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Abstract

Ground robots are often tasked to autonomously explore and characterise unknown and
sensitive environments. While performing these searching tasks, for applications such as
interplanetary exploration, it is important that these robots also minimise how much they disturb
the area that they are exploring to decrease contamination of the original environment. This
work develops a Minimising Disturbance Informative Path Planner (MDIPP) which models an
unknown environment using discrete observations whilst prioritising finding high
concentrations of samples of interest. Disturbance to the environment is also incorporated into
the path planner to minimise how much of the environment is being disturbed. MDIPP uses
Gaussian processes (GPs) to model the unknown environment and Bayesian optimisation (BO)
to determine the next best position to move to. MDIPP reduces the disturbance to the
environment by at least 48.6% compared to a baseline informative path planner (BIPP), without
sacrificing accuracy in the GP prediction generated from its online observations. The results
have been validated in hardware on a tracked ground vehicle at CSIRO’s lunar testbed in
Queensland, Australia to mimic planetary exploration. The project website is available here.

I. INTRODUCTION

Consider an interplanetary rover equipped with a probe that must autonomously find and locate
mineral samples. The robot must predict the locations of substances of scientific interest (e.g.
searching for high concentrations of hydrogen) based on measurements taken online—an
important and common objective in space exploration [1], [2], [3], [4]. While performing this
primary searching task, these robots must also minimise how much their motions disturb the
surrounding environment to preserve the original geological formations on the planetary body’s
surface and avoid potential contamination [1]. This can be formulated as a multi-objective
informative path planning (IPP) problem where the planner must balance the potential
information gain from moving to and revealing new parts of the scene to the sensor, with the
cost incurred from disturbing the environment.

Indeed, few works explicitly consider the effect of the robot’s movement on its environment.
Those that do are typically applied to needle-steering robots [5] or crowd-navigating robots
[6]. The former assumes shared control via live teleoperation, while the latter requires a goal
pose and computes velocity commands to match the overall dynamics of the crowd flow. In
contrast, environment disturbance in our problem is defined as the swept footprint of the robot,
presenting the unique challenge of trading off the need to visit new locations to gather high-
quality information, while simultaneously attempting to reduce the total swept area.
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We propose the Minimising Disturbance Informative Path Planner (MDIPP) which uses
Gaussian processes (GPs) to model the unknown environment and Bayesian optimisation (BO)
for active perception to determine the next best position to move to. The GP provides a
probabilistic regression model of mineral density, where density is considered as a continuous
function from which the robot makes noisy observations. Disturbance to the environment is
considered binary, i.e. once an area has been disturbed, it does not matter if that same area is
disturbed again, thus the robot would ideally plan routes through previously disturbed regions
when moving between viewpoints. Our proposed BO acquisition function models such
disturbances as a function of the new area that would be disturbed during movement, and
weights this against the exploitation and exploration elements from the GP mean and variance.

Results comparing MDIPP against a Baseline Informative Path Planner (BIPP) show that
MDIPP reduces environmental disturbance by at least 48.6% without sacrificing accuracy in
the GP predictions generated from its online observations. Adjusting the exploration and
disturbance hyperparameters within MDIPP results in a trade-off between model accuracy and
the amount of disturbance, which can be tuned to suit the application. Further testing in a high-
fidelity simulator allowed us to quicky evaluate different tuning parameters and provided a
stepping stone to testing on hardware. Finally, we validated MDIPP on a ground robot in
CSIRO’s lunar testbed in Queensland, Australia to mimic a planetary exploration mission.

II. RELATED WORK

Previous methods of information gathering for unknown environments typically favour
previously planned offline full coverage solutions [7], [8], [9]. In contrast to these offline
methods, online methods actively integrate live observations to improve performance using
next-best-view (NBV) paths [10], [11], [12]. However, while these planners integrate online
observations to improve performance, their methods assume that the information about the
environment is uniformly distributed, and that each observation is equally weighted. In
contrast, our solution aims to provide an online information gathering approach to optimise
observations to maximise finding high concentrations of samples of interest (e.g. minerals
beneath extraterrestrial surfaces). Similar approaches have been presented in [13], [14], [15],
which feed observation information back into the planner to efficiently identify the maxima of
the distribution, rather than attempting to accurately reconstruct the full distribution.

To model such spatial correlations, GPs [16] are a popular regression method and have been
successfully applied to predicting distributions of an information field (e.g. temperature
distribution) [15], [17]. However, these methods typically have unconstrained coverage and
plan on a time/distance or computational budget, which means they do not consider the impact
of the robot’s motion through the environment which is particularly important for planetary
exploration scenarios. To combine our multiple objectives of exploration (finding high
concentrations of samples of interest) and minimising disturbance to the environment our
solution uses BO to select informative samples from GPs [18].

