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Abstract— Resource mapping and prospecting has become
the focus of a number of proposed planetary exploration
missions, particularly to locate water ice at the lunar south
pole. Mobile robots, which are employed for exploration tasks
in environments that are inaccessible to humans, collect the
information in such missions. In these scenarios, intelligent and
adaptive trajectory planning algorithms increase the accuracy
of the resulting resource map, along with the efficiency with
which information is gathered.

In this work, we use ergodic search to generate a mobile robot
trajectory that balances exploration and exploitation, while
simultaneously mapping the spatial distribution of a resource
by using Gaussian process regression with a spectral mixture
kernel. The spatial correlation structure learned via Gaussian
process regression informs the ergodic search about regions of
high information, as well as the frequency components that
appear in the map distribution. We call this method spectral
mixture ergodic search (SM-ES) and demonstrate how it learns
a map and updates the trajectory accordingly on three datasets:
synthetic maps, an ice favorability index map for the lunar
south polar region, and real mineral data from Cuprite, Nevada.

I. INTRODUCTION

Resource mapping is a crucial step towards using off-
world resources for future space missions. Understanding the
distribution of cold-trapped ice on the moon is listed as a high
priority for the Artemis program’s science goals, and NASA’s
Endurance seeks to characterize the geologic diversity across
the South Pole–Aitken basin [1,2]. Other nations have also
developed missions to the lunar south pole, such as China’s
Yutu-2 rover and India’s Pragyan [3,4]. Mobile exploration
robots are used to investigate extreme environments (space,
remote deserts, undersea, etc.) that are too dangerous or in-
accessible to humans—among other things, these robots can
be tasked with geologic and mineralogic surveying, search
and rescue, and radiological monitoring [5–8]. As a result,
recent focus among the planetary science community has
been on using robots for resource mapping and prospecting,
particularly for investigating the distribution of water ice in
the south polar region of the moon through programs such as
the European Space Agency’s PROSPECT payload, NASA’s
PRIME-1 experiment, NASA’s Volatiles Investigating Polar
Exploration Rover (VIPER) rover, and commercial ventures
such as Astrobotic’s MoonRanger [9–12]. Resource mapping
robots can also be deployed on other planetary bodies with
potential resources, such as on Mars or on asteroids [13,14].

In this work, Gaussian process regression is paired with
ergodic search to iteratively update a map and re-plan based
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Fig. 1: SM-ES iteratively learns the map and updates the
trajectory based on the frequencies found to best describe the
map’s spatial correlation structure. The ground truth map in
this example is a multimodal Gaussian, where blue indicates
higher information and white indicates lower information. An
initial ergodic trajectory (red) is planned based on predictions
generated from a low-resolution prior. After a sample is taken
along the trajectory, the map is updated, and the frequencies
from this new map are used to plan a new trajectory.

on the map updates in a manner that enables the adaptation
of the search hyperparameters. This process is demonstrated
in Figure 1, which displays the iterative operational cycle
in which frequencies learned from the map are used in the
trajectory optimization step, followed by map and frequency
updates based on new observations. Gaussian process re-
gression with a spectral mixture kernel is used for mapping
due to its ability to incorporate spatial correlations, enable
extrapolation to unobserved regions, and estimate frequen-
cies that best describe a map’s spatial correlation structure.
In addition, the predictive uncertainty from the GP model
represents the importance of sampling in a given region and
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is taken as the information distribution for use with ergodic
search. Ergodic search is used to plan paths that balance
exploration of regions with low information and exploitation
of areas with high information via frequency space analysis
of the map along with proposed trajectories [15]. Spectral
mixture ergodic search (SM-ES) links the frequencies used in
ergodic search to those found by the spectral mixture kernel
in order to enable iterative adaptation of the search algorithm
to the learned features of the map, leading to faster and more
adaptable planning. SM-ES has been tested in simulation as
well as with two real-world datasets: an ice favorability index
map for the lunar south polar region [16] and mineral maps
from Cuprite, Nevada [17].

