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Abstract

In general today's planetary exploration robots do notefrdeyond the previous day's imagery.
However, advances in autonomous navigation will soon petmaverses of multiple kilometers.

These long traverses present new challenges to scienasdrkploration. Rovers will travel over

their local horizon so that scientists will not be able tosfyetargets in advance. Moreover, energy
and time shortages will continue to limit the number of measients so that sampling density will
decrease as mobility improves. Finally, constraints onrmoomications bandwidth will preclude

transmitting most of the collected data. These issues thésguestion: is it possible to explore
ef ciently, with long traverses and sparse sampling, witheacri cing our understanding of the

visited terrain?

“Science autonomy” addresses the optimal sampling prolilewugh onboard data under-
standing. Pattern recognition, learning and planningrteldgies can enable robots to place instru-
ments and take measurements without human supervisioseThbots can autonomously choose
the most important features to observe and transmit.

This document argues that these agents should learn armltestplicture in the explored envi-
ronment. In other words, they must be mapmakers. We advacateelligent mappingapproach
in which onboard predictive models represent spatial giraqsimilarities from one locale to the
next) and cross-sensor structure (correlations betwegratit sensing scales). These models
guide the agent's exploration to informative areas whilaimizing redundant sampling.

The generative model allows us to formulate the exploratimblem in terms of established
principles of experimental design. Spatial experimengsgigh criteria guide exploration deci-
sions and suggest the best data products for downlink. Iniacddhe map itself functions as a
bandwidth-ef cient representation of data gathered dythre traverse.

This work bridges the gap between Bayesian experimentigme®mbotic mapping and their
application in autonomous sur cial geology. We developgrative data models that are appropri-
ate for geologic mapping and site survey by planetary rovafs present algorithms for learning
map parameters on the y and leveraging these contextua tmehoose optimal data collection
and return actions. Finally we implement and test adaptipéoeation schemes for kilometer-scale
site survey tasks.
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Chapter 1

Introduction

Since nature is too complex and varied to be explored at randihe] map is as
essential as observation and experiment to science'snuomgj development. - T. S.
Kuhn, The Structure of Scienti ¢ Revolutiofi]

Maps are as old as exploration. For each culture that venhagond the safety of the village we
nd some distinctive new map: an assembly of sticks to regmé®cean currents, a trail portrayed
by scratches in bark, or a coastline sculpted in miniatufeT@day the frontiers of exploration are
the planetary bodies of our solar system. Much of what we kaod/theorize about them is best
expressed by maps.

Maps are important to planetary scientists because the@aréve underlying structure of dis-
parate observations. Figure 1.1 (left) illustrates this.rblere a geologic map shows several square
kilometers of the Gusev crater region on Mars, identifyipgtal trends and boundaries that indi-
cate formative processes [3]. The map identi es regionsashbgeneity and change, suggesting
areas that warrant further exploration. The science mamoi€ 1.1 (right) shows individual rocks
within 10m of the Path nder mission landing site [4]. Its &e& radically different but its function
is similar: to represent spatial relationships among sinfigatures that reveal larger patterns and
imply richer scienti ¢ interpretations.

Mapmaking, as the discovery and representation of streiégtuspatial data, is a vital tool for
scientists and an apt metaphor for scienti ¢ exploratiorgeneral [1, 2]. Scientists seeking to
understand a remote environment do not evaluate indivigadilires in isolation but instead build
a holistic account of many measurements and their distoibub space. The map embodies this
process by situating each new observation in its relatiprishthe whole. Its coverage establishes
the area of exploration, and the features themselves dd@g@henomena and interrelationships
that the analysis will consider [5].

This document demonstrates that autonomous explorersgantalso be mapmakers. Ex-
plorer robots performing site survey face signi cant reseuconstraints; they must characterize
large remote environments using very few observations.o@rmbscience maps form a framework
by which these agents can learn, represent and exploit thetgte of their environment to ex-

1
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Figure 1.1: Left: A portion of the Gusev crater region on Mar$ie colors and markings in this
geologic map indicate predicted units of different surfacaterial. Image courtesy USGS [3].
Right: Rocks at the Path nder landing site. Circle diamgtadicate rock sizes. Shaded areas are
unobserved due to occlusion. Image from Haldemann and Gulkri#].

plore more ef ciently. Mapmaker agents can leverage trand®llected data to guide navigation,
identify informative features for measurement, and miagmiedundant science observations.

1.1 The Remote Exploration Problem

The investigation into autonomous mapmaking is motivateddmtinuing improvements in space-
craft lifespan and mobility. The recent history of Mars exption exempli es this trend (Figure
1.2). The immobile Viking lander preceded the 1997 Pathmassion that could travel within
the eld of view of the landing craft. By 2003 the Mars Explticm Rovers could travel tens of
meters per day. The Mars Science Laboratory will build ors¢henprovements with power and
size to travel even greater distances. These rover misg@rerally travel within the terrain visible
from the previous day's imagery.

New navigation technologies permit even longer singldecyaverses of multiple kilometers.
Recent tests have demonstrated robust kilometer-scalgatiaw at terrestrial analog sites [6, 7].
This portends a future generation of rovers that surpassisitde horizon on a single command,
surveying terrain beyond what scientists have yet seen. denthe-horizon operational modes
will allow rovers to characterize large terrain areas arsit vhultiple geologic units [8]. They
promise signi cant improvements in our understanding ofrdand the other planetary bodies of
the solar system.

However, even as traverse distances increase, roversamghenergy for taking measurements
will remain mostly constant [9, 10]. In other words, robotayrbe able to survey large areas but
they must still characterize the environment using justva ddservations. Most of the terrain
they visit may never be seen by humans. The survivabilityedrconcerns of the traditional lander
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single site multiple-site over-the-horizon

Figure 1.2: Operational modes for past and future Mars soaer constrained by platform mobility.
Improvements in autonomous navigation will soon permit oger-the-horizon traverse strategies
in which rovers travel many kilometers in a single commancley

model, e.g. “how do we get there safely?” are complicateddwy mesource allocation challenges of
mobile exploration: “where should we go?” and “what sitesudti we measure?” The long term
trend in exploration missions show a steady advance froritabrlgbys to stationary landers to
survivable, mobile platforms [11]. Planetary exploratisrentering a new era in which missions'
science yield is determined not just by the instruments wedsploy but also by our ability to
allocate scarce data collection resources [10].

The communications downlink to Earth is another signi caggource bottleneck. Figure 1.3
shows projected data transfer requirements of future NAg#loeation missions. The current
capabilities of the Deep Space Network (DSN) are inadeqiaatthe projected volume of data.
Even with “best-case” DSN upgrades, improvements in dagaisition and traverse length will
continue to outpace bandwidth [11, 10, 9]. Therefore onlamdful of the potential collected data
products can be transmitted to scientists. Bandwidth dimliteady dominate science operations by
the Mars Exploration Rovers; these platforms can now gd#tnenore data than the daily downlink
can accommodate [12]. Bandwidth concerns in uence missevren to the design stage where
presumed bottlenecks exclude valuable instruments ldge-resolution cameras. Ultimately, time,
energy and bandwidth constraints are not simply mattersgfeg or of improving the performance
of an otherwise operable system. Rather, ef cient resoatlmeation is a fundamental enabling
technology — a basic requirement for the next generationsifuments and operational modes.

The challenges of resource-constrained exploration hazgex interest in onboard data analy-
sis. Agents that understand the science content of calletztta can adapt their behavior to explore
more ef ciently. They can recognize signi cant new scierfeatures and deploy sensors oppor-
tunistically. They can adapt to observed data, changing éxploration path on the y to validate
new trends or focus on sites that prove unusually intergsfiithey can selectively target the most
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Figure 1.3: Projected requirements for data transmissiothe Deep Space Network in future
exploration missions. Image from [11].

time-expensive instruments. Finally, at the end of the camoincycle they can make intelligent
decisions about what data products to include in the dowmdirEarth. Current rovers spend much
of their time waiting for the next communications opportyniln contrast, autonomous scientist
agents could explore continuously in order to better @itlzeir nite operational lifespans.

Improvements in ight-ready computers suggest that imptbwnboard data understanding
will be feasible for ight hardware. The performance of ratibn-hardened electronics required
for space ight lags behind terrestrial processors, butdtie strong evidence that ight hardware
follows a similar “Moore's Law” development trend [13]. Eapolating from the previous 20
years, ight hardware designers expect commensurate inegpnents in computing resources such
as processor cycles, volatile and nonvolatile memory [IB}signers can exploit these improve-
ments with more sophisticated autonomous data analyatsng computation for the time, energy,
and bandwidth resources whose development follows morsecaative trends.

Researchers have responded to this opportunity with a vaigger of autonomous science sys-
tems. The simplest involve new software modules or pro@sltirat serve singular well-de ned
objectives like automatic instrument placement [14, 18}thlese cases it is easy to identify appro-
priate behaviors, de ne the system's role with respect tesiin goals, and determine when it is
functioning properly. At the opposite extreme, researstsgreculate about a “robot geologist on
Mars” that replicates some behavior of a human eld geoloffi6, 17]. Validation strategies for
these more exible autonomy systems are still unclear.

This work will focus on a case study involving geologic site&y by a surface rover. Here
the issue of science value is already quite complicatedn Been a survey's goals are enumerable
(using suitably vague language), it may be impossible toestte value of particular data products.
Scientists often change opinions about old data in lightest wbservations, methodologies, and
even social factors [1]. They can only consider a small halnof working theories out of the
in nite range of possible explanations for observations ttey can never say with certainty that
some new data product is irrelevant. Indeed, scientisenaftsagree over the value of collected
datasets [18].
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These factors lead many to conclude that the only true stdridadata’s value is a subjective
consensus of the community [1]. In light of this ambiguitgwhdo we specify appropriate data
collection and transmission during autonomous site supmgrations? Or more broadly, how
can we quantify science value for autonomous resourceatitot? Our solution is to restrict our
de nition of “science value,” addressing a limited classsiié survey tasks for which we can de ne
speci ¢ quanti able science goals.

1.2 Intelligent Mapping for Site Survey

We formulate exploration asm@apping problenguided by principles of spatial experimental de-
sign. Our objective is to discover the true state of the emvirent — to make a spatial model,
or map, that reveals the ground-truth at the site with rdsfgesome prede ned phenomena of
interest. It follows that the agent should collect and tnaih®bservations that are most informative
with respect to the spatial model. Exploration reduces tadiive learning problem where data's
value derives from the information it provides about the mBRgmote scientists' reconstruction
of the ground-truth phenomena from returned data compaiseasbjective standard to evaluate the
ef cacy of remote exploration.

Of course, a performance standard based on mapping acdgracgs some aspects of remote
exploration. Since the phenomena to be mapped are predeveatisregard the potential of novel
features to inspire new interpretations or completelylidede the model. In addition, our objective
cannot account for situations in which scientists are $@agadn “treasure hunt” fashion for a single
highly-desirable feature.

However, exploration-as-mapping does capture fundarhehtxacteristics of geologic site
survey. First, geologic samples' interpretations are iigago spatial context. Rather than con-
sider each sample independently, eld scientists incaf@meach new observation into an evolving
narrative of formation and alteration processes. Thisskiolinterpretation involves large-scale
spatial phenomena and the physical context of each samgéséntial. For example, a single rock
sample might be uninformative or revolutionary dependingtlee location at which it is found.
It follows that robots performing site survey should représhe spatial structure of the explored
environment. The model should capture phenomena like g&olmits, borders and the general
tendency toward spatial continuity in neighboring locasigFigure 1.4). By representing samples'
locations in a map, the rover can capture this structure datify regions of homogeneity and
change. Sampling and transmission decisions can adapi@fgiely to any spatial anomalies.

In addition, geologic interpretations are dependent omecaprovided by other sensing modes.
Rather than considering only visual features, or composli cues derived from spectroscopy,
geologists' interpretations incorporate data from marmysees and multiple scales. A single site
survey might considein situ visual inspection, but also eld and laboratory spectrgscand
large-area remote sensing data. It follows that the exfioraagent's map must also represent
cross-sensor relationships in the data. It should perrfetemce between orbital and surface data
products. By incorporating these dependencies into theemad ensure that information value
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Figure 1.4: A typical MER panorama shows an environment wigimi cant spatial trends and
structure. Image courtesy NASA JPL / Caltech / Cornell.

judgments re ect the actual utility of a data product as jeddpy human geologists.

Ultimately we nd that the mapping metaphor is a good match rfmst site survey tasks.
Moreover, it distills a nebulous question of science valuehe concrete issues of choosing the
phenomena of interest and an appropriate statistical nmretiglng them to observations. It yields
a clear division of labor between the scientist users (whmsh the phenomena of interest and
devise a spatial model) and the remote agent (that tries anéstitally to reduce uncertainty over
free parameters). We advocate a strategy in which the agamd model parameters on the y
and exploits predictions from previous data to inform ani@ptxploration decisions. The onboard
model makes predictions about unobserved locations, sceseride our approach with the term
intelligent mapping

To summarize, our strategy treats exploration as adaptjwerenental design with a predictive
map that can incorporate multiple sensors and scales. Tér barns this model on the y and
uses it to compute the probability of new observations atlickte locations in the explored or
unexplored space. The map can represent spatial strustordafities from one locale to the next
- Figure 1.5 left) and inter-sensor structure (correlaibetween different sensing modes - Figure
1.5 right). Optimal data collection actions maximize anexxpental design criterion: in general,
the expected information gain with respect to the map patemmef interest. We maximize this
reward subject to cost penalties for collecting data or bargstraints on the allowable observations.
A similar criterion identi es the most informative data phacts for downlink to scientists.

Intelligent maps offer both theoretical and practical adages for site survey. The predictive
model lets us quantify science value in terms of experim@gtsign principles so that preferred ac-
tions follow logically from the variables of interest, priobservations and modeling assumptions.
It promises testable performance improvements relativedpping strategies based on coverage
metrics. Maps alleviate resource bottlenecks by improwrgloration robots' ability to collect
science data autonomously. Maps can identify high valuifes for opportunistic data collection
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Figure 1.5: Left: A cartoon illustration of cross-sensdienence. A surface rover considering a
new measurement can infer likely observations by explpildarned correlations with preexisting
orbital images. Right: A rover uses spatial inference, fegimg the continuity among neighbors
to identify redundant samples.

and guide the explorer adaptively toward informative aredsthe end of the command cycle,
the map helps the agent select the best data products femntisgion to Earth. The map itself is
a valuable data product; it summarizes hundreds or thogsainigatures in a highly compressed
form. For a given resource budget, intelligent maps candawgpthe delity of the onboard map

and the reconstruction inferred by remote scientists. Weeate the following conclusion:

Autonomous mapping of science phenomena can bene t reiit@tisvey under resource constraints.

We support this thesis with experiments demonstratingigpsite survey tasks in which au-
tonomous maps of science phenomena improve performancederUimese circumstances, gen-
erative spatial models — and mapping more generally — bemartote investigations.

First, we show new map-based data products that are infmenatandwidth-ef cient descrip-
tions of long traverses. We enable this operations scematipdetection and classi cation tech-
nigues for identifying geologic features of interest, agddemonstrating tracking of multiple fea-
tures to form maps of features' distributions. This shoveg thapping discrete science phenomena
autonomously is feasible for real-time traverse. Ultimateese maps can provide more informa-
tive descriptions of the environment for a given bandwidtbveance.

Additionally, we show how adaptive decision making basegmadictive spatial models can
improve reconstructions of the ground-truth science phema. We present generative models
of spatial data that synthesize observations from imagdspactroscopy, and devise algorithms
for computing favorable data collection and transmissiotioas based on these models. Then,
we test a rover exploration system where the remote agemisi¢his map of the environment on
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the y. Experiments demonstrate improved reconstructibground-truth measurements based on
the returned data products. This work demonstrates pieglictapping for autonomous geology
applications, and validates it as a method for more gengpdration problems.

1.3 Contributions

The thesis will demonstrate adaptive data collection bywdoreomous remote explorer, showing
that automatic feature detection and instrument targesimgpssible for long traverse site survey
operations. Here we describe a rover system using a commstnuriment designed for geologic
eld work - a Visible Near-Infrared (VIS/NIR) re ectance sgtrometer. The rover is capable
of detecting rocks in the environment and collecting sgdatreasurements from distant targets
without any human intervention. The rover can resolve theespondence problem to identify
unique rocks and locate their absolute positions in a mapeé&kplored environment. The result
is a novel data product — the “spectrometer pro le” — reletvém exploration plans that mix
autonomous and scripted activities.

The thesis will re ne existing spatial models to make themevant to planetary site survey ap-
plications. We pay special attention to a classic model filoengeostatistics literature: the Kriging
model, also known as a Gaussian process [19, 20]. We preseltations of the classic Gaussian
process formulation to take advantage of the spatial argsesensor correlations in geologic site
survey, and present ef cient methods for learning theirapagters on the y. In addition we will
evaluate the delity of various models for mapping geologienomena in eld data consisting of
both surface and orbital measurements.

The Gaussian process describes similarity relationshépsden different locations in the ex-
plored environment. By formalizing the adaptive explaratproblem in terms of active learning,
we demonstrate how these relationships (the “covariamaetste”) in uence the agent's adaptive
sampling and return behavior. This favors different sangptitrategies based on prior assumptions
about the model, the environment itself, and the delity e&ture detection. In this manner we
unify a wide range of existing heuristic approaches to renexiploration. Ad hoc strategies like
periodic and representative sampling, boundary follovang coverage patterns, are revealed to
be special cases of our broader formulation. The heurisdthads imply speci c, testable as-
sumptions about the explored environment and the delitthefagent's onboard data analysis. By
formalizing them we create guidelines for the applicatibsuch heuristics in future systems.

We show how adaptive exploration can affect exploratiorcieihcy in eld conditions. A series
of tests at Amboy Crater, California demonstrate intetliigmaps for kilometer-scale site survey by
a mobile rover platform. Here the robot constructs geologéps automatically based on remote
sensing data and surface measurements from a Visible Nieardd (VIS/NIR) Spectrometer. To
our knowledge, the Amboy experiments yield the rst reatéi autonomously constructed geo-
logic sur cial maps. Our approach introduces geologic magusing multiscale data, as well as
ef cient on-line learning of spatial and cross-sensor etations.

Finally, we present a novel approach to selective datarmmeson that leverages the intelligent



1.4. THESIS OVERVIEW 9

map to produce informative downlinks even when the agentaaexplicitly detect the features
of scienti ¢ interest. The use of “proxy features” subsunaesange of heuristic alternatives that
prevail in contemporary science autonomy literature.

1.4 Thesis Overview

There are three conceptual components implicit in the desligin intelligent map system (Figure
1.6). TheFeature detection and classi catiocomponent detects discrete semantically-meaningful
science features in raw input data. The second componengptitial model is a keystone of
the intelligent map approach. It describes spatial andsesessor relationships between science
features and permits inference about unobserved locatiinally, theaction selectiocomponent
leverages model inference to improve data collection aatstmission decisions.

There are several reasons we bother with this tripartiterg#®n. Conventionally each stage
employs a distinct set of tools, such as computer vision atbm recognition for feature detec-
tion and planning for action selection. These componertesys may be designed and evaluated
separately. Another reason for the three-part descrifigidime convention of the data product (i.e.
individual image or spectrum) as the basic element of ctédata. Data products are sched-
uled, collected, and transmitted as atomic units; they amally encoded as independent les in
the rover's computer. This suggests a natural distinctietwben the feature detection stage that
analyzes data products independently, the modeling stadgeliscovers relationships between sets
of data products, and action selection that supervisesatmh of new data products. In this work
we will treat the components separately whenever such sidivis reasonable.

Chapter 2 introduces the feature detection and classonatbomponent, with special focus on
the issue of rock detection. We will review previous workhe tirea and present a new method for
rock detection that facilitates real-time recognition @fks by a rover in eld terrain and lighting
conditions. Finally, we will leverage rock detection toiféiate automatic spectra collection. The
result is a real-time map of rock spectra encountered duaritngverse.

Chapter 3 discusses spatial models, moving from charairtgrindependent features to mod-
eling whole environments. We describe Gaussian proces&lmau greater detail and evaluate
their effectiveness at modeling synthetic and eld data.

Chapter 4 deals with action selection. We begin by discgd$ia issues associated with quan
tifying samples' science value. We review heuristic styae like periodic sampling and more
complex adaptive strategies based on set preferences fanchation gain metrics. We propose
the use of data collection criteria based on principles ffrmation theory. Finally, we present
Amboy Crater experiments demonstrating informationivlata collection in the eld. A rover
exploring under time constraints demonstrates adapavetse planning in response to orbital data
and in-situ spectroscopy.

These preliminary investigations presume that the aggaysithe same perception capability
as the scientist. Chapter 5 describes selective data rieturare realistic remote science scenarios
where arti cial agent has an incomplete or noisy view of acie phenomena. We address the
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Figure 1.6: Three components of the proposed system foogiedite survey.

discrepancy with expliciproxy features— correlated, noisy observations that stand in for the
science content of interest. Here, the intelligent map pisragents to identify favorable downlink
transmissions without detecting science content directly

Finally, chapter 6 closes with a discussion of other appbéoa of the intelligent map approach
and suggests domain areas for future research.



Chapter 2

Feature Detection and Classi cation

Another precept is that everything relating both to bodes artues in nature be set
forth (as far as may be) numbered, weighed, measured, de Rdeéfrancis Bacon,
Preparative toward a Natural and Experimental Histpfy620 [21]

The rst stage of an intelligent mapping system recognizissréte features of interest in the
explored environment. THeature detectiosstep analyzes raw instrument data to identify discrete,
semantically-meaningful science phenomena. Featureta®iecan contribute in several ways to
the science return of a command cycle. The map of featumd§ dtanstitutes a bandwidth-ef cient
summary of the traverse — a more complete description ofriiie@ment than might be gleaned
from sparse subsets of the raw data products. Moreoverubedhe features become atomic
elements of the map, feature detection facilitates theéadpabdels that are central to our adaptive
resource allocation.

Figure 2.1 portrays feature detection's place in the broadelligent mapping approach. The
component analyzes raw data products and produces a listpfaifeatures along with associated
positions and geologic attributes. Mapping these scieratufes poses several technical chal-
lenges. The most interesting phenomena are invariablyesuping at the limits of detectability.
Thus, detecting these science features in the rst placedi$ @lt pattern recognition problem
In addition, the agent must also localize detected featpingsically in the environment. This re-
quires solving a tracking azorrespondence problerthe agent must recognize repeat instances of
features that it has seen previously. The agent must sabemsor fusion problerof associating
data from multiple sensors. Finally, the agent may needdogss this raw data to derive a science
interpretation. For example, it could interpret spectrariher to infer a rock’s origins and material
composition. This constitutescéassi cation problemin which the agent categorizes features using
their associated attributes.

Here we demonstrate a rover system that exhibits these &iondl capabilities. Our objective
is to demonstrate the feasibility of feature detection aladst cation for geologic site survey
on a eld platform. We focus on a speci ¢ case study involvingapping rocks during geologic
site survey. We demonstrate a rover performing autonomeatsiife detection and classi cation

11
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using image analysis, targeting rocks for further analystk a visible Near-Infrared (VIS/NIR)
Spectrometer.

tracking and
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fusion

Feature detection Spatial Action
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features,
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o jec?t geologic attributes e ld
detection classification
Navigation, ==
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Spectra

Figure 2.1: Feature detection and classi cation invohgeEnitifying and classifying unique science
features of the explored environment.

We will begin by surveying previous work in autonomous rogeplogy, with speci ¢ focus
on the example of rock detection and classi cation. Presioesearch has produced wide range
of previous rock detection methods with distinctive perfance characteristics. We will present a
new method for rock detection in images: an illuminationsséve method based on modi cations
to the classic “Viola-Jones” object recognition strateye will evaluate its performance against
other real-time rock detection algorithms, showing thaixhibits performance that is competitive
with contemporary alternatives.

Next, eld tests will integrate rock detection with autonous targeting of a Visible Near-
Infrared Spectrometer. We present a new operational modspegtrometer transect pro le” that
resolves the data fusion and correspondence problemsilitafacautonomous mapping involving
dozens of target features. The spectroscopy system demat@ssthe ability to detect, place, and
classify large numbers of features on the y. Compared wittvpus efforts, it offers signi cant
improvements in the quantity of spectra collected per umiét

2.1 Previous Work in Geologic Feature Detection and Classcation

During the last decade onboard geologic data analysis luhgeehvfrom a hypothetical possibility
into a ight-proven strategy for improving science datauret Tests have validated automatic
science data analysis against ever-larger datasets; hatbgastudies and actual missions have
shown improvements in returned data's science value.
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Figure 2.2: Rocks' diverse textures, variable morpholsgand directional illumination all com-
plicate the segmentation problem. Local cues are insufitieeal borders are often weak (a),
while the rocks themselves are non-uniform with false inteborders (b). Image from the Mars
Exploration Rover “Spirit,” courtesy of NASA / JPL CalteciCbrnell.

2.1.1 Previous Work in Geologic Feature Detection

In 1999 Gulicket al conducted tests of the “Marsokhod” rover at Silver Lake jfGaiia. Analyz-
ing the data from these images, they broached issues sueeaive collection and return that
would pervade future science autonomy efforts [22, 9]. Témearchers recognized that mobile
autonomous rovers would bene t from onboard data undedatgn They deferred the issues of
appropriate science value functions and focused insteddeomitial problem of geologic feature
detection in images.

The Marsokhod tests demonstrate autonomous detectiomesf fipeci ¢ features of geologic
interest: horizons, layers, and rocks. Horizon detectiaisiful for geology because a rover could
exclude the sky from its terrain analysis routines. In addijtit could selectively compress the sky
at a higher rate for bandwidth savings. The Marsokhod horidstector uses an adaptive contour
algorithm, similar to the classic “snakes” method for camtmlenti cation, that relaxes an initial
guess in order to minimize an energy function. Over sevéeahtions the relaxation aligns the
detected horizon to edge pixels in the image.

The Marsokhod tests also demonstrate detection of lay@mingck strata. Layers are signif-
icant because they suggest geologic history; it follows itmages containing layering are likely
to be especially interesting to scientists. The Marsoklagéd detector relies on an edge detection
procedure followed by the identi cation of parallel lingsthe image. Filtering operations recover
contiguous regions with a common edge orientation.

Rock detection deserves special attention. The identocabf observed rocks is an important
task in geologic interpretation of a site. Rocks are paldityl informative features: their shapes
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Figure 2.3: Rock detection on a Mars Exploration Rover Panicaage using the Marsokhod al-
gorithm. The algorithm identi es points on the terminatimes between shaded and sunlit portions
of the rock. Image from Thompson and Castafio [24]

carry information about physical processes in the envireminand they are useful as targets for
spectroscopic analysis. They are pervasive in planetgrlomation environments. They are also
a useful test case for developing and testing science amyginas discrete targets, rocks offer a
well-de ned detection and classi cation task that sim@s validation.

Segmenting rocks is dif cult because they are non-unifortimeir texture, color and albedo
varies across their surfaces and from one rock to the ne}t [RBnetary analog environments
often exhibit strong directional lighting with cast shadoand highlights that violate the uniformity
assumption. One must infer weak boundary edges from coffégtire 2.2). The Marsokhod
algorithm nds rocks by searching for terminator lines beem light and shaded areas. Edge
detection combined with a heuristic color comparison idesiterminator lines. Then a spherical
illumination model infers a rock’s location from each deé&ztshadow (Figure 2.3). These early
tests are generally off-line, qualitative analyses; theydt yet integrate the demonstrated feature
detection with onboard decision-making, nor do they attetmmuantify detection performance.
However, the initial work suggests that a rover might autoaosly identify some of the same
visual phenomena geologists consider during eld studies.

The following year the Robotic Antarctic Meteorite Sear@AMS) developed a robot that
autonomously searched for meteorites on an Antarctic guaf25, 26]. The Elephant Moraine
is an ice plateau covered sparsely by rocks, a substardietidn of which are meteorites. Here
the Nomad platform uses cameras to segment rocks from thetmamd ice [26]. Here the ice
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Figure 2.4: Rock detection on a Mars Exploration Rover Pantaage using stereo. Stereo
methods excel in detecting the largest rocks on at terrdimnage from Thompson and Castafio
[24]

surface exposed the dark rocks and simpli ed the patterogeition task. Nevertheless, the system
provided another important eld demonstration of autonoisiéeature detection.

Later work demonstrates still other rock detection methoududing stereo range-based tech-
nigues of Foxet al. and Pederseet al. [27, 28]. These t a simple parametric model to the terrain
in order to identify large rocks that protrude above theaef The algorithm of Fort al. is
typical of these approaches (Figure 2.4). It rst aligns anglr model to the ground plane using a
robust (outlier-resistant) least-squares regressiohodetidentifying the ground plane transforms
a standard stereo range map into a height map; local maximespond to peaks of protruding
objects.

The Fox algorithm utilizes a region-growing method to expdmese peaks and grow pixel
regions until they reach a minimum height. The result is eesaf pixel regions that correspond to
rocks. An advantage of these methods is their reliabilitgmthe ground is highly planar and the
rocks are well-separated. Because they utilize 3D geontaey are robust to shadows and other
changes in lighting. However, practical exploration scEsaoften involve undulating terrain or
partially-embedded rocks.

Other detection strategies look for closed contours in ti&gie itself.Rock nderis an edge-
based rock detection algorithm developed by the OASIS amaus science group at the Jet
Propulsion Laboratory [29, 12, 30] (Figure 2.5). The detectechnique uses a series of denoising
and bilateral Iter operations to remove spurious textuteapplies an edge detector (the Sobel or
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Figure 2.5: Rock detection on a Mars Exploration Rover Pancaage using the OASIS Rock-
nder algorithm. Image from Thompson and Castafio [24]

Canny algorithm) to nd edge fragments and traces the riegufiieces into closed contours. These
closed shapes are unlikely to appear coincidentally in thesMnvironment, and the vast majority
of closed edge shapes lie on the surface of rocks or are rbeksselves. The algorithm runs at
multiple levels of a multi-scale image pyramid in order tdede rocks of many sizes.

Rockste{12], an edge-based algorithm originally developed fortlsgtic images, has shown
promise for many natural datasets. It identi es and remorresge pixels above the horizon, and
then detects edges using an method similar to the CannyitalgorA sequence of edge cleaning
operations nds closed contours. These steps include brgadges at points of high curvature,
connecting endpoints with nearby edges to form T-junctians a gap- lling stage to bridge miss-
ing contour segments. The nal result is a set of closed shagdch can be extracted using a
ood- Il technique (Figure 2.6). Rockster was successyullemonstrated on the FIDO platform in
2007 when it detected rocks during an integrated Mars Yatdbtfeautonomous science operations.

Thompsoret al. demonstrate learning-based approaches to the objectnidoogproblem. A
region-growing algorithm segments the scene into manyrieags. Then a probabilistic classi ca-
tion model based on a Bayes network [31] distinguishes romk non-rock regions [32, 33]. The
Bayes network is a graphical model representing probgbgitationships between features of re-
gions and the classi cation as rock or non-rock. Theseimahips are sparse, permitting ef cient
inference of new classes based on relationships discouetehd-labeled training data. Another
learning-based approach appears in Dudbgl.. Here a support vector machine trained on light-
ing, texture, and shape features evaluates candidate stjiars of the scene [23]. Candidates are
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Figure 2.6: Rock detection on a Mars Exploration Rover Penitaage using the rockster algo-
rithm. Image from Thompson and Castafio [24]

produced by assembling con gurations of hundreds of imad®egyions called “superpixels.” A
search through the space of combinations nds high-scaegmentations that match the learned
appearances of rocks and soils. Because this search is tatiopally intensive, the algorithm is
not feasible for real-time use.

2.1.2 Previous work in Feature Classi cation

“Feature classi cation” involves extracting quantitagivlescriptors that characterize the features
and permit meaningful science decisions. These desciptorge from simple visual attributes
such as albedo to formal geologic classi cations like aalibd spectroscopic analysis for deter-
mining composition.

An archetypal example from eld geology is the analysis afkparticles' shape and morphol-
ogy. Here, “particles” can refer to rocks of any size — fromg&aboulders down to the grains
that compose the base sediment. In each case shape is intgortaacking statistical trends in
post-emplacement processes such as weathering and tar&pape is an important complement
to spectrometer-driven compositional studies becausanitcbaracterize these post-emplacement
processes. Many previous geomorphological studies foeukendistribution of the sizes, shapes,
and textures of individual particles. Particles’ edgesomee more eroded during transport as they
collide against each other. Therefore angularity is a gtindicator of the processes that produced
and transported them, and morphology is important in detengp their plausible origins and the
impact of uvial, aeolian, or volcanic processes to thesthry. The distribution of particle shapes
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and sizes in a given area of terrain constitutes a signdtatean distinguish it from regions shaped
by alternative processes.

Terrestrial analog studies reveal the value of particle aizd shape analysis. Field studies by
Craddocket al. investigate a number of Hawaiian lava ows modi ed by knowropesses such as
chemical weathering, aggradational processes, and digygolsy phreatic eruptions (analogous to
impact cratering) [34]. Analysis of these Mars-analogssitelicates strong correlations between
the dominant modi cation process at a site and the observetmilmitions of particle sizes and
cross-sectional particle areas. These distinctions mrekaige amounts of quantitative particle size
and shape data. Numerous studies have employed particlghology as a cue to reveal subtle
trends in Mars Exploration Rover imagery [35, 36, 37]. Auatim methods for determining shape
are useful not just for recognizing outlier samples duriagpaomous traverse, but also for assisting
geologists with analysis of returned images.

Several efforts have attempted to automate this processghrquantitative measures of par-
ticle morphology. Fox et al. investigate several visuatdess using quantitative shape measures
for rocks' contours [27]. These shape measures includeigéss of size, sphericity and the con-
tour's deviation from a best- t ellipse. Dunlop expandssthinalysis with computational estimates
of roundness and sphericity [38]. Her analysis includesondt traditional shape descriptors from
computational geometry, but also geologic shape and rassddescriptors such as the Diepen-
brock roundness and Crofts chart comparison [39]. She carapghe estimates of human geol-
ogists viewing images to the ground-truth measurementdugexd by computational techniques.
Given an accurate segmentation these roundness estimatewee accurate and consistent than
those of human geologists (Figure 2.7).