BO is a process for finding the extrema of an acquisition function that is expensive to observe
or evaluate [19]. It is applicable in situations where you don’t have a closed-form expression
for the objective function, but where you can obtain values at sampled locations with
optimisation methods such as genetic algorithms [14], [20], [21], [22]. Much of the efficiency
comes from the ability of BO to incorporate prior belief about the problem to help direct the
sampling, and to trade off exploration and exploitation of the search space [23].



III. MINIMISING DISTURBANCE INFORMATIVE PATH PLANNER

Our proposed Minimising Disturbance Informative Path Planner (MDIPP) uses Gaussian
process (GP) regression to model the predicted field from local, noisy observations. To
determine ‘informative’ sample locations, we use acquisition functions within a Bayesian
optimisation (BO) framework to balance the objectives of information gathering and
disturbance minimisation when determining the next best position to move to and take a new
observation. MDIPP maintains a binary ‘disturbance array’ over the environment. Each cell
within the grid is approximately the size of the robot's footprint. For the purpose of path
planning, the disturbed cells have a lower traversal cost of 0.1 compared to the undisturbed
cells which have a cost of 1. MDIPP creates an 8-connected grid cost map from these values
and uses A* over the resulting graph to plan and quantify the disturbance induced by travelling
through the environment to a target observation location. This cost is then incorporated into
the BO acquisition function for evaluating potential viewpoints.

Figure 1 gives an overview of MDIPP which also explains each section of the decision logic
in more detail. Disturbance minimisation is considered in two parts of our algorithm where it
has two distinct objectives. Including disturbance information in the acquisition function
influences the high-level decision of selecting the next most valuable observation location. In
the A* search path planner, the disturbance information sets the traversal costs, affecting low-
level decisions of how the robot will move to a viewpoint.
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Figure 1: Logic overview of MDIPP. 1) The current GP prediction of the field and disturbance array are passed into the BO,
which determines the next best viewpoint to move to based on the acquisition function (Section IlIA). 2) If the sampling budget
is not exceeded, this next viewpoint, along with the robot’s current position is passed to the path planner. 3) The path planner
for MDIPP uses A* search where the edge traversal costs are drawn from the disturbance array over the environment. 4)
After the robot reaches the next target observation location, it takes a new observation with its sensor and the disturbance
array is updated to reflect newly disturbed cells. 5) The GP prediction is updated with the new observation.

A. Acquisition Function

While a complete treatment of GP regression is beyond the scope of this work (interested
readers are referred to [24]), we briefly outline the process for consistent notation. GP
regression provides a tool for estimating an underlying function f(x): R™ — R based on
discrete, noisy observations y = f(x) + ¢, where € ~ N (0,02). The GP provides a posterior
distribution over functions, conditioned on the set of observations y, by relating the input points
of those observations X via a covariance function K (+). The resulting model can be queried to
provide the predictive likelihood f, (x,) at a location x, as a normal distribution,
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We use the common squared exponential covariance function, with fixed length scale and noise
hyperparameters learned by maximising marginal likelihood over a representative sample
dataset.

BO takes advantage of the probabilistic GP predictions via an acquisition function that balances
finding high values in the field (high estimated GP mean f,(x)), with uncertain places in the
field (high cov( f (x*))). Equation (4) shows the acquisition function used by MDIPP to
determine the next best viewpoint x* = argmax|fyp;pp(x)], where,

fupipp(X) = ﬁ(x) + Kgxp X 0, (f* (x)) — Kpisr X D(x). 4)
Kgxp and Kp;sr are the ‘exploration’ and ‘disturbance’ scaling factors and D(x) is the
disturbance cost for traversing to location x from the robot’s current position according to the
planned A* path over the disturbance cost map. These parameters strongly affect how MDIPP
behaves and it is important to identify which values of Kgxp and Kp;sr provide appropriate
scaling between the three terms for different applications.

B. Baseline Informative Path Planner (BIPP)

To provide an understanding of the effectiveness of MDIPP, we compare the performance
against a baseline planner, BIPP, which does not incorporate disturbance minimisation in its
planning. BIPP is very similar to MDIPP, except for two main differences. First, BIPP assumes
uniform edge traversal costs during the A* search (hence returning the shortest path on the
graph). Second, the BIPP acquisition function does not consider the number of disturbed cells,
effectively equivalent to MDIPPK},;gr = 0:

foipp(X) = ﬁ(x) + Kgxp X 0*(f*(x)). (5)
Comparing the performance of BIPP and MDIPP provides an ablation study on the impact of
including the disturbance minimisation components in our planner. It also reflects the current
state in IPP solutions, which do not consider the impact of the robot’s motion on the
environment when moving to take samples.

