Science Autonom vy in the Atacama

Trey Smith

trey@ri.cmu.edu

Robotics Institute, Carnegie Mellon University, 5000 Forbes Avenue, Pittsburgh, PA 15213USA

Abstract

We have recertly embarked on a three-year
project, funded by the NASA ASTEP? pro-
gram, to dewelop robotic astrobiology in the
processof learning the limits of life in the
Atacama desert of Chile. We seethis as an
opportunity to develop a more science-avare
rover: onethat, on encourtering a new area,
can select interesting features, perform ini-
tial experiments, and selectiwely return rele-
vant data, all beforereceiving feedbadk from
the scienceteam. Seeral componerts of the
proposedscienceautonomy systemcan make
use of classi ers (is this the kind of rock we
are looking for?) and clustering algorithms
(is this rock like anything we have already
sampled?). The unknown character of unex-
plored areasmotivates useof on-line learning
techniques.

1. Intro duction

We have recertly embarked on a three-year project,

funded by the NASA ASTEP program, to dewelop
robotic astrobiology in the processof learning the lim-

its of life in the Atacama desert of Chile. The project

completed its rst expedition to the Atacama this

April. The primary goal of this preliminary visit was
to learn about the e ects of the Atacama environment

by testing the Hyperion rover (Figure 1) and sensors
(Figure 2) prior to extensiwe integration in year two.

The expedition was highly successfulachieving all 12
of its experimental goals, including measuremets of

wind, insolation, rover motion power requiremens,

and instrument validation.

By the third year, the rover will perform scienceop-
erations under Mars-like communications restrictions.
It will integrate uorescence-basedsensorsfor detec-
tion of speci ¢ organic molecules,panoramic imagers,
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Figure 1. Hyperion in the Atacama.

microscopicimagers, spectrometers, as well as meda-
nisms for shallow subsurfaceaccess.

The measuremeh and exploration technique produced
by this investigation combineslong traverses sampling
measuremets on a regional scale and detailed mea-
surements of individual features, in pursuit of three
primary scienceobjectives:

1. SeekLife: Seekand characterizebiota surviving in
the Atacama and analyze microhabitats. We will
guestionthe hypothesisthat the most arid regions
of the Atacama represern an absolute desert.

2. Understand Habitat: Determine the physical and
ervironmental conditions assaiated with iden-
tied past and current habitats, including the
seardt for structural fossils,the monitoring of cur-
rent biological oasesand microorganic communi-
ties, and learning how these organismshave con-
tributed to the modi cation of their environment.

3. Relevant Science: Develop, integrate, and eld
test a suite of scienceinstruments that form a
complete payload relevant to the NASA Mars Ex-
ploration Program.

We seethis project as an opportunity to dewelop a
more science-&are rover: onethat, on encourtering a



Figure 2. (above) colored LEDs provide illumination for a
nighttime uorescence imager test; (below) a backpackable
uorescence microscope was used for ground truth

new area, can selectinteresting features, perform ini-
tial experiments, and selectiwely return relevant data,
all before receiving feedbak from the scienceteam.
This ability will dramatically increasethe amount of
sciencereturn per communication cycle.

2. Related Work

This new scienceautonomy e ort will build on ca-
pabilities developed for the Robotic Antarctic Mete-
orite Seard with the Nomad robot (Wagner et al.,
2001). Nomad autonomously executed coverage pat-
terns, identied rocks on the ice, and classi ed them
as meteorites or terrestrial material.

The Multi-Ro ver Integrated Science Understanding
System (MISUS) project at JPL developed a multi-
rover systemin simulation (Estlin et al., 1999). The
system'stop-level goalwasto characterizethe rock dis-

tribution in a region, and it was able to generatesub-
goals(new locations to study) basedon the frequency
of eadh rock typein dierent areas. Rover sensorsre-
turned an IR spectrum, a point in a 14-dimensional
feature space. The rock typesthat guided sub-goal
generation were identied by an online k-meanslike
clustering algorithm.

Our systemwill operatein a similar rover domain, and
alsoincorporatesthe conceptof automatically generat-
ing sciencesub-goalsduring the mission. But because
we must satisfy the demands of the scienceteam on
a real expedition, our systemwill needto accomalate
changing sciertist preferencesand competing mission
objectives, suc as requestsfor traversetowards dis-
tant sitesidentied from orbit.

The Autonomous SciencecraftExperiment (ASE) will
demonstrate onboard autonomous science on the
Tedhsat-21 Air Force satellite constellation (Davies
et al.,, 2001). ASE has two main focuses. It will use
onboard data analysisto increasesciencereturn given
a xed downlink budget, reporting summary statis-
tics rather than ertire raw data sets. It will also per-
form detailed obsenations of interesting events (such
as erupting volcanoes) based on pre-de ned trigger
conditions.

