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Abstract

Planetary robots currently rely on signi cant guidance from expert human
operators. Science autonomy adds algorithms and methods for autonomous sci-
enti ¢ exploration to improve e ciency of discovery and overcome limited com-
munication bandwidth and delay bottlenecks. This research focuses on planning
trajectories for information gathering and choosing sampling locations that have
the most informative samples. We frame our exploration problem as a mapping
problem for spectroscopic data and explore the concept of using low spatial den-
sity and low spectral resolution remote data as an information prior. We utilize
a Gaussian Process regression model to fuse remote and in situ observations.
This allows us to improve our high-resolution predictions across an entire scene
without visiting all locations and compute an entropy map to guide exploration.
We propose performing informative path planning using ergodic trajectory op-
timization. We explore the e cacy of the ergodic Spectral Multi-scale Coverage
and ergodic Projection-based Trajectory Optimization algorithms. We demon-
strate our approach in simulated exploration with real spectroscopic data of
Cuprite, Nevada to highlight the advantages compared to traditional planning
strategies. We successfully display that the ergodic Projection-based Trajectory
Optimization planner outperforms all planners including state-of-the-art a non-
myopic Markov Decision Process based planner. We also explore how the plan-
ning horizon a ects planner performance, varying how often the entropy map
is updated and the remaining sample points re-planned. We demonstrate that
re-planning after every 1 sample does improve performance however a planning
horizon of 4 samples o ers a favorable balance between improved information
gathering and increased computation time.
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1 Introduction

Modern planetary robotic exploration is guided by scientists specifying the lo-
cations on a path that they believe will best address mission investigation ques-
tions. The path is formed from expert knowledge of the site and expectations
about where to gather scienti ¢ information. Scientists reinterpret their mea-
surements with growing contextual knowledge of the environment, so explo-
ration is characterized by a frequent reformulation and replanning throughout
the mission lifetime. Replanning occurs on large strategic scales, bypassing or
favoring geographic locales, as well as local tactical scales, to approach potential
new discoveries or to remain at an anomalous feature for additional measure-
ments. However, many exploration scenarios occur with low bandwidth and
high latency communication, leaving limited opportunities to revise exploration
plans.

This work describes an approach to overcome the communication bandwidth
and delay bottleneck in robotic exploration, where the command to the remote
explorer is based on an evolving model of the explored environment, rather than
a single prescribed route, enabling the robot to take more adaptive and e cient
actions based on real-time information, improving the rate and productivity
of discovery. By encoding belief of the spatial distribution of the information
content of a region, we can iteratively plan actions that will guide the robot
toward more information rich areas. Our context driven exploration strategy
draws inspiration from and captures the characteristics of geologic site survey.
Sample interpretations are sensitive to spatial relations. Rather than considering
each sample independently, eld scientists incorporate each new observation into

an evolving model of geologic formation.



Figure 1: Prototype planetary rover in Cuprite, Nevada exploring terrain to
classify and map geology. An on-board spectrometer measures ground spectra
to identify mineralogical composition.

1.1 Science Autonomy

Algorithms and methods for autonomous exploration and scienti ¢ measurement
by robotic agents falls under the label of Science Autonomy. In this work, we
are focusing on information gathering in the context of spectroscopic mapping,
which enables analysis and interpretation of material composition and physical
properties. Our objective is to discover the true state of some phenomena of
interest from the true spectral re ectance of a region. Therefore, the robotic ex-
plorer should collect observations that are most informative with respect to the
spatial model, the spectroscopic map. Exploration becomes an active learning
problem, where a data sample’s value is derived from the information content
it provides to the larger spectroscopic map.

Often regions of interest are studied via airborne or orbital remote instru-

ments prior to deploying an in situ robotic instrument. Remote sensing in-



struments often su er from low spatial density and low spectral resolution and
therefore robots are tasked with collection of high resolution data. We limit our
exploration to the common scenario where low resolution data is available for a
region prior to the deployment of the in situ robotic explorer. Ultimately the
goal is to integrate both types of measurements to reconstruct dense maps of
high resolution spectra without taking high resolution measurements of all map
locations. Therefore it is imperative to plan robot trajectories that contain the
most information to e ciently reconstruct spectroscopic maps. We demonstrate
the feasibility and successful performance of our high-level autonomy approach
via simulation investigations of real data from Cuprite, Nevada.

Our evaluation of the e cacy of our robot trajectories are based on com-
parison of reconstructed spectra with ground-truth high resolution real data
measurements. This performance metric, based on mapping accuracy, inher-
ently ignores some aspects of exploration problems. Novel feature detection is
disregarded, as the underlying phenomena to be mapped is prede ned. Also,

our formulation does not address the needle in a haystack problem.

1.2 Problem Formulation

Our speci ¢ formulation of this active exploration problem includes leveraging
prior data about a region of interest to guide autonomous robot exploration to
ultimately produce a high resolution spectroscopic map. Low spatial density and
low spectral resolution data provides signi cant information to guide our robot
exploration compared to no prior information (uniform prior). We encode the
spectroscopic data into a latent space Gaussian Process representation. Thus
we are able to reduce the dimensionality of in situ samples to the same number
of features as our prior data to integrate both information sources.