IV.  RESULTS
A. Trade-Off Between Exploration and Disturbance

To provide statistical results on each planner's performance, we first evaluated the two methods
on a set of simple simulated environments where the underlying ground truth field is generated
by sampling from a GP prior. The robot takes point observations to simulate taking
measurements with a ground penetrating radar (GPR) or a probe. Simulated robot observations
of the ground truth include additive Gaussian noise to emulate real-world sensor measurements,
and the robot motion is deterministic and assumed to travel in straight lines.

We performed a parameter sweep testing Kgyp values in a range of 0 to 20 with increments of
0.2, and Kp;sr values of {0,0.01,0.1, 0.5, 1}, since D(x) can be quite large compared to the
other terms motivating a smaller scaling factor. 20 trials (20 different environments) were
completed for each combination of values of K;xp and Kp;sr. The results after 15 observations
are shown in Figure 2a. The top plot displays the percentage of the environment that was



disturbed at the end of each run. The middle plot shows the root mean square error (RMSE) of
the final GP prediction, and the bottom plot shows the RMSE weighted by the absolute value
of the field, to help analyse the ability of the planner to accurately predict regions of high
concentration.
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Figure 2: Results from parameter experimentation for BIPP and MDIPP over 20 trials for the (a) full parameter sweep after
15 observations, and (b) intra-episode results over the 15 observations for Kgxp = 20. The solid lines represent the mean
values and the shaded area represents one standard deviation above/below the mean.

The results show that MDIPP disturbs less of the environment than BIPP and continues to
disturb less as Kj;sr increases. Even without accounting for the disturbance in the acquisition
function (Kp;sr = 0), MDIPP already reduces the disturbance to the environment by 48.6%.
This shows that our method of path planning over the disturbance cost map already meets our
objective of reducing environmental disturbance during exploration. As Kp;¢r increases, there
remains very little difference in the RMSE between the path planners (< 7%). Therefore, the
robot’s prediction of the environment does not suffer when incorporating this disturbance
minimisation objective. Furthermore, the results show that various combinations of
{Kpist,» Kgxp} lead to the same RMSE after 15 observations, with {0.5, 20} causing the least
disturbance.

B. Informative Path Planning (IPP) Performance within an Episode

We analysed the results after each observation for different Kgxp values, focusing on Kpxp =
20 due to similar trends across all cases. As shown in Figure 2b, MDIPP consistently caused
less environmental disturbance than BIPP across all Kj;¢r values, with an accuracy trade-off
only at the highest tested K¢y value of 1.

Additionally, we analysed the robot’s cumulative traversal distance (number of cells that the
robot travels between observation points — regardless of whether it has previously been
disturbed) for each observation as a proxy for time. The traversal distance for MDIPP was
similar to BIPP, with small Kp;¢r values resulting in almost identical cumulative traversal
distance, showing that MDIPP does not significantly increase travel distance despite
minimising disturbance. These results suggest that similar outcomes could be expected in larger
environments with adjusted Kpxp and Kj;sr values.

C. High-Fidelity Simulation Validation

As an initial step toward hardware validation we tested MDIPP in a high-fidelity lunar
simulation with a complete robot navigation stack [25]. The navigation stack has its own
integrated path planner for robot navigation including global planning and local obstacle
avoidance. To account for the differences in the planner architecture relative to the simple



simulation, we modified the main logic for BIPP and MDIPP for the high-fidelity simulation
environment. First, the true robot position is used to update the disturbance array and sample
observations to capture the localisation and motion planning differences that arise in real-world
deployment. Secondly, to minimise disturbance, MDIPP generally does not return the straight-
line path to the next sample point, instead it will prefer to reuse pathways. Thus, to integrate
with the high-fidelity planner, the computed MDIPP path is first decomposed into straight-line
segments and the resulting sequence of sub-waypoints are sent to the planner.

Preliminary trials were conducted for all pareto-front combination values, but the results
confirmed that Kpxp = 20 and Kj;sr = 0 yielded the best performance for our objectives. The
results from Figure 3a show that from the start there is a clear distinction between the
disturbance to the environment from BIPP and MDIPP. Furthermore, the accuracy remains
similar between both methods with consistent overlap between the truth-weighted RMSE in
the bottom-right plot. Finally, the cumulative time in the bottom-left plot also shows that the
results overlap for both methods even as the mean of the MDIPP cumulative time increases
with the number of observations.