Particle morphology is only one of many possible geologassi cations. Another vitally
important characteristic is rocks' composition and mifeygg. The Robotic Antarctic Meteorite
Search used vision and spectroscopy data to perform a fayembgic classi cation of mineral
samples. After detecting a rock the rover approached andykpan arm-mounted spectrometer
using visual servoing. This measured each sample alongadqueselected wavelengths. The
robot also carried a second instrument to characterizesrasing their magnetic signature. A
Bayesian belief network trained on samples from a spectilrary incorporated both sensors to
classify rocks and identify meteorites.

Additional studies beyond the RAMS project demonstrateramous interpretation of spec-
tral signatures. Bornstein et al. [40] describe an autanmegural network carbonate detection sys-
tem for planetary rovers. Automatic pixel-wise classiicat of multispectral images is common
in remote sensing studies; of particular interest is thelE@bserver One, or EO-1 autonomous
science project that brought automatic feature classbeato an orbital platform [41]. EO-1's on-
board data analysis classi ed pixel intensities from aextbn of spectral bands using a Support
Vector Machine classi er; it can respond to features sucthasmal anomalies, clouds, ooding,
and changes between images caused by transient geoplpfsocamena [41]. These classi cation
decisions trigger dynamic selective data return and reting actions.

The diversity of different feature detection and classiioa algorithms poses a dif culty for
building integrated science autonomy systems. Estlial. [30] address the problem with a soft-
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Figure 2.7: In Dunlop's tests, geologists' estimates okrsphericity from inspecting images are
less consistent in general than computational estimatesREily sphericity measure, which can be
extracted automatically from the images, correlates gtyowith ground-truth Crofts' sphericity
values. Human geologists' Crofts value estimates exhitgagper variance. Image from Dunlop
[38].

ware architecture that makes it easier to add addition&cispfeature detectors for new phe-
nomena of interest. This method takes a modular approa¢hmany different feature detection
and classi cation modules that can be used interchangeab&n autonomous science architec-
ture. They propose a “pipe and lter” architecture with difént modules for feature detection,
classi cation, and target signature matching. A commomriaice for these services eases the
development burden for new science features.

In summary, autonomous geology research has investigatédearange of feature detection
techniques. Most draw from research in computer vision aitep recognition. Research into
feature detection strategies is slowly maturing from praletoncept work to an established disci-
pline characterized by formal comparative benchmarks afidation on large test sets. Meanwhile
autonomous image analysis has seen its rst use onboarétpigrexploration platforms.

2.2 Feature Detection

Here we introduce a new feature detection mechanidvpdi ed Viola/Joneg(MVJ) detector us-
ing a template-based approach to rock detection. The #igomutilizes a modi ed version of the
template cascade detection strategy developed by ViolalJands [42, 43]. A supervised learn-
ing scheme builds a sequence of classi er modules linkeeéttay in a series known as a “cas-
cade.” This sequence of simple decisions has the net effatistinguishing template windows
containing rocks from those that do not. The surviving teatgolvindows constitute approximate
bounding boxes that can then be used for spectrometer tsefgaition or additional image pro-
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Figure 2.8: Haar-like wavelets used to construct the Adabder cascade. From Bradskit al
[43].
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cessing. Our modi ed version uses several classi er cassad account for different potential

lighting conditions. The result is a system that is discniative yet fast enough for real-time rover
deployment. Performance evaluations on Mars ExploratiomeRdatasets suggest that the MVJ
detection method is competitive with existing approaches.

2.2.1 Feature Detection Approach

The Viola/Jones detection method [42] is an appearancedbapproach that places bounding
boxes around the desired objects. It evaluates all potdrdiagnding boxes in the image at var-
ious scales. For each candidate it classi es the boundingdocording to whether or not it is
likely to contain a rock. The exhaustive search requirestti@evaluation procedure be compu-
tationally ef cient; a major advance in the Viola/Jones aggzh is the use of advanced caching
techniques to speed computation for large images.

The detector rst convolves each image with a preselectedade of Haar-wavelet-like lters
(Figure 2.8). This yields a rich feature vector of lter resses with sizen  m, wheren is the
number of lters andm is the number of pixel positions within the candidate bongdbox. We
identify a small discriminative subset of these values tanfa “weak classi er” that discriminates
between rock and nonrock bounding boxes. In our case the wlaaki er consists of a binary
decision tree containing anywhere frdnio 20 levels [43].

One trains the classi er using supervised learning on a setanually labeled data (Figure
2.9). The algorithm places bounding boxes in these traimragyes to produce sets of “object” and
“non-object” regions. A learning algorithm chooses ltel®unding box locations, and response
thresholds that best distinguish the objects in the trgisit.
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Figure 2.9: Typical rock detector training image and haatakled object masks.

The traditional Viola / Jones algorithm proceeds as folloResume a set of weighted training
points with binary labely; 2 f 0; 1g and associated with an importance weight2 [0;1]. The
error for a weak classi eh; on a candidate bounding box is given by the sum of weighted
classi cation errordh; (x;j) over the training set [44]:

X
errthy) = wijhj (xi) Vij (2.1)
[
Each lter alone is a poor discriminator, but one can recaudstle distinctions by using multiple
Iters simultaneously. The Adaboost training algorithnaigatural choice for this feature selection
task [45]. Adaboost chooses the best weak classi er to adal remw feature, and re-weights the
training set according to the following update rule:

Wi = Wy tlei (2.2)

Hereeg = 0 for correctly-classi ed datapoints. For incorrectly-sthed datapointsg = 1 and
(= 1eg‘m. Weights are normalized to yield a probability distributicand the next feature is
added to the feature set. The features combine to yield a“stedng classi er” according to the

decision rule:

P P
1 if (logthi(x) 3 (logt

= 2
h(x) 0 otherwise

(2.3)
The strong classi er exhibits better performance than aayidual lter.

Viola and Jones achieve a considerable speed improvemenhdiping together multiple
strong classi ers together into an “attentional cascadiet requires only a few Iter evaluations
at each step (Figure 2.10). Each stage in the sequence haptibe of rejecting the bounding
box as a non-object. Since each boosted classi er rejeetmjority of candidate bounding boxes
it only passes on a small subset to the next stage for furttuerepsing by the other classi ers.
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Figure 2.10: The original Viola / Jones (MVJ) detector. Ibsists of a cascade of boosted “strong
learners”, each of which rejects a portion of candidate dgboxes as “non-object.” Detections
consist of bounding boxes that survive to the end of the clesca

The detection result becomes progressively stricter wattheadditional stage that is added to the
cascade (Figure 2.11).

Candidate objects that survive the decision pass to thestege in the chain; the detection
results are those bounding boxes that survive rejectionlldpeclassi ers. Our cascade uses a
sequence of 25 stages, so each individual stage must beaguiservative and reject very few
true positives. We set the decision threshold to ensurararigaset false-negative rate of no more
than 99.5% for each classi er in the sequence. The trainlggriihm adds new classi ers to the
sequence in a “greedy” ordering, favoring those lters thest discriminate among the candidates
passed on from the preceding stage.

While classifying all the potential bounding boxes in theage seems a daunting task, several
speed advantages of the Viola/Jones method make real-fieratons possible. First, the Iter
values themselves are simple to compute using a cachifgkriown as the “integral image.”
The integral image is an image transform that sums the pixeles to the left and top of each
pixel in the image; one can compute it quickly in constangtimhe integral image makes it easy
to compute the convolution result of any uniform block aéignwith the pixel directions. Such
operations reduce to integer addition operations usingdte corner values of the convolution
mask in the integral image [42]. Since our lters are compubskthese uniform blocks, computing
Iter responses is a fast operation. We derive another spdedntage from the attentional cascade;
the rst few stages of the lter cascade reject the large migjof bounding boxes, so we pay little
computational cost for a long detector cascade.

Assuming the training data captured this diversity, thditi@nal Viola / Jones approach would
t a single decision boundary that separates all possibtk fmounding boxes from all possible
nonrock bounding boxes. However, this na’'ve approachr@mionportant information about image
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Figure 2.11: The cascade of classi ers rejects a portiomefremaining candidates at each stage.
These images show lenient detections (Left) resulting factkepth-5 cascade. A depth-25 cascade
results in a much stricter detection result (Right).
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Figure 2.12: The proposed Modi ed Viola / Jones (MVJ) detectt consists of a parallel series
of lter cascades, each of which uses a chain-structuredsibectree to identify rocks from the set
of all candidate bounding boxes in the image. However, easharle presumes a different lighting

angle.
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Figure 2.13: The MVJ detector applied to the example Marddtagion Rover image. The detector
successfully identi es the left-lit model as the correghfiing to explain the scene; the detection
result re ects the characteristic asymmetry of highlightiashadow on the rocks' surface. From
Thompson and Castafio [24].

illumination. Figure 2.2 evidences that features' appeega can vary signi cantly depending on
scene lighting. Thus the distribution of rock appearanségghly multimodal, making the decision
surface far more complicated than for a single lighting aim. Detecting all lighting directions

simultaneously ignores the useful constraint that the esdgting be constant throughout the
image.

Our proposed MVJ detector addresses these shortcomingedifying the classic Viola/Jones
strategy. Rather than train a single Iter cascade we usdipteicascades to recognize rocks under
different lighting directions. We manually group traininigta into categories based on on the
lighting angle in the scene. The number of categories carulte gmall: using two sides or four
quadrants both work well in practice. We train a separater ttascade on each lighting direction.
At runtime the multiple cascades compete to interpret tle@ec The system detects rocks once
using each cascade. We take the cascade which returns thel@estions to be that which best
explains the scene illumination, and use its detectionltrasuhe nal solution for the novel image.

The cascades learn to identify the characteristic shadatignms of a rock lit from a particular
direction. These shading patterns seldom occur by accgfedetection cascades associated with
incorrect lighting conditions return few detections. Thestem uses only the results from the
cascade that returns the greatest number of detectionsréF&y12). In this manner a multiple
cascade strategy identi es an approximate lighting dioeceéven when the sun angle is not known
in advance. In the trials that follow we use two detectioncedes to account for rocks lit from
the left and right sides respectively. As an added advantegean effectively double the quantity
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of training data by ipping each of the training images hortally. Note that when the lighting
angle is known with certainty, either through ephemerisudations based on rover pose or direct
observation through a sun-tracking instrument [46], theera@an use this information to choose
the appropriate cascade directly.

The concept of multiple parallel object detectors may havglications beyond variable light-
ing conditions. In principle they can improve detectionfpenance for any confounding phe-
nomenon that changes from one image to the next but is cdrst@ughout each image. For
instance, it could improve performance on tasks with vayyllumination levels and soil condi-
tions.

Note that the detector cascades will occasionally idemtifyre than one candidate bounding
box on the surface of a single rock. We compensate by elimgpétlouble detections” detections
which overlap by more thab0% of the smaller bounding boxes' area. In cases where thidaper
occurs we disregard the smaller bounding box.

2.2.2 Feature Detection Performance

Here we present a performance comparison of the Modi eda/ilnes detector against the range
of existing detection mechanisms we presented in the rstige. We consider system perfor-
mance on a set of representative images from the Mars ExjplorRover catalog. The rst test
set contained of 104 panoramic camera images taken by thieM8ais Exploration Rover (MER).
We selected a range of mast elevation angles but favoredeimagtent within a 3-10m range of
the rover. This range was deemed the most relevant for anntou® geology operations. Together
the images comprised a dataset containing over 35,000 laaeted rocks. They also included
a selection of typical non-rock content such as rover trashkadows and sediment features. We
drew images from two sites: the “Mission Success” panorama fSpirit's landing site and the
“Legacy” panorama imaged during Sols 59 through 61. The @magere acquired using Spirit's
753nm bandpass lter.

Particle size analysis usually excludes the smallest rdwkisare too numerous for accurate
labeling. Similarly, we limited our analysis to those rockeater thadicm in length because they
could be consistently identi ed across all datasets. Wemesi an additional set of 12 Pancam
images from Spirit rover imagery to serve as training datest contained several thousand rocks
from different locations along the Spirit mission path;elithe test set they exhibited a range of
terrain and lighting conditions.

In addition to the panoramic camera imagery we considerddBR navigation camera images
from the Spirit rover. These images contained over 13,00@tabeled rocks. We used Navcam
images from three sites: initial images from the landing,sit panorama at sol 50, and a second
panorama from sol 118. These monochrome images providedex veild of view including both
near- eld objects and the horizon. They also showed a widege of lighting conditions than the
panoramic imagery; several were taken late in the Martignvdgh low-angle illumination and
signi cant cast shadows. Because relatively few labeleddsden images were available we did not
reserve any as a training set. Instead, we used the Pandamgrset mentioned above for all tests
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involving Mars rover images. This compromise worked wetltfte speci ¢ detectors and datasets
we considered. Again, we ignored rocks smaller tham in size.

It is common to evaluate pattern recognition systems aduogrib a precision/recall pro le,
whereprecisionrefers to the fraction of detections that are actually tagks andecall describes
the fraction of rocks in the scene that are detected. Thegdesican favor increased precision or
recall by altering the con dence threshold for acceptingetedted rock. In our case many of the
algorithms — such as thRockster Rock nder, and shadow methods — lack a scalar measure of
detection con dence that would de ne a precision-recalivau Instead, these algorithms usually
exhibit an obvious performance peak that strongly suggeptsticular parameter setting [24]. Pa-
rameter tuning can modify this behavior to move outside‘{pesformance knee,” but the resulting
behavior does not automatically result in higher precisiorecall. More often these changes sim-
ply hurt overall performance and stability by all performameasures. Thus, instead of producing
a complete precision-recaturvewe compare each method's behavior in the parameter envelope
where it would be used in practice. We use a training set toualhntune each algorithm to
the knee of the performance curve, and use these paraméirgs®n the other datasets in the
performance tests.

The algorithms exhibit markedly different performance [@® Some favor large rocks, others
small; some attempt to provide accurate boundary contourdetected rocks, while others simply
provide bounding boxes. The appropriate evaluation mettimately depends on the functions
that are most important for a given autonomous science cgtigh. We will consider several
performance measures to evaluate test set performancedoga of autonomous geology tasks.
First we evaluate a detector's ability to perform targeestbn for applications like autonomous
spectroscopy. This is tantamount to nding pixels that amstrlikely to lie on the surface of a
rock. For algorithms that provided an outline or bounding @ used the centroid of the detected
region as the target estimate. The relevant performancacteaistic is accuracy - the fraction of
chosen target pixels that actually lie on rock regions.

Next we evaluate each detector's detection precision acallrel'his score is more relevant to
those mapping tasks where we hope to iderdifythe unique rocks in the environment with as few
false positives as possible. To compute this score we shodld unique association so that each
ground-truth rock matches with only one detection resulie Wi the area of overlap between
detected and ground-truth rock regions, and greedily &soeach ground-truth rock region with
the detection that overlaps by the highest percentage afgs. We match each ground-truth rock
with at most one detection and label unmatched rocks asalsitives.

To compute a precision/recall score each valid match mtisfy\sa correspondence criterion
to ensure similarity between the detection and its asstigitound truth rock. Performance scores
are highly dependent on this correspondence standard sealvae two possibilities: permissive
criterion and astrict criterion. The permissive criterion requires that more tB@foof the detected
region contain the matched ground-truth rock. This guaemthat a majority of pixels in the
detected region lie on the rock. However, it is forgiving ibfiations where the detector nds only
part of the target. We also investigate a strict criterioat tfequires &0% overlap between the
regions' intersection and their union. The strict criterdlemands a close correspondence between
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the area of the true rock and the detected region, so it bettieates the accuracy of automatically-
computed rock attributes like size or shape. Examples df appear at right in Figures 2.14 and
2.15.

Performance for Navcam and Pancam images is similar folgdrithms and tests with one
exception — a range data registration error prevented us éaluating the stereo algorithm on
the Pancam dataset. Therefore the explanation that foflovess Navcam imagery except in cases
where the Pancam dataset's additional data is particulafidymative.

Figure 2.16 shows target selection performance for nawvigatnagery. The Rock nder algo-
rithm has the best overall target selection performanceslidibly achieves accuracies 0v@0%
Failure modes differ for each detection algorithm. The Rod&r algorithm occasionally mistakes
long cast shadows for rocks. The MVJ algorithm performs jyaarlighting conditions that differ
from its training set (i.e. illumination from directly befd or in front of the camera). The stereo
algorithm under-performs for small rocks or uneven terrdiievertheless, all rock detectors rou-
tinely score accuracies 60 70%on the target selection task. In fact, these values may stader
the performance of algorithms like Rockster and MVJ whosdyse detections could be Itered
using size or shape heuristics.

Note that these precision-recall scores do not re ect wbffie algorithms' abilities to recover
the exact contour boundaries of detected rocks. In factM¥é method returns only bounding
boxes and is not capable of recovering these contours inrsteplace. However, as previously
noted, precise contour boundaries could be useful for ektigaprecise shape information. These
analyses would require a different performance measure asithe Chamfer distance approach
of Dunlop et al that measures the similarities between detected and gitouttidcontours [38].
In our case, we are concerned with accurate spectrometgtiteg for which the centroid and
correspondence matching tests better indicate the expsgstem performance.

Figure 2.18 shows average performance on Navcam imageedks i four size categories.
The permissive detection criterion was used. Note that thd BMgorithm's performance increases
with rock size, while the reverse is true for Rockster. Roader and the stereo algorithm both
perform poorly on rocks less thatOcm in length. This is expected in the case of stereo that
relies on protrusion above the ground plane. However, tiseme obvious mechanism that would
cause a size bias in an edge-based method like Rock ndes. diporithm regularly achieves 90%
precision on medium to large rocks. Figure 2.19 shows pmidioice on Navcam images plotted by
range categories. Most detectors show improved detecterigion in the areas near to the rover.
Not only do distant rocks subtend fewer pixels, but they alsster more closely due to camera
foreshortening.

Figure 2.14 shows the same detection results for Navcamamagn an image-by-image basis.
This provides some intuition about the variance in perforceafrom one image to the next. Again,
both Stereo and Rock nder algorithms exhibit high preaisand low recall while the Rock nder
algorithm is the overall winner in precision. The Rockstigoathm achieves the highest overall
recall for this test set at the cost of considerable inteaagenvariance. Finally, Figure 2.15 shows
Navcam detection results using the strict corresponderiiegion. A comparison with gure 2.14
suggests that few detections actually capture the targtsrtrue contour. The MVJ algorithm
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Figure 2.14: Left: Permissive criterion for rock detectidrhe ratio de ned by the areas of inter-
section between detected contours and ground-truth roaks Ine greater than a xed threshdld

The correspondence criterion permits at most one detepgomock. Right: Rock detection per-
formance for Navcam imagery using the permissive criterfeoints represent the precision/recall
result for each individual image.
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Figure 2.15: Left: Strict criterion for rock detection. Ttadio de ned by the areas of intersection
between detected contours and ground-truth rocks mustdstegrthan the union. The corre-
spondence criterion permits at most one detection per rBifght: Rock detection performance
for Navcam imagery using the strict criterion. A close mabeftween detected and ground-truth
boundaries is dif cult so strict correspondence resultaarse (apparent) performance.
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Figure 2.17: Rock detection performance for Pancam imaggng the permissive criterion. Per-
formance is generally comparable to that for Navcam imagéts, MVJ and Rockster trading
precision for recall.
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Figure 2.18: Performance by size for Navigation imagenin®Baepresent the average detection
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Figure 2.19: Performance by range for Navigation imageojnt8 represent the average detection
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> 6m.
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Figure 2.20: The “rock garden” at Amboy Crater is the sitehef traverse experiments described
in this chapter. Here the rover begins a spectrometer pro le

only detects bounding boxes and not contours, so its pedioce score suffers most from the
stricter correspondence standard.

In summary, the new MVJ detector offers a good balance ofifeatfor autonomous spec-
troscopy. It is fast enough for real-time use. Its recak rigtnear parity with the best available,
while its precision exceed®0% on the Mars Exploration Rover datasets we considered. lfzinal
it performs well for the large, close rocks that are the basgjets for autonomous spectrum acqui-
sition. In short, it has a high precision but also nds suéat targets to “keep the spectrometer
busy” for tasks involving multiple-spectrum acquisition.

2.3 Feature Tracking and Instrument Deployment

Here we present a new operational mode that leverages therbt¥Jetection to improve data
collection during extended site survey operations. A net& geoduct — apectrometer pro le—
is a sampling of spectra collected from detected feature@get/als along a rover transect. Field
tests use a VIS/NIR Re ectance Spectrometer to acquire fiata detected features at distance
under solar illumination. This offers a spectroscopy asitjon rate signi cantly higher than any
previously reported autonomous method. The system's maiovation is the integration of rock
detection into a mapping system capable of tracking andgrézimg dozens of unique features.
This demonstrates the feasibility of feature detection @adsi cation in the intelligent mapping
approach. We address the correspondence and associatidems rst broached at the begin-
ning of the chapter using a target matching scheme baseceaor geometry and motion-invariant
keypoint locations of the image.

In contrast, previous research has examined automati¢repeapy in the context of Single-
Cycle Instrument Placement (SCIP) [47, 48, 49]. In the SQIff@ach a human operator speci es
each target in a panoramic image. The rover advances tohafdature with visual tracking, and
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then performs a “hand-off” to instrument cameras for neckiag and arm placement [47, 48].
Pedersen et al. extend this model to multiple targets [bé]r system demonstrated high-accuracy
instrument placement on 3 targets in under 3 hours.

Our work differs from previous efforts in several respeé¢isst, we focus on re ectance spec-
troscopy under solar illumination which obviates the nemdsfow approach and arm placement
maneuvers. Additionally, instead of reacting to a singlespeci ed target our algorithm au-
tonomously detects and localizes multiple target rocksikameously. The autonomous spectrum
collection has a relatively high failure rate compared tpesuised SCIP methods. However, since
there is no signi cant recovery penalty these errors arepnoblematic. Thanks to the integrated
rock detection, the rover can always move on to a new targetratiate another collection se-
guence. Over time it can acquire spectra from dozens of roekslting in a spectrum map that
provides a VIS/NIR pro le of the transect.

Our tracking solution uses stable image points known aseSoghriant Feature Transform
(SIFT) descriptors [50] to characterize previously-appearocks. These descriptors represent
key locations that correspond to particular physical liocet and whose appearance is preserved
across minor viewpoint changes. This permits corresparelemtching, yielding a database with
a unique position estimate for each science target. The pdyoodically pauses its forward mo-
tion, performs visual servoing to aim the spectrometer, @ildcts measurements from the most
promising targets. Our approach allows a robot to colleeeds or potentially hundreds of spec-
trometer measurements in a single command cycle with notditgnan intervention.

2.3.1 Rover Hardware

Here we demonstrate the spectrometer pro le algorithm omxguioration robot “Zoé” (Figure
2.20). Zoé is used at Carnegie Mellon University to testsinis scenarios involving long-range
navigation [51, 7]. The rover platform is 2 meters in lengtidaan travel up to 1 meter per
second under solar power. A dual passive axle design steergehicle by driving the wheels
independently at different velocities. This produces alalg-radius drive arcs while at the same
time accommodating obstacles up to a 20 centimeters in hieigh

Mast-mounted navigation cameras provide stereo visiorobstacle avoidance and terrain
evaluation based on local slope and roughness. Onboargiatiawi software uses these terrain eval-
uations along with a D* path planning algorithm [52] to idénthe best paths between prespeci ed
waypoints. Our software architecture treats terrain-tbaiswigation separately from science-driven
path planning. Autonomous science software gives eachseaffment in the form of a single end
waypoint, and the terrain-based navigation algorithnrmaptis to reach a goal area withbrmeters
of this location. This does not guarantee the rover willdalla straight-line path to the waypoint,
as it must detour to avoid any obstacles or rough terrainappéars.

Zoé's localization strategy emulates planetary expiorascenarios. We initialize rover posi-
tion through differential GPS to simulate manual landmiaaked techniques for nding accurate
start-of-day positions. During the traverse the rover tgslds position estimate with dead reckon-
ing. Planetary rovers can derive absolute heading datadadestial and solar navigation systems
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Figure 2.21: The spectrometer's foreoptic mounts rigidlyhe stereo rig atop Zoe's pan tilt unit.

utilizing ephemeris calculations; an onboard magnetic masga simulates this capability with pe-
riodic heading corrections. Some localization error mssidue to wheel slip; depending on the
terrain this error ranges from 0 to 5% of distance traveled.

Zogé's science instruments includ&@cm-baseline stereo rig and a VIS/NEB0 250(hm re-
ectance spectrometer. The spectrometer objective larfgreoptic is mounted with the cameras
on a pan-tilt base that provides f@60 coverage of the environment. The foreoptic's eld of view
forms al sensing cone in space. Placing a target into this cone atlmsvspectrometer to collect
re ectance spectra under solar illumination.

2.3.2 Feature Tracking Approach

The operator initiates the spectrometer pro le mode by Bpieg a transect start location, a goal
waypoint, and a time budget. During execution the roveredrirom the start location to the goal,
producing a map of detected rocks and spectra —sfieetrometer pro leof science features. It
detects rocks in images, localizes them using groundpladetgreo methods, and if time remains,
pauses to target the spectrometer using an iterative \semabing method. Because the mapping
procedure enforces a time constraint one could integrade &n atomic command into a larger
mission plan with other drive or sampling actions.

Figure 2.23 shows the software architecture developedéspectrometer pro ling task. Our
architecture uses three independently-operating softwerdules for the tasks of data acquisition,
image analysis, and navigation. In addition, a databaseteicted rocks records key information
about each detected feature. This rock database is centthétsystem and acts as a medium
of communication between the other components. We impléethénstructure with a relational
database. It associates the following information withheack:

An integer used as a globally unique identi er.

A global 3D position estimate given in Earth-Centered-Editxed (ECEF) coordinates.
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Figure 2.22: Zoé at the Amboy crater site. The rover trabelsveen waypoints toward the goal
while collecting spectra of rocks. Actual eld tests useamrse length o50m.



2.3. FEATURE TRACKING AND INSTRUMENT DEPLOYMENT 35

correspondence
search

pan / tilt data

acquisition

SIFT keypoint
detection
rock database
el rock detection
navigation
image

analysis .
vehicle control

l spectrum navigation

b
W

N,

Figure 2.23: General architecture for feature tracking apectrometer acquisition. The rock
database contains a list of unique features and their aiedattributes.

Pixel bounding boxes for each image in which the rock appears
Scale-Invariant features for matching new instances ofdbl against previous images.
Visible attributes of the rock, such as its size.

Spectrum attributes of the rock if available.

During operation the rover alternates between two statdgaval state for navigation and a
pausestate where it stops to collect spectra. In the travel sketedver navigates along a series of
waypoints between the start location and the goal (Figig2)2The navigation module drives the
robot from one waypoint to the next; it performs obstacleidaoce using stereo terrain analysis
and onboard path planning. Meanwhile the data collectionluteocommands forward-looking
images, panning alternately to the left and right for maximeoverage of the terrain in front of
the rover. The data analysis module examines these imadessaits newly detected rocks into a
growing database of features.

A switch to thepausestate requires two conditions: First, there must be at trastinmeasured
rock within spectrometer range; and second, the curremérsa segment must retain suf cient
time for a spectrum collection sequence. Whenever thetariarare met the navigation module
stops the rover, which signals the data collection modulbegin spectrum collection. If the
sequence succeeds it produces a new spectrometer measurenich enters into the database
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Figure 2.24: The system for generating spectrometer psdhias two states. The rover advances
forward whenever it is out of time in its current segment oewimo nearby potential spectrometer
target is listed in the database.

to be associated with the correct rock. A owchart showingicats taken by the independent
data collection and navigation modules appears in Figuzd.2Note that these two behaviors
communicate implicitly through rover motion; the data eotion procedure knows to begin the
visual servo procedure whenever the rover comes to a stop.

The image analysis module detects rocks using the MVJ detédfe train the detector using
typical images of rocks taken from the same cameras neaiaver$e site (Figure 2.9). The system
discounts detected rocks less tHflem in size that are too small for accurate targeting. In addljtio
we eliminate rocks that are with2m of the rover center; this prevents spurious detections from
the rover body or shadow from entering the database. Theedteesult is a set of valid potential
spectrometer targets. Figure 2.25 shows an example roektatet result from the Amboy Crater
tests. The numbers associated with each bounding box stihweek's estimated position relative
to the rover center.

We resolve the correspondence problem between images Ssaig Invariant Feature Trans-
form (SIFT) keypoints. SIFT keypoints are stable image tiocs that are invariant to scale and
rotation and partially invariant to af ne distortion, chgmin 3-D viewpoint, addition of noise and
changes in illumination [50]. Scale-invariant SIFT keypsiare identi ed according to Lowe's
method which searches for local extrema in the “scale spatein image. The scale space
L(x;y; ) is de ned by the convolution of a Gaussian kernel with sizat the pixel(x;y). Scale-
invariance is achieved by searching for local maxima in 3Be space de ned by the function
D(x;y; )= L(xy; ) L(x;y;k ) wherek is a constant factor. Even after rescaling the base
image, the same extrema are likely to reappear at the samld@iations for some value of.

The system pairs each rock with any SIFT keypoints that apipetts bounding box. The
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Figure 2.25: Detection result after ltering by rock sizedagdistance. Large red bounding boxes
are potential spectrometer targets, with numbers indigativer-relative position estimates. Small
blue squares indicate SIFT keypoints that are used for thregmondence search. The front axle is
visible in the lower-right corner of the image.
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rover establishes correspondence across images by nmatbleinocal pixel appearance of rocks'
SIFT keypoints against the appearance of previous keypaiared in the database. A single
traverse might view thousands of unique keypoints; an ustcaimedO(n?) correspondence search
is unsuitable for real-time visual servoing. Instead west@in the search by exploiting geometric
information. We will elaborate the stereo localizationg@dure shortly, but for now it is suf cient
to know that the rover maintains a position estimate of eacfjet. Given the known absolute
pose of the rover and the relative orientation of the camthisystem determines an approximate
region expected to contain the new SIFT keypoints. We usaratseadius of 1 meter, and exclude
any keypoint outside this boundary from the correspondeeagch.

The classical SIFT algorithm associates each keypointadi28-dimensional descriptor vector
composed of a histogram of gradient magnitudes extracted the local image region around
the SIFT keypoint. The descriptors are de ned relative t® phincipal gradient direction at the
keypoint, and are invariant to slight changes in rotati@alisg, and — to some degree — af ne
distortions. A simple Euclidean distance metric appliedhiese descriptors can match physical
points in the environment cross different views of the scig®8. We evaluate correspondence
between SIFT descriptors by calculating the Euclidearadcs of the incoming descriptor against
each of the remaining candidates in the database. We usettiional SIFT match criterion that
requires a nearest-neighbor distance at ledashes smaller than the distance to the second closest
neighbor for an empirically-de ned threshoid[50].

The operating requirements for our automatic spectrosegpiem differ from those of indoor
environments for which the SIFT algorithm was designed. ditiginal SIFT pose estimation pro-
cedure detects several SIFT matches for each object. Itntafane homography to the altered
pose using the RANSAC algorithm to identify multiple keyypisiin a common con guration [50].
However, for spectrometer pointing we are only interested point estimate of the object's cen-
troid (without orientation information), we only requiresangle SIFT match for each new image.
This is a signi cant bene t because rocks themselves ar@fegpoor; they are often small, low-
contrast objects that display many transient features.

In consequence our design favors the reliability over thentjity of SIFT matches. We alter
the SIFT matching criterion with an additional “backwarasatch to improve reliability. For each
of the matches from the Euclidean search we do an equivadantts over SIFT descriptors in the
new image. In other words, we apply a similar search for EHeeh nearest and second-nearest
neighbors using the old SIFT descriptor as the query andeheimage's SIFT descriptors as the
search space (Figure 2.26). A match is valid when the thtesticEuclidean match is unique in
both directions. In practice this excludes the vast majaritfalse matches.

A successful match implies that the SIFT descriptor lies pneaiously-detected feature. We
update the rock's visual and position information alongwtite SIFT descriptor's record to re ect
the fact that illumination and aspect may have changed. ¥¢erakrge all instances of the rock in
the database to eliminate duplicate entries. If none of arnelts SIFT descriptors match previous
features it receives a new unique entry in the feature dagal#lFT keypoints with no matches and
that are not identi ed as part of any rock are assumed to lgelorthe background and discarded.
Fortunately most rocks large enough to constitute speetantargets contain at least one feature
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Figure 2.26: Correspondence with an existing SIFT desarijpt the database requires that the
match be valid in both directions.

(Figure 2.25).

Note that we perform the correspondence search on all SIiJokats in the incoming image,
not just those belonging to a rock detection. In general aetiection performance is less robust
than SIFT keypoint extraction; the rock detector oftersftal re-acquire a rock after changes in the
viewpoint. Therefore all SIFT features in the incoming ire&ge potential matching candidates. In
order to avoid ooding the database with irrelevant “baakgnd” keypoints we only record those
keypoints that match existing descriptors or belong to alyeetected rock. In other words, all
SIFT descriptors stored in the database must have been edieas part of a rock at least in one
image.

Two redundant methods estimate rock positions. An approgliting sparse stereopsis gener-
ates a 3D reconstruction based on the location of the rodk§” eypoints. The robust matching
algorithm (detailed above in Section 2.3.1) identi es amyoints that appear in both left and
right cameras. Then a least-squares geometric reconsirugsing a calibrated pinhole camera
model and radial distortion [53] yields a sparse reconitnc Some rocks contain more than one
keypoint, yielding multiple position estimates. In thesses we use the 3D centroid of matched
keypoints as the rock's position estimate. We evaluatetiposestimation precision qualitatively
by comparing the estimated position of rocks from the samerrposition with different Pan/Tilt
angles. This shows precision on the ordeboi for rocks within spectrometer range, which is
more than suf cient to bootstrap our visual-servoing pge.

