the least square optimal sense by
exploiting the redundancy of our robot

q̇des = arg minq̇ (v̄des − J̄ q̇)�W (v̄des − J̄ q̇) (12)

with W = blockdiag (Iw1, Iw2, . . . , Iwm) (13)

where J̄ is the vertical concatenation of the Jacobians, and v̄des

is the vertical concatenation of the task velocities of active links.
We enforce task priorities by using the weighted pseudoinverse
and computing the desired joint velocities as

q̇des =
(
J̄

�
WJ̄

)−1

J̄
�
Wv̄des. (14)

Next, we use desired joint velocity to either kinematically
simulate the robot qt+1 = qt + q̇des ·Δt or as a desired joint
velocity to an impedance controller. Then, we clamp the desired
joint positions as the simplest strategy to comply with joint lim-
its. We give the full procedure for robot control in Algorithm 1.

IV. WHOLE-BODY EXPLORATION

We give the videos for all the simulated and real-world exper-
iments on the website.1

A. Simulated Experiments

We performed kinematic simulations to measure the explo-
ration performance. We used the normalized ergodicity over the
target distribution as the exploration metric

ε =
‖max (e(x, t), 0) ‖2∫

Ω p(x)dx
, (15)

where p(x) is the target distribution, e(x, t) is the residual given
by p(x)− c(x, t) as given in Fig. 2 and calculated as in [11].

1https://sites.google.com/view/w-ee-d/

Algorithm 1: Whole-Body Exploration.

This metric shows how good the time-averaged statistics of
agent trajectories match the target distribution, and lower values
indicate higher performance.

1) Planar Experiments: We first present the results of planar
simulations showing the exploration performance qualitatively
using images. We tested four different configurations: (i) SMC,
(ii) passive, (iii) active/stationary using (1), and (iv) active/non-
stationary (Nk = 1) using (2). SMC and passive configurations
use a single active agent at the tip of the last link that we
control by the state-of-the-art ergodic control methods SMC
and HEDAC, respectively, where the passive configuration also
considers the coverage of the last link indirectly for the control.
We used active agents sampled on the last link equally spaced
by the unit distance for the active configurations. We computed
the metric (15) using the coverage of the last link for all of
these configurations. We used a 75× 75 grid for discretizing
the exploration domain and 20 basis functions for the SMC
method. We plotted the trajectories and the target distribution
in Fig. 4. Next, we repeated the same experiment for two
different target distributions starting from 100 uniformly sam-
pled initial joint configurations. We chose one diffuse and one
fine-detailed target distribution to test the scenarios advantaging
stationary/non-stationary diffusion, respectively. Although the
exploration behavior would continue indefinitely, we stopped
the simulation after 1000 timesteps. We calculated the mean and
standard deviation of the normalized ergodic metric and plotted
the results in Fig. 5.

2) Three Dimensional Experiments: In the first 3D experi-
ment, we measured the effect of using multiple active links on
the exploration performance. We assumed no prior for the explo-
ration target and used a cube discretized on a 50× 50× 50 grid
where each point corresponds to 1 cm as the target distribution.
We placed the target in front of a 7-axis Franka Emika robot and
sampled active agents on links 5, 6, and 7 using Poisson-disk
sampling. Note that we used the same agent configuration for
computing the coverage and the metric using (15), but we
changed the number of active links used for computing robot
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Fig. 4. Planar exploration using different configurations. The black shape is the target distribution, and the colored lines are agent trajectories, where the blue
dashed lines correspond to the agent’s path at the tip of the last link. We show the configuration of the planar manipulator at equally spaced timesteps. Red is the
start configuration, and the transparency decreases as time increases.

Fig. 5. Coverage performance given by the normalized ergodic metric for
different virtual agent configurations. Target distributions for the coverage task
are given on the top right.

control commands. Similarly to the planar experiments, we used
30 pre-sampled initial joint configurations and plotted the results
in Fig. 6. Secondly, we compared the exploration performance of
the proposed method to that of using a search pattern. In this task,
the robot explored the same target region using its whole-body
composed of links 5, 6, and 7 until one of the links touched
the sphere target placed at an unknown position. We repeated
the experiment 30 times for randomly sampled target sphere
positions but used fixed initial configurations corresponding to
the end-effector poses 1, 2 given in Fig. 7(b). We recorded the
time until the first contact and plotted the results in Fig. 7(a).