II. BACKGROUND

Both Gaussian process-based mapping and ergodic search
have a history of use for information gathering and other
tasks similar to resource mapping. Gaussian process re-
gression has long been used to model quantities with spa-
tial and/or temporal correlations, such as temperature or
climate-ice sheet interactions [18,19]. Recent developments
in robotics have relied on this method for modeling infor-
mation distributions due to its ability to provide the out-of-
sample predictions and uncertainties required for informative
path planning [5,8]. Ergodic search, a search method that
leverages a known information distribution to plan trajecto-
ries, is capable of balancing exploration of the search domain
and exploitation of the available prior information to improve
performance for tasks such as information gathering and
disaster relief [20,21]. However, the two techniques have
mainly developed separately from one another.

A. Resource Mapping

Resource prospecting is a branch of geologic science
that involves searching for minerals or ores that can lead
to the location of mineral deposits [22]. Within resource
prospecting, which can include in situ sampling of subsurface
mineral content with a drill or other equipment, resource
mapping focuses on predicting the distribution of a resource
before such samples are taken to map out high-probability
regions for exploration [23]. The goal of resource mapping
is to explore different regions and take samples to identify or
confirm locations of interest for future resource prospecting.
As such, it can be formulated as an information gathering
task in which the gathered information becomes a map of
resource locations and/or quantities [24]. Many approaches
use remote sensing or expert information to generate resource
maps [25,26]; such maps are limited to low-resolution ob-
servations and do not incorporate spatial correlations.

Gaussian process regression, termed “kriging” in the geo-
statistics community, is a commonly-used alternative that
can model spatial correlations and extrapolate outside of
observed regions. This approach models the quantity of
interest as a function of 2D location with additive noise
and a Gaussian process (GP) prior parameterized by a mean
function and a kernel function [27]. In the context of resource
mapping, mineral prospectivity maps have relied on kriging

to interpolate geochemical or geophysical properties [23].
Robotic mapping methods have frequently used GPs to
model information distributions for informative path plan-
ning due to their ability to provide uncertainty estimates
[8,17].

B. Ergodic Search

Ergodic search is a method of trajectory optimization that
minimizes the ergodic metric: the difference between the
information observed along a proposed trajectory and the
information map being explored [15]. Ergodic trajectories
spend time in areas of the map proportional to the expected
amount of information there, thereby balancing exploitation
of regions with high information with exploration of regions
with low information [15], and have been shown to be effec-
tive for information gathering in a variety of settings [28–30].
Ergodic search has previously been paired with kernel-based
methods to extend it to arbitrary search domains [31] or to
increase computational efficiency [32].

While ergodic search is optimal under certain conditions
and assumptions, such as submodularity (in which repeated
measurements at a given location provide successively less
information), the basic method does not consider spatial cor-
relations present in the underlying information distribution
[33]. Moreover, the prior literature relies on static, prede-
termined hyperparameters in optimization, even for dynamic
information distributions [34]. Works that have incorporated
kernel methods do not focus on mapping information as a
region is explored. The current work addresses this gap in
the literature by adapting the set of frequencies to the search
domain as an information distribution is learned.

To our knowledge, no prior work attempts to mathemati-
cally pair robotic mapping with ergodic search such that the
mapping procedure learns parameters directly relevant to the
computation of the metric used in trajectory optimization. By
connecting the two in this way, the parameters of ergodic
search are made more adaptive to the spatial distribution
being learned. This extension also enables learning different
frequencies in different spatial dimensions, allowing the
trajectory optimization to use frequencies relevant to a given
dimension based on the spatial correlation structure of the
information distribution.