Unfortunately, the stereo cameras are not time synchrdnithis is not a problem during vi-
sual servoing while the rover is stationary, but it effeglyvprevents stereo while the rover is in
motion. In these cases the rover position changes by an umkamount between image acquisi-
tions so computing a metric reconstruction based on stdoze & infeasible. Instead we require
a second approximate position estimation technique. Wherrdbot nally stops to attempt a
spectrum collection, this approximate estimate causesghpan-tilt position to place the target
rock in the cameras' eld of view. Then the robot re-acquites rock from a stationary position
using stereo, and completes the standard servoing pracedur

Our approximate pose estimation technique uses a singlgeimad assumes the rock lies on
a planar surface. This lets the rover calculate the rocktipasirom a single image using known
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kinematics. This also serves as a fallback position esiimegtrategy whenever the rover fails
to nd a SIFT match across stereo images for a target rockceSihe ground plane assumption
introduces considerable inaccuracy we favor stereo wleer¥T matches are available.

2.3.3 Visual Servo

The spectrometer pointing procedure attempts to aim thetrspeeter foreoptic at a target based
on the target's spatial position. This sequence has twaestaghe rstkinematicstep leverages
a kinematic model of the the pan/tilt mount and the most remsk position estimates from the
database. The secoreedbackstep re nes the initial pointing with an iterative visualrgeing
approach that places the target in a speci c region in thegama

Both kinematic and feedback steps rely on generic modelesepting the location of the
foreoptic cone. We expect to place the center of the coneetatiget to maximize the probability
of covering the sample. We t the parameters of the physiocadleh using calibration data obtained
in laboratory tests. The main challenge of this calibrat®ho accurately determine where the
spectrometer is pointing; there is no visual trace to daterthe eld of view. Instead, we infer
the eld of view using spectroscopic measurements of a kntasget: a commercial 532nm green
laser pointer. For practical purposes the narrow-bean fasgects to a single point in space. The
laser spot is easy to detect in collected spectra due to goeigkin its center frequency. Adjusting
the point position to maximize the amplitude of this peakteenit in the spectrometer's eld of
view.

Calibration points produce a kinematic model of the foreoph the robot. Generic forward
kinematic equations solve for the pan and tilt anglesd :

=f (xy;z;h;d; ) (2.4)
=f (xy;z;h;d; )

Here &, vy, z) is the location of the rock in 3-D spadejs the height of the robod is the distance
between the axis of rotation and the foreoptic, ameépresents other less-relevant parameters such
as rotations and translations of the foreoptic with respmettie base. We perform an unconstrained
nonlinear optimization over the parameters trying to mimarihe total square error of the predicted
position. The result is an estimate foy d and . Calderdn provides additional details on the
kinematic model [54].

It is impractical to maintain a suf ciently accurate modeldause many calibration parameters
are unstable or vary with time. Examples are the changiegtiessure on the vehicle, inaccurate
pan/tilt angle readings, and occasional replacement a.pdrherefore a spectrometer pointing
system based solely on a feed-forward kinematic model mgNitably exhibit some pointing error.
We incorporate a second closed-loop visual correction tegprrect these errors and improve
pointing accuracy.

Our visual correction method exploits the xed transforntvioeen the camera and the foreoptic.
Both devices are mounted to a single platform so their ka&lgiosition is constant regardless of the
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mobile base's pan and tilt (Figure 2.21). Therefore theeeimie of the spectrometer sensing cone
(cc ling) is perceived as static by the camera and projects onto @lithe image. The intersection
of the target with this line is fully determined by the distarfrom the foreoptic to the target.

A simple laboratory calibration procedure determines gieismetric relationship. Thec line
is not visible in imagery but we can infer its position usindpaer reference aimed at a known
location. We point the spectrometer at the laser re ectimaXimizing the strength of the laser
signature in the spectrometer signal) and capture an imatiee scene. Since the laser point is
centered in the foreoptic's eld of view, we can be sure the visible laser spot in each calibration
image corresponds to a point on ttedine. We can reconstruct the enticeline from several laser
points at different ranges. Perspective projection suggesmodel relating the depth of the target
and associated row/column pixels.

Pointing the spectrometer at a target is then equivalenanging the position of the foreoptic
until the target appears in a speci ¢ pixel of the image. Tiésnes an "error” in visual space
based on the current and desired position of the target. yd$tera applies a simple visual servo
[55] to correct the observed error. We determine lthege Jacobiarthat relates changes in the
camera position to changes in the image. This permits a piopal visual control law:

|! tilt = KJ 1 \Lj (2.5)

* pan
In this equation! pan and! 4 are the estimated corrections in pan and tilt, respectivlys a
constant gain matrix of the control law, is the image Jacobian, and, V) is the visual error
in both image axes. The procedure iterates the visual dmreantil the error disappears. The
result is a system that can accurately target features gesanp to 5 meters.

The rover periodically renormalizes the spectrometerrajaa white reference target. This
compensates for changes in illumination during4Beminute traverse due to sun angle and atmo-
spheric phenomena. We employ a standard VIS/NIR whiteertar target exhibiting high diffuse,
Lambertian re ectance that is mounted to the rover deck. rbiver collects a spectrum from the
reference target every minutes using a scripted sequence of pan-tilt actions. #iosoftware
modules pause for this collection procedure.

During the re-normalization the rover straightens its svdad servos the pan-tilt unit to target
the white reference. Rough terrain sometimes results impooented axles and — since the
mast is xed to the front axle — incorrect pointing. The rowanses this condition and aborts the
attempt in favor of another 60 seconds later. Occasionaleral attempts fail in succession; in
these circumstances the rover continues trying every é@nsiscuntil a white reference spectrum
is successfully captured. After a white reference the roegets the standaiminute clock.

We chose th&-minute recalibration time through trial and error by wachspectra change
over time. Re ectivity values began to wander over longerdirames; for example, recalibrations
on the order of 15 minutes produced signi cant changes ireceance and waveshape artifacts
based on the growing miscalibration of separate internas@s. Tests were performed under
midday lighting conditions without signi cant changes itogd cover. Future work under more
dynamic lighting might require an even shorter calibrattock.
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2.3.4 Feature Tracking Performance

Here we describe eld rover tests performed at Amboy crat¢hé Mojave Desert, California (Fig-
ure 2.22). Here the rover traverses a eld of rocks along teact between an eroded basaltic lava
ow and a sediment-covered plain. Accurate pointing promesessary to produce clean spectra
that contain the target signal. Tests show that rock detectbmbined with visual servoing signif-
icantly improves the diversity and quality of collected cfpe over “blind” spectrometer pointing
strategies.

We performed experiments at the lava elds of Amboy Crate€alifornia over consecutive
days in the fall 0f2007. We identi ed a at location near the border of the lava ow imhich a
basalt mound had partially eroded, leaving a scatterin@di{s along a patch of ground approxi-
mately 50m on a side. The “rock garden” traverse site appedfgure 2.20; clay predominates,
but the scattered rocks up 8cm in length are also visible. Basalt from lava ows appessaa
dark material, while the underlying clay is lighter in col@his difference is also clear in VIS/NIR
re ectance spectra.

Given that only these two materials are present, the amduthteatarget signal in each col-
lected spectrum is a measure of the system's targeting @oeuin order to recover the proportion
of basalt rock and clay sediment in each spectrum we presushéhie spectra of each material mix
linearly according to unknown weighting coef cients. Trassumption holds experimentally for
VIS/NIR spectra of macroscopic mixtures [56]. We estabiifierence spectra for a particular trial
run by identifying clear examples of basalt and sedimerténsipectra collected during that exper-
iment. These reference samples comprise a basis for diegctite rest of the collected spectra.
We exclude water absorption bands; a least-squares lieeandolution reveals the proportion of
basalt in the remaining spectrum.

We performed 4 trials of the same traverse. We attemptechteaah experiment under similar
consistent lighting conditions, favoring trial times atdday when the sun angle changed slowly.
Atmospheric conditions (clouds) were impossible to cdntamd varied somewhat across runs.
We began each trial with the robot in the same starting lonathnd initialized its position using
differential GPS. The robot traveled approximately the s&0m transect during each trial.

Figure 2.29 shows the result of each spectrum collectiemgidt for each of the four test runs.
Table 2.1 provides performance results from each trialjfellewing sections explain each table
column in detail. Figure 2.27 shows each of the runs indepethyg plotting feature detections
against a georegistered visible-band over ight image. [Bhtack dots show rock detections from
the database, while large colored dots show collected spessulting from a completed visual
servo procedure.

Individual detections can be hard to interpret or to compam®ss different runs. “Density
plots” (Figure 2.28) facilitate visualization and comgars across runs and demonstrate detection
repeatability. These density plots presume the rocks arergeed according to an inhomogeneous
— that is, spatially varying — Poisson point process [57]e Point process density controls the
mean number of rocks observed per unit area at any locatite imap. The resulting local density,
expressed in terms of rocks per square meter, permits csopasf detection results across runs
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Table 2.1: Details of individual trials at Amboy crater.

Trial Time Rock Detect. Precision Tracking Successes B&smictra
1 12:26-13:06 332/361 (92.0%) 26/50 (52.0%) 22/26 (84.6%)
2 13:15-13:55 249/280 (88.9%) 32/52 (61.5%) 27/33 (81.8%)
3 11:38-12:18 280/296 (94.6%) 29/43 (67.4%) 18/29 (62.1%)
4  12:27-13:07 299/340 (87.9%) 26/46 (56.5%) 17/26 (65.4%)

without requiring explicit correspondence between irdlinal rocks.

We recover the density function with a simple a kernel smiogtistrategy; Diggle supplies
several practical methods for estimating local densitylevaccounting for boundary effects [57].
Note that only rocks larger than the minimum size criteriontabute to the local density estimate.

The density plots reveal a high degree of clustering in tiséridution of rocks at the site.
Three prominent areas early in the traverse have a pariigdiggh concentration of rocks. The
high-density areas manifest in each of the trial runs, exd@pun 2 which appears to be missing
one of the modes. Itis unclear whether this was due to chandjgiting conditions or the starting
position of the rover. Several other less-dense clustgysagate in the traverse.

We also evaluate the precision of the MVJ rock detector inAtrdoy environment. We use
the “strict” rock detection success criterion requiringttiat least 50% of the detection contain a
rock. The third column of Table 2.1 summarizes the resultagection scores. The accuracy of
our system is consistent with, or slightly better than, théMletector's performance on the MER
benchmark datasets. We attribute any performance adwatdgmarticularly favorable eld condi-
tions: the images all show dark, regularly-shaped rocksagan even light-colored background.

It is also instructive to consider system performance igeting rocks based on their entries in
the database. The main failure mode occurs when the sysiegmalide to match a target's previous
SIFT descriptors to those in a new visual feedback image.aFarccessful correction sequence
the system must match some new SIFT descriptor to previosrigeors for each of the 5
visual servoing iterations. Overall sequence success ggigear in the nal column of Table 2.1.
This measure does not consider the feature itself (i.e. vendhe target was a true rock or a false
detection), but is based simply on the system's ability &ktrarbitrary SIFT descriptors. Thus, it
eliminates the in uence of the rock detector.

Many descriptors that are stored in the database nevereagpipiring the visual correction
process so it is not always possible to re-acquire a paaticock. Several causes may be at fault:
changes of appearance of SIFT keypoints due to changesiimnétion, rover pose, or shadows
of the rock or the rover; a large number of similar SIFT dgdors in the database that prevents
any con dent match; or a SIFT keypoint that lies outside thenera's eld of view (unlikely in
practice due to wide-angle cameras and robust rover pogstimates).
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Figure 2.27: Maps resulting from the spectrometer pro lal$: The four trials are ordered clock-
wise from the upper left. Small black dots show rock detetifrom the database, while large
colored dots show collected spectra resulting from a coragleisual servo procedure. Each run
began in the upper-left corner, and ended at a goal waypmiatéd 50 meters to the Southeast.
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Figure 2.28: Density plots associated with each of the rtoma Figure 2.27. Here the scale shows
the number of detected rocks per square meter. We estimmtedhl density using a boundary-
corrected kernel smoothing estimate [57].
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Figure 2.29: Result of spectrum collection by trial for ea€tiour test runs.

Analyzing individual trials, we observe a lower performario the rst trial than the second
(trials occurred consecutively on the same day). Many doudre passing overhead during the
execution of the rst trial, causing signi cant changes iretlight levels and complicating the SIFT
descriptor matching. This is re ected in the captured ddéalures cluster in adjacent tracking
attempts whenever environmental conditions change diraptals 3 and 4 were also taken con-
secutively. Here we observe a slightly higher success itigalate for trial 3. This may re ect a
slower rate of illumination change when the zenith angléhefdun is higher.

In general we observe a tracking performance of over 55% \ehght levels are favorable.
An increased number of tracking failures will cause the esysto spend more time looking for
known rocks present in the database, but does not affecutiléygof collected spectra.

Finally we quantify the accuracy of the spectrometer poitd@ctually track rocks. We manu-
ally analyze each captured spectrum and classify it eithbaaalt or clay given that the spectra for
both materials are known. The nal column of Table 2.1 sunines the result. Classi cation of
signals as soil or basalt is based on a principal componetysia (PCA) noise-reduction strategy,
followed by a simple linear deconvolution. In principal cpoment space only one variable exhibits
a large variance; this corresponds to the basalt/clayndistn. We use PCA as a noise-reduction
strategy, projecting collected spectra onto the rst comgu vector and reconstructing the signal
to produce a ltered spectrum. In order to interpret the P@afcient we apply a linear decon-
volution with representative samples of pure basalt ang dlhe result is the percentage of basalt
that is present in the mix. Spectra showing at least a 50%tlmeaclassi ed as a success.

The system presents a relatively high variance when hitiirgets but consistently exhibits ac-
curacies higher than 62%. Many factors in uence the numlbemniesed targets; some are intrinsic
to the method while others relate to environmental conaior his causes changes between trials
and a large between-trial variance. Factors affectingesystccuracy include: stereo estimate er-
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Table 2.2: Tracking performance for periodic (blind) spestopy.

Trial Basalt Spectra

1 0/68 (0.0%)
2 0/67 (0.0%)
3 0/64 (0.0%)

rors; errors introduced by the ground plane assumption wterro is not available; spurious rock
detections; tracking visual features lying out of the roelg( background or shadow); tracking
visual features lying in the border of the rock (SIFT feasuaee not guaranteed to be in the center
of the rock); and SIFT mismatches during the tracking praced

We compare system performance agagatatus quaapabilities by performing three additional
trials in the same testing area. In these trials the robadshtite pan/tilt unit at a xed 30
declination and blindly captures spectra at regular istisrduring forward travel. Slight, inevitable
perturbations of the start location (on the orded6f 20cm) ensure that the foreoptic's eld of
view sweeps over different areas for e&€m traverse.

The results of the blind spectrometer mapping trials appeadable 2.2; no measurement of
basalt appears in any of the spectra from any of the trialss démonstrates the dif culty of the
testing area; rocks were generally small and scatteredreldre it is highly unlikely that a target
would fall by chance into the spectrometer eld of view dithe periodic spectrum acquisition.
Our pointing strategy outperforms the blind method; eaizth tneasures at least at 26 individual
rocks over &0m traverse lasting no longer th@® minutes.

In summary, we have demonstrated that feature detectiortraoking can produce science
feature maps in real time with no supervisory input from haoroperators. This improves science
data return in several respects. First, it enables speciampling of targets encountered during
long over-the-horizon traverses that scientists canrebsspecify in advance. This provides many
more pure spectrum samples than can be gathered througimtctblind” sampling strategies and
improves the science return of the site survey.

Additionally, the resulting map constitutes a bandwidtlecient data product to describe tra-
verse images. The detection and tracking procedures agdbly imperfect so the resulting maps
may still exhibit some biases (for example, the system m#gotienore rocks at midday when light-
ing conditions are ideal). Thus one should be cautious imguiem as a quantitative measurement
tool. However, the repeatability of the Amboy eld trialsgaests that these maps do capture ob-
jective physical properties of the environment. They enaderegional trends and transitions that
can bene t interpretations and mission planning. In théofeing section we will consider meth-
ods for performing inference from these observations. Uteahaps facilitate predictions of future
observations that inform exploration decision making.
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Chapter 3

Spatial Models

[These studies] provide explanation of presence or absehoeigins and limits. Dis-
tribution is the key to process. — Carl Sauke Education of a Cartograph&f58].

The spatial model is a generative map of the environmengettiedpolates from previous obser-
vations and predicts new measurements at unvisited losatlts input is a list of discrete classi ed
science features. The model uses this data to infer thet ifSuiture data collection actions else-
where, facilitating adaptive decisions about where toakand what instruments to deploy (Figure
3.1). According to our intelligent mapping approach, thedelaescribes spatial and cross-sensor
relationships between data products. It must permit coatjuially ef cient on-line learning so
that the agent can modify model parameters on the y in respda unanticipated trends.

This chapter details the speci ¢ case of Gaussian procgagesh are a class of spatial models
well-suited to these requirements. Gaussian processewaparametric Bayesian models com-
monly employed in geostatistics. We begin by reviewing jies relevant work in spatial statistics
and robotic mapmaking. Then we present an overview of thes§ain process regression models.
Our work will treat the speci ¢ case where the science phesanof interest can be expressed in
terms of a scalar value at each observation location. Thegkau process regression model is a
good match for these tasks and readily incorporates ingat fdam multiple sensing scales. We
augment the traditional spatial model by introducing @laiata in the form of latent input dimen-
sions. This improves performance in modeling sur cial ar@hd other geologic phenomena.

Our goal is to demonstrate accurate model predictions #tegtolate well to distant locations.
This is important for any attempt to the resulting map for apmpressed representation of ob-
servations for transmission to Earth. In is also importantrébots hoping to use these models to
inform adaptive action selection and return decisions. Wedeal with the question of optimal
actions in Chapter 3, and focus for now on the interim goakbéble inference.

Our evaluation method compares alternative models by sdagrting missing observations
from partial datasets. After an entire dataset is colleatgxican hide a portion of the observations
and use the remainder as a ground-truth standard for ewvgumbdel predictions. We will examine
model performance in reconstructing sur cial maps of Ami@nater from rover data.

49



50 CHAPTER 3. SPATIAL MODELS

Traditional Gaussian processes based on samples' pasitidghe environment are a promising
model for our purposes. However, some modi cations can owemerformance signi cantly. In
particular, tests will show that the uselatent input dimensions— additional non-spatial inputs
based on actual sensor data — can improve reconstructi@rgtay basic formulation. In partic-
ular, the use of orbital data as a latent input promises sigmi bene ts for autonomous geologic
site survey.
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Figure 3.1: Spatial models

3.1 Previous work in Mapmaking for Robotic Exploration

The eld of relevant work in automated robotic mapping iseagive; a complete review is beyond
our scope. Instead we will consider a few representativenples of the classical approaches. One
can bifurcate the broad eld of robotic mapmaking accordinghe distinction betweemetric
mapsthat reference features according to some common globatlicate system antbpological
mapsthat reference landmarks using local connectivity refeiops [59].

Occupancy gridsare a common metric representation [60]. Here the robotigided the
environment into a grid and associates each grid square amttobability that the grid square
contains an obstacle. These methods provide a natural neé@oesnbining range sensor data in
cluttered environments; the map grows with the size of tlea @xplored and not the number of
features (that might otherwise be arbitrarily large). Reskeers have recently used the occupancy
grid approach to three dimensions for simultaneous loatidin and robotic mapping of submerged
cave environments [61]. Dynamic data structures permitient caching for maintaining multiple
hypotheses about the robot's position and the map.

Often grid-based approaches are appropriate for valglatia extending orbital data products.
For example, the Haughton crater mapping expedition depldyDAR and ground-penetrating
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radar instruments that were later Coregistered to an oitatal Elevation Model, or DEM [6].
Alternatives to grid-based methods are simple point magts of features referenced in a global
coordinate frame. The Life in the Atacama expedition [7htegl rover surface measurements in
this fashion, constructing an ECEF-referenced point mapiofoscopic image measurements over
many square kilometers of the Atacama desert [62]. Scisrttsegistered these images with point
data from a variety of additional sensors, including hutyjdemperature and spectrometer data;
the result was a comprehensive metric survey of microbibitais in the explored area.

In contrast with metric methods, topological maps expraesation in terms of positions relative
to landmark features. If the landmark detection system liable, these methods can be more
robust to localization drift. Examples of topological mapslude room-and-corridor models used
for indoor navigation, or the compressed Voronoi maps usepldaph-search solutions to planning
tasks. Kuipers expands on this idea with a “hierarchy ofiapalationships” [63] that infers metric
geometry from Voronoi topologies. These topologies ararin te ne in terms of low-level control
strategies that move the agent from one location to the nEgt. example, a “wall-following”
strategy could transport an agent between physical lomttorresponding to the corners of a
room.

Thrun et al. offer another joint treatment of topologicatianetric maps [59]. Their approach
is statistical: the use the Expectation-Maximization &thmn [64], alternatively estimating topo-
logical and metric relationships that improve the likebldoof the observed sensor data. Note
that in general researchers using topological technigeeesancerned with structured indoor en-
vironments. Topological maps are less common in explaratimmains where scientists may wish
to correlate multiple sensors at different scales. Cress@ correlation, especially with respect
to orbital data products, is straightforward when positestimates are expressed in a common
geospatial coordinate frame.

These mapping techniques ataticin the sense that they do not extrapolate beyond the agent's
sensing horizon to unvisited locations. Extrapolatiorurness statistical inference with a model that
can describe conditional dependence relationships withserved locations. Indoor environments
(in which much robotic mapping research occurs) are posuited to inference. For example, itis
dif cult to extrapolate from observations of walls and ddors to predict what a particular, distant
unobserved occupancy grid square might contain. Naturata@ments have simpler continuous
structure more conducive to statistical modeling.

The Robotic Antarctic Meteorite Search study investigalbesuse of generative spatial mod-
els to improvepost hocclassi cation performance on collected data [65]. Hered?sen exploits
the spatial continuity in rock distributions to compendaieclassi cation noise. Neighboring ob-
servations share a spatially-smooth prior over rock cklasBedersen's model treats the class of a
particular rock as a sample from a multinomial distributwith a Dirichlet prior. The Dirichlet pa-
rameters at any new location are a weighted sum of the prewdbservations, with each coef cient
determined by an isotropic smoothing kernel.

Pedersen's work differs from our proposed system in seweagk. First, it stops short of us-
ing the spatial model to inform experimental design deasidt only considers correlations in the
spatial dimension, and provides no means of learning theedeagf spatial correlation from the data
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Figure 3.2: Generative models of spatial data improved obagsi cation decisions in the RAMS
meteorite search. This image shows the learned probabiligbserving metamorphic rocks at
various locations in an explored area. Image courtesy Bed¢65]

directly. Nevertheless, Pedersen shows that these spat@thness assumptions improve classi-
cation scores (Figure 3.2). His work demonstrates thatiapgeostatistics can be successfully
applied to the rover exploration domain.

There is another notable gap in contemporary exploratimotranapping research. Studies
have conducted autonomous science analysis of both grloasei and remote sensing instru-
ments. However, no research has yet attempted to do bothtaimaausly on the same platform.
This contrasts with site survey by humans in which geolsgisly heavily on remote sensing data
to corroborate trends and patterns observed from the suf#; 51]. This analysis is impor-
tant, not simply in post analysis, but also in mission plagni— it provides important cues about
scienti cally interesting locations to visit next. Effée¢ use of multi-scale sensing will become
increasingly important as the daily traverse range copsiro increase.

3.2 Gaussian Process Background

Chapter 1 outlined some important capabilities of spatadets in the geologic site survey domain.
They should permit online learning and inference while @spnting both spatial and cross-sensor
correlations in collected data. We will see that the spethe spatial dependence assumptions
encoded in these models can exert a strong in uence on thdtingsexploration behavior. This
is not necessarily a “side effect,” but rather an advantdgaeintelligent mapping approach: it
reduces questions about appropriate sampling strategyotielrselection issues to be resolved
from intrinsic properties of the data.

Here we focus on observation sites characterized by a veatoed independent variable
x 2 RY. The variablex represents known properties of the measurement location.exam-
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ple, x could include the site's physical position, representedabijude and longitude coordinates
or as a position index along a transect. It could also incloigke or more “latent” input dimen-
sions corresponding to preexisting measurements or reseotgng data. For example, Section 4
demonstrates a sur cial mapping application where theesallependent variables are the sample's
latitude, longitude, and the pixel intensities of the agded remote sensing data. We transform

Xi = [lioslia;riosiiiiTim] (3.1)
During the traverse the agent collects a seblo$ervations— discrete features produced by
detection and classi cation routines. Each observati@oeisted with the vector of independent
variables yields a dependent scalar-valued geologic gl&sf . This scalar could represent such
varied phenomena as the presence or absence of a certamalkytine composition of a mixture, or
the altitude of an elevation model. In general observatiight be vector-valued or discrete clas-
si cations. We will focus on scalar-valued classes, as thr@yed adequate for both the simulations

and eld trials we consider here.

Our site survey task aims to recover an underlying functix) which maps the input vector
X onto the observed geologic clags Formally, f (x) transforms the vector-valued independent
variablesX = fxi1;X2;:::Xng; X; 2 RY onto the scalar geologic class. Introducing normally-

y = f(x)+ 32)

In other words, the observed value is the underlying functfter perturbation by some small
amount of noise. Given a set of these observations, we wikadd predict the true value &f(x)

at other locations. We can infer this probability distribat from a priorP (f (X)) using Bayes'
rule.

vy = PYif(x)P(f (x))
P(f(0jY) = ) (33)
Computing this distribution is central to the intelligengpping method. The probability distribu-
tion over possibld (x) provides a single sur cial map of any desired extent andltgEm; one
need only evaluatdaximum A Posterior(MAP) estimates’ (x) at unobserved sample sites to
yield the most likely observations.

These MAP estimates are useful for visualization; they titatis a "point estimate” of the site
geology. However, the complete posterior carries a mudieridescription of the environment.
For example, the marginal prediction variance also dessrilur uncertainty about map contents at
each sampling location. Moreové(f (x)jY) expresses the probability ahycombination of fu-
ture observations. Given a set of observed data it can fhllyacterize the (potentially multimodal)
space of possible maps.

A Bayesian approach raises the question of how to pararmetetk) in order to represent
these distributions and perform ef cient inference. Wdizgi a Gaussian process approach. Gaus-
sian processes [19, 20, 31] are known in the geostatistiecsrumity as “Kriging” models; they
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are a powerful technique for nonparametric regression gatreral distinct advantages for the in-
telligent mapping domain. They are true Bayesian modelk patsterior distributions over map
parameters, and germane to the large body of classical woBayes-optimal experimental de-
sign. Additionally, Gaussian process models are pervariverrestrial geostatistics so they are
a natural t for planetary geology and our site survey amtlien. Rasmussen and Williams [66]
offer a thorough introduction, but we will provide a briefview of the basic principles. Finally,

the posterior distributions are all Gaussian, making enticomputation of entropies tractable for

information-driven exploration strategies.

One can view Gaussian processes as a generalization ofigotradparametric function ap-
proximation method such as a neural network. Following Mack31] we expres® (f (x)) with
a prior distribution over a set of parametersf¢k). For example, we can use a series of basis
functions ; (x) where the free parameters are coef cient weights The evaluations of alin
basis functions at a single data point form a lengtivector; for the complete dataset mfinput
points we stack them to form aan m matrixR:

X
f(xi)= j(xow; = Riw (3.4)
J
Even simple basis functions can approximate complicateplsrbg using suf ciently many bases
to express all of the “bumps and wiggles” in the underlyinglggy f (x). This is easy to show in
the extreme case of many basis functions consisting of talpinarrow convolution kernels. We
can imagine that every possible observation location hasghesnonzero basis function, with a
weighted value corresponding to the trfugx) evaluated at that location so that the tfug) is

always equivalent to its representation as the linear coatioin of bases.

In the general caseis continuously valued and there are fewer bases than pesdibervation
locations so that a linear combination of bases can onlycxpatef (x). Regardless of the actual
number of basis functions, the true valueswofire unknown at the beginning of the mapping task.
We can express a prior distribution over these values usasy@mean Gaussian distribution:

Pw) = N(©O; ?I) (3.5)

We use the notatioh(X ) to express (x) evaluated at the entire set of input points. The prior over
f (X) is an af ne transformation of the weights and is thereforeaau§sian with covariance matrix
given byR 2IRTRT. We can write the prior in terms of a covariance makix

Pf(X)) = N@O;R 2IRT) (3.6)
= N(; 2IRRT) (3.7)
= N(O;K) (3.8)

It follows thatK isann n matrix representing an inner product between basis fumgtio
X
Ky = 2 h(Xi) n(Xj) (3.9)
h

We can make our function approximation more expressive tneasing the number of basis func-
tions; this is tantamount to increasing the number of hiddgts in a neural network or the wavelet
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bases of a decomposed signal. However, as the number offbastioons increases the compu-
tational cost of learning and computing them becomes pitbléb A Gaussian process approach
exploits akernel trickthat supersedes these bases altogether, parametdiziirgctly as a func-
tion of the input points. This amounts to placing a prior ditgon the space of functiorfs(x).

3.2.1 Inference with Covariance Functions

We de ne acovariance function (x;; x;) that represents expected correlations between points in
the input space. Individual entries Kf are given by the covariance function evaluated between

each pair of datapointk; = (xj;X;j). To de ne a valid Gaussian process prior this covariance
function must itself be positive-de nite, i.e. it must yik& positive-de nite covariance matrix.
P(f(x)) = N(O;K) (3.10)

Recall that the geologic observations are perturbed by altyrdistributed noise N (0; 2).
The observations of geologic cla¥sare jointly Gaussian with the noise term contributing to the
diagonal of the covariance matrix. The covariance mari¥ 2| represents noise-perturbed
observations:

P(Y) = N(OK+ 21)= N(0;K)= %e AN (3.11)

Recall thaf (x) evaluated at a set of input points has a multivariate Gaussaribution. It is fully
speci ed by a mean vector (which we will take to be zero for giicity) and the positive-de nite
covariance matrix.

A popular choice of covariance function is teguared exponentidB1]. Excluding the noise
term, we write the complete kernel function using the hypeameters 1; », and additional
“length scale” hyperparameteng for each dimensiok of the input space:

(

)

DSV OVERY

(Xi;xj) = 1+ 2exp > (X ) WEkJ)
k=1

(3.12)

We can use the resulting prior to make inferences aboutdgeologic observations from a set of
collected data. For a set of observatiofis given here in matrix form, we wish to predict values
at new location¥ ?. The posterioP (f (X ?)jX;Y ) is normally-distributed according 8 (% 9 .
Our actual observation¥;Y and predictions (X ?) are jointly Gaussian so this distribution is
simply a conditional Gaussian. We introduce matrix sulpsambtationK xx » to represent the
covariance function evaluated between the set of traingigtpX and the novel locationX ?:

3
(Xl;Xlz) (X1;X3) o (XX 2)

Kxx» = g (X:z:i:Xi) i Z (3.13)
Xn; X3) o (X X))

Following MacKay [31], the posterior meah of the predicted function at the new locations is
given by the Gaussian distribution after conditioning omlctor of training output¥ .

A= Kxox (Kxx + 21) 1y (3.14)
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Figure 3.3: Gaussian process regression with a datagetraining points. This plot shows the
MAP prediction”. The dotted envelope shows the variance of the marginaigi@d associated
with each location.

The posterior covariance matrixis also derived from the conditional.

M= Kyexe + Kxox (Kxx + 21) TKxx » (3.15)

In practice, the inversion is usually performed through IEéslky decomposition to ensure numeri-
cal stability [67]. Decomposin¢K xx + 21)= LLT yields factors that can be back-substituted
to yield the solution.

Figure 3.3 shows a Gaussian process regression model@ppbesmall dataset @& collected
observations. The dotted envelope illustrates the mdrgnealiction's variance at with each loca-
tion in the input space. This is equivalent to the diagonal odr alternatively, prediction variance
" for each of many separate inferences over the independeaidosX ? along the horizontal
axis.

We can rewrite the MAP prediction mean as a linear combinaifdkernel evaluations weighted
by coef cients.

(Kxx + 21) 1y (3.16)
Kx>x (3.17)

Equation 3.17 demonstrates that Gaussian process regréss an example of a more general
class of nonparametric regression methods knowhnagar smootherd64]. Linear smoothers
predict new observations using a linear combination of &efunctions evaluated at the training
observations. We might worry that we have lost something aving from a parametric form
(with arbitrary degrees of freedom) to a nonparametric rhddermined by a covariance function
containing only a handful of user-de ned parameters. Havea powerful result, theepresenter
theorem[68], shows that for any given kernel the optimal regressim@diction must have the form
of equation 3.17 for a large class of regularized cost foneti
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For a Reproducing Kernel Hilbert Spatkeand a loss functioV (x;y), we aim to choose a
functionf" that minimizes the regularized loss:

X
' = argmin % VE(xi)y)+ kK3 (3.18)

Here is a coef cient that penalizes complexity Bfby weighting the function's norm within the

Reproducing Kernel Hilbert Space. The optimal evaluatioa ew point’(x) is given by a linear
combination of kernel evaluations:

X
fx) = i (Xi3X) (3.19)
i
Once one has identi ed a covariance function the unstrectyroblem of choosing from an

in nite-dimensional space becomes a simple matter of cdinguthe linear coef cient vector .
This yields the form of the predictive mean used in equatid4.3

3.2.2 Learning Hyperparameters

Our discussion so far has ignored the issue of how to idehtifyerparameters of the covariance
function. We can x covariance function hyperparametergad@vance, but in practice it is almost
always preferable to learn them directly from the data. @atien favors two approaches to hyper-
parameter learning in Gaussian process models. The raiye Bayesian approach, begins with
a prior distribution over hyperparameters and employs kitimn strategies such as Markov Chain
Monte Carlo to characterize the distribution over hypesipaters. This distribution is inevitably

non-Gaussian.

Alternatively one can identify point estimates of hypegraeters using an evidence maximiza-
tion (maximum likelihood) approach. The general approacbne of gradient descent. In theory
this is susceptible to local minima, but we nd that these rame in practice for the Gaussian co-
variance function. Moreover, gradient descent methods affsubstantial speed advantage which

makes them suitable for on-line learning by a remote agemglexploration.
For simplicity of notation we introduc® representing the noise-perturbed covariance matrix
of training observations.