B. Real-World Experiment

For the real-world experiments, we used a 7-axis Franka
Emika robot with the same object localization task performed in

Fig. 6. Coverage performance given by the normalized ergodic metric for
different virtual agent configurations. The inset boxplot shows the performance
in detail for each configuration at 500-th timestep. During the experiments,
we set Nk = 3 as an empirically found moderate value and attained a control
frequency of 35, 18, and 13 Hz for active agents on the last one, two, and three
links, respectively, using a laptop processor.

kinematic simulation. We placed a tennis ball inside the target
distribution as the target object at an unknown location. We first
recorded the trajectory resulting from the exploration behavior
and then tracked the trajectory with a stiff impedance controller
to ensure that the robot safely contacted the tennis ball and did
not hit the second robot or the stick. We ran the experiment
until one of the links made contact with the target object, which
we detected by using the joint torque sensors of the robot. We
provide the experiment setup in Fig. 8.

V. DISCUSSION

We investigated the effect of using active/passive agents and
stationary/non-stationary diffusion on the exploration trajectory
in Fig. 4. We see SMC and passive configurations do not, and sta-
tionary diffusion configuration can not efficiently align with the
target. On the other hand, in the non-stationary case, agents align
with the target distribution for most of their trajectories (only get
misaligned when rotating for re-alignment). This is expected
since non-stationary diffusion increases local exploration and
agent coordination, resulting in better alignment behavior. Next,
we tested the time evolution of the ergodic metric in Fig. 5. On
top of the qualitative results of Fig. 4, we can quantitatively argue
active agents have higher performance than the state-of-the-art
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Fig. 7. Coverage performance given by the timesteps required until the first
contact of the whole-body with the target object (green sphere). (a) The horizon-
tal axis of the boxplot corresponds to our method and a planned search pattern
starting from the initial end-effector poses 1 and 2. (b) We show the initial poses
1, 2, and the direction of the search pattern is indicated by the ordering of the
poses.

Fig. 8. Real-world experiment of the robot exploring (a) the cube in dashed
lines using its last three links, until either (b) link 5, (c) link 6 or (d) link 7
contacts the target object.

SMC method and the passive configuration. However, the perfor-
mance difference between stationary/non-stationary diffusion
depends on exploration time and the target distribution. This is
because stationary diffusion (Nk 	 1) smooths the details and
coarsely explores diffuse targets but can not explore distal and
fine-detailed regions. In contrast, non-stationary diffusion with
Nk = 1 performs significantly better in distal and fine-grained
regions but slightly worse for a diffuse target. For Nk = (1, 10],
we obtained results that interpolate the stationary/non-stationary
diffusion results given in Fig. 5. Accordingly, for the number
of integration steps Nk, we recommend using a single step
(Nk = 1) for concentrated targets, high values (Nk ≈ 10) for
diffuse targets, and low to medium values (Nk ≈ 3) for generic
cases.

In the first 3-D experiment, we see that using multiple links
increases the exploration performance as depicted in Fig. 6.

However, this gain diminishes as we move to the links with less
manipulability. Links closer to the base, including link 5, have
negligible weights when computing the robot control command
due to the normalization. Consequently, they practically become
passive, contributing to coverage but not to the robot control
commands. This partly explains why we observe marginal gains
after link 6. Nevertheless, we think the primary reason is that
the target distribution is small compared to the link size. This
decreases the benefit of increasing the sensor footprint by using
more links. Unfortunately, we can not make the target distribu-
tion larger due to the manipulator’s joint limits and fixed base.
Nonetheless, if the link and target size ratio were lower, the
performance would increase with the sensor footprint. Two such
examples are using a mobile manipulator where we can increase
the target size or using the whole-body of a robot hand connected
to an arm where we can decrease the link size relative to the target
distribution.

In Fig. 7, we compare the performance of the proposed method
to using a planned search pattern. On the path from 1 to 2,
links 5, 6, and 7 initially stay inside the target distribution,
whereas on the path from 2 to 1, all links explore only at the
end of the path. Accordingly, these two paths correspond to
the best and worst-case scenarios for exploration. The results
show that our approach is more robust to the initial robot
configuration and can effectively leverage the whole-body as
it performs better than the planned path of 1-2. Although here
we used a uniform distribution in the form of a cube, ergodic
exploration methods such as ours generalize to arbitrary target
distributions, whereas pattern-based or coverage, informative
path-planning approaches are limited to uniform distributions
or simple geometries.