Disturbance (%) vs No. Observations RMSE vs No. Observations Disturbance (%) vs No. Observations RMSE vs No. Observations

124 9;"0 -~ 2%
3 g o N
@ g i @ S
1o = g P 8104 .
Z & Z =3
> 20 y 2 2 ey
0s g pe 0s e
- 3 - T
e Ll as
05 2 - |
2o
T3 4367 85 bunn s I TP S S S S S B S R R RV T3 i:e7ssbnnnun I N S R S R N VI
Time (s) vs No. Observations Truth-Weighted RMSE vs No. Observations Time (s) vs No. Observations Truth-Weighted RMSE vs No. Observations
o Baseine o Boseine
1000 g 2 o e? o051 w0 4 o W isTe05)
E.
300 ]
- A Ei 600 B ol
0 R Sy z Ry
2 00 : 2 2 3
2 y 3N 00 + P S S
<=3=3
E w0 . | oz 4 g =
Pt el ~a -2 ] 3
" 0s -~ > g Sy
—a—T = e &
04— o
IERERE Hh L s IEREEREREE R T4 7 i3 hnnnun P B S S I B S R R SV
Number of Observations Number of Observations Number of Observations Number of Observations

Figure 3: Results over 15 observations for Kgxp = 20 and Kp;sr = 0.5 in (a) CSIRO's High-Fidelity Lunar Simulation over
5 trials, and (b) on hardware at CSIRO's Lunar Environment over 5 trials.

D. Hardware Validation

Our final results validate MDIPP on hardware at CSIRO’s lunar testbed in Queensland,
Australia in a mock planetary exploration mission. The purpose of the hardware testing was to
validate the binary representation of the disturbance compared to the physical disturbance of
the lunar testbed, and to demonstrate the system running in real time on-board a robot in a
representative environment. We used top-down views of the lunar testbed from an aerial drone
and compared it to the disturbed area from the computer-generated binary disturbance array
results. The lunar testbed was between trials so that track marks from the rover could clearly
be distinguished in the sand.

Five trials were conducted with each planner, using the same ground truth maps for both
planners. The quantitative results shown in Figure 3b are very similar to the high-fidelity
simulation results. Importantly, MDIPP still disturbs distinctly less of the environment than
BIPP while returning similarly accurate predictions.

To validate whether our binary representation accurately captures the true disturbance we
collected aerial infrared footage of the trials using a Mavic 2 drone. The videos were processed
using frame alignment and differencing to aggregate the robot movements and generate the
final images shown in Figure 4 and Figure 5 for BIPP and MDIPP, respectively.



There is significant alignment between the planner’s predicted disturbance and the actual
disturbance in the lunar testbed. Some regions that do not perfectly overlap, e.g. bottom-left
quadrant of Figure 4c, may be attributed to slight differences in the orientation of the computed
disturbance and the true disturbance, possibly due to variations in the drone’s positioning.
Nevertheless, the overall disturbance values were well-aligned in both cases.

Figure 4: BIPP disturbance comparison from hardware testing. (a) Top-down view of the computed binary disturbance. (b)
Top-down view of the drone footage of the disturbance. (c) Drone footage superimposed over the computed disturbance.
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Figure 5: MDIPP disturbance comparison from hardware testing. (a) Top-down view of the computed binary disturbance. (b)
Top-down view of the drone footage of the disturbance. (c) Drone footage superimposed over the computed disturbance.

V. FUTURE WORK AND CONCLUSIONS

This project proposed the Minimising Disturbance Informative Path Planner (MDIPP), which
selects and plans paths to observation points that minimise the robot’s disturbance to the
environment while accurately modelling the underlying field. By treating disturbance as a cost
map and planning paths using A* search, environmental disturbance is significantly decreased.

Since this is the first minimising disturbance informative path planner application for ground
robots, several key areas for further development have been identified. First, hardware testing
showed that the robot generates more disturbance when turning, which should be considered
in the planner. Second, adapting MDIPP for continuous observations would allow the robot to
dynamically adjust its path based on real-time data, although this would require updates to the
acquisition function logic and consideration of time delays to prevent excessive redirection.
Third, testing MDIPP with real-world sensor data, such as LIDAR or camera inputs, could help
assess its functionality across different sensing modalities, potentially requiring preprocessing
of sensor outputs and updating the underlying GP model for more complex sensor models.
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