III. METHODOLOGY

Spectral mixture ergodic search (SM-ES) combines Gaus-
sian process-based map estimation and ergodic search by
iteratively updating the map and re-planning until the trajec-
tory length has been exhausted, following the steps shown
in Figure 1. The map is initialized using low-resolution prior
observations, with the learned frequencies and weights used
to inform ergodic search. The planning step then relies on
these parameters when optimizing the trajectory such that the
full trajectory minimizes the ergodic metric. After the robot
moves and takes an observation, the map is updated with
the new data, and the trajectory is re-optimized. Iteration
occurs until the robot has taken a pre-specified number of
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Fig. 2: SM-ES relies on the spectral mixture kernel, which
learns important frequencies for each input dimension for
modeling the spatial correlation structure of the data. In this
example, a spectral mixture kernel learned from one of the
synthetic data maps is decomposed into a Gaussian mixture
of frequencies in each spatial dimension. The kernel has
both low and high frequency components in the horizontal
dimension (red arrows in the bottom plot), indicating corre-
lations specific to certain distances. In the vertical dimension
(red interval in the left plot), this kernel exhibits only
low, overlapping frequency components—albeit with higher
variances—corresponding to a more steady, gradual decrease
in correlation with greater distance.

steps. Since we are using ergodic search in an information
gathering context, the distribution used for planning is the
uncertainty derived from the resource map as quantified by
the variance associated with the predicted map. For our
experiments, the map is initialized using a prior with low
spatial resolution to simulate orbital satellite data that would
likely be available for applications such as prospecting for
water on the moon or minerals on Mars.

A. Learning the Map

For this work, a resource map displays the probability
p that a resource is present at a given location x ∈
R2. To incorporate spatial correlations within the resource
map, Gaussian process regression is used to model p as
a function of location with a Gaussian process prior with
mean function m(x) and kernel function k(x,x′): p(x) ∼
GP (m(x), k(x,x′)). The resource map then becomes the
predicted probability p̂ at grid points across the search
domain based on the Gaussian process model.

In learning the map, noisy observations of the resource
probability yi = p(xi) + ε are made at locations xi for i ∈
{1, ..., N}. Given the training dataset (X,y) = {(xi, yi)}i

and a noise model ε ∼ N(0, σ2
n), the Gaussian process

regression model can predict the expected value and variance
of p at any query location x∗ according to the well-known
analytic equations shown in Equations 1a and 1b, with k =
k(x∗, X) and K = k(X,X) used to simplify the notation
[27]:

p̂(x∗) = m(x∗) + kT (K + σ2
nI)

−1(y −m(X)) (1a)

Var(p̂) = k(x∗,x∗)− kT (K + σ2
nI)

−1k (1b)

As the robot moves through a trajectory, more points are
added to the training dataset and the resource map is updated
to reflect the new information. The uncertainty associated
with the new resource map is computed using Equation 1b
and provided to the planner to re-plan the remainder of the
trajectory based on the new observation.

Two key design decisions for Gaussian process regression
are the choice of mean function m(x) and kernel function,
k(x,x′), along with any associated hyperparameters. The
mean function is frequently set to zero or a constant; we
use the latter in this work and learn the constant during the
optimization step. The kernel function k used in this work
is the spectral mixture kernel, which is the inverse Fourier
transform of a Gaussian mixture model (GMM) and has the
closed form shown in Equation 2 [35,36]:

k(d) =

Q∑
q=1

wq cos (2πd
Tµq)

M∏
m=1

exp (−2π2d2
mν(m)

q ) (2)

In this equation, d = x − x′ is the difference between
the two locations x and x′, Q is the number of mixture
components in the GMM, and M represents the dimen-
sionality of the input d (M = 2 for the 2-dimensional
maps used here). The hyperparameters of this kernel are
wq , µq , and νq , which represent the weight, mean vector,
and variance vector,1 respectively, of the qth component
of the Gaussian mixture. Since the GMM is defined in
the frequency domain, the mixture component means µq

represent frequencies estimated from the data, as shown in
Figure 2.

The spectral mixture kernel was chosen for a few reasons.
First, spectral mixture kernels are quite expressive and can
approximate any stationary kernel function (i.e. a kernel
that depends only on the distance between inputs d, which
includes common kernels such as the radial basis function
and Matérn kernels) to arbitrary precision, depending on
the number of GMM components [27,35]. As a result,
the spectral mixture kernel is more expressive and flexible
than standard kernels, hence its use for all of our tests.
Additionally, the mean frequency vectors µq and component
weights wq learned by the kernel are directly relevant to
ergodic search and are used by SM-ES in the computation
of the ergodic metric.