We believe that scienceautonomy aboard orbiters and
planetary rovers presert somewhatdi erent problems.
Orbiters typically have long mission lifetimes and re-
peatedly view the samesciencefeatures. Scienceteam
interaction is for the most part not time-critical, and it
canberelatively infrequent after aninitial shake-dowvn
period.

In cortrast, planetary rovers have short mission life-

times and may only visit a particular site once. Be-
causesites vary widely and in unpredictable ways, it

is dicult to envision giving the rover detailed science
goals and then allowing it to proceedon its own. A

more likely scenarioinvolvesdaily updatesto the goals
as the scienceteam's initial ideas about an area are
re ned by rover data. Theseupdates are time-critical

sincethey are relevant to a particular areathat may
not be visited again. Thus interacting with the sci-
ence autonomy system will be an important part of
the command generation cycle in mission operations,
and the assaiated userinterfaceissuesneedto be con-
sidered carefully.

3. Approac h

Figure 3 shows a proposedarchitecture for our science
autonomy system. In this architecture, sensordata is
rst passedto sewral feature detectors, eat looking



for a speci ¢ kind of feature. Once features have been
identied and segmeted out of the badkground, they
are passedto one of sewral classi ers, depending on
feature type. For instance, if the feature is a rock, and
an infrared spectrum is available, the system will try
to infer the rock's mineral composition. The experi-
mert generator usesthis detailed feature information,
along with sciertist preferences,to generatea list of
potential experiments (readings to take), eat tagged
with a priority level. The science-avare planner gener-
atesa plan using these proposedexperimerts and any
explicit commands. The executive and functional lay-
ersexecutethe resulting plans, and enablethe rover to
interact with the ernvironment at a more detailed level
than is modeled by the planner; a discussionof these
modules is beyond the scope of this paper.
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Figure 3. Scienceautonomy architecture.

Now we will discusseat componert in more detail.

3.1. Feature detectors

Someprevious work has focusedon segmeting rocks
from badkground soil and detecting sedimenary lay-
ering (Gulick et al., 2001), both useful capabilities for
our purposes. A potential thrust for us is detect-
ing medium-scale features such as outcrops and dry
streambeds, using a combination of images and 3D
stereodata. Sharp transitions in soil type, or in the
type and density of overlying detritus, can be usedto
identify the boundariesbetweengeologicalunits. This
capability is useful not only for opportunistic science
(e.g., return an image of any layering you see), but
also for target recognition upon approading targets

selectedfrom orbital imagery.

3.2. Feature classiers

Seeral kinds of classi cation could be useful. One ob-
vious exampleis determining the mineral composition
of rocks from spectra and other cues(Gazis & Roush,
2001). This is a well-studied problem in the context of
remote sensing,and hasalsobegunto be addressedor
rovers. (Pedersenet al., 2001) used a Bayes classi er
with graph structure determined by a domain expert,
and o -line supervised learning of parameters. Other
classi er applications include identifying how weath-
ered a surfaceis basedon spectra or texture cues,and
various indications of possiblelife, such as spiky tex-
ture, lumps or ring shapes, and presenceof character-
istic colors (Figure 4).

On-line learning for rover scienceis relatively unex-
plored, but could be useful. During our recert trip
to the Atacama, we learned that many of the green
\lic hens" we had seenweremost likely sandgrain sized
sedimerns of the green mineral chlorite, cemened to
salt. Similarly, a rover could learn that greencolor is
not strongly correlated to other signalsof the presence
of life, and begin to useother cues.

Figure 4. Example photosynthetic life in the desert envi-
ronment: (above) presumably lichens; (below) lessclear.



3.3. Exp erimen t generator

This module essetially implemerts a preferencefunc-

tion that maps feature type and sensortype to the

value sciertists placeon the resulting data set. As new
features are detected, new experimens (sensorread-

ings to take) are generatedand prioritized. Our pro-

posedapproac relies on a exible set of rules. Each

rule res whenit matchesa given feature and type of

sensorreading, indicating either increasedor decreased
interest.

A more sophisticated preferencefunction would also
take into account feature context, allowing sciertists
to prioritize features that are anomalous relative to
their surroundings, distant from prior sensorreadings,
or in a special location (just below an outcrop, on the
edgeof a salar, on the windward side of a hill, etc.). If
there are a few rock typespresen in an area, it might
be desirable to return represerativ e sensorreadings
for onerock of eadh type. Both anomaly detection and
represertativ e sampling would require on-line cluster-
ing (Cheeseman& Stutz, 1996).

3.4. Science interface

Existing rover command interfacesare gearedtowards
generating preciseaction speci cations relative to the
known local surroundings of the rover. Some steps
have also beentaken towards \over the horizon" nav-
igation. Howewer, specifying preferencesfor what to
do when the rover gets over the horizon (not knowing
what is there) is a relatively open problem.