Q = Kxx + 2 (3.20)

The data likelihood. (X; ) for the squared exponential covariance function has thHewolg
general form [20]:

L(X; ) = :—leogdetQ :—ZLYTQ ly glogz (3.21)

The likelihood gradient with respect to any hyperparametean be written:

)= itrace(@ 189+ 1yTQ 18% Yy (3.2
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This requires the partial derivatives of the noise-pegdrbovariance matriQ with respect to
each parameter of equation 3.2.1. The partials of an ele@gnwith respect to the constant and
proportional terms g and 1 are the following:

@é ! = 1 (3.23)
@QO ( 1% )2)

_ Xki  Xkj
—1 = exp > . 7\,\/5 (3.24)

The requirements of the geologic mapping task complicaddharning of length scales. Often
the subsets of input dimensions corresponding to spatiettibns aranutually isotropic In other
words, smoothing is equivalent in all spatial directiorighére is no reason to believe that our cho-
sen spatial coordinate frame is particularly special, @ats some structure in the environment,
then we should use a single length scale parameter to fore smoothing along all spatial di-
mensions. A length-scale parameter responsible for a $epof dimension® has the following
partial derivatives:

@@ _
aw

( )" #
xd o _ X
1' M (in ij )2 i (325)

2 3
2 Wi w

1 €Xp
k2D

These permit us to calculate the likelihood gradient of &que3.22.

After nding the likelihood gradient with respect to eachggrparameter we perform an itera-
tive ascent of the likelihood function. Simple gradienteagacan take many iterations to converge;
it is generally preferred to use conjugate gradient strasettpat preserve gains from previous iter-
ations [69]. Accordingly we use an iterative approximattonnd conjugate gradient directions.
The Polak-Ribiere method perturbs the gradient at each step after the rst:

dirg = r L(X; ) i L(X; ¢ 1) for (3.26)
The value for ¢ is given by the following expression:

_rLOG o LOS 1) 1 LOX 1))
t= ke LOX © 1K9) (3.27)

We perform a line search along the conjugate gradient dwetd maximizel (X; ) and recom-
pute the conjugate gradient from the new hyperparametaesall his method offers a substantial
speed improvement over simple gradient descent stratég@sverges in a handful of iterations.
We avoid local maxima by restarting the optimization at @ndocations in the hyperparameter
space.

3.3 Stationary and Nonstationary Environments

The squared exponential covariance functiostéionary meaning that the relationship between
two locations' posterior predictions depends only on tleatmns' relative positions. Covariances
are independent of the absolute location in the input spHuis.is apparent from Equation 3.2.1in
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which (Xj; X;) changes based on the relative distance along each inpunsione In other words,
the covariance function presumes a constant rate of changeghout the environment.

Thanks to their simplicity and generality, these statignzovariance functions pervade spa-
tial modeling research. Nevertheless their assumptionstoecessarily apply to the remote site
survey domain. Geology often violates the constant chaageairement. Typical terrain classi ca-
tions concern contiguous masses or units of material withnoon physical properties. These units
often weather and transpah massgresulting in homogeneous regions with sharp discontasuit
The geologic map of image 1.1 evidences these surface epitgsated by clean borders.

Second, stationary covariance functions carry strongigagpbns for adaptive sampling. The
discussion of Chapter 4 will show several useful adaptiveeolation strategies that depend exclu-
sively on the covariance matrix of the poster®ff (X ?)jX;Y ). In particular, the covariance ma-
trix fully determines information-gain approaches to atsaton selection, so experimental-design
strategies will require considerable attention to the sdemrder properties of the posterior distri-
bution. Surprisingly, stationary covariance implies da@#ic sampling strategy which removes any
bene t from adaptive data collection. This implies that 8tandard covariance assumptions may
be inadequate for the site survey task.

Here we discuss modi cations to the stationary models toeskithese shortcomings. We will
consider alternative nonstationary covariance functassvell aslatent inputmethods that use
additional input dimensions to describe nonstationaryjaggo phenomena.

3.3.1 Nonstationary Covariance Functions

A simple case with synthetic data elucidates the differdret&veen nonstationary and stationary
covariance. Consider the function portrayed in Figure Bldre the underlyind (x) is a simple
step discontinuity. We perturb it using additive Gaussi@tributed observation noise. The result
is a highly nonstationary environment composed of two hognegus legs and a boundary with
a high rate of change. The ideal model should re ect the fiaat predictions at two locations on
either side of the boundary are loosely related, while twiilarly-spaced points on the same side
of the boundary have predictions that covary strongly.

The image at upper left models the step using a standardrsiayi squared exponential co-
variance function. We train covariance function hyperpeaters using maximum likelihood. The
resulting hyperparameters must compromise between dstgrtae smooth and discontinuous re-
gions. This undersmoothes in the homogeneous areas arshma@hes at the discontinuity. A
dotted line shows prediction variance (rescaled for easyalization). Prediction variance is de-
termined completely by the density of the data, with higheutainty near the periphery but not at
the boundary.

The image at upper right shows an alternative model utdizimonstationary covariance func-
tion. Here our method is inspired by the work of Paciorek [¥fjo enables nonstationary covari-
ance by allowing the length scale parameters to vary oveinghg space. The idea is to parame-
terize the length scales of the Gaussian kernel using aiumof that point's input location. The
covariance function for two points; andx; in the input space is formed by the average of the



60 CHAPTER 3. SPATIAL MODELS

stationary covariance function nonstationary covariance function
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Figure 3.4: Left: The noisy step function modeled with aistatry squared exponential covariance
function. The prediction variance, normalized to improlarity, is shown by the dotted line; it
indicates high uncertainty near the periphery of the datghtkNonstationary covariance functions
using locally-varying length scales. The red circles tiate the maximume-likelihood relative
length scales for different locations in the input space.

variance parametess; andw; at each of the two locations. Limiting the kernel to a singiee-
pendent dimension (as in a time series model) the resultiwgriance function, with a normalizing
constantZ, is:

8 9
2 X:i 22
e _ 1 1 (Xi Xj)
(Xisxj) = 1+ zzeXp? ékzl Twew 2> (3.28)

The covariance function for the training data is fully dechby a length scale parameter Pacoriek
shows that the result is a positive de nite kernel function.

In order to evaluate the nonstationary function at a novetion one must identify length scale
parameters at the new location. Paciorek uses a latent @aysscess to model smoothing param-
eters, and learns the resulting parameters through a M&kain Monte Carlo procedure. This
interpolates local length scales and permits extrapeolatifolocal length scales outside collected
data. In contrast, we take the alternative approach of pateaiming the data likelihood in terms of
each independent length scale and identifying bandwidsirgiconjugate gradient descent. This
results in an additional covariance function parameteeémh training datapoint.

However, this nonstationary model employing local lengthlas is somewhat overparameter-
ized; it ts each local length-scale independently withoeigard to local continuity. In principle
we would like length-scale parameters to vary smoothly ssthe region, but evidence maxi-
mization provides na@ priori support for this intuition. Thus the local length scalesdtém be
noise-sensitive, differing greatly even between neigimgpinput points. A second issue is that in
order to make a prediction we must interpolate between datepto nd an appropriate length
scale for novel inputs.
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A shortcoming of the local length-scale method related égatoblem of overparameterization
is computational tractability. The number of free paramgeiecreases in proportion to the number
of datapoints. The likelihood is closed-form for one-dirsi@mal inputs, but higher-dimensions
require computationally-expensive MCMC estimation prhges. This makes them unsuitable for

any exploration tasks that require regular re-learning oftiple input dimensions.

We solve both problems simultaneously by applying a splegeassion to the result of the
evidence-maximization procedure, treating length scatea smooth function of the input. The
B-spline [64] is another linear smoothing technique in iarsenoothed predictions at a new point
X are a linear combination of polynomial basis functions(x), each weighted by coef cients; :

X
W(x) = i i(x) (3.29)
j=1

Here each  is a polynomial interpolatingnot pointsplaced at the location of the training data.
Inversion of ann  n matrix supplies the appropriate coef cients for predigtv(x) at a new
location. A smoothing parametercontrols the degree of regularization. We determinasing
boundedlD function optimization to minimize leave-one-out crossidetion error. The result is
a smoothly-varying local length scale that one can sultstiio Equation 3.28.

The local length-scale method outperforms the stationewgriance function for the noisy step
function. In the image of Figure 3.4, red circles illustréte smoothed local length scales which
shrink near the boundary to re ect the high rate of changeis Téts the smoothing parameters
compensate between modeling the discontinuous boundahthensmooth outer periphery. It
results in a sharper step boundary and less “ringing” beyioadtep border.

Other methods for modeling nonstationary covariance rvelarping the input space [71].
These share many of the advantages and disadvantagesllyFl@rging length scales. In particu-
lar, the requirement of expensive simulation methods foam&ter inference motivates us to seek
alternatives.

3.3.2 Augmented Input Spaces

Additional input dimensions can create spatial nonstatiby without changing the form of the
covariance function. This method, pioneered by P ingsteal, augments a-dimensional input
space with an additional value that separates trainingalatey the new dimension [72]. P ingsten
synthesizes a new input using the prediction of an auxili@gression model. The result is a
Gaussian Process inda+ 1 dimensional input space that better re ects varying rateshange in
the original data.

Figure 3.5 illustrates this effect visually. Here obseiord are spaced at some distamigen
the originall-dimensional input space; data appears at regular intealahg the horizontal axis
representing the inpwg;. This corresponds to a situation where the agent performsdie sam-
pling. Due to stationarity tha priori covariance between any two adjacent points is equivalent.
Augmenting the input with a stationary predicti6\(1xi) forms a multivariate2-dimensional input
space where interpoint distances (sucldadlustrated) vary between neighbors. This is not the
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Figure 3.5: Expanding the input space with a latent pramlictif the output variable permits non-
stationary covariance by extending the distance betwemplegpoints along the new axis. Here
d; is the constant distance between datapoints in the origidahensional input spacel, is the
alternative distance computed in thet 1 dimensional input space augmented by the stationary
predictionf (x;).

same as crafting a nonstationary positive-de nite Mercamkl. Instead, we are literally embed-
ding the data in a new input space where it is better-suitdied@ssumption of stationarity. The
result is a Gaussian process with respect to the augmentzdodé not necessarily with respect to

the original raw input.

The raw prediction value itself suf ces as a latent inputt lithas the undesirable property
that the input space becomes sensitive to the scaling of dtmubvariable. For this reason a
logit transform of the latent prediction improves stagilif2]. We map the latent prediction to
the[ 1;1]interval using the logit function so that its scale is comswate with the (rescaled)
input data, and append the result to the input space. Theenigtion transforms the original
d-dimensional independent variableinto an augmented versioq:

I
—
=
=
x
>

Xj = i Xigl " (3.30)

X; (3.31)

I
x
o
x
I\J.

X
&

Finally, we train the hyperparameters of the main Gaussiand3s model's squared exponential
covariance function using the augmented input vectors.e lgain we use the aforementioned
gradient descent procedure.

In practice nearly any regression or smoothing techniqmiﬂmatet'\ (x;) offers some advan-
tage. Figure 3.6 shows three alternative regression modlaks rst is another Gaussian process
using a squared exponential covariance function. We tregridtent model using gradient descent
and insert its MAP predictiort(x;) into the input space of the main Gaussian process.

The second latent input technique appears at lower righte tde use a cubic B-spline [64] to
smooth the input data and estimﬁf@q) for all datapoints. This produces a smoothed prediction
that we re-scale and append to the input space of the mainimode



3.3. STATIONARY AND NONSTATIONARY ENVIRONMENTS

63

stationary covariance function

latent input, Gaussian process regression

15

10

05}

00}

05

-0f ¢

%% -6.4 -(;,2 0.‘0 0.‘2 014 016 08 2%% -d.a -(;,2 0.‘0 0.‘2 014 016 08
15 latent input, spline smoothing 15 latent input, locally-linear regression

10f 10f - tein e

05} 05}

00} 00}

05 05

10+ a0l o 1-_. . ..._-..

%% -6.4 -(;,2 0.‘0 0.‘2 014 016 08 %% -d.a -(;,2 0.‘0 0.‘2 014 016 08

Figure 3.6: Upper Left: The noisy step function modeled vetktationary squared exponential
covariance function. Upper Right: the noisy step functicodeled with the nonstationary method
of P ingsten et al. Lower Left: latent input space generated spline smootheggeassion. Lower

Right: latent input generated by local linear regression.
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Finally, we consider docal linear regressiorapproach that predicté\(xi) by tting a local
one-degree polynomial. In order to evaluate the functioa aéw prediction point we perform a
linear regression with training data weighted according ltacal kernel function. The advantage to
this procedure is that, unlike Gaussian process and smression methods, it tends to perform
well at the extremes of the input space [64]. Local linearesgion reduces boundary bias which
is important for exploration applications that habituglhedict observations near the periphery of
collected data.

Our local linear regression uses a Gaussian kernel thatimess a single length scale for all
input dimensions. This length-scale is initialized using hormal reference rule [64] to identify an
approximate range. Then, we tune it more precisely usingdedlD approximation, driven again
by squared cross-validation error. This produces an esdirfigx;) that we can use to reconstruct
the original dataset.

Regression predictions are not the only source of latentt&for the site survey task. Explicit
predictions oif’\(xi) can be super uous if additiona priori measurements such as remote sensing
data is available. These spread the input points in the gpiate of positions aralpriori observa-
tions, resulting in models that are spatially nonstatipn@hoosing the number and type of latent
inputs is akin to a feature selection problem. Later chaptélt investigate the use of orbital data
in this context; for now we will limit ourself to a single Iateinputf’\(xi) produced by the three
regression strategies described above.

3.3.3 Evaluation on Synthetic Data

A series of tests on synthetic data evaluate these stayi@mat latent-space models. These tests
provide an idealized case for comparing the behavior of iffierdnt covariance functions in sta-
tionary and nonstationary environments. Our rst case ittars the noisy step function portrayed
in gure 3.4. We generate data by assigning a random locdatdhe boundary discontinuity, and
produce latent inputs using various regression modelsrtgpatef (x;). We produce performance
scores by evaluating the MAP estimatéx;) of the main Gaussian process prediction for each
datapoint and compute mean-squared reconstruction esirg leave-one-out cross validation.

Table 3.1 shows the reconstruction error for 100 trials.eB®trends are apparent. First, all
nonstationary methods outperform the stationary coveeiamodel at reconstructing the underlying
step function. The ability to exhibit variable rates of charmpermits them to better model both the
step discontinuity and the areas of homogeneity.

As observation noise increases, so does the performancé-gge 3.7 shows reconstruction
performance as a function of noise, with error bars indagati = 0:05con dence intervals. Much
of the reconstruction error is concentrated around thedofichis is evidenced in Figure 3.8, which
shows reconstruction performance for the quintile of thmitrspace centered on the discontinuity
itself. The average error of the stationary model is mucthéiichere, corroborating our visual
intuition that the stationary covariance function is ilited to modeling the step.

It is also useful to examine the behavior of the differentstationary models at the extremes.
Exploration tasks routinely involve inference at the spaosriphery of the data, so good extrapo-
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Figure 3.7: Reconstruction performance for the noisy steetfon using stationary and nonsta-
tionary methods for different noise values. 100 Trials. oEisars show = 0:05 con dence
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Figure 3.8: Reconstruction performance for the noisy stejgtfon for the quintile of the input
space centered on the step discontinuity.
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Figure 3.9: Extrapolation performance for the noisy stemfion for the quintile of the input space
centered on the right edge of the training data.

Covariance  reconstruction discontinuity extrapolation

Stationary 0:09 0:00 023 001 @27 001
Latent GP 0:05 0:00 011 001 €12 001
LatentLLR  0:05 0:00 019 003 (G10 0:00
Latent Spline 0:04 0:00 016 0:.04 007 000

Table 3.1: Mean absolute error in reconstruction for oletéyas of the noisy step function (100
trials, noise = 0.150)

lation performance is important. Figure 3.9 shows recactitn performance for the quintile of
the input space centered on the rightmost edge of the toapimts.

The locally-linear regression model satis es our expectet about good boundary properties
- it properly extends the latent prediction according toltwal polynomial t. However, the latent
Gaussian process model performs surprisingly well hereedls @specially at higher noise levels
where its length-scales grow longer. The B-spline extraigs| well when noise is low, but exhibits
bizarre and unpredictable behavior at high noise values.

A second series of trials evaluated the different covagdoaoctions on a continuously-varying
environment where the assumption of stationarity hold¢ebetHere we generate data sets by
sampling from a sine curve, and evaluate performance ahséwting this function from noise-
perturbed observations. Unsurprisingly, the stationayadance function has no signi cant dis-
advantage in this environment. The underlying functionegasmoothly, and the stationary model
with fewer “degrees of freedom” actually offers better gatigation performance than the latent-
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Figure 3.10: Reconstruction performance for the sine fanatsing stationary and nonstationary
methods for different noise values. 100 Trials.

space alternatives. Figure 3.10 shows the reconstrucédnrmmance as a function of noise.

In summary, the synthetic data suggests latent inputs asefalutool for extending basic sta-
tionary covariance functions to nonstationary environteefhe latent predictions can come from
any source, such as a smoothing algorithm like local-limegression or a separate Gaussian pro-
cess. Here, the modeling power comes at a cost — the additexlaility can produce additional
error if f (x) is actually stationary. Regardless of the latent inputigree, the designer must be
attentive to the extrapolation and generalization properdf the model. The appropriate input
space for a particular task resembles a model selectionigndkat is best addressed by standard
cross validation methods.

In the next section we will examine a true intelligent majgpscenario in which the latent input
is taken from remote sensing data that correlates with thizatkobservations.

3.4 Field Tests

Field data is ultimately necessary to evaluate the suitalif Gaussian process models for site
survey tasks. To this end we tested reconstruction error ane mealistic data from eld sources.
These tests demonstrate Gaussian process models thatdietspatial and cross-sensor correla-
tions of a rover traverse dataset.

The following section describes eld data collection at AogtCrater, a lava ow in Califor-
nia's Mojave Desert. The rover employs its Visible Neardénéd Re ectance Spectrometer and
learns to correlate the spectrometer signal with remoteisgmata. The rover system begins with
virtually no prior information about the correlations been these data products; instead, it learns
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Figure 3.11: Left: An ASTER VIS/NIR image (band 1) shows the#oy Crater lava eld. The
eld itself measures approximately 2km in length. Right: dBegic map from Hatheway show-
ing several distinct geologic units within the survey areatlee East side of the lava ow. The
background image is a USGS Digital Orthophoto Quadrangidupt.

the appropriate model parameters on the .

We begin with a brief overview of the geology of the Amboy @ratava eld. We describe
the speci ¢ exploration objectives and the experimentaicpdure for data collection. Analysis
of the rover data suggests that latent inputs in the form miote sensing data offer a signi cant
bene t to the delity of automatically-generated sur cigleologic maps. They also demonstrate
that autonomous spectrum interpretation can recover theipal distinctions in surface material
that are apparent from visual inspection and remote seinsiagery.

3.4.1 The Amboy Crater Lava Field

Amboy Crater is a cinder cone crater in the Mojave Desert dif@aia. It is surrounded by
basaltic lava ow of approximatelyOkm? in area that consists of layered vesicular pahoehoe lavas
deposited over several distinct volcanic events. Figut& 8hows an orbital view of the crater area
product from the ASTER instrument. The principal volcamniater is clearly visible at the North
end of the ow; note also the characteristic “wind streaktending East from the crater.

Amboy is especially interesting to planetary geologistsaose the ows may be analogous to
surfaces on the Moon and Mars [73]. Multiple studies overglst several decades have inves-
tigated the ow for various purposes related to planetangrste and exploration. Greeley al.
consider the wind streak as a possible analog of aeolianresavisible in Mars remote sensing
data [73].
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Figure 3.12: Zoé at the Amboy Crater lava eld, approacharggries of basalt lava mounds.

The site has also been used for engineering and technologjogenent experiments. The
Marsokhod rover investigated Mars-relevant operationatl@s for remote science that incorpo-
rated techniques like regular command cycles and visuabsey [74]. Drop tests by Greeley and
Iversen tested penetrator sensors for a potential Maregtjgn mission. Recently, the Hyperion
rover demonstrated mobility on the surface of the lava owstww feasibility of the design for
Lunar and Mars environments [75].

The ows themselves are generally composed of layered fgpiatt units” with relatively at
surfaces; it is thought that these are the result of stagiegdassed lavas that cooled and solidi ed
with very little sideways motion. The surface of these owsabs a strong resemblance to the
planetary surfaces imaged by landers during the Viking immss

Aeolian sediment deposits |l the low-lying areas throughthe ow. These sediment patches
become more prominent as one travels East. The basalt watstins Eastern edge of the ow
become progressively older [73]. Aeolian weathering psses are prominent, and sand-blasting
features are common. Figure 3.12 shows the east edge ovtheeld where highly eroded basalt
mounds protrude from the sediment basin. Sparse vegetatmesent throughout the area.

In contrast with the majority of the ow, which exhibits a f8i undifferentiated “hummocky”
surface, the lava platforms near the East edge are charactdry regular “collapse depressions”
with a distinctive circular shapes. Despite the name, ibssible that these depressions may have
been caused by in ation of a plastic crust around a gap in th. These Eastern ows halt
abruptly in a contact with the Bristol Lake Playa, with brokedges characterized by distinctive,
heterogeneous platform shapes (Figure 3.11).
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In this area the ow's surface comprises several distinablggic units; we concentrate our
studies in a particularly diverse area within the East endyure 3.11 (Left) shows its general
position within the ow. Figure 3.11 (Right) shows a closaew, with geologic unit boundaries
as identi ed by Hatheway and reprinted in Greeltyal [76, 73]. Erosion is prominent along the
edges of the platform units; this, together with aeolianos$ép into the depressed areas of the ow,
creates a distinctive terrain characterized by isolateglbanound features.

This latter gure employs a USGS Digital Orthophoto Quadjlen(DOQ) data product [77].
DOQ images are produced by mosaicing visible-spectrumoginaphy from aerial over ight that
has been registered to manually-placed ground controkgpaimd other known features. This re-
sults in a high registration accuracy. During our tests, @gilarly observed registration accuracy
within the margin of error of our commercial GPS units.

The precise location of the geologic boundaries in gurel3should be considered uncertain
due to the imprecise correlation between Hatheway's asiginap and the high-resolution DOQ
data product. More signi cantly, it is unclear whether tHatforms in this area all resulted from
the same volcanic event or whether they originate from plelidifferent ows.

Our studies at Amboy focus on the task of sur cial mapping, €harting the different units of
surface material present at various locations in the Bagerboy lava eld. Relevant questions
for such an investigation might include:

What is the nature and extent of the basalt “mound” featur@$¥hich ows are they a
part?

What is the nature of the erosion processes at work in theefasnd of the lava ow?
Are the basalt platforms themselves homogeneous, or is trafation in weathering and
alteration processes across their surfaces?

What is the relationship between orbital imagery and thepmalogy of the basalt platforms
as visible from surface sensors? In particular, how do th#atimages relate to the density
of the basalt, and the relative proportions in the mixturbasgalt and sediment material that
is present at a given location?

While we cannot conclusively resolve these issues duriegstiope of a single eld season,
they serve as important motivating questions suggestimgraktechnology objectives which our
rover maps should achieve. The maps should encompass eteugin to contain meaningful
data about a large region that could potentially containamaore unit boundaries. The on-board
instruments should be sensitive to the various compositidsurface material, and the map should
tie these readings to appropriate remote sensing data.

The following experiments aim address these questionsigira sur cial mapping procedure
involving Infrared Re ectance Spectrometer deployed dyitally by a mobile rover platform.
The Gaussian process model learns the appropriate cansldtetween data products, extrapolat-
ing an MAP map estimate beyond the collected observations.
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3.4.2 Rover Instruments

The eld tests at Amboy crater utilize the Zoé rover desedlpreviously in Chapter 2. As before
Zoé's onboard science package includes a Visible Neaatled (VIS/NIR) re ectance spectrome-
ter that can collect data from distant targets under sdianihation. The spectrometer's objective
lens, orforeoptic mounts to a pan-tilt servo unit xed to the rover mast. A badition target
mounted to the deck provides a white reference to deterrangets' absolute re ectivities despite
lighting changes.

Basalt patches in this exploration area are dense enoudiviate the need for rock detection
or targeted spectroscopy. During normal operation theat@ece spectrometer aims at a xed

30 angle of declination at the ground directly in front of th@en At this range its eld of view
projects to an ellipse measuring approximateyand6 centimeters along the long and short axes.
One can easily distinguish the two surface materials wigir ISNIR spectra (Figure 3.13). The
Basalt is less re ective than the sediment, and exhibitslaetj signature with a larger proportion
of re ected light in the short visible wavelengths. The clsignature is more re ective with a
higher proportion of red components.

We perform several transformations on the raw spectrumddyme a geologic classi cation
for our predictive map. In practice the absolute re ectaisce poor indicator because it drifts quite
quickly after calibration. Instead we extract an attribuetor based on thelative amplitudes of
ve band windows chosen from the visible spectrum. The raac@meter data gives wavelengths
down to2500hm. Our windows span the range fro&0 100hm, avoiding water absorption
bands while capturing the visible-spectrum diversity afate materials. We average the signal
within each window, and re-scale the results to[thd] interval. The resultis 8D attribute vector
describing the shape of the spectrum in the visible and inéared.

To summarize, a spectral signal at locatiotis given bys(x) = [ Szs50(X);::: Sos00(X)]. We
produce the rescaled attribute vecs(x) escaled:

%50 X50 X00 R®50 3000 3
Sreduced(X) = 4 si(X) Si (%) Si (%) i (x) si(x) 5 (3.32)
=350 . =450 . 1=550 . i=700 . =850
100 ! 100 ! 150 ! 150 ! 150

Sreduced(X)  MIN(Sreduced(X)
MaX Sreduced(X)  MIN Sreduced(X)

Re ectance spectra of macroscopic mixtures are genelakat combinations of the compo-
nents [56]. In our case spectra describe a mixture of twoiphlymaterials (basalt and sediment)
and their intrinsic dimensionality is basically one dimiengl. This corresponds to the rst princi-
pal component of th&D vector. Linear dimensionality recovers the principal idigtion to yield
the desired scalar observation: the basis derived froneaidiprojection that permits the best pos-
sible reconstruction of collected spectra. For the sammanmm(X) of all observed examples
Srescaled(X ), and the normalized rst principal compondi{iX ) given by the principal eigenvector
of the covariance matrix of the mean-zero examplesQfaeqd(X ), we compute:

Y = (Srescaled(X) m(X))b(X) (3.34)

Srescaled(X) (3.33)
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Figure 3.13: Spectra of basalt (blue - bottom line) and amgédn - top line) at Amboy Crater under
solar illumination. High-noise ranges are caused by wdisoigtion bands in the atmosphere.

A single-output Gaussian process — which predicts onlyasaatbservations — can now model
these spectra effectively. This method does not requieddalsamples or otharpriori knowledge
about the spectra the robot will encounter. Instead, therriokenti es the principal distinctions on
the .

We will consider remote sensing data in addition toitheitu spectroscopy. Our experiments
use the remote sensing data product based on the USGS @gitedphoto Quadrangle (DOQ).
This single-channel over ight image is sensitive in theilvis spectrum [77]. The resolution of
DOQ data isl meter per pixel, making it analogous to high-resolutiortrineents such as the
HIiRISE camera [78]. Registration accuracy is negligiblg, Wwe apply al-pixel Gaussian blur in
order to compensate for localization drift. This amounta fow-pass Iter that preserves coarse
information while excluding ne boundary detail that isdily to be inaccurate.

3.4.3 Procedure

During data collection the rover navigates between presdrivaypoints. It acquires spectra at
7 second intervals during forward motion, resulting in pditomeasurements of surface mate-
rial from the rover path. An automatic servoing procedurepgmized spectrometer calibrations
against white and dark references evéminutes using the scripted sequence described in Chapter
2.3.2. This procedure, along with a concerted effort togrenfruns at midday in good weather

conditions, helped minimize the effects of varying lightdis on the spectroscopy data. Despite
these efforts there were occasional modulations of thetispeeter signal from clouds and other

atmospheric phenomena. Other outlier signals resulted fin@ rare instances where the spectrom-
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eter eld of view fell on a salt deposit or a plant.

We draw our data from a series of traverses covering the “ieosmmd Clyde” site at the east end
of the Amboy lava eld. The complete set of experiments inled 20 traverse attempts over the
course of three days. From this set we will consider fourgsgntative traverses from three sep-
arate days. Our selection is based on several criteriat, Rieswill only consider traverses where
the rover nished the run in a timely fashion without signant operator intervention or navigation
errors. We will also exclude traverses that contain obvimis-calibrations or for which abrupt
clouds lighting changes disrupt the spectrometer datas@ foaur traverses constitute a representa-
tive mix of datasets that represented a diverse selectioawifation strategies, while representing
performance possibilities of a mature rover system opggatnder nominal conditions.

The traverses appear in Figure 3.14 - 3.25. They span an@rdifjerent navigation strategies,
including xed coverage pattern and adaptive navigatioategies to be discussed in chapter 4. The
traverses are approximately 500m in length, and cover aitearea approximatel¥00m  300m
in size. Trials were performed over the course of three dayse rover was fully autonomous
during the trials, each of which lasted approximately 20¥80utes.

Our analysis evaluates model predictions using the palditaisets that are available to the rover
during the traverses. Each prediction trial correspondsgarticular rover location. For each trial
we construct a training set consisting of the previ@gdobservations and train Gaussian process
hyperparameters using maximum likelihood. Finally, thedel@xtrapolates from the training set
to predict a future observation at a location several sagripte the future. The only free parameter
is the observation noise, which we set manually to a valulofor all tests.

We varied several experimental parameters during thes triarst, we tried various combina-
tions of input data. One trial's input space consists onlthef samples' temporal positions in the
sequence, creating a time series problem similar to thodeegdrevious section. A more sophisti-
cated model combines temporal position and remote sensitag d

In addition we tested each model on various prediction bosz The far-horizon case inferred
distant observations 20 samples into the future, corrafipgrio distance up to 100 meters depend-
ing on the rover's future trajectory. On the opposite exeeamear-term prediction estimated the
very next observation in the sequence. These tasks congspaghly to different inference tasks
that the robot might be expected to perform during remotdoeapon: the distant prediction is
relevant to large-scale navigation issues while the prakirase is germane to issues of instrument
deployment for a nearby target.

3.4.4 Results

The rst traverse followed an adaptive sampling strategt tlesulted in a fairly even coverage of
the traverse area. Figure 3.14 (Left) plots the remote sgrasta and the surface measurements
at each location. The color of each dot (from green to yellshows the scalar geologic class
derived from spectroscopy. Qualitatively, green corresisdo a high percentage of sediment while
yellow corresponds to high basalt signal. The unsuperviBetensionality reduction procedure
automatically retrieves this distinction.



74 CHAPTER 3. SPATIAL MODELS

Figure 3.14: First traverse from the “Bonnie and Clyde” siteft: Spectrometer measurements
are overlayed on the DOQ orthophoto product that compriseseémote sensing data from the
experiments. The color of each dot (from green to yellowWshscalar geologic class derived from
spectroscopy. Center: Map reconstruction using positormation. Right: Map reconstruction

using position and DOQ data.
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Figure 3.15: Time series plot of spectrometer classi aai@nd remote sensing data. The rst
traverse exhibits a strong € 79) correlation.
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Figure 3.16: Left: Prediction performance plotted by Idodéad distance. Right: Mean improve-
ment per trial in prediction accuracy using remote sensatig.d
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Figure 3.17: Second traverse from the “Bonnie and Clyde&’ $ieft: Spectrometer measurements
overlayed on the DOQ orthophoto product. Center: Map recoction using position measure-
ments only. Right: Map reconstruction utilizing positiomderemote sensing data.
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Figure 3.18: Time series plot of spectrometer classi aaiand remote sensing data
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Figure 3.19: Left: Prediction performance plotted by Idodéad distance. Right: Mean improve-
ment per trial in prediction accuracy using remote sensatig.d
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Figure 3.20: Third traverse from the “Bonnie and Clyde” siteft: Spectrometer measurements
overlayed on the DOQ orthophoto product. Center: Map reicaction using position only. Right:
Map reconstruction utilizing position and remote sensiatad
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Figure 3.21: Time series plot of spectrometer classi aaiand remote sensing data
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Figure 3.22: Left: Prediction performance plotted by Idodad distance. Right: Mean improve-
ment per trial in prediction accuracy using remote sensatig.d



3.4. FIELD TESTS 77

Figure 3.23: Final traverse from the “Bonnie and Clyde” siteft: Spectrometer measurements
overlayed on the DOQ orthophoto product. Center: Map recaction using position only. Right:
Map reconstruction utilizing position and remote sensiatad

Spectrum

+ Remote sensing

GP Prediction

----- Latent Input GP Prediction

DOQ pixel intensity / Spectral classification

Timestep

Figure 3.24: Time series plot of spectrometer classi aaiand remote sensing data
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Figure 3.25: Left: Prediction performance plotted by Idodéad distance. Right: Mean improve-
ment per trial in prediction accuracy using remote sensatg.d
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Figure 3.14 (Center) shows the MAP map estimate using a @eugsocess model trained to
predict the spectral classi cation based only on the phatsiosition of each sample. We extrap-
olate observed values to unobserved locations with the rpestiction estimate of the Gaussian
process at that location in the map given the entire set aftspaeter observations and their po-
sitions. The Gaussian process identi es a spatial coroglaind extrapolates uniformly from the
sampling sites.

In contrast, the illustration at right shows the improvedorestruction gleaned by including
the DOQ remote sensing data product as a latent input. Thelfesgrages the strong correlation
between its learned spectroscopy classi cation and thecéeed pixel intensity of the DOQ image.
This results in sharper boundaries and more faithful extedjpn. Note that the MAP prediction
falls to the mean value near the edges of the map. This ocegeube spatial and remote sensing
correlations are both signi cant for this dataset. Thesmalmns are spatially removed from any
other samples, the model is “less certain” about its prixtistin this area.