In our implementation, the mean function and kernel hy-
perparameters are optimized by maximizing the likelihood of

1The covariance matrices for the Gaussian mixture model components are
assumed to be diagonal with νq representing the diagonal elements [35].
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(a) 20-Frequency Synthetic Map (b) Ice Favorability Index (c) Opal Mineral Map

Fig. 3: Maps corresponding to each of the datasets used for experiments. The synthetic map (a) and Cuprite (Opal) map (c)
are example maps from datasets with 5 and 6 maps, respectively, all of which were used for experiments. The ice favorability
index (b) is the only map for that dataset.

the data using the Adam optimizer [37] and GPyTorch [38],
which contains an implementation of the spectral mixture
kernel. The frequencies are capped to 1/2r based on the
resolution of the predicted map r to avoid aliasing [39].
Exact inference is used for all maps; future work will address
incorporating approximate inference to avoid the scalability
issues associated with exact GP inference. Map updates are
performed after each step in the trajectory by adding the new
observation to the dataset and re-optimizing, starting with
the previous hyperparameter values. Based on initial testing
with the mapping method, the number of components used
by the spectral mixture kernel for map prediction is set to
10 for all experiments based on initial testing with this data.
Fewer than 10 results in maps with substantially higher map
error, while increasing the number of components beyond 10
results in a minimal error decrease but increase in training
and inference time.

B. Spectral Mixture Ergodic Search

Spectral mixture ergodic search (SM-ES) uses the standard
formulation of the ergodic metric but with frequencies and
weights that are learned from the map, as shown in Equa-
tion 3:

E(x(t)) =
Q∑

q=0

Λqwq||cq(x(t))− ϕq||2 (3)

The ergodic metric represents a weighted average of the
squared difference between the Fourier coefficients of the
map (ϕq) and those of the distribution representing the
time-averaged trajectory (cq(x(t)))—in simple terms, the
difference between the information in the map and what
information the trajectory expects to see [20]. The typical
approach to ergodic search uses a standard set of Q frequency
vectors across both spatial domains when computing the
Fourier coefficients [15,20]. By contrast, SM-ES relies on
frequencies learned from the map µq in the computation of
cq and ϕq , along with the corresponding weights wq , which
are used alongside the weights typically included in ergodic

search, Λq = (1+ ||µq||2)−3/2 for 2-dimensional trajectories
[21]. This combination of weights balances information from
the map in the form of wq with ergodic search’s standard bias
towards lower frequency information to promote exploration
and avoid high-frequency noise. The trajectory optimization
proceeds as a minimization of the ergodic metric subject to
dynamics constraints of the robot and boundary conditions.
This work assumes a forward-moving ground-based robot
with differential drive and optimizes the linear and angular
velocities. Soft constraints are imposed on the velocities with
a penalty that scales with the velocity magnitude, and a
boundary constraint that penalizes trajectories that leave the
map region. PyTorch’s Adam optimizer is used to learn the
robot controls subject to these constraints [37].

Standard ergodic search requires definition of frequencies
prior to learning map information; in practice, this is done
using all combinations across the same range of frequencies
in multiple dimensions. For example, a 2D ergodic search
trajectory using 10 frequencies per dimension relies on 100
frequency pairs. SM-ES, on the other hand, learns frequency
pairs from the map. When using 10 map components, only
10 pairs are learned, and these frequencies may be different
depending on the information in each dimension. Addition-
ally, these parameters change over time as the map is learned,
meaning that the SM-ES algorithm itself is able to adapt to
changes in the underlying map. Our version of the ergodic
search algorithm is loosely based on the implementation
of multi-objective ergodic search (MO-ES) [21], modified
to use PyTorch as the optimization framework and to use
frequency and weight inputs from the map. This ergodic
search implementation is available at https://github.
com/PlanetaryRobotics/ergodic-search.

