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Abstract— Planetary exploration with mobile robots has re-
lied on scientist selection of sites for scientific observation and
sampling. Recent advancements in informative path planning
enable adaptive site selection; however, the underlying models of
information used in such planners remain limited. Integrating
physical process knowledge into these models can improve
predictive capability, provide richer estimates of the underlying
natural phenomena, and eventually allow for onboard analysis
of scientific hypotheses. These capabilities are demonstrated in
this work on a computationally synthesized distribution of lunar
volatiles by incorporating underlying scientific knowledge into
mapping with deep Gaussian process regression.

I. INTRODUCTION

Remote robotic exploration of non-terrestrial planetary
bodies has mainly proceeded with input from human op-
erators on the ground [1]. However, limitations such as
travel time and communications bandwidth preclude reliance
on ground operators for robotic operations in the outer
solar system and beyond [2]. Even on the moon and Mars,
awaiting instruction from the ground can prevent efficient
adjustment of sampling strategies as a result of incoming
information. Intelligent systems are capable of adapting to
novel observations, incorporating scientific hypotheses and
models, and distilling data into meaningful packets prior
to downlink to Earth; autonomy of this sort enables future
planetary exploration missions to the moon, Mars, and even
more distant destinations.

Informative path planning (IPP), which maximizes in-
formation gain based on a map of expected observations
and their associated uncertainties, has made progress in this
direction. While IPP is applicable for tasks ranging from ge-
ology and site surveying to environmental monitoring [3–5],
these planners tend to oversimplify the scientific information
available at each location by computing a single information-
theoretic metric, frequently entropy, from a basic spatial
model of observations. Some methods learn correlations or
links between variables [6,7], but the inclusion of scientific
information should be extended.

This work incorporates physical process models into rover
mapping and examines its specific application to lunar
volatiles prospecting. By drawing on physics-informed ma-
chine learning literature, for which there has been ample
development of methods that learn differential equations or
sensor models, this mapping approach expands the types of
scientifically-relevant information available for planning and
analysis [9,10]. The resulting models are more explainable
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Fig. 1: Diagram depicting the deep Gaussian process re-
gression model applied to lunar volatiles, based on the ice
favorability index [8]. Input variables include the illumi-
nation, surface age, and latitude, hidden variables are ice
depth and ice fraction, along with the source, capture, and
retention terms, and outputs are observations from a neutron
spectrometer system (NSS). The included equations are used
to develop mean functions for the corresponding layers of the
deep GP. Variables combined using the additive model are
log-transformed before and after combination.

than correlation-based or black-box methods and are capable
of providing predictions and uncertainty estimates of under-
lying natural phenomena in addition to sensor measurements.
This technique, termed physical process-informed mapping,
has been tested on data synthesized from geologic simula-
tion of the lunar surface and representing the distribution
of volatiles in lunar south polar regions. These experi-
ments demonstrate its applicability to a planetary exploration
scenario for which many upcoming robotic missions are
planned: NASA’s VIPER and Endurance rovers, Astrobotic’s
MoonRanger rover, and China’s Chang’e-7 [11–14].

II. METHODOLOGY

Physical process-informed mapping (PPIM) incorporates
physical knowledge into Gaussian process-based mapping for
mobile robot exploration. Data-driven approaches, namely
including process variables as inputs or additional outputs,
are relatively straightforward and have already been used
to model NSS observations in the Mojave desert [15,16]
and rainfall in Australia [6]. Architecture-based approaches
include hierarchical structures designed to integrating hy-
pothesized information into mapping [3], along with com-
binations of Gaussian processes and graphical models for
learning linkages between relevant variables [7]. The for-



Model NSS MAE (↓) Depth MAE (↓) Wt % MAE (↓)
Spatial Baseline 0.8374 – –
PV Baseline 1.8669 – –
Spatial + PV Baseline 0.8601 – –
MOGP Baseline 0.9448 – –
Simple Deep 0.4386 1.6260 0.0565
Simple Deep + LV Loss 0.4134 2.9709 0.0750
Full Deep 0.4540 1.8914 0.1080
Full Deep + LV Loss 0.4584 2.5425 0.0735

TABLE I: Mean absolute error over both NSS detectors, as well as for the depth and weight fraction, for each model.
Baselines are listed in the top panel while deep GP models are in the bottom panel.

mer, however, does not simultaneously estimate the entire
hierarchical model, while the latter learns structural con-
nections between variables but does not analyze specific
models proposed by science. This work uses deep Gaussian
processes to estimate a hierarchical model between variables
that integrates scientific knowledge, streamlining the model
into one larger structure that allows extraction of a variety
of key components for planning.

A. Deep Gaussian Processes

Deep Gaussian processes allow hierarchical modeling by
stacking multiple Gaussian processes into layers in a manner
similar to a neural network [17,18]. In addition to predicting
the observations associated with sampling locations or other
covariates, the deep GP hierarchical structure can enable
learning “hidden” variables corresponding to natural phe-
nomena. Unlike standard GP regression, deep GPs require
approximate inference due to the layering approach. Vari-
ational inference is used in this work, with inducing point
locations learned during training [17].

B. Application to Lunar Volatiles Mapping

Physical process-informed mapping can be applied to
lunar volatiles mapping by incorporating relevant physical
process variables, extending the GP regression architecture to
use deep GP models, and relying on a simulated calibration
curve linking the depth and weight fraction of ice to NSS
observations for a model-driven loss term. Incorporating
process variables in the data used to train the model is
a fairly straightforward data-driven approach, with the key
improvements made in this work stemming from the deep
GP structure and loss term.