Figure 3.15 shows the same problem represented as a tines,serih pixel intensity values
in the DOQ image and the spectrum classi cations derivednfrgpectroscopy. We normalize
both input dimensions so that the training data has meanamstaunit standard deviation. The
distribution of terrain types is approximately bimodalgcing the two discrete surface unit types.
Time series plots show the sharp, discrete transitions ioenunit to the next as the rover travels
forward.

The center time series plot also shows interpolated vamé's\(x) from two Gaussian pro-
cess models using the temporal position of the sample antha space. The red solid line is
the estimate generated by a stationary covariance modglthenblue dashed line indicates the
prediction resulting from an additional latent input fromstationary Gaussian process prediction.
This demonstrates similar behavior to that of the noisy ftaption; the latent input model does
a better job at following discrete state transitions. Thaadot is not signi cant for reconstruction
error. Moreover, any visible difference between the prgols is further mitigated by the addition
of the DOQ remote sensing data. Since the DOQ data corredartmsgly with the spectrometer
signal it functions as a latent input and renders the addititatent Gaussian process redundant for
capturing discrete boundaries.

There is a strong correlation £ 0:75) between the rescaled orbital intensity values and spec-
trum classi cations. This suggests that the autonomoustap® classi cation procedure recovers
the environment structure re ected in qualitative obséores and remote sensing data. The sys-
tem retrieves this distinction without any access to spétbraries, reference samples, or explicit
hand-labeled supervised training data: the only humagetsl component is the set of bandwidth
windows that comprise the uncompressed attribute vector.

Figure 3.16 (Right) shows the prediction performance foious lookahead distances. We cal-
culate mean absolute reconstruction error across allitocaterror increases more or less mono-
tonically with extrapolation distance.

The Gaussian process gleaned a signi cant improvement fhemaddition of remote sensing
data. Figure 3.16 (Left) evidences this bene t; it showsriean per-trial improvement achieved
by augmenting the input space with remote sensing data. Ressmsing offers considerable
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Figure 3.26: Spectrometer readings correlate strongly minote sensing data in each of the four
runs. Upper Left: First traverse. Upper Right: Second tisselower Left: Third traverse. Lower
Right: Fourth traverse.

Traverse Number of Samples Correlation Coef cient  p-value

1 186 0.79 p < 0:01
2 184 0.84 p < 0:01
3 224 0.75 p < 0:01
4 130 0.75 p < 0:01

Table 3.2: Autonomous interpretation of spectra producetassi cation value that correlates
strongly with the normalized albedo of the DOQ image in eddhe four runs.
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improvement near the rover, with bene ts peaking for a peedn 2 samples into the future. The
latent input continues to offer signi cant improvements tops samples forward, after which the
sample is presumably too far away in the joint position/resrsensing space to bene t from the
accumulated data.

Figures 3.4.3 through 3.25 show similar results for the iaimg three traverses. The different
paths result from coverage patterns and adaptive samliimes that were occasionally perturbed
by navigation errors. However, all traverses cover the sappoximate area in the lava eld.
The sequence lengths range frad0to 220images. In each case the addition of remote sensing
data signi cantly improves the map reconstruction resasgisiming normally-distributed error, and

= 0:05) for model predictions beyoristeps ahead. We conclude that spatial and remote sensing
data can both contribute to the delity of model predictions

Each of the traverses shows a strong correlation betweeautiomomously-derived spectrum
classes and the remote sensing pixel intensity (Figure).3.Botting these two values reveals
strong linear correlation (Table 3.2. It also provides sisevidence of bimodality, re ecting the
two distinct terrain types present in the traverse area.

Navigation images from the traverse reaf rm that the pyiaticomponent analysis approach to
spectrometer classi cation accurately matches the catadd interpretation of terrain types. Figure
3.27 shows mean and extreme observations from the nalisayalong with context images illus-
trating the terrain at each location. Here the spectromagr touches the area in the right/center
of each image. The mean image has a lower re ectivity; it islear whether this is due to the
rover shadow or the sparse basalt visible to the right. Threme values correspond to archetypal
examples of thick sediment and thick basalt.
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Figure 3.27: Extreme and mean observations from the traw@r&igure with associated images
and spectra. We exclude noislO absorption bands ne&aB5Q 185Q and2350m.
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Chapter 4

Adaptive Data Collection

The eld excursion and eld class need not be concerned wifinealetermined orga-
nization of observation, such as is contained in a synopéip lagend. Leads aplenty
... will turn up in the course of walking, seeing, and exclenfjobservation. — C.

O. SauerThe Education of a Geograph§s8]

Science autonomy is motivated by resource bottlenecks -tslion time, energy, or band-
width that preclude exhaustive sampling. These limits nake tthe form of hard constraints or
incremental costs that score against the value of deteetd d heaction selectiorcomponent
chooses actions to improve an expected utility functioatesl to the science value of the down-
linked data and the cost of acquisition and transmissiogu{ei4.1). This chapter addresses action
selection strategies for adaptive data collection.

We begin by formalizing the data collection and transmisgs&sk. We present decoupled
solution which treats data collection and transmissionwas separate, sequential optimization
problems. Then we address the question of a suitable rewactién for quantifying science value
and survey previous science value metrics. A survey of thealiure reveals a variety of options,
including classic approaches such as “target signaturet”rapresentative sampling.” These have
met with considerable success in their own domains, butarethan ideal for geologic site survey.

Instead we advocate an approach grounded in informatiarth®ur science value function
treats remote exploration as an experimental design orealgarning problem. Here the science
value of a new observation is determined by the informatigoravides over parameters of the
spatial model. Speci cally we usespatial desigrstrategy that seeks subsets of observation sites
that maximizes information gain about unobserved locatgubject to resource constraints or in-
cremental costs.

Simulated and eld scenarios demonstrate active decisiakimg that leverages map predic-
tions to improve exploration ef ciency. We use our scienedue functions for constrained sam-
pling along a linear transect. We then introduceoaridor explorationscenario in which a rover
plans paths to investigate a 2-dimensional exploratiom.are recursive path planning strategy
identi es informative paths that maximize science objessi based on the spatial modes we have

83
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Figure 4.1: “Action selection” computes favorable colientand transmission actions.

considered in the previous section.

Finally, we demonstrate the use of adaptive science-dmaigation in real time on a eld
rover. Our approach permits adaptive kilometer-scalestsmsat the Amboy Crater site. The rover
is capable of learning to interpret spectrometer data mtsdon the y. This constitutes a complete
closed-loop science autonomy system that discovers theipail variations in surface material and
their relationship to remote sensing data.

4.1 Objective Functions for Remote Exploration

Meaningful resource allocation decisions require thatafpent evaluate the science value of can-
didate datasets. We de n& to be the space of all possible collected data products. Ameht
from A includes the raw data itself and any associated metadatach-asuthe instrument status,
and the time and location of acquisition — required to interphe observation. For instance, data
products could include images, spectra or other sciencaumaaents. Action selection evaluates
data set#\ consisting ofn items fromA.

A = [agag:iian], & 2A (4.1)

The complete exploration procedure consists of two seplestages (Figure 4.2). Here repre-
sents unknown parameters of the explored environment érargte the observed features. In the
initial collectionphase the explorer agent collects a series of observatpnesented by the sat
In the secondransmissiorphase the agent transmits a sul#s€of these observations to scientists.
This two-phase description simpli es several aspects wfate exploration. By characterizing
exploration as a piecewise process with a single discretemumications opportunity we preclude
continuous or opportunistic communications. We must aismedard future activities beyond the
next transmission phase. However, these simpli catiomsraasonable for our problem domain.
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Figure 4.2: lllustration of the remote exploration task sisting of sequential data collection and
transmission phases.

Each communications opportunity is a chance for scierttisthange the agent's behavior so plans
over longer intervals are subject to obsolescence from nssiom goals. Moreover, our scenario
still captures the essential resource constraints thaactaize remote exploration in general. The
examples referenced in the introduction suggest that teeotisliscrete, sequential exploration
and transmission stages pervades robot exploration iesteal and planetary science. Planetary
exploration in particular favors discrete windows due t® periodic orbits of relay spacecraft and
prescheduled timesharing on the Deep Space Network.

Our treatment makes another useful simpli cation, disrdgey the general encoding problem
of how to compress the data products themselves. Insteadillvpresume that the individual
data products are the atomic elements of the transmissage,sand that each is associated with a
xed bandwidth cost. We should note that researchers hawusidered the more general problem
of science-driven data product compression. For examipdy, have produced images that have
higher resolution in areas of science interest [79]. Thisegond the scope of our work, as data
product compression methods are highly dependent on thedbthe data itself. Moreover, ight
systems generally compress each data product independemlg domain-speci ¢ algorithms.
This bene ts the designers that can address different datdupts independently, and scientists
that can presume a required level of delity for each datadpat. Our method can easily accom-
modate the variable costs associated with differentlgesdata products, and such formulations are
common in the experimental design literature [80]. We atersthe simpler case here for clarity.

4.1.1 Coupled and Decoupled Solutions

The overall objective concerns a value functidrthat one can decompose into reward and cost
terms [60]. A reward functiofR(A; A9 maps the sets of collected and transmitted data to a scalar
score,R(A;AQ : A" I R. We includeA to re ect that the value of returned data may depend
on its relationship to the entire set of collected data. Tée of a scalar reward score subsumes
a wide range of other relevant science value classi catisnalar scores permit rank orderings of

datasets, as well as binary “good / bad” classi cations yjuted a suitable threshold).
An observation cosk o(A) is a scalar value accounting for resource requirements @ik
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ergy and time) required to collect the dataset. Similargnsmission cost (A9 accounts for
bandwidth limits. The remote explorer aims to improve atytflunction U(A; A9 given here as a
function of the transmitted da#a®

UA;A) = R(A;AY  Lo(A) Lt (A9 for A A (4.2)

The subset constraint creates a signi cant challenge. Kpeeer chooses a downlink® using
theentiresetA that results after completing the data collection stageés iirtakes the contribution
of each individual data product dif cult to determine urdill measurements are nished. During
data collection, the agent must solve the entire joint ctib@ and transmission optimization in
order to evaluate any single observation. It must consiti¢hepotential returned subsets of data
that it will later collect. For example, the agent may dediméorgo collection of informative data

products because they will not complement future data tlachvbe included in the downlink.

We denote the optimal solution to thisupledobservation/transmission problem with a sub-
scriptc. The solution de nes a set of collected observatidnsand transmission subse@@ that
maximize the joint utility function (A; A9. During data collection the agent optimizes the ex-
pected utility of collected observations, consideringofhe potential downlinks.

A. = argmax,E[R(A;A9) Lo(A) Lt(A9 for A® A (4.3)

The joint optimization oveA and A° requires integrating over all possible values of data that
will be collected before initiating the transmission pha¥ée desire more tractable approximate
solutions to the joint collection and transmission prohlédonsider the case where we substitute
a new reward function: a sum of sequential observation amtnission terms, where the reward
ascribed to the transmitted data is contingent only on that that was collected.

R(A/A9  Ro(A)+ Rr(A9) (4.4)

The agent can approximate an optimal solution by optiminingervation and transmission reward
sequentially. We will use the terdecoupledo describe this class of exploration tasks, and denote
the decoupled solution with the subscript

Aq = argmaxy E[Ro(A) Lo(A)] (4.5)
AS = argmax,.E[RT(AY Lt(AY; A% Ay (4.6)

The agent pursuing this value function computes data damle@ctions while disregarding the
transmission budget. This results in a solution set of alasiensAy. Only later, during the
transmission phase, does the agent assemble a transrrﬁsbisetAg. We summarize the basic
procedure in Algorithm 1.

The form of Equation 1 suggests that there are importantlpkrdetween data collection and
return objectives. Nevertheless, this chapter will focuduesively on the problem of data collection
and reserve the selective data return task for Chapter 5b&xic decoupled data collection strat-
egy is the following. Based on the current Gaussian procggerharameters, the agent chooses
observation®\ to maximize a utility function where reward is based on theastations' informa-
tion gain. Then during data collection, it periodically sémates hyperparameters by training on
the set of collected data and regenerates the experimdateiqy the remaining resource budget.
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Objective: maxaao A R(A;AY  Lo(A) Lt(A9;
for data collectiondo

Ag argmaxyE [Ro(A) Lo(A)l;
for data returndo

A% argmax,E RT(AY Lt(AY ;

Figure 4.3: Decoupled approach to data collection and tmé&sson.

Before describing the particulars of the algorithm we wilhgy previous efforts in assessing
science value, formulating suitable reward functions, eesblving the optimization problem that
results.

4.2 Previous Work in Adaptive Data Collection

Practical issues of quantifying science value make thenagfuactionRo (A) dif cult to specify.
Combinations of data products could yield arbitrary coadefencies, redundancies, and syner-
gistic effects. For example, a re ectance spectrum mightdmplementary with visual data or
redundant with respect to other data products. The spacetehfpl collected datasets,", is
invariably too large to enumerate all these interactiortge frinciple challenge of representing sci-
ence value is to approximaip (A) using factorizations that are tractable yet accuratelyurap
the basic structure of the scientists' preferences.

Another dif culty is the inherent subjectivity of sciencee judgments. Preference elicita-
tion surveys suggest that scientists can disagree sigmtigaver the science value of collected
data. Their independent mission goals may not map cleardystalar reward score. Smigh al.
surveyed a group of scientists during simulations of remmter operations in the Atacama Desert
[18]. The survey queried scientists about their preferefficedifferent sets of surface images, and
found considerable discrepancies between individuals.iléMtientists often professed similar
preference orderings, they usually provided differeribratles. Some preferred wide- eld images
that would provide the best information about where to traext. Others looked for distinctive
novel, unexpected features such as shadows or rock piles.

Other blind studies in planetary geologists' preferencesmage sets have uncovered qualita-
tively similar results [81, 29]. Human scientists’ valusassments may rely on current hypotheses
of interest, short term objectives, or personal familjaritith the instrument. We desire reward
functions that make these assumptions as explicit as pessib

On the other hand, we do not want the reward function to be sty-tuned to the anticipated
observations that it precludes serendipitous discovelmesurface exploration to date, many of the
most signi cant revelations involved unanticipated pherema: consider the “blueberries” of the
Opportunity landing site [82], Martian “dust devils” [83nd the foreground motion phenomenon
recently evidenced in Mars Exploration Rover images [83jed§e discoveries imply that the re-
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Figure 4.4: Right: Periodic sampling strategy used in AtagadDesert rover astrobiology tests.
Image from [84].

ward function should badaptive in other words, it should re ect trends and anomalies in the
environment and not simply the priori judgment of scientists. We desire formal methods for
balancing this goal against the delity of our value functito scientists' expressed preferences.

4.2.1 Periodic Sampling

Periodic samplingis a common data collection strategy in which the agent maksgrvations
that evenly cover the explored space. This is not a sciewardefunctionper se and does not
require any onboard data analysis. For this reason it is aseithe default procedure in most
remote exploration tasks and pervades previous site swody. Periodic sampling strategies are
appropriate when the task requires a dense feature map, mwodnice an unbiased sample for
statistical comparisons between sites. We will use periedimpling as a baseline strategy for the
comparative experiments that follow.

Often remote site surveys use periodic sampling along asaet,” or standardized straight line
path across a site. Rover expeditions to the Atacama dé3afe provide a typical example [8].
These tests simulated site survey operations for planetgipration with the Zoé rover platform
[7, 33, 84]. The science goals were to characterize theildisitsn of life in the harsh desert
environment, paralleling future astrobiology missionshie Mars surface. Scientists used remote
sensing data to choose over-the-horizon navigation waygand uploaded each day's traverse in
a daily command cycle [51].

The rover carried a microscopic imaging instrument desigaeletect chlorophyll uorescence
and identify photosynthetic organisms. Remote scientispdoyed the instrument according to a
Standard Periodic Sampling Unit, or SPSU [62]. The SPSUistetsof 7 measurements taken at
30m intervals along a transect. The rst and nal samplingdbtons in the traverse employed a
“full sample” that included more informative photosynticelyes with a long incubation period.
Periodic sampling provided a consistent set of measurentleat facilitated comparisons between
locales.

Thefarming patternis a two-dimensional generalization of the transect thangbts to cover
an area of interest with evenly-spaced measurements. ¥hiegy has been used for construct-
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Figure 4.5: Farming patterns for rover site survey. lefte Siurvey of Haughton Crater; image
from [6]. Right: Farming pattern for meteorite search ins$learch for Antarctic meteorites; image
from [85].

ing dense maps with ground-penetrating radar during roxpeditions at Haughton Crater [6].
Here the application was not science-driven but rather sacherization of soil structure for base
construction and engineering. This required dense, unifmyverage of the site (Figure 4.5 Left).
Farming patterns were also used during the Robotic Antakotpedition [25]. The robot searched
for rocks by traveling in parallel tracks that covered a xesjion of the Antarctic plateau [85].
In this manner operators could be sure that the robot had letehpsearched the exploration area
(Figure 4.5 Right).

4.2.2 Target Signatures

Thetarget signaturegpproach responds to observations through on-board daligsan It pursues
speci ¢, prede ned phenomena of interest [10]. Formallg target signature is a prede ned subset
of data productsT A , where the value function favors elements frdm OftenT is simply a
the set of target features with a speci ¢ classi cation. §heduces the science value function to a
series of independent binary-valued questions: “is a tdeggure present, or not?” The value of
the entire dataset is directly proportional to the numbeaaafet data products that are present.
The target signature reward functi®rarcer (A) totals the scores of each independent data
product. We use the indicator functidfi(a) to represent membership of the data produtd the
target signature sét. The reward function decomposes as follows:

X 1 a2T
Rrarcer (A) = It(a) where I1(a)= 0 azT (4.7
azA
A common variant [10, 86] uses several target signatursetid(; T»;:::; Tygwhere each class

T; is associated with a different reward coef ciemt 2 R. The total score for the data packet is
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Figure 4.6: Flowchart of the target signature strategy fdorophyll followup in Atacama rover
tests [18].

equal to the sum of weighted value scores for each data piroduc

xn X
Rtarcer (A) = w; IT (a) (4.8)
i=1 a2A

The target signature approach has several advantages. tiébtdhe value of the dataset is
independent of the actual explored environment. Explogents might only see a small portion
at a time, but they can determine the science value of a datafeno penalty for this partial
knowledge. Optimizing datasets involving multiple weigihtarget signatures is straightforward.
The agent can evaluate the overall science value withoutidering interrelationships between
data products, so the task of choosing data products to $@aunee budget is a “knapsack” problem
with tractable solutions [87].

If feature detection and classi cation is robust, then thrgét signatures approach yields be-
havior that is conceptually simple for the user to predidtisTacilitates both parameter elicitation
and retrospective interpretation of system behavior. alget signature approach suggests a “trea-
sure hunt” metaphor for the remote science, and it is a Hatach when scientists are interested
in a speci ¢ prede ned phenomenon that is known to be rareamdient.

Field-deployed systems have demonstrated performanc@wements from applying the tar-
get signatures approach to data collection. The aforeoreedi Atacama project compared peri-
odic sampling to target signature that favored images auintadesert organisms [84, 18]. Here
the rover analyzed the output of each sample and triggeditiauhl dye measurements only when
the simpler tests showed evidence of life 4.6. Researclatesia signi cant improvement in the
number of dye-based life detection observations returyemblaptively-triggered measurements.

The Earth Observing 1 (EO-1) project deployed a target sigaaalgorithm to an Earth-
orbiting spacecraft as a part of the Autonomous SciendeEngieriment, or ASE [88, 41, 89].
In a typical ASE scenario, scientists specify a speci ¢ ééscience targets which the spacecraft
would monitor with regular imagery. The appearance of tapjgenomenon, such as a fresh lava
ow from a target volcano, results in the spacecraft plagraalditional followup observations. An
onboard planner, CASPER, schedules additional obsengtitile respecting time, memory and
power constraints. As the rst comprehensive science artgnsystem in ight, EO-1 demon-
strated the feasibility of the target signature approachcaptured several of the desired events.
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Target signatures are also germane to the downlink sefeat@will address in the following
chapter. The Mars Exploration Rovers employ target sigeatin detecting and returning images
of atmospheric phenomena [90, 83]. A pixel-differencingmgion identi es dynamic atmospheric
features like clouds and dust devils in images. This letgtlrer capture long sequences of im-
ages and return those that contain the desired featuresprobhedure maximizes the number of
appearances of the target signature for a given xed-sizentiok budget.

While the target signatures approach has conceptual amtigalaadvantages, some obvious
limitations prevent its application in more complex sciertasks such as site survey. Site survey
involves characterizing a remote environment rather thamplg seeking some prede ned phe-
nomenon. This implies that the reward function is contingamthe actual state of the environ-
ment. Field geologists performing site surveys regulanignge their sampling to avoid redundant
information; they must react to trends in spatial distiitnit geologic class, and cross-sensor corre-
lations. However, existing implementations of target aigre rewards are inherently non-adaptive.

Similarly, the total value of a dataset is often quite difar than the sum of its component
features. Since contextual evidence — the scientist'sr gxpectations for the site, recent data
from neighboring locales and coincident sensors — is eisgdbtinterpret new data products,
single data products seldom carry suf cient informationdtermine their own science value.
Scientists may nd it counterintuitive to assign numericalue scores to isolated, independent
features. There is no “optimal answer” so scientists withghme goals and assumptions might
disagree over parameter settings.

Revisions to the target signatures schemes posit additieward discounts and thresholds to
account for each of these shortcomings. Additions propbge®imithet al. introduce a maximum
guantity for any single feature in the downlink or a minimumstance between samplings of a
particular feature [86]. The additions address some filnodes at the cost of additional compli-
cations in the parameter-setting process. For examplaliskence threshold may encode implicit
assumptions like the spatial continuity of the environmeitthe actual spatial structure differs
from the presumed one — more homogeneous or irregular — thenrtboard science decisions
may be poor. In contrast, our adaptive exploration strateitjypase rewards on an explicit statis-
tical model of the environment structure. Learning modehpeeters on the y ensures that the
robot's behavior re ects the discovered structure of theremment.

4.2.3 Action Selection with Target Signatures

Target signatures lend themselves to straightforwardmadctelection strategies. One natural so
lution treats science autonomy as consisting of occasiamgdortunistic departures from a pre-
planned command sequence, with a xed reward for each oppisitc action. The OASIS project
at NASAs Jet Propulsion Laboratory demonstrated one system which gathered data on rocks
in a Mars-like test environment [10, 12]. Here onboard daialysis module identi ed rocks in
rover navigation imagery and matched them against targeeprsupplied by scientists. When a
match was found, the data analysis module signaled the cohiptenner with a new “science data
request.” This token entered the rover's daily plan as a reioma



92 CHAPTER 4. ADAPTIVE DATA COLLECTION

The planner, based on the CASPER architecture, incormbesieh science data request into
the rover's daily plan while respecting mission constraion time, energy, and the desired end-
of-day location. A series of rigorous tests demonstrategnsd abilities to identify interesting
rocks and divert from their pre-scheduled path to approhebe new targets. After completing
the opportunistic data collection the rover returns to thgimal path. More recently, researchers
demonstrated interrupt-driven plan alteration and rejpathe context of geologic anomalies for
the SARA science agent, a project underway with potentipliegtions to the ESA Exomars rover
[17]. Both cases were simpli ed somewhat by the fact that iheer did not generally have to
weigh competing observation opportunities. There was pli@ktreatment of detection noise. In
other words, they assumed that each observed target sigmasich was correct.

An alternative to opportunistic autonomy is a branching o@nd sequence that chooses from
among scientist-speci ed alternatives. This restricesghope of decision-making to discrete deci-
sion points. An example is the contingent planner/schedutshitecture (CPS) [91]. This planning
system was developed along with a contingent rover plariaimguage to guide science operations
during Mars exploration. A ground-based planner would gp@ccontingent plan in terms of a se-
ries of branching possibilities. During execution an omdogxecutive follows the relevant branch
of the plan.

Another recent development in planning for robot planetaience is a strategy for action
selection and reordering in situations with oversubsdribesources [92]. A planner based on
this strategy was recently demonstrated in autonomousuinsnt placement tasks for a Mars
exploration scenario [15]. Here a group of humans and raedested targets for followup analysis
while another robot performed visual servoing and instmingkeployment.

Recent work at the Carnegie Mellon Robotics Institute irdegd a Partially-Observable Markov
Decision Process (POMDP) representation [93, 18]. The POGMRnner considers observation
uncertainty explicitly. Experiments demonstrated a sated autonomous science environment
where a rover attempted to verify surface targets from piistic orbital data. The rover navi-
gated along an exploration corridor while moving only fordia— thus, an ill-advised approach to
one possible target might preclude following up on otherimgtargets.

Several trial runs compared the performance of a rover pgdipvith a POMDP planner
against purely reactive exploration strategies. By batenthe immediate bene ts of pursuing
a nearby target with observation uncertainty and long-fglans, the POMDP planner veri ed tar-
gets more ef ciently than the reactive alternative. By aipiating future observation opportunities,
the POMDP planner was able to keep the rover in an advantagesition to take advantage of an-
ticipated targets. The work suggests that an explicit moflebservation uncertainty can improve
science autonomy performance. Moreover, it underscoeesatue of generative spatial models to
predict collected data.

In general the experiments of Smith al. complement the work we will present here. Smith
considers a discrete state/action space with a xed numbpossible observations. In contrast,
the Gaussian process formulation permits point featuragbiitary locations in a continuous state
space of arbitrary dimensionality. Our approach will dignel issues of partial observability; we
do not, for instance, take into account the ability of futomreasurements to in uence model pa-
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rameters. Instead, we focus on action selection in a spatdel so that the reward adapts over
time to discovered spatial and cross-sensor trends.

4.2.4 Representative Sampling

Unlike target signaturegepresentative samplinfLO, 86] aims to producdaithful datasets. It
assumes that scientists are interested in the diversityataf products; they attempt to include
archetypal examples that best represent the full rangeatires in the environment.

Recall that each data produstis associated with a vector of independent attributeg X .

the distance of eaoh) to its nearest observation.

X
Rrepres (A) = min jxi  vij? (4.9)
vi2V Xi

Note that if we de nex; to be the physical location of the data product, the bestisolis periodic
sampling in the spatial domain. On the other hand; ifepresents one or more prior observations
then representative sampling favors an even distributfabservations from these attributes. For
example, consider the decision of where to deploy a speetenmwhere; is a preliminary visual
classi cation. Scientists wanting a representative sanaplld use this reward function to identify
good spectrometer targets based on visual similarity.

The k-means algorithm [31] provides a local optimum to Eoued.9. K-means seeks a clus-
tering that minimizes the distance of each datapoint toliister centroid. A variational tting
procedure iteratively assigns each locatipto its Euclidean-nearest class, and recalculates cluster
centroids to be the means of their associated datapointsA@@r several iterations, the algorithm
converges to a local minimum of the error function: a mixtradel that constitutes a compressed
representation of the dataset. The algorithm's only fraaupater is the number of clusters. One
can set this value either by model selection techniquesgevalidation or an appropriate substitute
[64]). Alternatively, resource constraints may determtimenumber of collected data products and
therefore the appropriate number of clusters.

In practice representative sampling methods can emplogiyneay unsupervised data clus-
tering technique. After clustering potential observatiothose near cluster centroids constitute a
representative subset to favor during data collection tirmg10]. Representative sampling's per-
formance may generalize better than target signaturesibedhe quantization need not be speci-

ed in advance; classi cation thresholds adapt to re eat thariance in data with new observations.
In fact, we will show in the next chapter that representas@mpling is a special case of our general
formulation of information-optimal observation selectid®ur Gaussian processes extend this idea
to scenarios where data is related by other relationshipsrioemixtures of clusters.

4.2.5 Novelty Detection

Novelty detectioris essentially the opposite of representative samplingrelsumes that scientists
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prefer unusual or outstanding features, and triggersiadditdata collection when a data product's
attribute vectox; exceeds a novelty threshold [10, 33].

Existing novelty metrics generally fall into one of a few lzasategories [94]. Classical hy-
pothesis testing ags datapoints that fail a hypothesit telsere the null hypothesis states that the
data is derived from the distribution which produced a fragrset. Here designers set a novelty
threshold using a suitable value for the con dence thresholOther novelty metrics derive from
probability density estimation: parametric or nonparaioetensity models characterize the entire
set of collected data, and data points receive novelty saceording to their inverse likelihood.
Finally, maximum-margin methods using a Support Vector iviae (SVM), use a novelty measure
based on distances from a hypersphere enclosing the datisab].

Smith et al. used informal surveys to evaluate these deasttynation methods in a rover ex-
ploration application [18]. They subsampled sequenceswarrnavigation images by rst detect-
ing rocks as in [32] and then applied a hand-tuned mixturepfasentative sampling and novelty
detection. A control group used periodic sampling that dilconsider image content. Scientists
involved in remote rover operations identify a preferretadat. While the reported rationales for
scientists' preferences varied signi cantly, they exess a signi cant overall preference for the
intelligently-subsampled data. This suggests that theteting methods captured useful properties
of the environment.

Our work in this section doesn't ascribe explicit value toe@lmbservations, though the Maxi-
mum Entropy criterion tends to favor this data. Neverthetase could easily introduce novelty as a
parallel value function. The learned spatial model easiénti es outliers by their low likelihood.

4.2.6 Learning Mixed Reward Criteria

Scientists may prefer a combination of speci c targets aatasket diversity. DesJardins, Eaton
and Wagstaff characterize these mixed reward functions aidanguag®D-PREFt0 describe user
preferences over sets of objects [96].DA-PREF preference pro le consists of a tupk, where

P = hg;d;w; i. For each dimensior; of the attribute vectok;, we associate a corresponding
g , a density function mapping the real-valuég to a scalar “depth” scoreg(a;) : R ! [0; 1].
This value represents the attribute's match to a speci a@dhe scientists prefer. The depth value
of an entire sefA is the sum of average depth values for each feature, weiditdte feature
coef cientsw; 2 [0; 1].

X 1 X
Rpep (A) = W e g (a) (4.10)
j 1A a2A
Converselyd; 2 [0;1]is a desired “spread” within the set for the feature's values
X
Row (A) = w (1 (g RD|VJ'(A))2) (4.11)

i
A nal global parameter controls the importance ofi; factors versugy across all features.
The nal scoreRsetprer (A) for the dataset is computed by a linear combination of dityeesd
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spread scores, weighted by

Rsetprr (A) = (1 )Roep (A) + R piv (A) (4.12)

In principle setting these parameters is no more intuithentidentifying target signature coef-
cients. Fortunately, scientists need not specify themliekfy. A major contribution of the
DesJardins work is ttearn these parameters by extrapolation from training subsetgded by
scientists. In the case of thedD-PREF language designers can leverage nonlinear optimization
techniques to t the preference pro le to training sets.

Learning preferences from data is advantageous if scientid it easier to assemble example
subsets than to x quantitative feature scores. However résulting science value score is only
appropriate insofar as the original preference languagalid for the task at hand DD-PREF
lacks some characteristics that we want for our site surasi.t In particular, scores must be
speci ed in advance as a linear function of deviations framde ned target values and diversities.
These scores are independent of the actual environmetite gydference pro le cannot represent
a dataset's delity to the site. Attributes are evaluatedependently,DD-PREF cannot capture
between-feature correlations such as redundancy aciffsiedt sensing modes.

4.2.7 Information-Driven Reward Functions

Information-theoretic reward functions rate dataset®ating to the information provided about
parameters of an environment model. New data is valuabl&#anss it reduces our posterior
uncertainty about these model parameters. Figure 4.7 tdethie strategy. Here scientists begin
with a broad prior distributiof? () over parameters of interest After observing dat#é, Bayes'
rule yields a posterior distributioR ( jA) that is at least as certain as the prior. We quantify
this uncertainty with the Shannon entrofy() of the distribution over environment parameters
= f : 2 g[97].
y4
H() = P(= )logP(= )d (4.13)
2A

Information-theoretic value functions favor observatiomith the best expectadformation gain
with respect toH () . A common way to quantify this gain is the reduction in pdsteen-
tropy H (' jA) that represents the uncertairiy( ) after observingA. This expresses how far the
probability density “bubble” o () shrinks for a Bayesian posterior that incorporates the new
observation.

Chaloner and Verdinelli provide an excellent review of mmf@tion-driven approaches to ex-
perimental design problems [98]. Lindley rst proposed fieat experimental design decisions in
terms of maximizing an expected utility function based omar8ton information [99, 100]. More
recently Ryan et al. presented an Markov Chain Monte Carlgpiag scheme to determine ex-
pected information gain in experimental design decisidfid]. In each case the designer chooses
experiments before any data is collected and executes et that maximizes the expected
reduction in entropy.
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P(G|A) P(©)

Figure 4.7: Information-theoretic value functions scoaghreobservation in proportion to the re-
duction in uncertainty over values of. Here our prior knowledge of is imprecise so the prior
distributionP () is broad. An observatioA results in a more constrained distribution, re ected
by the reduction in posterior entropy/( jA).

Information gain was used in the Robotic Antarctic Meten8earch (RAMS) to improve rock
classi cation decisions [102, 26]. Here an onboard sciguleener makes decisions about which
instrument to deploy on the basis of information gain withpect to the classi cation decision.
By predicting the time cost of data collection with both dpeecopy and the magnetometer, and
the information gain associated with each, the robot carerpakcipled decisions about tradeoffs
between classi cation accuracy and time resources speséosor deployment. The RAMS study
is signi cant in that it combined multiple sensor sourcesctassify detected features. In addi-
tion, it integrated feature detection, classi cation, adhptive behaviors to perform a signi cant
autonomous science task.

Information gain is a popular principle for action selentio spatial mapping domains. Single-
and multi-robot systems have used information gain as attig for choosing paths to map occu-
pancy grids [103, 104, 105]. Thefentier-drivenexploration strategies do not learn the distribu-
tion over future observations; instead, they assign a caminformation value to each unobserved
grid square. This encourages robots to plan paths for mawiogayverage of the environment (Fig-
ure 4.8).