IV. EXPERIMENTS

Spectral mixture ergodic search has been tested on syn-
thetic data and two real-world datasets: an ice favorability
map for the lunar south polar region and mineral maps of a
region near Cuprite, Nevada. Examples from each dataset
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(a) (b) (c) (d)

Fig. 4: Example from the Cuprite experiments for predicting the presence of the mineral opal. (a) The ground truth map
shows the probability that the mineral opal is present in a given location, along with the final trajectories generated by
the Greedy planner (indigo), MCTS (green), Prior ES (orange), and Baseline ES (magenta). (b) SM-ES initially has some
estimate of where the opal is from the low-resolution prior, but these regions lack detail. The initial SM-ES trajectory
(black) matches the Prior ES trajectory. (c) After 50 steps, the predicted map looks more similar to the ground truth and the
trajectory has shifted to explore additional regions. Red indicates the SM-ES trajectory taken prior to the current step, and
black indicates the planned SM-ES trajectory. (d) The final predicted map has higher frequency features and more closely
resembles the ground truth. The red trajectory is the completed SM-ES trajectory.

are shown in Figure 3. The synthetic data is used for
proof-of-concept, while the ice favorability map and Cuprite
experiments demonstrate applicability to real-world datasets
for resource mapping scenarios.

A. Datasets

1) Synthetic Maps: The synthetic dataset consists of five
resource probability maps that have been generated as mix-
tures of random noise with a range of specified frequencies,
with the simplest map combining 5 frequencies and the
most complicated combining 50. When generating the low-
resolution prior and samples from these synthetic maps,
Gaussian noise with a standard deviation of 0.02 percentage
points was added to simulate sensor noise. The ground truth
maps were created at a resolution of 0.05 m per pixel, with
a resolution of 10 m per pixel used for the prior and 1 m
per pixel used for the predicted map.

2) Ice Favorability Index: The ice favorability index (IFI)
map is included to represent a scenario similar to proposed
missions to the lunar south polar region to prospect for lunar
volatiles [9,12]. This map consists of an index indicating
favorable conditions for subsurface volatiles, computed based
on information such as the thermal environment of the
surroundings [16]. This map covers the lunar south polar
region from 80◦ S to 90◦ S latitude at a resolution of roughly
591 meters per pixel; for our experiments, the roughly 100
km x 100 km portion on either side of the south pole
was extracted to provide a region that was not prohibitively
large for exploration. The low-resolution prior was provided
at roughly 11 km per pixel, while the predicted map was
modeled at the same resolution as the ground truth.

3) Cuprite Mineral Maps: The Cuprite data consists of
six mineral maps processed from hyperspectral images taken
by the Next Generation Airborne Visible Infrared Imaging
Spectrometer (AVIRIS-NG) [17]. These maps represent the
probability that a mineral is present at a given location for six

different minerals and were generated from the underlying
hyperspectral images using a logistic regression classifier
trained on data from the USGS Spectral Library Version 7
[40,41]. A test region that covers roughly 0.5 sq km was
chosen from the larger images. The hyperspectral images
have a resolution of 3.9 m per pixel [17]; the low-resolution
prior was chosen to be 75 m per pixel and the predicted map
was generated at the full resolution of 3.9 m per pixel.

B. Comparison Methods
SM-ES is compared to five planning methods for all three

datasets. The first, the “Full Coverage” planner, provides a
trajectory with complete coverage over the map based on a
standard step size starting at one corner and ending at the
diagonally opposite one. This planner does not consider the
information content of the map but demonstrates a simple but
inefficient coverage method that will provide a lower bound
for performance in terms of map error. One full coverage
trajectory was completed per map with a step size designed
to get near 100 sampling points.

The other four planners are all informative path planners
since they plan over the information distribution:

• Greedy: One-step trajectory that samples the best
neighboring grid cell in an 8-connected grid after each
map update.

• Monte Carlo Tree Search (MCTS): Randomized grid
search based on an 8-connected grid with information
gain considered across ten planned future actions. Only
the first planned action is executed before re-planning
occurs.

• Prior Ergodic Search (Prior ES): Ergodic search
performed on the initial low-resolution prior without
trajectory re-planning.