Our formulation of belief space representation, a Gaussian Process, is a con-



tinuous model which provides the advantage of not requiring discretization (or
arbitrary discretization) of the space to plan trajectories. Our contributions
therefore include the study of ergodic trajectory optimization to plan informa-
tive robot trajectories. Ergodic trajectory optimization allows for a continuous
information space and continuous arbitrary non-linear agent dynamics which
provide distinct advantages over previous methods. Often the map, belief space,
and agent dynamics are required to be discretized to employ search-based and
Markov Decision Process based trajectory planning. Continuous space plan-
ning provides the inherent bene t of allowing the robot to take samples not
represented in a grid, therefore favorably balancing exploration versus exploita-
tion. We will compare the performance of ergodic planning techniques with
baseline informative search techniques in terms of computation and the sample
e ciency of each trajectory. We will explore the usefulness and robustness of
ergodic Projection Based Trajectory Optimization (PTO) for users to balance
the relative cost of maximizing information gain and minimizing control e ort.
We also will explore the use performance of ergodic planners in a Model Pre-
dictive Control (MPC) framework to better understand how planning horizon
and re-planning a ects trajectory sample e ciency. We therefore contribute
methods for applying various ergodic trajectory optimization techniques for a
spectroscopic mapping application, implement the algorithms from scratch, per-
form simulated experiments on real data to interrogate the performance of the
ergodic techniques, and analyze results to make claims about the best uses of

ergodic trajectory optimization.



2 Spectroscopic Maps

In short, spectral signals allow us to infer what something is made of. The
spectral signature of a surface provides insight into its composition and subse-
quently its formation process. Planetary scientists use imaging spectrometers to
measure the light re ected from a surface at various wavelengths. The natural
process of material absorbing and re ecting light di erently at di erent wave-
lengths allows scientists to infer the composition of the target with a spectral
signal. The number of wavelengths an instrument measures with each sample is
referred to as the number of channels. More channels (i.e. more wavelengths)
allow greater insight into the spectral features of a spectra. Spectral features
are the signal shapes that allow scientists to infer composition from a signal.
Imaging spectrometer instruments are commonly deployed on spacecraft and
aircraft to map the spectral content of regions. Various instruments are de-
scribed in detail in Section 4.1.1 and Section 4.1.2. These remote measurements
lack in spatial and spectral resolution however, and are often insu cient to
planetary scientists to make con dent predictions of surface composition and
material distribution. Our method allows for in situ robotic explorers to lever-
age this prior low-resolution information to guide exploration. The in situ and
remote measurements can also me fused to better predict high-resolution spec-

tral signals throughout a scene.

2.1 Background
2.1.1 What is a Spectrum?

We refer to a series of re ectance values as a spectrum. Re ectance is a measure
of the electromagnetic energy present in the light re ected or scattered from
a surface at a particular wavelength. More photons present, yields a higher

re ectance measurement. A spectrum refers to a series of re ectance measure-
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Figure 2: Example of a normalized re ectance spectrum.

ments from the same source but at di erent wavelengths of light. A spectrum
captures a signi cant amount of information about the source. The pattern of
re ection and absorption bands allows scientists to derive information about the
chemistry and composition of a material from the light re ected from the ma-
terial. As photons enter a material, some are re ected from surfaces, some pass
through the surface, and some are absorbed. Those photons that are re ected
from surfaces or refracted through a particle are said to be scattered.

Spectra are measured using a variety of instruments but we will brie y dis-
cuss how one particular class of instruments works, the spectrometer. This
allows us to better understand the physical process of the taking measurements
and how that e ects the formulation of our trajectory planning problem. As you
might assume, the basic function of a spectrometer is to measure a spectrum.
That is, to take in re ected light from a target, break it into its spectral com-
ponents, and digitize the signal as a function of wavelength. Measurements are
normalized to compensate for changes in the incident light source, in our case
changes in sunlight conditions. Therefore, spectrometer measurements are taken

of a white reference material, which provide spectra with which to normalize



subsequent measurements with the same lighting conditions.

2.1.2 Hyperspectral Images

Our spectroscopic maps leverage the data structure of a hyperspectral image.
A hyperspectral image is like a standard RGB image, but instead of each pixel
containing an intensity value for three color channels there are more channels
that refer to speci ¢ wavelength bands and can also include wavelengths outside
of the visible spectrum. Instruments vary in terms of the number of wavelength
channels, the width of each wavelength band, and what part of the electro-
magnetic spectrum is covered. Di erent wavelengths are more informative for
detecting di erent materials and often the wavelength range used is chosen based
on estimates of material composition. The number of channels in each spectra
is referred to as the spectral resolution. Consequently, more channels provide
better insight into the true spectral signal and is therefore more informative in
identifying material composition. The spatial resolution of the hyperspectral
image, the physical distance measured by each pixel, is a function of instrument
optics and relative instrument and target positions. Imaging spectrometer in-
struments are often used in orbital, airborne, and ground-based settings. A
hyperspectral image from an instrument used on orbit will, on average, have a
lower spatial resolution than one from a ground-based instrument. The geome-
try of the position of the orbital instrument and the optics eld of view will yield
pixels that cover much larger physical regions than ground-based instrument.
It follows that there is a primary issue when using low spatial resolution data
to determine material composition. How can one identify the composition of a

target if its spectra contains a diversity of materials?