Moorehead et al. expand the frontier exploration idea ta@ut exploration and planetary
survey domains. They incorporate a model of sensor unogrtathere occupancy readings of
distant cells are more noisy than nearby readings [60, 1A6his work a planner seeks to collect
information about multiple weighted maps that describauies such as cells' traversability or
height. It uses a utility measure weighting data collecttost against the expected information
gain.

Stachais®t al expand the notion of information-driven mapping in occupagrids to the full
Simultaneous Localization and Mapping problem [107]. Tieisults in mapping behavior that
appropriately balances reductions in observation andikat®n uncertainty. It bears repeating
that these exploration strategies differ from Loredo'spdsa learning [108]; they do not model
the structure of the environment or predict future obsémmat Instead, they assign a constant
information value to each unobserved location. For thisehdte information gain metric reduces
to a measure of sensor coverage.

Shewry and Wynn show that under some weak assumptions onmstaad maximize the
entropy of the observations themselves [109]. It constitat classic strategy known as Maximum
Entropy Sampling (MES) studied extensively for both linead nonlinear models [80, 110, 111,
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Figure 4.8: In frontier-driven exploration, the informati gain of an observation is proportional to
the unobserved area that will be revealed. This diagram aoespthree sensor readings (circles).
White areas are known to be clear, black areas are occupiddgray areas are unobserved. The
information gain from each observation (represented bgstratching) is the area of intersection
of the sensor observation window with the unobserved atesme courtesy Simmons et al. [103]

112]. MES requires several assumptions about the expetatgesign problem.

The system's entropy is bounded; we can eventually learmtabe whole environment to
within some required degree of precision by collecting maloservations.

The conditional entropyH ( jA) is functionally independent of experimental design deci-
sions. Observing the environment doesn't signi cantly @ it or alter the character of
future observations.

Observation noise is constant throughout the explored@mwvient.

These assumptions are valid in most practical cases andbawextended in practice to continuous-
variable domains. They permit us to thinklef(A; ) as a xed quantity and ignore this constant
for the purposes of observation selection. The generalrerpatal design problem decomposes:

Rmaxent (A) = H( jA) (4.14)
= H( :A)+ H(A) (4.15)
H(A) (4.16)

Therefore minimizingea[H ( jA)] is equivalent to maximizingd (A) [109]. The optimal experi-
mental design maximizes the entropy of theAetf observations [112]. Shewry and Wynn's result
re ects the intuitive notion that to learn the most about ystem we should make observations
where our results are least certain.
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4.2.8 Spatial Design

Spatial design is a speci c experimental design problem #ims to choose a subsAt out of
possible sampling locationg in the environment. It is also conducive to an informatibaeretic
objective function. If we take our variables of interestto be the observations at unmeasured
locations, so that= V nA, this results in decomposition parallel to that of equatdlb:

Rmaxent (A) = H(VnA jA) (4.17)
=  H(VnA[ A+ H(A) (4.18)
H(A) (4.19)

Shewry and Wynn apply this result to spatial design problefitis continuous observations where
measurements at sample sites are normally-distributedVFd R";V N (; v.), we as-
sociate sample locations with dimensions of a multivarfageissian and reorder the covariance
matrix to gather the observations into a block submatrixs .

- VnA)V nA V nAA (4 20)
AV nA AA

Vv

Traditionally spatial design represents data collectiostlco (A) as a hard constraint on the num-
ber of observations. These budgets can never be exceededamdcircumstances: cost is zero
until the budget is exceeded at which point the cost of aalthii data collection becomes in nite.

In these cases it is simpler to write the utility function @mrhis of a constrained optimization with
maximum observation budgeto and transmission budgety :

UA;AY) = R(A;AY for A A (4.21)
Lo(A) mo (4.22)
Lt(AY) my (4.23)

The decoupled objective function becomes:

U(A;A9 = E[Ro(A)] + E[RT(AY)] for A A (4.24)
jAi  mo (4.25)
jAY mr (4.26)

The resulting MES optimization aims to nd sample locations to maximize the differential en-
tropy of the marginal Gaussia (; a:a) associated with the sub-covariance-matrixa . This
guantity is given by the following expression:

1 . .
Ruaxent (A) = §|09f 2e)"j aaig (4.27)
This is proportional to a constant plus the submatrix deigant, so we can use this quantity
instead. For this reason, the determinant maximizatiotssknown agl  optimal experimental
design [98]. We have:

Rmaxent (A) i ani (4.28)
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These MES strategies have been widely applied to a rangeabékgdesign problems [19] such as
those we consider in the eld experiments.

Recent work by Guestriet al. investigates information-driven sampling in the contekt o
spatial design and sensor placement for monitoring netsvdrk3]. They introduce an alternative
mutual informationcriterion that maximizes information gain with respect éveral preselected
observation points. Theutual informationl (A; ) measures the number of bits of information
shared between variables. It is equivalent to the followaward function:

Rmutine (A) = H(VnA) H(VnAJA) (4.29)

This is similar to an MES approach [109], but with a seconchtérat removes any reward from
reduction in entropy at the observed locations themselwngzractice this mitigates MES's inherent
bias toward high-entropy boundary locations, and can inthe predictive accuracy of the model
over MES [113]. The submodularity of the mutual informatfonction provides good theoretical
bounds on optimality for greedy sensor placement algosthm

For a subseA of sizen from a set of sample point$ with sizem, where sample locations in
V are jointly-Gaussian, the mutual information is given by éxpression:

Ruutine (A) = H(A)+ H(VNnA) H(V[ VnA) (4.30)
= H(A)+ H(VNnA) H(V) (4.31)

= % logf 2e)"j aajg+ (4.32)

210gf2€)™ " vnay 0 (4.33)

2logf(2€)"} vvig (4.39

Optimal subset selection in the spatial sampling problentbéh conditional entropy and mu-
tual information objectives is an NP-complete problem [8@pwever, good fast solutions are still
available for most practical situations. Similar apprachave been developed separately in the
communities of spatial statistics [19] and active learrjitty].

A simple but effective approach is the greedy algorithm thakimizes the objective function
with each new added observation. This results in a fast appete solution for both MES [109]
and mutual information [113] criteria. Indeed, in the lattase the simple greedy approach has
provable performance bounds [113]. MacKay uses a greedyeségl algorithm to choose labeled
datapoints from a set of training data, and shows how adagéta selection improves performance
in classi cation and regression tasks [114].

An alternative to the greedy algorithms (and a step up in bothplexity and runtime) is an
exchange algorithm of the type proposed by Shewry and Wy0®][Here we initialize the obser-
vation plan with the greedy solution and then re ne the doluby testing pairwise swaps between
observed and unobserved locations. This increases rufittmea linear to low-polynomial time
algorithm. Alternatives involve stochastic exchange pthares like simulated annealing and other
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standard combinatorial optimization strategies. Morendy, Ko has introduced a branch-and-
bound solution algorithm that offers performance guamsite the cost of considerable additional
computation [80].

4.2.9 Discussion

We believe information-driven objective functions, andtigd design in particular, offer promising
candidates for remote exploration. They are especially-suied to our geologic site survey
task, offering several immediate bene ts over heuristiprapches such as target signatures or set
preferences.

First, they argorincipled They draw a formal relationship between action selectismunder-
lying assumptions about the structure of the environmerd,the model that relates observations
to parameters of interest. These assumptions are quaetitaform and can be validated against
datasets as they are collected. Action selection follogie&lly from these initial choices in a pre-
dictable fashion. Heuristic methods also make assumpéibast the data's structure (for example,
periodic sampling also presumes some degree of spatighadgj, but these implicit claims are
dif cult to validate without recourse to a formal model.

Second, information-driven objectives aexible. They can accommodate a wide range of
models, including those that integrate remote sensing arfigce measurements at different scales.
Information gain is a natural framework for handling diserad trends and redundancies across
these sensing modes. With on-line learning the agent cat #gamodel as it gathers new data to
re ne its description of the environment. In this sense,\akie functions constitute a methodical
approach to introducing adaptive behavior into remotensgiesystems. They are an excellent
match for our intelligent mapping methodology.

Except where otherwise noted we employ a greedy selectiategy in the following experi-
ments. The greedy solution produces a natural “bésank ordering of data products; this ensures
the most valuable collections occur rst, hedging againsioaition errors or other disruptions.

Information-driven objective functions hold interestimgplications for stationary Gaussian
process models. For Gaussian process models with a staimnary covariance function the
information gain of a new sample depends onlypooximity to existing datfil13]. This is apparent
visually from the stationary step function of Figure 3.4. eTimarginal variance increases at the
periphery of the data and is smallest at the center of theitigaidata. Thus, observation selection
is invariant to the actual values of the observations, aacktisno bene tto adaptive data selection
in the decoupled reward function. The best experimentagjdesevitably spreads observations to
evenly cover the sampling domain [113, 19].

While we will ultimately forgo these stationary models inda of augmented input spaces and
spatially-adaptive sampling, they have an interestingerty: it is possible to optimize the joint
data collection/return problem directly. Consider a spatesign task of allocating measurements
to a set of sampling locations that do not change during eafim. For the conditional entropy
design objective, all that matters is the entropy of the dmkrobservations that are received by
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scientists. This yields the following value function:

Uvaxent (AJA% = E[Rmaxent (VNA%AY Lo(A) Lr(A9) A° A (4.35)
HAY Lo(A) Lt(AY A° A (4.36)
j Ao Lo(A) Lt(A) A° A (4.37)

AssumingL 1 (A) increases monotonically as new data products are addegtveldsand transmit-
ted datasets can be made equivalent - there is no bene t tnmakservations beyond those that
can be transmitted.

Uwaxent (A;A9 i Ao Lo(AY Lt(A9 (4.38)

This is a standard experimental design problem of maximgiaisizen submatrix determinant sub-
ject to row and column costs. This simpli cation also works the mutual information objective.

Unutine (A;A9 ERmutine (VNA%AY Lo(A9) Lr(A9 (4.39)

Lasdl vad ) (A9 Lr (A9 (4.40)

J vl

The static covariance structure implies that the infororatialue of an observation set is indepen-
dent of the observed value itself. The stationary covadganodels we have investigated exemplify

this phenomenon; the observations' covariance relatipssire the same as long as their positions

relative to each other remain constant.

However, eld scientists performing site survey seldom pharat regular intervals; instead,
they target their exploration to the most informative araiad adapt their own spatial exploration
on the y. This fact suggests that the site survey task rexguiron-static covariance functions. We

can identify are several ways in which the covariance famcthight change so that spatial models
bene t from adaptive exploration in practice:

A Gaussian process covariance function is nonstationagsgnme data-dependent manner.
A latent input space is data-dependent.
The agent re-estimates unknown covariance hyperparasnetrg collected data.

In general, exploration rovers can improve their perforogahy modifying the experimental
design plan on the y. This idea was presented by Loredo eivhb expand the idea of Bayesian
experimental design to permit this adaptive modi cationformation gain functions as a criteria
for choosing each new measurement in a series of experiffi€l8s115, 116].

At each stage in the sequence, previously collected datlupegoredictions about future obser-
vations (Figure 4.9). The experimenters chose the obsemtitat provides maximum information
gain over model parameters given data already collectechptiyth one's experimental strategy
with each new measurement is an important innovation; itgramide far more information per
measurement than traditional hypothesis testing paraligith a xed experimental plan. This
sequential desigstrategy has much in common with active learning approafiibes economics
and statistics [114, 117].
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Figure 4.9: Loredo's sequential design method exploitdehened structure of the process under
investigation. Each new observation is incorporated irgerzerative model of the hidden process.
By extrapolating to the future behavior of this process, oae improve predictions about the

information gains that will result from new observationsmalge courtesy Loredo et al. [115]

Krause investigates non-myopic strategies for adaptipéoextion that consider the effect that
the observations will have on the model parameters thems¢hi8]. His work examines an ex-
ploration/exploitation tradeoff that balances gatherimigrmation about model parameters with
simultaneously re ning the existing model. Krause coneésidhat one can bound the possible
improvements in prediction accuracy from adaptive sangplising the entropy of the hyperparam-
eters. In other words, high priori certainty about covariance function parameters mitigttes
advantages of adaptive observation selection. But as Isnigeaagent can modify the covariance
function on the v, it can potentially bene t from collectnextra observations beyond those that
can be transmitted.

Other models besides Gaussian processes can be more dibcctharacterize. In the more
general case the conditional entropy of untransmitted i@ty depend on the values of the trans-
mitted observations. This is common, for example, in the cdshe graphical models that we will
examine in Section 5. R(A) is data-dependent, the simpli cations of equations 4.3844A0 are
not possible. These situations again call for a decoupl@doagh in which experimental design
guides active data collection without considering the down

To summarize, our data collection strategy reestimates&@uprocess hyperparameters using
the entire set of collected data before each replanningrtymty. Then we choose observations
A that satisfy the remaining resource budget while maxingiByutine (A) of Ryaxent (A).
Selective data return employs a separate optimizationnmuan issue that Section 5 will address
at greater length.

4.3 Adaptive Sampling from a Transect

This section investigates adaptive sampling using inféiomadriven utility functions with different
Gaussian process models and environments. We will comgaifermance across several axes of
variation:

Sequential vs. static design: Do we reevaluate the obsenveét after every new observa-
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tion, or always follow the original plan?

Experimental design objective: How does MES sampling diffem that induced by the
mutual information criterion?

Model: Is data best described by stationary or spatialtyiag covariance relationships?
How do latent inputs affect sampling behavior?

We aim to explore the effect of these different choices onpdug and reconstruction on data
collection.

We will focus on the spatial sampling problem where a\saif potential new measurement
locations has Gaussian-distributed prediction valueh witovariance matrix . For MES, the
best sampling strategy maximizes the joint entropy of ther&iobservations; we must choasg
collection pointsA  V; jA]j m. that maximize the entropy of the associated multivariate
Gaussian.

In the more general case the agent must balance the time fcdateocollection against that
of moving to a new physical location, a topic we will addreatet. Here we will isolate the
experimental design issues from those of path planning. Weegresent resource constraints by
an arti cial limit on the number of observations, and treatalcollection costs as xed throughout
the input space. This simpli cation renders the probleml@gaus to a classical spatial design [19]
except that the location of observations is determinedesiplly. In other words, the agent can
jump to a new location after each observation with no penatiygasurements are “expensive” but
physical motion is “cheap.”

Our synthetic environment consists of a noisy step funcéisnn Figure 3.4. For each trial
there is a single step discontinuity located at a randomtipaosin the input space. We seed the
algorithms with four initial measurements at one extremiitis provides enough data to prevent
numerical instabilities while revealing as little of theaxplored environment as possible. We
characterize sampling performance by reconstructing tiye fsinction based on each method's
selected datapoints.

After each new observation the agent retrains its onboardeirend chooses a new observa-
tion site from any unobserved location along the traverses ¢orresponds roughly to MacKay's
active learning scenario [114] or Loredo's adaptive experit design [115] in which the agent has
continuing access to the complete set of unobserved datapoi

The algorithm for these experiments greedily observes és¢ frew observation at each time
step. It begins with a current set of observatiof)yy at sitesA, and a set of discrete candidate
observation location¥ n A that are sampled from the continuous input space. It evedutiie
expected rewar@®R (A [ a;) of each new potential datapoint based on the trained modkthan
known input attributes at the sample site (See the algorghRigure 4.10).

Figure 4.11 shows the sampling behavior for a squared-exyi@h covariance function utiliz-
ing MES and mutual information criteria and relearning tlypdrparameters after each observa-
tion. Here the red triangles show the selected observaticatibns and each digit corresponds to
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Input : potential sample siteg
independent attributes
budgetm,

Result observed sites
independent attributes
dependent attributes

seedA, Y with initial observations;

while jJAj <m ¢ do
anew = max E[R(A[ &)];
ai2VnA

observeane, consisting ofXnew; Ynew);
A Al apew; X X[ Xnew; Y Y [ Ynew;
relearn covariance function using; Y ;

Figure 4.10: Greedy sequential algorithm for datapoirdc@n

the (greedy) selection order. Dotted lines show the priedictariance for the underlying noise-
lessf'(x). These variance values are normalized within each imagmfihasize the differences
between locations in the input space and highlight the taiceareas according to each model.

The sampling decisions evidence several distinct behaviBoth aim to Il the entire avail-
able space, choosing observations that are well-spacad #ie input dimensions. However, the
maximum entropy criterion exhibits a slight bias towards éixtrema where prediction variance is
high. This is apparent from the rightmost image, where the abservation consists of the data-
point farthest from any previous data. The second choica sbaervation between the previous
observations, favoring the right edge where the data Iissgtirser.

The image at right shows greedy sampling with a stationargehasing the mutual information
criterion. As in Guestriret al. we notice this does not exhibit this af nity for boundarieklp].
However, note that both stationary models are indiffererhé step discontinuity.

Augmenting the model with latent inputs (as described inpf#ra3) produces pronounced
gualitative differences in the sampling behavior. Therlateput of Figure 4.12 stretches the input
space around the step discontinuity, creating an area ofesplata — an arti cial periphery that
draws additional samples. This re ects the high rate of geamear the step. The observation order
approximates a binary search for the boundary, still fagpthe rightmost extremum as before.
Because it pursues areas of high prediction variance, tbebwariance for the reconstruction is
low.

Interestingly, the latent input has the opposite effectnvhised with the mutual information
criterion (Figure 4.12). Because data is sparse in themsgbhigh change, there is less predictive
overlap with the remainder of the data and mutual infornmesielection actively avoids these areas.
This has interesting implications for exploration in madelith latent inputs; while both criteria
aim to Il the available space (and do so more effectivelyrtlsgquential sampling), the mutual
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Figure 4.11: Red triangles indicate the location and of niag®ns and digits the selection order.
Left: A stationary model with active sampling according @ tmaximum entropy criterion. Se-
lection favors an even spread of points throughout the ispate, with a slight bias toward the
boundary where entropy is high. Right: A stationary moddéhwampling according to the mutual
information criterion, which favors points that are cetlyréocated with respect to the entire set
of potential observations. Both stationary models areffimdint to the step discontinuity. Dotted
lines show prediction standard deviation at each locatioithie stationary model.

information standard encourages “border avoidance” rdttam “border af nity.”

The preferred choice will probably depend on science obgst MES favors novel data prod-
ucts drawn from sparsely-sampled areas, while mutualnmétion provides better reconstruction
accuracy over the potential sités If the distribution of potential siteg parallels the science value
of each location in the input space, then mutual informatiway be preferable. However, MES
may be superior in situations with dynamic or augmentedtispaces. The arrangement of sample
locations in the augmented input space could change inmespo the agent's observations, and
the density of locations i might not re ect their value to scientists.

These examples also indicate that the covariance struatstationary and nonstationary mod-
els has signi cant in uence on sampling behavior. In thetistaary case prediction entropy de-
pends only on the prediction's proximity to other data, sdoaig as covariance hyperparameters
remain xed adaptive data collection is not helpful to re tige model. With latent inputs and
covariance re-learning, prediction entropy is data-ddpaetso adaptive sampling can be used to
improve the utility of future observations. The model paedens determine the appropriate trade-
off between boundary-following (for a nonstationary prege spatial coverage, and representative
sampling along any additional input attributes.

We evaluate the sampling behaviors quantitatively by retranting the complete step function
from each transmitted data set. Our performance score iméa®m squared prediction error across
the sample space. To ensure fairness we used the same modklrézonstructions: a Gaussian
process usind (x) a latent input. Table 4.1 and Figure 4.13 shows performacoees for active
sampling for increasing numbers of observations. For thisrenment and number of samples
there is no signi cant difference between the reconstarctrror of the entropy-based and mutual
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Figure 4.12: Left: A latent-input model, where Maximum Ey Sampling adjusts to the step
discontinuity. Right: The mutual information criteriontaely avoids the high-change areas. In
the augmented input space the data is sparser (and theibbwlisins less correlated) in these areas;
the observations provide less mutual information.

Method accessible constrained

Stationary, MaxEnt 0:028 0:001 Q031 0:001
Stationary, Mutinf  0:028 0:001 Q029 0:001
LatentGP, MaxEnt 0:021 0:002 Q031 0:001
LatentGP, Mutinf ~ 0:026 0:001 Q031 0:001

Table 4.1: Mean absolute error in reconstruction with asiampling.

information criteria, with one signi cant exception: thatént input model coupled with MES
scores signi cantly better than the alternatives. Thisa@s the qualitative behavior observed
above in which MES quickly narrows down on the correct boraera. The result is a superior
overall estimate and a faster convergence.

We also consider a more constrained scenario analogousaosett in which the agent cannot
move backwards. Here, our algorithm allocates an entiraeses of observations to those loca-
tions after its most recent observation, and observes tsesl site. In the cases with latent inputs
we re-learn the covariance hyperparameters and compute alyservation plan for the remain-
ing budget. The result, appearing in the third column of &abll, is near-equivalent performance
among all the different sampling strategies. This occursabse the forward motion constraint
prevents the latent-space models from any further actidoctdize the boundary once it has been
discovered. In the next section, we will consider forwardiomin a 2-dimensional environment;
there it becomes possible to re-cross any boundaries thatato the rover's forward progress.

Itis also instructive to evaluate active sampling in theteghof the Amboy Crater traverse data
that we introduce in chapter 3. Here our goal is to charameany improvement in the reconstruc-
tion gleaned by active sampling regimes using remote sgraia. The Gaussian process inputs
take the form of the data products' temporal position, antiboplly, the associated DOQ remote
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Figure 4.13: Mean squared error performance for 100 trillctive and static sampling. Error
bars show 95% con dence intervals.

sensing image. In both cases the observation selectiorigdkk same as before: to produce an
accurate reconstruction of spectroscopy measuremeritoéttze unsampled locations.

We utilize the sequential selection algorithm (Algorithrih@), initializing the Gaussian process
with three observations at the beginning of the traversexiiam entropy sampling chooses each
new observation in the sequence, and we re-learn covarfamoction parameters at each step.
Finally, we compute the reconstruction error by retrainen@aussian process using the set of
revealed observations, their positions, and the compégt®te sensing data, which is presumably
available to scientists in any case. The reconstructioressdhe mean absolute difference between
predicted and actual spectroscopy measurements.

Figure 4.14 shows the prediction accuracy for various numbé observations using both
position information and position information coupled lwremote sensing data. The charts show
error for each of the four traverses. In each case, the addifi remote sensing data dramatically
improves the reconstruction error. Figure 4.15 shows thanrmenprovement in reconstruction
facilitated by adding remote sensing data as an additiommltito the active selection decision.
The bene tis signi cant for every observation budget, but greatest discrepancy occurs when the
budget permits only a small number of observations. Thigets the active sampling leveraging
orbital data to quickly converge on a good reconstruction.

4.4 The Corridor Exploration Task

This section presents a new operational mode for autonotnausrse that leverages orbital and
surface measurements to ef ciently map a prespeci ed dorrunder time and position constraints.
We present the basic task and describe path-planning tilgwifor MES exploration. Finally, we
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Figure 4.14: Reconstruction of eld traverses from Camp @agdboth time sequence and remote
sensing data. Plots show the ability of the active samplingtegy to reconstruct spectrometer
measurements at unobserved locations. The graph showsstaegaidion error for various observa-
tion budgets. Upper Left: Traverse 1. Upper Right: Travé&séower Left: Traverse 3. Lower
Right: Traverse 4. Including remote sensing informatiothimobservation selection decision dra-
matically improves performance, even though the recoastmu has complete access to remote
sensing data in all cases. Maximum-likelihood hyperpatarseare reestimated for each set of
observations before choosing the next sampling locatioigesthese observations are noisy the
ground-truth reconstruction error does not decrease roaiuatlly.
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Figure 4.15: Active sampling regimes including latent réensensing data outperform those that
rely on position information. Here we provide examples ofameeconstruction error from four
traverses along witB5% con dence intervals. Equivalent reconstruction methodsewsed for
both sets of observations.

demonstrate experiments at Amboy crater in which a eld rganerates automatic geologic maps
of surface material in real time.

4.4.1 Problem Formulation

The corridor exploration task is a 2-dimensional analognefdpectroscopy transects we considered
in chapter 2. As before, operators specify a goal locatiath atime budget. In addition they
provide a horizontal offset, de ning a corridor within wii¢he robot can travel freely. The agent
moves forward inside this prede ned exploration area talthe end-of-day location, constructing
a sur cial map based on observations made at regular tineevals. Figure 4.16 illustrates the
scenario: a rover travels the path associated with maximbsergation entropy that satis es the
available resource budget.

This corridor exploration task simpli es the general pratl in several convenient ways. First,
the agent incurs no explicit cost for data collection; iagtephysical navigation is the only sig-
ni cant resource consumer. This is consistent with instemts like cameras or short-integration
re ectance spectra that have trivial collection cost, aitveiny data collection that occurs automati-
cally ata xedrate. Incorporating data collection costimovement cost reduces an unconstrained
optimization problem to one of path planning.

The task also imposes movement constraints: the rover most wnly forward and remain
within the safe area de ned by scientists at the outset. Gumélation facilitates integrating corri-
dor exploration in modular fashion into mixed mission planstaining pre-scripted sampling and
navigation waypoints. For example, scientists wishingddgrm a long distance over-the-horizon
traverse to a new site could use corridor exploration to jidimmited science autonomy while con-
servatively subordinating the mapping task to missiongetion goals. Nevertheless, it provides
suf cient autonomy to permit meaningful adaptive explosat by choosing the appropriate lateral
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offsets the rover can decide which locations within theidorrit must visit to produce the most
faithful map reconstruction.

Formulation also ignores issues of navigability. Instead,will focus on large-scale paths
composed of waypoints. Our implementation architecturesgs these waypoints to a lower-
level local navigator that uses whatever terrain analysi @bstacle avoidance is necessary to
reach these waypoints. This provides a clean separatiovebat mobility-based navigation de-
cisions, which require high-resolution plans, fast upslaend local information, and the more
computationally-expensive science planning, which dedtslonger plans and larger spatial scales.

Despite some signi cant constraints, corridor explomtie well-suited for testing the basic
principles of autonomous site survey. It provides a medunlrtgst case for extrapolating predic-
tions because the rover can recross any boundaries thatawdirs that do not run perpendicular
to the corridor direction. Corridor exploration involvagri cant resource constraints yet remains
tractable for real-time implementations.

We represent each pakh using interpolated waypoinB = fP 1; P»;:::Pg0q9 that extends
to the goal. The entropi (P) associated with this path is the joint entropyrofobservation
sites spaced equally along the interpolated path, conditicon all existing observations. This is
only an approximation since the lower-level navigationtirmel might not track the interpolated
path exactly, and the turning radius of the vehicle is niteany case. The number of sampling
locationsn controls the delity of our pointwise approximation of thetal entropy of observations
that will be collected by following the idealized path. Itosld be large enough to permit accurate
approximations without imposing onerous computationatibos - the experiments that follow use
n = 40 for total (discretionary) path lengths that can grow asdaag 200m.

Recall that general utility functions may have multiplenterbalancing expected information
gain against the cost of time and other resources [60]. Haereement cost is implicit in the
requirement that the robot be able to reach the end-of-dayIgoation. This is a discontinuous
utility function: cost is zero until the budget is exhaustedt failing to reach the goal incurs
in nite cost. The path planning algorithm need only expltne space of paths capable of reaching

the end-of-day goal.

We represent this as a constrained optimization with pashlce(P) equal to the travel time,
the Euclidean path length multiplied by a conservativenestie of the average rover velocity. The
maximum path budgehg is prespeci ed by scientists at the start of the traverse.artata sef\ of
existing observations, the utility function of a forwardip® is given by the following expression
based on the MES criterion:

U(P) = H(PjA) ST: Lo(P) mo (4.41)

Our utility function uses the constraint as a computatidoal but it cannot ultimately guaran-
tee that the rover will reach the goal. In particular it digeds execution uncertainty: if the robot
is delayed unexpectedly due to unforeseen obstacles, gieotthe current plan could become
in nite. We will account for this by replanning regularly dag the traverse so that the current plan
being executed re ects the actual time resources remaining

A conservative estimate of the average rover velocity camegtes for the inevitable delays
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Figure 4.16: The corridor exploration problem. The rovavéls forward within a prede ned rect-
angular region toward an end-of-day location (represehtd by a red star). The rover chooses
an informative path that satis es prescribed time constgiOur solution plans waypoints within
a local time horizon by choosing lateral offsets for eachevksal forward positions. We compare
candidate paths by simulating sequences of observations.rdmainder of the travers$g, over
the local planning horizon is a straight drive towards thalgo

introduced by spectrometer calibration activity, pausesdplanning, and obstacle avoidance ma-
neuvers initiated by low-level navigation routines. We aseexpected velocity d¥:33m=s for a
commanded vehicle forward velocity &f0m=s. We chose this average velocity estimate through
trial and error to yield appropriate time estimates for thgt £nvironments of these eld experi-
ments.

The corridor applies restrictions that make it unnecestamlan the entire path to the goal
explicitly at each time step. Instead we split the completbdlgm into two segments - a near-term
discretionary portiorP, and a xed remaindePy, that each receive a proportional amount of the
total time budget.

The local path planner adjusts the near-term @atlwithin the xed-distance horizon. Exe-
cution begins with the time budget allocated evenly to sedmm Py,; these segments and their
budgets are added to the collective discretionary portsthey fall into the rover's replanning hori-
zon. This ensures that the rover does not linger too longyroae location, permitting short-term
adaptive resource allocation while enforcing an even ation of time resources in the long term.
Altering the length of the planning horizon controls thedeaff between planning complexity and
long term optimality. The local horizon path planning wilfunction is the following:

U(P) = Rwmaxent (Pa) ST: Lo(Pa) (mo Lo(Pb)) (4.42)

We will omit the subscripts for clarity in our discussion bEtplanning algorithm; all the relevant
planning aims to nd a patlP, for a time budgemo Lo (Py).



112 CHAPTER 4. ADAPTIVE DATA COLLECTION

The subpath time cost is a function of the average rover itglog,y and the Euclidean subpath
lengthsl(P;) associated with each ldg) of a path segment.

X
Lo(P) = ayg [(Pi) (4.43)
Pi2P

The path selection criteria attempts to maximize the joimitapy of observations in the path con-
ditioned on all previous observations. We derive the patfard from the sef? of evenly-spaced
sample locations along a path We compute the entropy of the multivariate Gaussian crmdit

covariance matrix into Equation 3.15:

Ruaxent (P) = H(PjA) (4.44)
[N (4.45)
j Kazaz + Kaca(Kaa + 21) Kaa?j (4.46)

The path planner generates a near-term arfor the discretionary budget by considering
lateral offsets for each forward position along the cormriffeigure 4.16). We search the space of
lateral offsets using a recursive greedy path planningraitgo rst formulated by Chekuri and
Pal [119] and elaborated by Singh et al. [120]. The algorigwaluates each legal midpoint,
breaking the path planning problem into two smaller segmeiffor each midpoint it evaluates
several potential assignment ratios of the remaining mesobudget among the halves. It calls
itself recursively on the left subpath and then the rightling the high-scoring path for the left
half and then taking that portion as xed for the purposes wfling the right half — hence, the
algorithm is “Greedy” (See the algorithm of Figure 4.17)s Hranching factor is equal to the
number of waypoints considered multiplied by the numberagéptial budget splits.

For submodular functions (such as the entropy objective evisider here) Chekuri and Pal
prove aO(log OPT) performance guarantee for general directed graphs [1a®@fthler words, for
general walks on directed graphs, greedy selection enauesgard value of at lea€i(OP T =logjP opt )j)
whereOP T is the optimal reward anfP ot j the number of waypoints in the associated path. In-
creasing the number of waypoints yields only logarithmitrideent to the approximation.

Our algorithm selects lateral waypoints from ve possifigs. For each waypoint we evaluate
3 potential budget splits ascribirZh%, 50%, and75% of the budget to the rst segment. Candi-
date subpaths must never exceed the budget allocationdiioistgment; if there is no valid option
the planner resorts to a default path driving directly td #egment's endpoint. Thus, if the robot
overspends its discretionary budget (due to navigatioeudifes) it drives directly to the end of
its discretionary exploration area as quickly as possiblaring the next replanning, the discre-
tionary portions are reassigned and it receives some o8& ve budget originally assigned to the
nondiscretionary portion of the plan. It then resumes glagwithin the bounds of the new, larger
discretionary budget.

The result of this approach is steady progress down thedoorsince the planner can never
commit more time than the current discretionary portiorotal operations within the local plan-
ning horizon. Nevertheless, one could imagine sciencestigations in which radically uneven
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Objective: maxp, Rmaxent (Pa)
Given: existing observationé
Algorithm: GreedySelect(start, end, budgeteq )
if Lo(start;end) > budgetthen
return infeasible;
if base case: no intermediate waypoitttsn
P f start;endg;
else
for bin splitsdo
for middle in lateral offsetslo
P,  GreedySelect(start middle; b;P yeq ) ;
P,  GreedySelect(middle end; budget b;Pyeq [P 1) ;
if H(Ptixed [P 1 [P 2JA) > bestthen
best H(Pyeq [P 1[P 2jA);

P P [Py
return P;

Figure 4.17: Recursive greedy algorithm for selectingridteffsets.

time expenditures were appropriate. For example, a singieraely rare science feature (such as
the Meridiani meteorite [121]) might warrant extensive sw@ament with multiple instruments.
But in our site survey task, information gain will drive thgeat to improve spatial coverage in any
case; the basic objective of fast long-range survey is ecagrwith a “keep moving” approach.

The short planning horizon permits fast real-time replagnifor a modern single-core lap-
top processor running unoptimized code the entire reptanprocedure requires anywhere from
5 30seconds. Planning is fastest in situations where the agantdry little time remaining in
its discretionary budget; this allows it to dramaticallyluee the breadth of the search by pruning
non-conforming paths. Of course, if it is behind schedukrdhs no time remaining in the dis-
cretionary portion and it need not perform any search atlakimply drives forward from one
middle waypoint to the next until it passes close enough eéonitn-discretionary segments that it
begins to receive some of their reserved time allowance. rélagant portion is then assigned to
the discretionary planning budget during the next replagipportunity.