• Baseline Ergodic Search (Baseline ES): Ergodic
search with the standard set of frequencies and weights
with trajectory re-planning after each map update.
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Planning Time (s) MAE (↓) Avg Var (↓) ∆MAE×10−5 (↓) ∆Var×10−5 (↓)
Synthetic Data

Full Coverage 6.08E-5 0.0169 0.0007 -106.0 -26.3
Greedy 0.0140 0.0756 0.0047 -44.7 -19.8
MCTS 0.0545 0.0698 0.0034 -50.6 -21.2
Prior ES 1.6609 0.0888 0.0042 -38.6 -24.7
Baseline ES 0.9615 0.0473 0.0024 -73.3 -22.2
SM-ES 0.6826 0.0639 0.0032 -56.0 -21.7

Ice Favorability Index Data
Full Coverage 5.13E-5 0.0925 0.0083 -28.73 -8.55
Greedy 0.015 0.1128 0.1090 -7.11 -4.92
MCTS 0.066 0.1124 0.0107 -7.50 -5.10
Prior ES 1.768 0.1063 0.0088 -15.11 -6.24
Baseline ES 1.257 0.1017 0.0085 -18.29 -7.38
SM-ES 1.396 0.0999 0.0063 -20.16 -9.88

Cuprite Data
Full Coverage 5.32E-5 0.1457 0.0089 -3.86 -3.21
Greedy 0.0150 0.1485 0.0085 -1.10 -3.73
MCTS 0.0659 0.1484 0.0080 -1.22 -4.31
Prior ES 2.1920 0.1477 0.0082 -2.72 -5.41
Baseline ES 1.1854 0.1466 0.0082 -3.25 -4.07
SM-ES 1.1152 0.1470 0.0078 -2.78 -4.23

TABLE I: Average performance metrics across all starting points and maps for each of the three datasets. Bold indicates
the lowest value for that metric in that dataset, across all planners except the full coverage planner.

The greedy and MCTS planners are included as alter-
natives to ergodic search that are commonly found in the
informative path planning literature [42]. The baseline er-
godic search method is included to show how the typical
set of frequencies and weights performs in comparison to
SM-ES. The prior ergodic search method is similar but only
incorporates the low-resolution prior information.

For all informative path planners, 50 random starting
locations were selected for each dataset. Each of the search
algorithms was run from these starting locations for 100
steps. The three ergodic search methods were given the
same parameters to ensure comparability, with optimization
ending after the ergodic metric dropped below 0.01 or 1000
iterations were reached.

C. Metrics

The primary metrics used to evaluate SM-ES are the mean
absolute error (MAE) of the final predicted resource map
and the average planning time per iteration. The former
measures the accuracy of the resource map as compared to
a ground truth map after exploration is complete, while the
latter measures efficiency of the planner. Secondary metrics
are also measured, consisting of the average variance of the
final resource map and the average decrease in MAE and
map variance over each trajectory step. The latter two metrics
can provide a sense of the rate at which a planner gathers
information when exploring, while the former provides a
sense of the uncertainty remaining after exploration.

V. RESULTS & DISCUSSION

Our experiments demonstrate that SM-ES exhibits perfor-
mance that is overall on par with other informative path plan-

ners, though baseline ergodic search tends to still produce
better overall accuracy metrics. Averages for all planners
and metrics are organized by dataset in Table I. Baseline
ergodic search achieves the lowest map error (aside from the
full coverage method used as a lower bound) for two out of
three maps, with SM-ES producing the lowest map error for
the ice favorability index—though this is not a statistically
significant difference (see Table II below).

The ergodic planners are all slower than the non-ergodic
planners (Greedy, MCTS, Full Coverage); however, the er-
godic planners account for robot dynamics in ways that the
latter do not, as can be seen in the example trajectories
in Figure 4. In this example, Greedy and MCTS produce
trajectories that step along the grid one pixel at a time and
can only make 45◦ or 90◦ turns at any given point. The
ergodic planners, on the other hand, are capable of producing
gentler curves and end up exploring more of the space. The
SM-ES trajectory also follows an interesting pattern: the
first trajectory is identical to the Prior ES trajectory, as is
expected, but as the robot explores, it progresses towards a
trajectory similar to the Baseline ES trajectory.