We showcased the method’s applicability with a manipulator
in a real-world experiment and presented the first 3D control
implementation of the HEDAC approach. The control frequency
of the method primarily depends on (i) integrating the diffusion
using (3) and (ii) the number of active agents and links. Note that
our choice of solving non-stationary diffusion with (2) and using
explicit time-stepping results in higher computational efficiency
for small Nk. In contrast, for the stationary diffusion (1) using
implicit time-stepping reduces to sparse matrix multiplication
with pre-inverted system matrix and is more efficient than the
iterative solution. To reduce the effect of the number of active
links and agents on computation, we decomposed links to mul-
tiple agents instead of using a single agent with the shape of the
link. Because coverage computation using a single agent with
the link shape can not be parallelized and is computationally
expensive due to including more zero entries in the convolution
kernel. In the end, integrating the diffusion equation is the main
bottleneck in our implementation, and increasing the number of
agents has minimal effect. Still, considering that the exploration
performance gain is minimal and the link weight is almost zero
for link 5, we think it is better to consider the last two links for
the whole-body exploration if the robot base is fixed.

An alternative use case for the presented method is using it
as a long-horizon planner anticipating the joint limits instead
of a myopic controller. Although this would improve the per-
formance, it would be minimal because, thanks to the smooth
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potential field resulting from diffusion, it is unlikely to get stuck
in a local minima due to joint limits. Still, we perceive the limited
workspace due to the joint limits and the fixed base as the primary
limitation to using whole-body exploration. Using a mobile ma-
nipulator would drastically increase whole-body exploration’s
performance because the link size target size ratio can be lower,
and we would benefit from even less manipulable but large links.
However, a limitation of the current approach in such a scenario
would be the computational complexity of solving diffusion in
a larger domain. Fortunately, unsupervised learning techniques
for approximating diffusion, such as tensor train decomposition
and physics-informed neural networks, seem promising.

Finally, real-world experiments showed we can perform
whole-body tactile exploration using off-the-shelf torque-
controlled robots without additional sensors. This result pro-
vides insight into alternative platforms equipped with joint
torque sensing and searching for contacts, such as legged robots
and multi-fingered robot hands. For instance, legged robots can
use our method when exploring ground contacts, and robot hands
can use it for grasping where each finger moves until contacting
the object of interest. Although we can sense contact by joint
torques, localizing it on the robot surface is challenging and
requires whole-body tactile sensors. Accordingly, in the future,
we plan to use the method with recursive target distribution
updates and tactile sensors to reconstruct the physical properties
of the environment that can only be measured through contact,
such as deformability or friction.

VI. CONCLUSION

In this letter, we presented a robot control method for effi-
ciently exploring a target distribution using a robotic manipu-
lator’s whole-body. Unlike existing approaches for multi-robot
systems using independent agents, we used kinematically con-
strained agents on the links of a robotic manipulator to increase
coverage. We introduced active agents and links together with
weighting strategies considering the shape and kinematic chain
of the whole-body for exploration. We combined the agents com-
posing the whole-body for global exploration by formulating a
locally consistent exploration behavior in time and space using
non-stationary diffusion. Lastly, we measured the performance
of our method in terms of ergodicity in kinematic simulations
and demonstrated its applicability in physical scenarios using
the 7-axis Franka Emika in an object localization task.

REFERENCES

[1] I. Abraham, A. Prabhakar, and T. D. Murphey, “An ergodic measure for
active learning from equilibrium,” IEEE Trans. Automat. Sci. Eng., vol. 18,
no. 3, pp. 917–931, Jul. 2021.

[2] A. Albini, F. Grella, P. Maiolino, and G. Cannata, “Exploiting distributed
tactile sensors to drive a robot arm through obstacles,” IEEE Robot.
Automat. Lett., vol. 6, no. 3, pp. 4361–4368, Jul. 2021.

[3] E. Ayvali, H. Salman, and H. Choset, “Ergodic coverage in constrained
environments using stochastic trajectory optimization,” in Proc. IEEE/RSJ
Int. Conf. Intell. Robots Syst., 2017, pp. 5204–5210.

[4] E. Ayvali, R. A. Srivatsan, L. Wang, R. Roy, N. Simaan, and H. Choset,
“Using Bayesian optimization to guide probing of a flexible environment
for simultaneous registration and stiffness mapping,” in Proc. IEEE Int.
Conf. Robot. Automat., 2016, pp. 931–936.

[5] M. Bauza, O. Canal, and A. Rodriguez, “Tactile mapping and localization
from high-resolution tactile imprints,” in Proc. IEEE Int. Conf. Robot.
Automat., 2019, pp. 3811–3817.
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[17] G. Mathew and I. Mezić, “Metrics for ergodicity and design of ergodic
dynamics for multi-agent systems,” Physica D: Nonlinear Phenomena,
vol. 240, no. 4, pp. 432–442, 2011. [Online]. Available: https://www.
sciencedirect.com/science/article/pii/S016727891000285X
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