Two deep GP architectures are tested, each with and
without the extra loss term (denoted with “+ LV Loss” when
used). The first architecture (“Simple Deep”) models the
NSS observations as a function of spatial locations with one
hidden layer of two nodes. The second architecture (“Full
Deep”, represented by Figure 1) relies on the ice favorability
index model from [8] to link illumination, age, and depth to
ice favorability, which is used as a proxy for weight fraction
in these tests.

The four combinations of deep architectures and loss terms
are tested against four baselines: a basic spatial Gaussian
process regression (the “Spatial Baseline”); a basic regres-
sion using process variable inputs only (“PV Baseline”);

a combination of the two (“Spatial+PV Baseline”); and
a multi-output model (“MOGP Baseline”)1 similar to the
model from [6]. This last model predicts NSS observations
along with the other process variables as covarying functions
of location. The baseline models are all trained using exact
inference. All models use the Matérn kernel with ν = 1.5
and constant means, except for the full deep GP models, for
which the mean functions are defined based on the equations
shown in Figure 1.

III. SIMULATING LUNAR VOLATILES DISTRIBUTIONS

The lunar south polar region is hypothesized to con-
tain subsurface and surficial volatiles such as water ice
in permanently shadowed regions due to consistently low
lighting angles, making it a particularly important target for
exploration missions for both lunar science and resource
prospecting [11]. As such, it is a compelling case study for
physical process-informed mapping. This work relies on a
simulation of lunar volatiles across geologic time scales (3.8
Gyr) to produce realistic “present day” maps of their depth
and weight fraction. This simulation iteratively adds craters
using a crater size-frequency distribution for the lunar south
polar region, which serves to both move regolith and deliver
volatiles, along with also simulating the effects of ballistic
hopping and impact gardening. The synthterrain soft-
ware is used to add craters and degrade the terrain over time
in a realistic manner [19], while the MoonPIES simulation
is used to deliver, move, and remove volatiles based on the
crater distribution. This latter simulation was edited to allow
for modeling an entire region instead of individual craters
[20]. Finally, a neutron spectrometer system (NSS), one of
the instruments designed to detect near-surface (within 1 m)
hydrogen, is also simulated based on a modeled instrument
calibration curve [11,13,21].

IV. EXPERIMENTS

Each model was learned using a 20 x 20 grid of obser-
vations sampled from one 200 m x 200 m map produced
by the lunar volatiles simulation described in Section III.
For all models, 1000 training iterations and a learning rate
of 0.01 was used. These tests show that the deep Gaus-
sian process models outperform the best baseline model,

1Since the NSS produces two values, technically all models are multi-
output in this work. The MOGP baseline adds output variables to the set.



Fig. 2: Map predictions from the four deep GP models models for NSS detector 1, depth, and weight fraction. The ground
truth for each value is shown on the left of each row. The predicted NSS map from the spatial baseline is included on the
right for comparison. For all maps, the color scale ranges from purple indicating low values to yellow indicating high values.

the spatial baseline, in terms of the mean absolute error
over all test data points and both NSS detectors (Table I).
Interestingly, the simplest baseline model outperformed the
other baselines, indicating that there are likely only weak
relationships between the process variables included and
the simulated NSS observations. The simple deep model
outperforms the full deep model in terms of mean absolute
error of the NSS observations, depth, and weight fraction,
which is intuitive given that this model is more flexible in
what it can learn; the full model has a more specific structure
that can be restrictive.

The strength of the deep models is exemplified in Figure 2,
which displays predicted values for one NSS detector,2 along
with the hidden layers corresponding to depth and weight
fraction. For models without the additional loss term, nothing
is explicitly driving the hidden layers to represent the depth
and weight fraction; however, the learned latent variables still
resemble the depth and weight fraction in terms of pattern.
Interestingly, the simple deep model seems to learn a more
correct representation for depth and weight fraction than the
model with the loss incorporated.

Using deep models in this manner allows extraction of the
distributions associated with depth and weight fraction, the
two natural quantities of interest. Distributional information
of these can allow an informative path planner to plan over
the uncertainty associated with the depth or weight fraction
rather than over the observational uncertainty. Richer models
like the full deep model can likewise provide distributional
information on specific aspects of scientific models (i.e. the
source, capture, and retention terms in this example). The

2The performance trends are very similar across both detectors.

deep GP models also tend to be better calibrated than the
baselines, exhibiting higher correlations between variance
and error (around 0.5-0.6 instead of around 0.04-0.1) [22].
This link is important for mobile robotic exploration since
uncertainty is frequently used to determine where to sample.

V. CONCLUSION

These results indicate that incorporating additional struc-
ture and knowledge of physical processes into Gaussian
process regression can provide a number of added benefits
for informative path planning. Such models not only improve
the predictive performance of the model, as evidenced by
lower mean absolute error of NSS observations, but they
are also capable of modeling quantities of interest that
are only indirectly sensed. This structure allows for more
adaptive choices of objective to be made when planning.
Finally, directly including physical model components into
the structure enables learning uncertainty associated with
these components, providing some sense of how useful they
are in analyzing the natural phenomena under study.

Additional experimentation is needed to vet this method-
ology, including further and more in-depth mapping exper-
iments to analyze the performance across multiple maps
and assess statistical significance in performance metrics. In
addition, the deep GP models take longer to train and for
prediction than the simple models. However, these models
remained trainable on a standard laptop CPU within 10
minutes; with the advent of increased compute on planetary
exploration robots [23], learning such models onboard is
likely possible in near-real-time. Additional improvements
are likely possible, including leveraging GPU computation
or sparse GP regression [24].
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