The remaining metrics exhibit similar trends. SM-ES
achieves the lowest final average map variance for two out
of three datasets, while Baseline ES performs the best in
terms of the average decrease in MAE. Prior ES exhibits
the greatest average decrease in map variance for two out
of three maps. However, the decreases in MAE and variance
from one iteration to the next are quite small (on the order of
10−5 to 10−4), so these differences are practically negligible.
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(a) Synthetic Maps (b) Ice Favorability Index (c) Cuprite Mineral Maps

Fig. 5: Box plots showing the final mean absolute error (MAE) for all starting points, for each of the three datasets. For the
synthetic maps and the Cuprite mineral maps, results are averaged over all maps included in the respective datasets.

A. Statistical Significance

Wilcoxon signed rank tests, chosen to avoid assuming nor-
mality of the distributions [43], were performed to compare
SM-ES to each of the other informative path planners on the
primary metrics (planning time and final map error). The re-
sults of each of these paired tests is shown in Table II. SM-ES
is statistically significantly faster than Prior ES on average
for all three datasets, and statistically significantly faster than
Baseline ES for two out of the three datasets. These results
are expected due to the fewer frequency components used in
the SM-ES trajectory optimization compared to the standard
ergodic search optimization. SM-ES also outperforms the
Greedy, MCTS, and Prior ES planners in terms of final map
error for two out of the three datasets. The Cuprite dataset
is the exception for the map error, while the ice favorability
index map is the exception for the planning time.

Planning Time (s) MAE
Synthetic Data

SM-ES vs. Greedy ✓
SM-ES vs. MCTS ✓
SM-ES vs. Baseline ES ✓
SM-ES vs. Prior ES ✓ ✓

Ice Favorability Index
SM-ES vs. Greedy ✓
SM-ES vs. MCTS ✓
SM-ES vs. Baseline ES
SM-ES vs. Prior ES ✓ ✓

Cuprite Data
SM-ES vs. Greedy
SM-ES vs. MCTS
SM-ES vs. Baseline ES ✓
SM-ES vs. Prior ES ✓

TABLE II: Check marks denote statistical significance at the
α = 0.05 level of SM-ES compared to the listed informative
planner and metric, using the one-sided Wilcoxon signed
rank test and corrected for multiple comparisons.

B. Map Error

Boxplots of the mean absolute error shown in Figure 5
demonstrate that SM-ES performs the best on the ice favor-

ability index data in terms of this metric, even outperforming
baseline ergodic search. Despite the lack of significance for
this comparison, the distribution of MAE statistics is tighter
for SM-ES than for baseline ergodic search. However, the
synthetic maps and Cuprite maps exhibit higher variation
in MAE for SM-ES. For the synthetic data, the SM-ES
distribution exhibits a variance similar to that of the greedy
or MCTS planners, while baseline ergodic search exhibits
better performance in this regard.

Further investigation of the map error indicates that the
mapping method seems to struggle with the Cuprite data
regardless of which planner was used. For this dataset, the
full coverage method exhibits a much higher final map error
that is similar to the other methods’ (see Table I). The
boxplots in Figure 5 exhibit this difference across the three
datasets: while the distributions for the synthetic maps and
the ice favorability index are noticeably different between
planners, the distributions for the Cuprite data are nearly the
same. Further investigation indicates that certain maps in the
Cuprite data are much more difficult for the method to learn
and are potentially contributing to the high map error and
variation in map error shown in Figure 5(c).

VI. CONCLUSION

Spectral mixture ergodic search (SM-ES) leverages Gaus-
sian process-based mapping techniques to learn the map
while also optimizing an ergodic trajectory over that map.
This iterative procedure is accomplished by use of the
spectral mixture kernel, which determines the frequencies
and weights that best describe the covariance structure of the
data and that are then used in ergodic search in place of the
usual set of frequencies and weights. This procedure enables
the search algorithm to adapt to new information from the
map and has been demonstrated on synthetic maps and real-
world datasets consisting of an ice favorability index for the
lunar south polar region and mineral maps from Cuprite,
Nevada. For two out of three datasets, SM-ES outperforms
other informative path planners except for baseline ergodic
search in terms of map prediction error, while being faster
than baseline ergodic search due to the more limited set of
frequencies on which it operates.
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