We investigated alternative strategies that planned raptess regularly, over longer distances,
and with more lateral waypoint options. Ultimately, we legtton parameter settings that provided
gualitatively reasonable behavior while maintaining ahhigtio of movement to planning time. In
the physical experiments that follow the rover replans d@h@t3 minute intervals, evaluating dis-
cretionary paths that each simulat#@ifuture observations. Thus, the rover might spend anywhere
from2 5 minutes planning over the course c8@minute run. This was a practical compromise
between path optimality and the time spent planning; it weessary that the time spent planning
“pay for itself” with better paths and superior reconstioicterror. Our parameter settings provide
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Figure 4.18: Comparison of path entropies for 70 plannirastusing exhaustive and greedy path
planning methods. The plotted values show the path entrelpyive to the optimal (exhaustive)
strategy. The control group (in the rightmost column) usesed path running directly from the
start to the end of the corridor. All paths incorporate amiab@l number of observations spaced at
regular intervals along the traverse.

a point example of a reasonable alternative to periodic 8aghput we do not claim that they are
globally optimal or that other planning allowances mighstoayield improvements over xed-path
sampling strategies.

We evaluate the greedy path planning's performance by cangpthe entropy of the resulting
paths to those produced by exhaustive and xed planningegfies. We perform 70 planning trials
using data from the Amboy Crater traverses. As in the “loeeahprediction” experiments of
Chapter 3, each trial corresponds to a speci c time stepetifiverse. At each rover location we
construct a Gaussian process model based on remote seasingrdl previously collected data,
We then generate &4waypoint path forward down the corridor.

We enforce a time constraint that precludes the longesspptiventing both exhaustive and
greedy methods from simply choosing the obvious high-@gtneaths that jump from one side
of the corridor to the other. Figure 4.18 shows the entropthefresulting paths compared to an
exhaustive search strategy and a nonadaptive xed trapsghbtthat runs directly from the start
to the end of the corridor. Unsurprisingly the greedy aldyoni sacri ces some optimality but
performs signi cantly better than the static alternative.

The exhaustive search is optimal with respect to a xed Gaugsrocess model, but an even
more general solution might consider the potential of fitobservations to change the Gaussian
process model itself. This is a Partially-Observable Markecision Process (POMDP). The
general POMDP exploration task is intractable, but recemtkwwith off-line optimization has
made progress using approximate solutions and clevettgiiaed state spaces [122, 123]. In this
sense our algorithm is strictly myopic; it ignores POMDPeagp of the problem and presumes
that model parameters are correct at each time step. Howsvegular time intervals our agent
re-estimates model parameters using all collected datai@ates a new MES observation plan
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Figure 4.19: Software architecture for corridor explarati

for the remaining resource budget. This is tantamount t@dlos Bayesian adaptive exploration
approach [115].

4.4.2 Software Architecture and Execution Strategy

The corridor exploration software architecture is similarthat of chapter 2.3.1. A schematic
diagram of the software modules appears in Figure 4.19. \dgreze the three basic system
components of feature detection and classi cation, spatizdeling, and action selection. In this
case there is no explicit feature detection — each spectealsorement constitutes an indepen-
dent feature. We classify spectra as in chapter 3 using amdbaveraging followed by Principal
Component Analysis.

A latent-input Gaussian process model maps the latituddaagitude location of each sam-
ple, along with any available remote sensing data, ontod@lkasgeologic class prediction at future
observation points. This informs the “science planner” mledhat uses it at each stage of the plan-
ning process to evaluate the entropy of candidate pathssdibace planner and related modules
correspond roughly to the action selection portion of tlehidecture.

Every three minutes of travel time the science planner Eatssee-plan the rover path. This
generally corresponds &0 100m of forward travel, subject to delays from spectrometer-cali
bration and obstacle avoidance. We recompute the princiggaponent axis for evaluating spec-
troscopy, and re-train covariance function hyperpararaetethe Gaussian process on all the avail-
able data. We re-assign the discretionary portion of thgéutd take account of elapsed time. The
science planner chooses a path with the recursive ChekdifPahalgorithm, and sends the result-
ing waypoints to a navigation executive.

The navigation executive breaks the complete trajectothdmext waypoint into lower-level
subgoals spaced no closer tHa®m apart. It sends these subgoals to a local navigator that uses
D? path planning to produce drive arcs toward the goal. Notethiearover does not necessarily
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track the original straight-line path between locationssiasulated by the science planner, but
instead attempts to nd the closest path to the next waypiorh the rover's current location.
The navigation executive also handles interrupt actwisach as recovery maneuvers and fault
handling.

Finally, the vehicle controller module performs active ordevel control by supplying appro-
priate drive speeds to move the rover in the direction contledrby the locaD ? path planner.
We set the nominal target rover velocity to a xed valueldd meters per second. In practice the
lower-level navigator exercised a velocity-limiting fuimn based on its evaluation of the terrain,
and the vehicle traveled more slowly to prevent excessibeations. Moreover, the rover occa-
sionally detoured slightly from the intended interpolgtpath to avoid rough terrain and obstacles.
Again, the planner's average velocity estimatef 0:33 meters per second accounted for delays
due to spectrometer calibration, replanning, and executiecertainty in the low-level navigator.

The science planner serves one other important purpose:calibrates the spectrometer at
periodic intervals using the scripted axle-straightemngcedure described in section 2.3.1. Every
7 minutes during rover operations, the science planner gatheevehicle's forward motion by a
direct communication to the vehicle controller, and sendgeasage to the spectrometer controller
to initiate a spectrometer calibration action. This ows the entire navigation procedure, which
waits until the spectrometer calibration is nished. Whatilaration is completed — with a success
or a failure — the spectrometer control module broadcastatassmessage causing the science
planner to release its lock on the navigation systems ansime$orward motion.

Occasionally the rover would nd itself perched on precasmr rocky terrain during this re-
calibration procedure, in which case it could not succdiystiraighten the rover axles. Because
this would cause the spectrometer to miss the white referenget, it would abort the calibration
procedure and re-try again 60 seconds later. These 60&edttampts would continue until the
rover succeeded in collecting a white reference spectrum.

During the traverse, the spectrometer control module gtteho collect spectra at regulam
distance intervals. However, the rate of data capture amckpsing limited spectrometer acquisi-
tions to a maximum rate of around one spectrum7fseconds. This corresponds roughly to a new
spectrum for eacB 5m of forward progress. The module schedules these spectesurements
independently by monitoring rover wheel odometry. Sineertsver must stop for each calibration,
the procedure overrides any spectrometer acquisitiomityctor its complete duration. This pre-
vents the spectrometer acquisition and calibration restinom attempting to use the pan-tilt unit
simultaneously. Using rover motion as an implicit commatian channel resolved the pan-tilt
contention issue without any explicit interprocess comitation. Moreover, it ensured that no
spectra collection occurred while the rover was statiowlamyng planning activities.

4.4.3 Field Test Procedure

This section describes eld tests at the Amboy Crater sithe Tests demonstrate autonomous
sur cial mapping of basaltic lava units with dynamic MaximuEntropy Sampling that exploits
surface and orbital data. The rover system begins with aligtino prior information about the
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correlations between these data products; instead, itdehe appropriate model parameters on the
y. The main instrument in use by the rover is its Visible Ndafrared Re ectance Spectrometer,
which it learns to correlate to remote sensing data.

Here we focus on the “Bonnie and Clyde” site previously cdesed in Chapter 3. The entire
exploration corridor measures 300m in length, and contagveral distinct basaltic platforms.
Figure 4.22 shows DOQ over ight imagery of the traverse doggther with a rover plan produced
after 27 spectral samples (colored dots). The path plaraigayithm chooses a strategy that covers
the principal units of surface material within the corridehile respecting the time budget. The
blue line indicates one isocontour of the marginal predicgntropy; in this case entropy of the
black basalt is high because no sample from this patch hasdodlected.

The entire suite of tests compared several mapping tecésiqu

Fixed Transect An exploration scheme consisting of a straight drive axthe exploration
corridor (Figure 4.20 Left). We derive class labels for indiual map pixels by binarizing
the nal Gaussian process predictions into two classesgusimeans quantizatiork (= 2,
see section 4.4.4 for more detail).

Fixed Coverage An exploration scheme consisting of a zig-zag coveragepato uni-
formly cover the exploration corridor, subject to time civamts (Figure 4.20 Right). We
alternate beginning with a right or a left turn. K-means proebs pixel labels.

Adaptive ASTER: Adaptive exploration using ASTER VIS/NIR orbital imagetivi5m/pixel
resolution as a latent input. (Figure 4.21 Right). K-meamglpces nal pixel labels.

Adaptive DOQ: An exploration scheme utilizing tham/pixel over ight data in one visible
band as a latent input (Figure 4.21 Right). K-means prodtieesal pixel labels.

Synthetic Random A map that does not correspond to any physical traverses beth
pixel class labels are chosen with equal probability. T&iadt a practical strategy, but we
use it as a control group for the experiment.

Synthetic Uniform: Another synthetic map, lled with pixel labels correspamgl to the
predominant class. Again, we use this as a control groupuocomparison.

Time budgets wer@4 minutes for each physical exploration method except tladstivith DOQ
over ight data. Two of these DOQ trials used a budgeB06fminutes, and a third (the examples
appearing in Figure 4.22) was handicapped with a budgetlgfldiminutes. The expedition ended
before we could perform time-equivalent DOQ tests, so weerage caution in interpreting the
statistical signi cance of the DOQ result.

The experimental trials began by initializing the roverssjtion estimate using onboard differ-
ential GPS and calibrating the spectrometer. The trialk bagan at the same location and ended
when the rover reached the far end of the corridor or when ltbhteal time was exhausted. The
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Figure 4.20: Examples of xed navigation strategies with tesulting map reconstructions. Left:
Transect-based navigation. Right: Farming pattern forimakcoverage. The Farming pattern is
subject to the same time constraints as the adaptive seateg

initial plan consisted of a straight-line drive towards g@al; only after enough spectra were col-
lected to initialize the Gaussian process model did thenseiglanner begin producing adaptive
plans. This usually occurred within the rst 10-20 seconfteranitiating rover motion.

In order to reduce inter-trial variance we discarded trthkst encountered unusually catas-
trophic navigation errors. We discounted experimentaldrin which a single obstacle avoidance
maneuver lasted longer than 60 seconds, or when navightialties required a manual oper-
ator intervention. This occurred in abdl#3 of the trials we conducted in this environment. De-
spite these efforts, variations in low-level navigatiorhdééor would still result in different paths
between runs even when the planner's selected waypoints identical.

Additional sources of inter-trial variance are lightinghditions and the varying period between
spectrometer calibration actions. In order to control farying light levels we performed tests
when the sun was at high elevation. During our eld seasas ltiiited our operating hours to the
approximate interval of 9:30-14:30. Recall that our amsttiire paused eve®minutes during the
traverse in order to re-calibrate the spectrometer, buldumake one or more additional attempts
in succession until a calibration procedure succeeds.

Another source of inter-trial variance was the failure ofadiliration routine due to uneven
ground. This required multiple consecutive attempts atehaesulted in poor traverse results. Not
only would the rover waste time performing multiple califovas, but the extra time between white
references often produced bad spectrometer data as thalifichtion became increasingly obso-
lete due to lighting changes. To separate these implen@mtasues from those of path planning,
we disregarded those traverses in which the rover missed than one calibration opportunity in
a row, or when it obviously missed the reference target ducalibration and produced bad data
as a result.
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Figure 4.21: Examples of adaptive navigation strategidh thie resulting map reconstructions.
Left: Adaptive navigation using the low-resolution ASTERta product as a latent input. Right:
Adaptive navigation using the high-resolution DOQ datadpict as a latent input. The low-level
navigator is not constrained to travel forwards, and thisawvidences some backwards travel during
turns and obstacle avoidance.

A nal confounding factor concerns registration and lozation error. In practice we did not
exclude runs from the experimental data on account of lpatidin error, but it is worth noting it in
any case as an additional source of inter-trial variance.

4.4.4 Field Test Results

The accuracy score measures the delity of a reconstructed bbased on the samples collected
by each method. We evaluate each dataset by retraining ssi@daysocess model using the high
resolution remote sensing image, and binarizing the ré@stattwo geologic types with k-means
vector quantization. Figure 4.23 shows one example of theinfarence and the resulting binary
geologic unit classi cation. We create a ground-truth mgpntanually labeling both classes of
surface material in a high-resolution DOQ orbital image.effhwe associate the unsupervised
classes with their most numerous matches in the ground-tradge. This yields a pixel-wise
classi cation accuracy score for the reconstructed map.

The onboard adaptive exploration algorithm adapted totiyemformative paths along the
exploration corridor. Figure 4.22 shows the end of the &ir the rover has traveled 0.46 kilo-
meters. In this trial, which lasted approximately 24 misytde rover chose a modi ed coverage
pattern that found an appropriate compromise between lowidllowing and coverage. This
image illustrates the inference result with areas of demsalbin yellow and clay sediment in
green. The map prediction is uncertain in areas that aredar the rover path (consider the unvis-
ited basalt patch in the lower right), but more accurate iwithe corridor. Samples generated by
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Figure 4.22: Left: Over ight imagery of the eld site. Coled dots show spectral samples col-
lected along the rover path. The blue line indicates oneoistoeir of the marginal prediction

entropy. The red line shows waypoints in the current naiogaplan. Center: Geologic map of
surface material resulting from the traverse. Right: Maagprediction variance associated with

the reconstructed map.

Figure 4.23: Left: Typical map inference result. Centemdized version resulting from k-means
guantization. Right: ground truth labels. The map progectiliffers slightly in this image, but
individual pixels were aligned using georeferencing datealculate reconstruction error.
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Method  Accuracy (std) # Spectra (std) p-value (n)

Adaptive

DOQ 0.87 (0:01) 199.3(45:3) <0.01(3)
ASTER 0.81(0:03) 225.0(32:8) <0.05 (4)
Fixed

Coverage  0.750:05) 206.0 (14:4) n/a (4)
Transect 0.74(0:09) 75.9 (15:0) 0.45 (7)

Synthetic
Uniform  0.57 (< 0:01) n/a 0 (5)
Random  0.50(< 0:01) n/a <0.01 (5)

Table 4.2: Results of the Amboy Crater Traverses: map réaat®n accuracy, the average num-
ber of spectra collected during each experimental run, mag-+value of a one-tailed T-test against
the methods' equivalence to a xed coverage pattern.

the path planning algorithm offer a representative sampie fvhich a human could more easily
construct a complete interpretation of the environment.

Table 4.4.4 shows performance statistics resulting frortria& in this traverse area. Reported
p-values result from a one-tailed T-test against the hyggighthat performance is equivalent to
a static coverage pattern. Figure 4.24 plots the number aitifes (collected spectra) against
reconstruction error. In general the adaptive methodsenfapn static methods, which in turn
outperform the uniform and random cases. Traverses basBdD@hover ight data perform best
of all.

DOQ trials are subject to the timing issues mentioned abmyewe include this data here for
several reasons. The low variance among the DOQ accuradig#tipat the time budgets were not
different enough to pose a clear handicap or advantage. dderedue to navigation irregularities
between runs, the average number of measurements colleatedctuallysmallerfor DOQ trials
than for the coverage patterns. The coverage patterns hegbge drive through open terrain,
resulting in fewer obstacle-induced pauses.

Several trends are apparent. First, with respect to the-lzdoadied ground truth image, adaptive
methods signi cantly outperform static coverage pattéans = 0:05. The variance in the number
of collected spectra is greater for adaptive methods thanxém methods, while the accuracy
variance is reduced. This discrepancy — greater variatiopath choice, and less variation in
reconstruction results — might be related to the adaptivthaus' responsiveness to navigation
obstacles and spectral imaging conditions.

Attention to the remote sensing data product ensures thabtter sees representative samples
of diverse terrain from all parts of the corridor, withoutssing signi cant patches of basalt. While
half of the xed coverage patterns miss the nal basalt pgtelgure 4.20), all the adaptive methods
target this area. They tend to avoid homogeneous regionsdiinent such as the Southeast and
Northwest corners of the corridor.

Finally, Maximum Entropy Sampling's border-af nity is edénced in the rate of “crossings,”
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Figure 4.24: Results of the experimental trials from Ambogt€r: the number of spectral samples
collected in each run and the accuracy of the reconstructgd m

that is, transitions onto or off of a basalt mound. Adaptiaepling utilizing the high-resolution
orbital data crosses boundaries at a signi cantly highes than the xed coverage pattern. The
result is a higher number of samples from near boundary megihere the data in the augmented
input space is sparser. In other words, adaptive samplomg brbital data permits extrapolation
within each unit, rendering additional samples from theriots redundant. The adaptive methods
spend more time, on average, in basalt patches due to thirdmprder crossing (Table 4.3).

These experiments control for radical navigation erronsl, &@e should not let this blind us to
other advantages offered by adaptive sampling. Explarabbots operate in uncertain, dynamic
environments. One can never be certain that activitiesréégation or instrument deployment
will succeed or take the expected amount of time and energyurees. However, the adaptive
replanning allows the rover to recover from resource shlistfvith “next-best” exploration plans.
Similarly, it can move opportunistically to exploit unexgped sample sites or resource surpluses.
The power of active sampling lies not only as a device forvackkarning, but also as a hedge
against execution uncertainty.

The catastrophic navigation failures from the Amboy trele instructive; they show the value
of adaptive observation planning to recover from execuéionr. Consider the traverse illustrated
in Figure 4.25. Here the rover encounters a line of bushdddhze it far outside the exploration
corridor. This causes a delay of several minutes, and ther falls behind schedule. Adaptive
replanning permits the rover to recover a reasonable mgginategy that satis es the mission
time constraints. It compromises in favor of the truncatedecage pattern shown in Figure 4.25.

The Amboy Crater experiments demonstrate a system thairpesfautomated site survey on
kilometer scales. It begins with virtually reo priori knowledge of surface materials. Instead it
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Method Time in basalt (std) Crossings (std) Crossing rath (s p-value (n)

Adaptive
DOQ 60% (2%) 14 (4) 0.08 (0:01) 0.04 (3)
ASTER 56% (9%) 11 (2) 0.05 (0:01) 0.76 (4)
Fixed
Coverage 48%(9%) 10 (3) 0.05 (0:02) n/a (4)
Transect 53%(15%) 6 (1) 0.08 (0:02) 0.04 (7)

Table 4.3: Results of the Amboy Crater Traverses' boundavgsing behavior: The percentage
of time spent on basalt platform units as determined by Habeled orbital imagery. The second

column shows the number of crossingsy. the number of times the rover moved onto or off of a
platform. The third column shows the proportion of boundemyssings as a fraction of the total

number of observations. Finally we provide the p-value ohe-tailed T-test against the crossing
rate's equivalence to a xed coverage pattern.

50m 50m

R R
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Figure 4.25: In this run, a navigation error delayed the rdge several minutes. The adaptive
replanning was able to produce a reasonable, alternatpleraxion schedule in light of the delay.
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learns the relevant distinctions on the y and improves ipleration ef ciency by leveraging
learned trends in spatial proximity and correlations wémote sensing. The corridor exploration
task exhibits some arti cial constraints, but demonssdtee essential features of autonomous site
survey.



Chapter 5

Selective Transmission with Proxy
Features

And so on into winter / Till even | have ceased / To come as apooter, / And only
some slight beast / So mousy or so foxy / Shall print there aprayy. — Robert
Frost, “Closed for Good” [124]

Remote science favors phenomena at the limits of percepdioa scientists will inevitably
consider features of the data that are too abstract or siateutomatic pattern recognition. For
example, geologists analyzing geomorphology of MER roweagery have considered sediment
structure [125], the shape and size attributes of rocks @T1d outcrops [82]. These present sig-
ni cant pattern recognition challenges; it is unlikely tithe remote exploration agent can detect
them all reliably. When speci ¢ feature detectors are palssithey require intensive development
effort and may not generalize across environments [24].

Fortunately hidden or noisy phenomena do not preclude mghrniautonomous science. Re-
mote agents can exploit correlations wijitoxy featureghat are simpler to detect. These proxy
features consist of compact numerical descriptors of tie pladucts that are easy to extract. The
output of supervised pattern recognition, an unsupendgtsssi cation, or a dimensionality reduc-
tion procedure can all provide candidate proxy featuresxy’methods optimize the exploration
objective by exploiting learned relationships betweers¢hdescriptors and the actual science con-
tent of the data products.

Figure 5.1 shows a stark example based on a 2003 survey otistdeat the Jet Propulsion
Laboratory [81]. The survey aimed to characterize agre¢merong scientists' preferences for
images in a mock selective data return scenario. Researphesented scientists a diverse set of
25 images taken by the FIDO rover at a Mars-analog eld sitAiizona. Each scientist ranked
the images according to the order in which they would likedeenreceived them from a selective
subsampling algorithm.

The original study compares different scientists' prefiees and nds statistically signi cant
correlations. While several outliers exhibited dramalycdifferent preferences due to differences

125
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Figure 5.1. Scientist rank preferences correlate stromgth the compression rate for far eld
images in the FIDO survey. Scientists broadly prefer imdgascompress poorly; these are more
likely to contain interesting geomorphology. Here thandp values refer only to those images
which display the horizon.
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Scientist Spearman p-value

1 -0.69 0.002
2 -0.55 0.02

3 -0.82 0.00005
4 -0.79 0.0001
5 -0.39 0.11

6 -0.62 0.007
7 0.10 0.68

8 -0.28 0.26

9 -0.88 0.000002

Table 5.1: The Spearman rank correlation coef cient meastine correlation between preference
ordering and compressed image size for each individuahtsie Preferences show a signi cant
correlation in6 of 9 cases.

in background or their ideas about mission goals, the dveiclire was one of general agreement
among different individuals. However, our post-analydithese results reveals another signi cant
trend. When compressed using the JPEG compression stajd@#i] the resultingmage size
exhibits a strong negative correlation with the scientisisan preference ranking. In other words,
image compression rates appear to predict the science ofilne image.

That JPEG compression correlates with scientist prefeseirscnot especially surprising. The
wavelet compression routine exploits regular structunegtural images, the compression rate is a
rough measure of the “visual information” that is presemg(fe 5.1). We divide the FIDO images
into two groups: those that show the horizon and those thaodoFor images with a horizon, a
low compression rate signi es irregular structure like ke outcrops and other geomorphological
features of interest. Scientists broadly prefer these easity-compressed horizon images.

We can quantify the relationship between the compresseddarsee and scientists' prefer-
ences using the Spearman rank correlation coef cient. TeaBnan coef cient measures the
dependence between rank-ordered variables. The statistitmonly represented by is a non-
parametric analog of the classic Pearson correlation caft for linear relationships. It measures
of the ability of an arbitrary nonparametric function to ciéise the relationship between two vari-
ables. It is computed as follows, whedtgis the difference between rank of each of the values of
the “compressed size” and “scientists” mean preferendemghvariables and is the size of the
dataset.

P
_ 6 &
Y CERY (5.1)

In this case the mean preference ranking's value of@B1is highly signi cant (p-value< 1e 6).
The compression rate accounts for a signi cant portion efiriance among preference rankings.
The correlation is also signi cant for the individuals' iadendent preference rankings Gowut
of 9 individuals (Table 5). This suggests that an explorer ageuntd use the image compression
rate to determine the best images for transmission. Regrdif whether or not the images are
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actually compressed for downlink, the JPEG reduction dmes a “proxy feature” that is simple
to compute and germane to the science content of the images.

Proxy features can improve autonomous science systemidiligx by leveraging generic fea-
ture classi cation and pattern analysis in potential aggtion to a wide range of science tasks.
This contrasts with explicit feature detection that rebaghe abstract language of science features
to de ne the objective. Explicitly detecting “high-leveBcience features like outcrops requires
new custom-made detectors for each speci ¢ science goalthBicost of development and testing
these detectors is prohibitive; detecting rocks in imagestill an open research topic after years
of research [24]. On the other hand, proxy methods can expioielated attributes at any level
of description. With appropriate training data, automéarning can utilize them to bene t many
different environments and science phenomena.

In addition, proxy methods can provide quantitative insigfio scientists' eld technique.
They represent statistical relationships between quabke properties of data products and em-
pirical sampling strategies. They lend quantitative ihsitp heuristic methods; for example,
representative and periodic sampling can both be viewegpesa cases of proxy exploration
that make speci c assumptions about the structure of thé&r@mwent. Proxy methods provide
an information-theoretic grounding for these heuristidsl@vsuggesting the circumstances under
which they are most reasonable.

This section examines two proxy methods in the context ofritedligent mapping approach.
We consider selective data return with information-driveward criteria applied to generative
spatial models. We use proxy features as a latent input tgr@ssion model, where Gaussian
process predicts a continuous scalar value in a time sdfiggeriments show that the proxy fea-
tures are suf cient to improve data transmission actiongmvthe true scalar value is unobserved
by the agent. Next we consider an alternative approach mdbeljoint probability density of
appearances of proxy features and the real science cgntexasng the proxy features as noisy
observations of a hidden state. Here a Hidden Markov Modstrilees the geologic classes of
images collected along a linear transect.

We show that classic representative sampling and periadipkng strategies are simply exam-
ples of proxy feature data collection under different agsiimns about sensor noise and the spatial
continuity in the environment. Different degrees of caatign between proxy features and science
content create situations for which the resulting policprapches periodic or targeted sampling
behavior.

5.1 Proxy Features as Covariates in a Regression Model
Recall that we can represent a set of collected data prodaéts= fa;;:::a, : & 2 Ag. These
samples' physical locations. We represent the hidden seieantent of the data products with the

setS = fsy;:::sy 1 S 2 Sgin the space of science contelds Eachs; is apparent to a scientist
looking at the data product, but in general it cannot be dedkloy the remote agent. However, the
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agent does have a corresponding set of proxy featdresfys;:::y, : yi 2 Yg with elements
corresponding to each of the collected data products.

We employ a decoupled objective function and assume thagahef collected data is xed
during selective data transmission (Section 3). The egploan only return a sizent subset of
data products. This leads to the following utility functifor selective downlink:

U(A; A9 Rr(AY) for A A; jAY my (5.2)

Proxy features are relevant for a wide range of informatiaim geward functions, including the
mutual information and maximum entropy criteria. Here wdl feicus on mutual information.

A reasonable objective is to maximize the mutual infornratietween the science content of un-
transmitted data products (denoted®wy S9 and the science content of transmitted data products
(denoted by89:

Rr(AY = 1(Sns%s9Y for A A; jAY mr (5.3)

We omit the constraints in future equations for clarity.

The proxy features serve the dual purpose of indicating napt data products for return and
simultaneously providing cues to Earthbound scientistsuathe content of other data products
that are not returned. This role only makes sense if the pfeajures are more compact than
the original data product. Practical proxy features argo@mumerical attributes such as discrete
classi cations or numerical descriptors RI'. We can safely assume for our task that both proxy
features and independent variables will require trivialdwidth to transmit. We include trentire
set ofX andY associated with all data products are included in the dmkradind absorb their cost
into our transmission budget. The discretionary portiomamms a constant. We can rewrite the
objective function:

Rr(A;A9) = 1(Sns%s%Xx;y) for A A; jAY mr (5.4)

Proxy features let us choog€to improve this objective without observirgjor SPdirectly.

5.1.1 Shared Hyperparameter Learning

In our Gaussian process formulation we consider the hiddemee content to be an underlying
functionf (x) of the independent variables. The resulting regressiohl@no learns the mapping
from independent variables to science content:

f(xX): X7'S (5.5)

Here for simplicity we represent science content as a sisgidar value so thag; = f(x) 2
S;S = R. Recall that for a set of input locations we de ne the Gaussian process prior using a
mean vector and covariance matrix. Following conventioa,take the mean vector to be zero so
that the prior is de ned solely in terms of the covariance nixa . For a vectoif (x) representing

f (X) evaluated at multiple locations, the prior can be written:

1

PO = gy

exp %f (X)TK 1 (X) (5.6)
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Each element of the prior covariance matrix is given by theadance function (x;; ;) evaluated
between two observation sites.

f(X) N (0;) where = Kaa and Kga; = (XiiXj) (5.7)
Here we take to be the squared exponential covariance function, paesinetl by coef cients
1; 2, and “length scale” hyperparametavg for each dimensiok of the input space.

(

xd )
N )2
(Xi;Xj) = 1+ 2exp 1A (i X )"

2 w2
k=1 k

(5.8)

Thus, the covariance with respect3detween input pointX is given by the covariance matrix
K a:a Which we can separate into submatrices associated witlmahsmitted portiorK 5040 and
the remaindeK 5pa0anao:

_ Kanaoanao Kanaoao
Kaa = K aoanao Kaopo (5:9)

The mutual information of the science content of the retdrd&ta with respect to the unobserved
datapoints can be written in terms of differential entrgpie ned in terms of the submatrix deter-
minants [127].

Rwutine (A;AY = Hgs‘ix;v)+ H(SnSYX;Y) H(SjX;Y) (5.10)
= % log(2 e 1A% det(K ao.p0))+ (5.11)

log(2 e A% det(K anpoanac) (5.12)

log(2 e *) det(K aa ))I (5.13)

Note thatS does not appear in the nal decomposition. Similarly, the 8eward function can be
written without reference t8.

Ruaxent (A/A9) = H(SIX;Y) (5.14)
= % log(2 e A" det(K aoa0)) (5.15)
(5.16)

For a xed covariance function, the hyperparameters an@peddent variables completely
determine elements & a.a , which is itself a function of input pointX . Thus, the information-
optimal sampling strategy is independent of the actualnseiecontent (the values taken By.
This is true for any information gain metric based on a xedaance function; the independent
variables alone de ne the sampling locations that will pdevthe most information about the
science content of untransmitted data.

We use the proxy features to augment the independent vesiajakelding a combined latent
input space:

fogy): X YT7'S (5.17)
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Training Environment Test Environment

W,w

Figure 5.2: A graphical representation illustrates laagréhared hyperparametersaandw. Along
with these hyperparameters the observed proxy feattiraad independent variables de ne a
Gaussian distribution over science contedtsHand-chosen training valuds permit maximum-
likelihood learning of the hyperparameters. In a new tesirenment, the observed values and
hyperparameters de ne a prior Gaussian distribution og@mee contents. The prior covariance
matrix gives the best subsampling strategy.

This changes the number of input dimensions but not the fdrtheocovariance function, so we
can still compute the reward functions of Equations 5.13%48 without observing. However,
the result will now re ect samples' similarity not just inétspatiotemporal domain but also in the
domain of computed proxy features.

This procedure requires an appropriate covariance fumetia hyperparameters. Here we will
learn the hyperparameters from a set of labeled training @aibse covariance relationships are
presumed to generalize to the test set. If the science domstéimown in the training case, the
agent can use this dataset to learn the covariance functiameters for the general augmented
input space using classical gradient ascent of the liketihar Markov Chain Monte Carlo. Figure
5.2 illustrates the process, in which hand-labeled costkeninform parameter learning on the
hyperparameters andk. These produce a prior covariance matrix®mo permit experimental
design in the test environment.

This shared hyperparameter learning is appropriate glvematural interpretation of the co-
variance function as a prior over regression functions. civariance functions capture similarities
in the structure of the distributions of science contenthéntest and training environments. They
re ect the degree of correlation between input dimensiamgpfoxy features) and science contents.
As long as the covariance function is determined by reldteations in the input space, the as-
sumption of a common covariance function ts naturally wiitie hierarchical model. Researchers
have investigated similar ideas under the heading of lubieal Bayesian hyperparameter learning
or multi-task learning [128].
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Figure 5.3: Data return with Maximum Entropy Sampling, ltbselely on the independent spatial

variablesX . Large blue dots indicate transmitted data. Left: colléatatapoints. Right: Covari-

ance matrix, with red showing large values and blue smallesl Covariance relationships are

determined by data points' proximity, resulting in a per@msampling strategy.

Some examples illustrate proxy features' in uence on sangpbehavior. Here we consider
the two-part function portrayed in Figure 5.3. This simethenvironment consists of a at ho-
mogeneous region and “bump” of high change. When the agdynthais access to the the spatial
dimension, our experimental design reward criterion séeKkthe available space. This amounts
to periodic sampling in the spatial domain. Figure 5.3 shthescovariance matrices and sampling
behavior for this simple data return scheme.

Figure 5.4 shows a similar scenario with the Gaussian psotragied on a two-dimensional
input including an arbitrary real-valued proxy featofe Here, the signal-to-noise ratio is high;
according to labeled training dat¥, is an excellent correlate of the science content. The length
scale parameters associated with each input dimensiorthamdsulting covariance matrix, re ect
this correlation. The Gaussian process determines thatamebserve the contents of the large,
homogeneous portion of the input space with just a few measets. Science content correlates
strongly along this dimension, obviating the need for desasapling. The selective return strategy
allocates a larger portion of the data return budget to sagpi the proxy features' domain. This
is tantamount to representative sampling in feature spetale-emphasizes physical proximity.

A key difference between treating proxy features as latepiits rather than, for example, a
noisy observation 0% (as one would employ in classical Gaussian process regndis in the
the resulting information-optimal observations. By usthgm as an additional input we produce
nonstationary sampling behavior that re ects the appaiprkinds of diversity the dataset should
exhibit in order to be most informative about the tGie

In Figure 5.5 we train the Gaussian process hyperparametess hand-labeled dataset that
exhibits a high-noise relationship between proxy featumed science content. This results in
behavior akin to periodic sampling. The length-scale hyasameters reduce the emphasis on the
unreliable proxy features and encourage representatiaplsay in the spatial domain.

By abstracting from science content labels, proxy featusthods can improve robustness
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Figure 5.4: Data return with the Maximum Entropy criteridised on both independent spatial
variablesX and low-noise proxy featuréé. Covariance parameters were trained on science con-
tents that correlated well with the proxy features. Due &figh signal-to-noise ratio, the Gaussian
process determines that one can observe the contents afrtfee homogeneous portion of the in-
put space with just a few measurements. It devotes a largéppmf the data return budget to
sampling in the proxy features' domain.
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Figure 5.5: Data return with Maximum Entropy Sampling, lthee a training set that exhibits

a poor correlation (high noise) relationship with the uhgeg f (x). Note that the covariance

function favors relationships based on locality in %edimension. The result is a more even,

periodic spacing of transmitted data points in space.
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and generality of selective data return. They enable thetrtbadapt its experimental design
without detecting the features of interest directly. Ongadivantage of the method we describe
is the requirement that scientists specify science comt@nierms of a single scalar value. More
sophisticated science content labels are possible; faultigependent scalar quantities could form
an orthogonal basis for more re ned distinctions. Altemwly, co-Kriging strategies [19] could
extend the Gaussian processes to model multivariate scemtent.