The scienceteam should be able to tune the experi-
ment generatorrule setin a variety of ways, sud as:

Specifying that a particular data set was inter-
esting, implicitly adding a rule to take the same
sensorreading in the future when we seefeatures
similar to the one specied. Clustering similar
featureswould help enablethis capability. Nega-
tive preferencescould be added in the sameway.

If rules have parameters, such as relative weight,

the interface could help to tune the parametersby
preseriing the scienceteam with a seriesof what-

if scenarios. This would be particularly helpful if

there arerulesthat re for more abstract reasons,
such asthosethat prioritize anomalies.

We should note that the ability to commandthe rover
to specic features will not be removed from the in-
terface. Explicit commandsand preferencesover not-
yet-seenfeatureswill both be available.

Our project is already collaborating with the Carnegie

Mellon Studio for Creative Inquiry to extend their
EventScope educationalinterfacesothat it canbeused
for rover scienceoperations (Coppin et al., 2002), (Fig-
ure 5). This system was tested successfullyover six
days of operations during our rst expedition. We an-
ticipate that preferencespeci cation will be integrated
into the EventScope interface.

Figure 5. The EventScope 3D educational interface.

3.5. Science-Aw are planner

The rover should be able to weigh proposed exper-
iments and explicit commands against time, energy
and other constraints to arrive at a plan. An impor-
tant point is that we are planning to gain information.
Sometimesthe rover may take sensorreadingsnot be-
causethey are explicitly prioritized by the scientists,
but becauseahey are cheapto perform and return more
information about whether the expensiwe, valuable ex-
periments are justi ed. This kind of planning problem
can be formulated as a partially obsenable Markov
decision process (POMDP) (Cassandraet al., 1994;
Murphy, 2000).

Unfortunately, POMDP planning algorithms tend to
be extremely complex both in theory and in practice.
We will employ seeral techniquesto help make them
tractable for this domain. Many POMDP algorithms
try to come up with a long-term policy at the be-
ginning, then follow that policy throughout execution.
We will instead rely on frequert replanning, focusing
during ead planning episade on approximating the
best next action to take. This avoids excessie \what-
if" reasoningabout situations the rover may newver en-
counter. We are encouragedby a new class of value
iteration algorithms that solve large problems by fo-
cusing on reachable belief states (Pineau et al., 2003).



Other technical challengesfor the planner include:

Exploration vs. exploitation: The planner will
needto decidewhether to perform detailed study
of known features or look over the hill for new
ones. An important questionis how to model the
potential bene ts of moving to a new area. Previ-
ous eld experiments have tended to overempha-
sizedetailed study, which is understandable,given
that the scienceteam wants to look at everything.
We believe that faster-pacedoperations can lead
to much greater sciencereturn. In the summer
of 1997, the Nomad rover performed one week
of scienceoperations during its Atacama desert
trek. During one day of this week, the science
team was constrained to use only 25% of rover
time on sensing,the remaining 75% being spent
on moving from site to site. This \science on the
y" operational schemeled to the only fossil nd
of the week,and proved in generalto be very pro-
ductive (Cabrol et al., 2001).

Plan modi cation: As new features are detected,
new experimernts will be proposedby the experi-
ment generator. The planner must be able to ef-
ciently integrate resulting changesinto its plan,
as someexisting plannersdo (Chien et al., 1999).

Integration with existing system: The TEMPEST
planner was usedon Hyperion for the recert eld
expedition (Tompkins et al., 2002). TEMPEST
considerstime, terrain, and solar ephemeristo es-
timate power consumptionand production, gener-
ating resource-cognizan plans for navigation that
also include pre-speci ed scienceoperations. In-
tegrating scienceawarenessnto this already com-
plex planning framework may prove to be a di -
cult challenge.

4. Summary

As we have seen,seweral componerts of the proposed
scienceautonomy systemcan benet from use of ma-
chine learning techniques, from feature classi ers to
clustering algorithms for anomaly detection. Di er-
ernt typesof training will be possibledepending on the
application. Here are someexamples:

Pre-mission training (possibly supervised): Gen-
erate initial classi ers, e.g., for mineral composi-
tion, basedon data from the lab or from an initial
shake-out period in the eld.

Daily training during mission (possibly super-
vised): Retrain parametersin classi ers basedon

the frequency of di erent feature types obsened
in the local environment.

Training on the y (unsupervised): Cluster fea-
tures obsened at a new site sothat sensorread-
ings for one represenativ e feature of eat type
can be returned.

In order to support planning to gain information, we
plan to focuson classi ers that explicitty model priors
and output probability distributions.

We are still in the early planning phasesof our sci-
ence autonomy developmert, and the scope we will
evertually tackle remainsto be de ned. We hope for
continued input from the machine learning community
as we proceed.
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