5.1.2 Selective Return of Image Sequences

Image sequences are a compelling test case because thegaftain complex, high-level science
content that is dif cult to recognize automatically. Carmagifor engineering and science activities
are pervasive in remote exploration and can generally oaptata at a very high rate. However,
the images themselves are large data products and cometpierses may be infeasible to trans-
mit. Thus intelligent image subsampling would be immedjatseful to many remote exploration
domains.

Image analysis can help to classify the geomorphology afeeihages. Previous analyses
of rover panoramas have involved detecting rocks and clogtehem into groups according to
hue, intensity, size, and texture attributes [129, 18]. pitoportions of each rock class constitute
an “image signature” that re ects the local geology of thie ¢Figure 5.6). These site sighatures
can be reduced through techniques like Principal Compofgatysis (PCA) to produce lower-
dimensional visualizations of the terrain types and thisitirtctions. Similar efforts have classi ed
the geomorphology of image regions using texture analgdk [

Our mission scenario involves navigation image sequen@smdfrom an autonomous rover
traverse in the Atacama Desert, a Mars-analog site in Chil [ The rover platform used for
the experiments is “Zoé,” described previously in ChagteZoé conducted a series of multiple-
kilometer autonomous traverses at the “Guanaco” siter@gréed elsewhere as Site F), a location
in the dry interior of the Atacama [51]. The Atacama terraiisjble in image 5.7, is barren with
varying soil and rock morphology ranging from pebble-stigulains to elds of large ¥ 30cm)
blocks.

At the Guanaco site expedition, four traverses crosseddanigs that remote geologists had
previously identi ed as possible contact points betweeitsunf surface material. Figure 5.8 shows
one such boundary in an ASTER remote sensing image (bandutfac® images demonstrate
clear morphological differences in surface material ob=sgrat each location (Figure 5.10). In
this experiment we employ simple proxy features to intargnages for downlink. This results in
datasets that improve the reconstruction of traverse ggmtotogy over those that focus simply
on position.

Zoé's navigation cameras provide a 60-degree eld of vie®20 240pixel resolution. They
point downward to view the terrain directly in front of thevew, and capture images at the rate of
1 per 2 meters of forward travel. We consider four traverggremts that each contain 400 dis-
tinct navigation images. These would be invaluable for metiging relationships between surface
material and orbital data, but the complete sequences &ernety bandwidth-heavy. Instead, we
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Figure 5.6: Five rover panoramas at different locales aerdiiktributions of detected rock types
[129]. Each column corresponds to one of ve locales the elperiment. Row A: Qualitative
human interpretation. The peak of the hill has the highestentration of rocks. Row B: A
portion of the panorama from each locale. Row C: Underbodges from each locale. Row D:
Rock detection with manually de ned “large rock,” “brightek,” and “outlier” classes. Row E:
Unsupervised model using rock detection; classi catiorpkays EM clustering over color and size
features. The mean intensity of each class is shown.
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Figure 5.7: Zoé in the Atacama desert, Chile.

desire a “besh” subset that is most informative about the geomorphologthefentire traverse.
Finally, we desire a rank ordering to ensure that the besg@sare transmitted rst in case of
communication faults or interruptions.

The owchart of Figure 5.9 summarizes the training and sldut®n procedure for our selec-
tive image return scenario. We used a cross-validationgghare, training each of the four traverses
using one of the others from a similar region. A human openatanually labels the contents of
the training sequence by examining the image contents asmbtiy the most obvious visual tran-
sition between surface materials. We ascribed scalar vaiti® and 1 to images on either side
of this border. In practice this usually corresponded to lawviaus difference in soil texture or the
guantity and size of rocks that were present. However, thes§an process representation can
also accommodate more nely-tuned distinctions.

Image texture has been found in the laboratory to be a goadlate of geomorphology [38];
our analysis uses simple local texture descriptors exdafiom the foreground of each image.
We describe local texture using tiexton method of Varma and Zisserman [130]. Textons are
“archetypal textures;” pixel-level texture classi cati® that together Il the space of observed
image textures.

We generate textons by convolving all images in a trainirgasd the Maximum Response
8 Iter bank. This results in ar8-dimensional response vector for each pixel. We then aluste
the responses from a reserved set of training images usingaks to form a set df6 universal
textons. These textons, in turn, produce an image map tearaseach individual pixel to its
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Figure 5.8: ASTER orbital imagery corresponding to a 4.3kamerse. The initial terrain consists
of homogeneous desert pavement covered with small racksQ(cm). After the rst kilometer
the terrain changes (yellow dashed line) to a mixture ofdalgock sizes with occasional bare
clay. Scientists evaluating the orbital data hypothes&easgcond boundary (red dashed line) but
no change was clearly visible from the ground. In this anedt@mage a thin white line shows the

traverse locations where navigation imagery was captured.
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Figure 5.9: Procedure for subselection of an image sequesiog proxy features.

Figure 5.10: Original navigation images (top) and falseocainage showing texton values of
individual pixels (bottom). To limit horizon and sky artifis, we use only the bottom half of each

image to compute its summary descriptor.
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Euclidean-nearest texton (Fig. 5.10). Different textoppraximately capture the different kinds
of surface materials such as rocks, shadows, sedimentsyifigdexture, and salt deposits.

The histogram of texton counts in each image provides a caetats geomorphology. We
normalize texton counts and compress the resultlid aepresentation using Principal Component
Analysis as in chapter 3. The rst principal component progki a latent input that augments
the input space of a Gaussian process. We use a squared etiglbooevariance function, with
length scales that determine the importance ascribedfeyetifces in the spatial and morphological
domains.

We determine the appropriate length scales by maximunihietl on the training traverses.
For a new traverse, we use the same covariance function grajerthe prior covariance matrix
as per Equatio:7. This facilitates selective subsampling using the MESzaonh of Equation
5:16. Greedy optimization identi es an ordered subset for domigladding images to the dataset
one-by-one in the order that maximizes the determinant @fstibmatrixk ao.n0. The nal data
setACis the besim images that comprise the transmission downlink. The remdintist also
receives the independent variables and proxy featuresiatesw with all of the other images that
the agent collected. The complete set of proxy featuresaguned so that the posterior distribution
over science contents matches that which was computed betieste agent. In practical terms,
the proxy features point out images that have similar cdstemhis assists the scientist to draw
inferences about those images that were not returned.

Figure 5.11 shows an example of a covariance matrix for ogé smage sequence. This
traverse was drawn from an image sequence near site C, wydsb[62]. This traverse entailed
a brief sprint across an open basin lled with uniform pelsbéed occasional, sparsely distributed
cobble-sized rocks greater thaficm in size. Near imagé20, the rover approaches a hill where
the density and size of rocks is thicker. In addition, theati@rtexture changes, revealing patches
of white sediment that become increasingly prominent. IFindoe last 50 images of the traverse
show a drastic increase in the number of rocks as the roves tisatop of the hill. The result is
that the images in the sequence exhibit varying rates ofgghan

We train the Gaussian process on unit labels from a simé&etse, and apply the covariance
function hyperparameters to sample from this sequenceuré-§.11 shows images returned from
this traverse by greedy selection using the mutual infoionatriterion. The numerals printed on
each image indicate the rank ordering of the rst 10 returmedges from the dataset. The plot
beneath shows a time series with the time step number on ttmhtal axis, and the texture-based
proxy feature on the vertical axis.

Here the selective data return strategy allocates a disgiopate number of images to the nal
third of the traverse, spending more than half of its downladget on those images. The result
is a more representative sampling of the complete spatiginotogical domain. Note that at no
point has the algorithm ever explicitly represented imagephology. Instead it draws cues from
the learned degree of correlation between image labelgjgws and texton-based proxy features.
The proxy features suggest that science content is likebhémge rapidly in the nal third of the
traverse.

Selective data return with proxy features can improve tlwenstruction of unobserved dat-
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Covariance Matrix \ T

10

Figure 5.11: Sampling of a transect consisting of roverers& imagery, based on a covariance
matrix based on supervised training with proxy featurese Mmbrizontal axis shows the order in
which images were acquired, while the vertical axis showdéture feature used as a proxy fea-
ture. The numbers associated with each image show the oradrich it was chosen for addition

to the downlink.
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Figure 5.12: Left: Reconstruction error for hand-label®a@ges using adaptive and xed selective

return strategies. The plot shows the mean result of theAtarama trials (con dence intervals

for = 0:05). Right: Differential entropy of the returned observatiooations, calculated using
the “true” covariance matrix tto the actual observations.

apoints over na've selection strategies. Figure 5.12 shibe mean reconstruction error for the
four Atacama traverses wit®5% con dence intervals. We evaluate each algorithm by rewngali
the true labels of returned data products and training a &@uprocess model on the result. This
allows inference about the science contents at the rengaimnbserved locations. Proxy features
are provided to assist with the reconstructerenfor those subselection methods that do not use
them to compute the selective data return.

We compare three sampling strategies. The rst gequentiaktrategy that transmits images
at evenly spaced temporal intervals in the order the images wollected. This performs poorly;
only with the nal few transmitted images does it provide regentative samples from the entire
spatial domain. Moreover, it ignores the actual contenhefitnages themselves.

A second xed strategy uses a time- lling heuristic: a dista transform that returns images
that are temporally farthest from any other. It begins whth tiddle image; the next two returned
images bifurcate each of the remaining halves, the nextifoages bifurcate the resulting quarter-
traverse segmentgt cetera This reduces error far faster, but it still ignores infotioa in the
image domain.

Finally, an adaptive strategy utilizing maximum entropturaed images according to the or-
der in which they were chosen through greedy selection. Tagtave strategy tends to |l the
space as well, but it lls the joint position/texture spaaadan doing so provides representative
samples of more different terrain types sooner. Indeedrdbenstruction exhibits a marked im-
provement, with approximately half the reconstructioroeaf the xed selection strategies by the
third returned sample. The use of mutual information irgstelaconditional entropy produced no
signi cant change in reconstruction error.

The improvement from adaptive sampling is most signi camt$mall subsets; here the adap-
tive data return ensures that the remote scientist recedpessentative samples from each terrain
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type. Adaptive sampling reduces reconstruction error @aripé0% when the agent returns just
4 data products. For larger subsets the average bene t atdram adaptive sampling is still a
meaningful percentage of the total reconstruction errowvél/er, in these cases the overall recon-
struction error decreases to the point where it is overwhdlby between-trial variance, we cannot
claim a statistically signi cant difference for these largubsets.

In summary, it is useful to formulate selective data retwsraa experimental design problem
with a direct parallel to adaptive data collection. Here \wa teverage proxy features as a latent
input, which alters adaptive sampling behavior in a Gauasgiacess model. Experiments suggest
that learned correlations can improve the overall perfoiceaof selective data return of image
seguences.

5.2 Proxy Features as Noisy Observations

An alternative to latent input regression is to explicitlypdel the joint probability distribution of
science contents and proxy features. This lets the expgeant maximize any experimental design
criterion that is based on the posterior distribution owéersce contents. Here we consider this ap-
proach with an alternative model that represents hiddemeeicontents with discrete classi cation
labels. Like the Gaussian process model it re ects bothialpand attribute-based dependencies,
alternating between periodic and targeted sampling iromespto various levels of detection noise.

We use a discrete-time Hidden Markov model to describe tsaveontent. As before, each
observation is associated with one or more independentiexpetal variables. Here we will limit
ourselves to a discrete time one-dimensional case in whiemtependent variable is the observa-
tion's location in an ordered series. These are indexedrbg br position along a transect. Since
the data products are ordered, we can use subscripts tohadtthé observation; is associated
with time stept.

transmission phase the agent computes a downlink trarismiéSto optimize a reward function
R(A;A9. This reward should re ect the downlink's science valuejeabto a constraint on the
total number of returned images. We have advocated usingaureeof information gain, and have
previously used mutual information anchonditionaI enyropjectives. Here we use the closely
related sum of residual marginal entropies H (StjA9, which facilitates an easy solution to the
discrete-time optimization.

Choosing the return subset requires modeling correlati@tsween proxy featureg, and the
actual labelS;. However, we also aim exploit spatial relationships betwaidden variables them-
selves. Consecutive images are likely to have similar sei@ontents; we capture these correla-
tions using a Hidden Markov Model (HMM) [131] where each iradg the sequence is condi-
tionally independent of the others given its immediate hedas (Fig. 5.13). This describes an
underlying process composed of a hidden science “staté’ egitasional discrete transitions.

Hidden Markov Model parameters consist of initial statebaituilitiesP (S;), transition proba-
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E0e

Figure 5.13: Hidden Markov Model of rover traverse imagémyages available for downlink com-

bilities P (St+1 JSt) representing the probability of state transitions from bme step to the next,
and emission probabilitieB (Y;]S;) representing correlations between images' true labelgtand
automatic classi cations.

Designers have several options for estimating HMM pararseté scientists can enumerate
all the image features of interest then standard supenéseding techniques can estimate HMM
parameters from labeled training data. The Maximum Lilasith parameter estimates for discrete
labels are given by the empirical counts:

P e
P(S = ijSi =)= —dusiSesl (5.18)
P(vi=kisi=j)= —eg 2 (5.19)

¢ (Sc=1)
In the following experiments we will assume that previowsning data is available so that the
HMM parameters are known in advance.

On the other hand, if the investigation is a general siteesutkie scientists might not know
what to expect and the phenomena of interest represent&drbgay be ambiguous. In this case it
might be better to estimate labels automatically at runtife@ example, the explorer agent could
use the Baum-Welch algorithm [131] to estimate Maximum lil@d HMM parameters. The
best number of state labels is a model selection problem w@dideessed by cross validation or

measures such as the Akaike Information Criterion [132].
Following Krause and Guestrin [133] we base our reward foncbn the sum of posterior
marginal entropies. The complete reward decomposes iateuin of individual rewards for each

St.

R(a;; A9 (5.20)
at2A

Rt (A9

H (StjA9) (5.21)

St
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Expected reward hinges on the conditional entropies of ithéeim variables. We can calculate the
expectatiorE [Rt (AY)] in the following manner, wher8 represents the possible assignments to
hidden variables associated with the image’saindS® S represents science content associated
with downlink imagesA®

X
ERT(A) = E[ H(SJAY (5.22)

x> X
P(SD  P(Si;S)logP(SijsS) (5.23)

S| St

Krause and Guestrin present a dynamic programming algorithn optimal subset selection that
exploits a decomposition of the local reward function [13B]decomposes the reward into sub-
chains that become conditionally independent when hidddesare revealed. Ultimately we need
only evaluate combinations of possible assignments to axiables irB - those at either end of the
current subchain. The resulting recursive algorithm candsl to comput® (A9 in polynomial
time.

In summary, selective return consists of the following aure:

1. The agent performs a traverse and collects images whasesacontent is a sequence of

3. The agent chooses the subset of ima&f® optimizeRt (A9 from equation 5.23.
4. Scientists receive the image subset and observe thesagentens®in A°

A series of simulated trials investigated the effects diedifnt environments and classi cation
noise on data return behavior. We synthesize data from argawsequence in whick 2 f 0; 1g
andY; 2 f 0;1g. EachS; maps onto its corresponding binary-valued classi catidthva small
probability of error. Similarly, the environment has sonmeadi probability of a state transition
between sampling locations.

Fig. 5.14 illustrates typical data return behavior with mgiated traverse containing a single
state transition. The agent mitigates observation uriogythy returning images surrounding the
likely transition; this helps the receiver to identify itsepise location. Fig. 5.15 shows a tra-
verse with equivalent states and observations. In thisngecase the agent's model parameters
imply frequent state transitions and a poor correlationvben science content and the automatic
classi cation. The agent considers its proxy classi casoto be less informative and opts for a
more conservative policy. Its strategy is closer to pedadimpling with returned images spaced
regularly throughout the sampling domain.

We computed data return strategies for a series of simuledeerses that presented a discrete-
time analog to the noisy step function. Here a sequence oblB&cted images contained a single
state transition; these were subsampled using greedytiseléc a 6-image downlink dataset. Fig.
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Hidden Labels

cecc’el®e o B

Proxy Classification

Figure 5.14: Typical behavior of the data return algorithmttie noisy binary case, with nodes
colored according to their value. Only the the proxy clasationsY; on the bottom row are
visible to the agent. Rectangles indicate images selectectfurn. This example uses transition
and error probabilities d¥:1. Subsamples consist of images clustered near likely seatsitions.

Hidden Labels

coel’el’l He -

Proxy Classification

Figure 5.15: An identical segment, but presuming transidad error probabilities d3:33. This
increased noise means the automatic classi cations asdriésmative. It results in a more con-

servative subsampling strategy.
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Figure 5.16: Variance in spacing of image return as a funatibnoise in the environment and
onboard classi cation.

5.16 characterizes the resulting downlinks for variouglewf transition and observation noise.
Isocontours show the variance in the distance between sampigh variance suggests irregular
clusters of samples such as those in Fig. 5.14 while low negidndicates evenly-spaced sampling
as in Fig. 5.15.

The case of high detection noise is analogous to the low signaoise Gaussian process model
(Figure 5.5). Both favor a periodic sampling strategy. Altgively, low noise favors downlinks
that are clustered in space, focusing instead on boundamngitions in the proxy features. For-
mulating selective data return as compression prescrilbesien strategy that is re ects both the
context of local observations and the delity of onboardteat recognition to the underlying phe-
nomena of interest.

5.3 Boundary detection with HMMs

The HMM provides a natural framework for mapping geologiatestduring long-distance au-
tonomous traverse. We take the science congrb be a label of the geologic unit for image
a;. We apply the HMM selective return strategy to three of tlawdrses from the previous ex-
periment (Fig. 5.17). The image analysis scheme classhesd images according to the class of
surface material that is present.

Recall that the proportions of each image texton form a beedisional feature vector which
serves as a feature space for predicting the images' geoloti type. We produce training data
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automatically by indexing rover position against a geawsieed map of predicted unit boundaries
drawn previously by geologists using orbital images. Whnrover is very far from any possible
boundary, we can be certain about the appropriate imagéilalspite of inevitable localization
and registration errors. As long as geologists are fairfyao® about the boundary position we can
assign an unambiguous unit label to those images. Thidrigadata, drawn from the peripheries
of the traverse, is set aside to train the system for appitadbd segments where the boundary
locations are uncertain. The image classi cation uses p@wwector machine with a radial basis
kernel function [134].

Table 5.2 shows the results of the classi cation procediihe rst column showd 0-fold cross
validation training error, while the second shows test emxyion over 1000 images from the Ata-
cama image dataset. Test accuracy is substantially lowerdfoss-validation would suggest due
to several factors that complicate generalization acrasgitses. The geologic units themselves are
not completely homogeneous, and the geologic content ofraverses may differ despite having
the same map label. Moreover, changing lighting conditenesite shadows and cause systematic
changes in the visual appearance of terrain. Two traveragdtmerefore exhibit markedly different
features if they occur at a different time of day. However,tf® purposes of this experiment it is
not necessary that the image classi cation be perfecterathur goal is to account for this error to
improve selective downlink.

The nal column of table 5.2 shows the image label accuracyest results after posterior
smoothing of the HMM. The Viterbi algorithm [136] producdmtMaximum Likelihood state se-
guence, which is a better correlate of the true unit labels the independent image classi cations.
We include this score for interest only, to suggest that thevHstructure helps state estimation by
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Figure 5.17: Three of the boundary-crossing traverses ffmmAtacama expedition. These Visi-

ble/Near Infrared orbital images were collected by the ABRTEstrument [135] and used by ge-

ologists to draw preliminary geologic maps. The bright wHihe in each image represents the
position track of the rover during the traverse, while the dashed line shows the boundary hy-
pothesized by the project geologist. Each image pixel seprs approximately 15 square meters
of terrain. Desert roads, drainages, and other high-alfesmtares are also visible.
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Table 5.2: Classi cation accuracy for texture-based imisgeures.

Traverse|| Training Accuracy|| Test Accuracy|| State Estimation
I 96.8 82.0 84.0
Il 100.0 88.5 96.2
1] 97.4 88.3 98.1

capturing the continuity of the real environment. The \Bigrarse is an estimate &f; and notY;;
it does not necessarily re ect the accuracy of the imagesclztion procedure itself.

Each of the three test traverses consisted of a navigatignesee of50 images; selective
return produced a subset b0 images for downlink. We used conservative HMM parameters: a
transition probability of0:9, and a classi cation accuracy @&8. The transition probability was
xed through trial and error to produce reasonable resultstie training traverse. Note that this
value is sensitive to the imaging rate; a denser image sequeould imply a lower state transition
probability. Figure 5.18 shows the resulting locationshaf teturned images, the location of the
boundary hypothesized by geologists, and the rover's posterobability estimate of the hidden
state.

Of the three segments, the state estimation in traverse ibiextthe poorest match to the
geologist-hypothesized boundary. We attribute this téigaarly poor classi cation scores (Table
5.2). The distinctions between the geologic units was suhbtid the units themselves were highly
heterogeneous (each containing mixtures of small of roeka®m and open areas). Thus, the ac-
tual location of the true boundary is somewhat ambiguous.eller, eld conditions complicated
the selective return procedure. The traverse occurredriatee day with rapidly changing light
conditions that independently altered image appearaneetione.

Traverse II's state estimation accurately identi es thelggic unit boundary. The return pro-
cedure xes any remaining ambiguity with an image that cgpands exactly to the anticipated
border. Other images selected for return include thredimtslater in the traverse. Here several
images were classi ed as belonging to the rst unit, whiclermased the probability of an im-
probable state transition. The resulting uncertainty ¢weden state in these areas motivated the
selective return procedure to spend extra bandwidth there.

In traverse Il geologists had hypothesized a homogeneausrse nished by a single discrete
transition at the base of a hill. In fact, the approach to tHenas itself strewn with rocks similar
to those present at the peak. This was re ected by a graduaditron rather than a clear boundary.
It is unsurprising that image labels in this area were mixedulting in an uncertain, gradually
changing state estimate. The selective return procedaoted by allocating samples more-or-less
evenly throughout this transition area. A clear differeiceedimentology is evident between the
rst and last images from the downlinked dataset (Fig. 5.19)

The eld experiments demonstrate that time sequence madelappropriate for remote tran-
sect surveys. The HMM permits context-sensitive staterémiee and calculation of informative
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Figure 5.18: Returned images from the three traversesgaklith the posterior state estimate.
Selective return allocates images to areas where the higtdnis most ambiguous, such as border
areas (top and bottom) and anomalous observations (middle)
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Figure 5.19: The rst (top) and last (bottom) images retarfrem traverse 1ll. Only the analyzed
foreground portion of each image is shown.
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observations for selective data return. Both the HMM and<S@m process models we consider
exhibit signi cant similarities in their behavior. Depend on the amount of noise in the proxy

features they reach some compromise between periodic saniypthe spatial domain and targeted
observations chosen based on these proxy attributes.

However, there are signi cant differences between the tppreaches as well. The HMM
model explicitly models a joint probability distributiorver the proxy features and hidden science
content. Thus it could also be used to predict the probghildt only of a particular hidden science
content, but also future proxy features at other locationthé environment. The price for this
modeling power is the Markov assumption, and limited paééfor modeling higher-dimensional
spatial phenomena that does not lie on a transect. Altge#ipologies may still be tractable if
the posterior is Gaussian; Gaussian Markov Random Fieflsake promising candidates.

In summary, we have formulated selective data return ashanatapping task — speci cally,

a experimental design problem in which we aim to communiicdtegmation about the state of the
environment at unobserved locations. Here onboard asadysiata products can improve the data
return objective. Additionally, recognizing the tenuoe$ationship between onboard perception
and science content can improve robustness. Most stratégiscience value assessment, such
as the target signatures approaches mentioned in sectimesime perfect feature detection. In
practice it may be preferable to optimize mapping tasksgugioxy features instead.
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Chapter 6

Conclusions

Modem systematic maps rely on a standardized form of knaydechich establishes

a prescribed set of possibilities for knowing, seeing aricthgc They create a knowl-
edge space within which certain kinds of understandings airkhowing subjects,
material objects and their relations in space and time atedned and legitimated.
— David Turnbull, Cartography and Science in Early Modern Europe: Mapping the
Construction of Knowledge Spadég

This dissertation has advocatediatelligent mappingpproach to remote exploration in which
the agent learns an predictive spatial model, or map, ohseigghenomena and leverages it to
improve exploration decision making. This model incorpesssensor data at multiple scales, such
as local spectroscopy and orbital measurements. Map picedicthat exploit spatial and cross-
sensor correlations can improve exploration performanveg static methods grounded in static
observation plans.

6.1 Contributions

We have made signi cant contributions to the eld of autonmums remote exploration. We demon-
strated repeatable real-time automatic detection angdicdason of geologic features, and pre-
sented a newgpectrometer pro ledata product that leverages rock detection to facilitatd-tiene
instrument targeting. Our approach permits tracking rpigttargets simultaneously, and resolves
the correspondence problem to create a metric map of undggiece features. The use of a dynam-
ically targeted re ectance instrument and solar illumioatproduces considerable improvements
in the quantity of gathered spectra. The method carriegarte for transect studies during mission
plans that mix autonomy with scripted actions.

We have investigated Gaussian process spatial models rfarteeexploration that integrate
remote sensing with surface measurements. Field data fiemAmboy crater region has shown
that the addition of remote sensing can offer a signi cantaandage in the reconstruction and pre-
diction of spectrometer observations. We have investitj@aussian process models for adaptive

153
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exploration, and evaluated latent input spaces as a pahotieans for modeling nonstationary en-
vironments. Rover tests in eld conditions demonstratepsitia mapping that leverages on-the- y
spatial and cross-sensor inference.

In the action selection chapter we advocated an informdtieoretic experimental design ap-
proach to remote exploration. We treat geologic site suagsspatial experimental design; a decou-
pled strategy treats data collection and downlink as sépaeguential tasks. We have introduced
latent input spaces as a new method for producing usefultisdsgampling behavior, and have
explored qualitative and quantitative interactions bemvdifferent latent inputs and experimental
design criteria. We demonstrate how the inclusion of rersetesing data can signi cantly improve
adaptive exploration decisions.

We have demonstrated an approach to rover exploration thplogs intelligent mapping to
guide adaptive navigation under time constraints. It begyith virtually noa priori knowledge
of surface materials, and learns the relevant distinctmmshe y. The result is a neveorridor
exploration operational mode that holds promise as a practical meanmtfmducing science-
driven navigational autonomy into rover mission plans. fg®iltis the rst ever fully-autonomous
geologic maps of surface material, and the rst reporte@rsm interpretation of remote sensing
data by a eld robot. Our approach permits adaptive kilomstale site surveys in a sub-hour time
frame.

Finally, we have used information-driven learning in splathodels as a uni ed conceptual
framework to explain a number of existing exploration hstics. Proxy featuregpermit princi-
pled adaptive data return based on noisy observations déhidcience phenomena. The result,
depending on prior assumptions, ranges from periodic tetad sampling. Proxy features are a
principled, robust, and generalizable method for intracigi@utonomy into selective sampling and
return decisions. They provide a means of making summarylamdlink decisions without direct
detection of science content.

6.2 Future Work

There are several promising avenues for future work in featietection and classi cation. Geo-
logic feature detection could still be improved. There isadfor formal validation efforts involv-
ing planetary scientists, especially with regards to imaggures such as morphology for which
no “gold standard” datasets currently exist. Richer modélsurface morphology could employ
non-linear dimensionality reduction or explicit segméiotaof images into different surface types.
Classi cation decisions could incorporate multiple sassas in the work of Pedersen [25]. Here
the option to forgo comprehensive measurements becomeasiagly important; many informa-
tive sensors such as thermal-infrared spectrometers $rdfa long integration times.

Feature classi cation offers a chance to incorporate mpeeislized geologic knowledge, both
in the interpretation of spectroscopic data and the armbfsimages. In this work we rely exclu-
sively on unsupervised data interpretation using dimeradity reduction. This bene ts robustness
because the robot is capable of uncovering the principéihdigons in whatever data it collects
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without requiring any close matches with a training set.eAdatively, supervised classi cations
could direct the investigation toward particular distions that the scientists nd most interest-
ing. Pedersen has explores the use of geologically-relelassi cations such as those pertaining
to mineralogical type. If example data products are avkdldtom the site, and instrument cal-
ibration is consistent across multiple command cycles, améd perform autonomous geologic
classi cation using deconvolution with onboard spectilatdries or geologic feature analysis with
supervised classi ers.

Additional work in spatial modeling could address a praaitieveak link” in our approach: the
assumption that the science question of interest concepi&r@omenon represented by a single
scalar value at each observation site. While this assumoves a wide range of site survey
tasks, scientists might nd it easier to de ne science gaakerms of ideal “representative subsets”
that they would like to receive. These cases favor a subaatitey approach similar to that of
DesJardinst al [96]. One could learn covariance relationships in a sim#ahion without the
use of explicitly-labeled training data. Under the assuompthat the scientists themselves were
performing information-driven subsampling, these subsenstitute training data for comparing
the feasibility of different covariance relationships.

In the long run more sophisticated geologic models mighinitestudies that go beyond sur-
cial mapping to chart the positions of true geologic unifBhese analyses would consider what
might lie underthe ground in addition to the surface material immediat&yble to the robot. The
kernel-based smoothing offered by Gaussian processes alauid not be suf cient; such investi-
gations would require models capable of representing tee agd formation processes of layered
subsurface structures. One could augment spatial inferem¢he surface with symbolic inference
to determine overlaps and other vertical relationshipss€might suggest the relative ages of the
different materials.

There are several potential changes in the action seleobigtines that future work might
consider. First, it might be advantageous to formulate pa#t in terms not a cost per unit time
rather than a hard “end-of-day” position constraint. Whtis @alternative formulation the utility of a
path would be equal to its associated entropy minus a cagfteiveighted term proportional to the
time cost of the path [106]. This would encourage the roversless than its entire discretionary
planning budget for portions of the traverse corridor wheméropy was low. An explicit time
cost re ects the expected value of extra time remaining wthenrover reaches the end of the
discretionary path. It would functions as a heuristic toigaites the myopic nature of the path
planner.

It would also be useful to introduce some notion of naviggbihto the high-level path plan-
ning routine. The current science planning module is freghtmose waypoints that are known to
be unreachable by lower-level navigation components. Avkdraolution might ascribe a variable
time cost to each path based on the navigability of the wrrai

Finally, there is wide scope for expanding the intelligerapping strategy to other platforms
and exploration environments. One-dimensional modelb sgctime series are relevant to any
temporal subsampling application, such as spacecraftabrigbys, lander image sequences, or
engineering imagery from a speci ¢ spacecraft maneuvero-imensional spatial models have
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obvious applicability for surface exploration with mobptatforms. These include rovers such as
the Mars exploration scenario from the introduction, babalerial remote sensing from balloons,
airships, or gliders. Airborne platforms also hold out tlessbility of atmospheric sampling lead-
ing to three-dimensional maps of dynamic environments. Gaessian process model generalizes
readily to these cases with extra dimensions to accounttfarde and time.

Remote sensing data will precede surface exploration, aigiinportant that autonomous
agents utilize this data effectively. Automatic onboarége analysis has already bene ted terres-
trial science in the detection and classi cation of transighenomena [41]. Intelligent mapping is
a useful approach for observation planning in this domawels Often an orbiter might provide
low-resolution context imagery along with an occasionahhiesolution, small-footprint sensor
or image. Because the orbiter might not return to the sanadi@ctin a reasonable time, remote
spacecraft could improve data return by analyzing the abingage and deciding where to target
their high-resolution instruments. Information gain wifspect to a spatial model is a principled
criterion for resolving these decisions.

6.3 Maps and Exploration

Maps and science have always had a close relationship. dfaptoers of the rst half of the
20th century generally believed that the continuing re mermof maps paralleled and supported a
relentless advance of science toward ever-more-accleptesentations of reality.

More recently, scholars have questioned the role of mapsiedyppassive records of data
[5, 2]. Maps identify the objects of an investigation, extduwthers, and de ne the relevant rela-
tionships between these objects that the scientist shauldider. In short, the map presupposes
speci ¢ procedures for data acquisition and analysis. i$ smbodied within a social network of
scientists and conventions that control its interpretaiod evaluate its authority. The postmod-
ernist philosophers of science often emphasize the oppeesspects of such artifacts: the ways in
which they restrict discourse or unjustly favor the ingidgnal status quo.

The tendency of maps to de ne scienti ¢ study is especiallident in remote exploration. Our
discussion of intelligent mapping has highlighted the stgmt in uence of the model de nition
on sampling and transmission behavior. But such tools neelieinherently restrictive; they are
also a means for improving the behavior and ef ciency of ré&rexploration systems. The model
de nition constitutes a code through which the scientighoounicates appropriate behavior to the
agent. It allows the scientist to specify exactly what theyuid like the agent to do in terms that
are intimately connected to the data and the physical emviemt in which the agent operates. In
this sense the map is fundamentally an enabling technology.

Planetary exploration is entering a new era in which missiapabilities are constrained not
simply by our ability to deploy physical sensors remotely, dso by time and bandwidth resources
to gather data during the vehicle lifetime. Long ramyer-the-horizortravel by surface rovers is
a poignant example. However, the implications of autonaremience extend far beyond surface
rovers. In future years the Deep Space Network will forcesktwice more spacecratft, with longer
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lifetimes and higher-resolution instruments, that visgrefarther corners of the solar system.

Mapmaking offers a general criterion for rst-pass surv&cientists may not anticipate the
most interesting features of over-the-horizon terrain. d#scovering structure in data the au-
tonomous mapmaker identi es these unexpected noveltiddrands. Adaptive mapmaking pro-
vides a natural framework for determining science value &ylgining prior expectations with
discovered trends. This will be increasingly important &sexplore the outer bodies of the solar
system, where our advance understanding is weak even aswaoations constraints are more
severe.
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