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Abstract— Autonomously selecting the right sequence of locations to sample is critical during exploration missions in
unknown environments, with constraints on the number of
samples that can be collected, and a possibility of system failure.
A key idea for decision-making in unknown environments is to
exploit side information available to the agent, combined with
the information gained from samples collected so far, to estimate
the sampling values. In this paper, we pose the problem of
sampling site selection as a problem of finding the optimal policy
in a Markov decision process modeling the unknown sampling
values and the outcomes associated with sampling attempts
at different locations. Our solution exploits the fact that the
partially unknown rewards of this Markov decision process
are correlated to each other to devise a strategy that attempts
to maximize the total sample value while also ensuring that the
agent achieves its minimum mission requirement. We validate
the utility of the proposed approach by evaluating the method
against a baseline strategy that pursues collecting the samples
that are estimated to be of the highest value. Our evaluations use
a simulated sampling problem on Martian terrain and using
OceanWATERS, a high-fidelity simulator of a future Europa
lander mission.

I. I NTRODUCTION
Exploration of ocean worlds for signs of life and understanding the conditions for habitability is a critical component of the solar system exploration in the next decade
[1], [2], [3]. Robotic planetary exploration missions, such
as the Europa Lander mission concept [4] designed for
studying Jupiter’s moon Europa, are essential for exploration
of potentially habitable worlds beyond Earth. One of the
primary objective of such missions, including the Europa
Lander, is to perform in situ analysis on surface and subsurface samples using onboard science instruments [4].
The surface operations in past and current missions such as
the Mars exploration program [5] are traditionally designed
as ground-in-the-loop systems with human experts on Earth
making decisions based on the information obtained from
the surface system. For example, in the Perseverance rover
operations, the mission route planning and candidate sample
site selection are handled remotely by the Perseverance
mission team [6]. However, on ocean worlds such as Europa,
remote operations might not be feasible due to several factors
such as high communication latency and limited battery life,
a consequence of the design choice to avoid radioisotope
power sources due to planetary protection concerns and
mission cost [4]. This constraint motivates the need for
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a highly autonomous exploration system that handles the
entire sample collection process onboard with no human
supervision. Further, autonomy has the potential to decrease
the overall mission costs while simultaneously increasing the
science return of the mission [7].
Traditionally, the robotic exploration missions are designed to last for several months with Earth-based teams
interpreting data collected by the robotic explorer after each
observation to iteratively guide future sampling site selection.
However, in missions to ocean worlds, the explorer is highly
constrained on the number of samples it can collect by
the battery capacity [4]. Further, given the challenging and
unknown conditions that the explorer operates in, there is
always a possibility of total mission loss due to a critical
system failure. Considering these factors, it is imperative
that the explorer samples as quickly as possible while also
ensuring that the selected locations maximize the science
return of the mission.
Although performing sampling at a particular location is
the only way to realize its true sampling value, one could get
insights on the sampling value using indirect information. For
example, the sample site selection for Martian exploration
relies heavily on geological features in and around the
candidate location [8]. These features, often interpreted from
imagery captured by onboard cameras, are used to gauge
for potential value of sampling at a location. Given the
visual information of any two candidate locations, the extent
of visual similarity between these two locations can be
quantified and used as an indicator of the correlation between
the sampling value of the two locations. This additional
information, here-in-after referred to as side information,
enables the agent to maintain an estimate of the value at
unsampled locations based on the past samples from the
sampled locations.
Given the side information, one approach to selecting
the sampling locations is to maintain a point estimate of
the sampling values and use an adaptive strategy that acts
greedily with respect to the estimated samples values [9].
While this strategy guides the agent to locations with high
estimated values, it has several pitfalls. For example, in the
case where a sampling location is only slightly correlated
with a previously observed location, the strategy would act
on the current estimate that is unlikely to be true. Further,
this approach also does not account for the chances of failure
for each sampling location.
This work proposes an alternative approach where we
model the unknown sampling values as a distribution of random variables which are updated by conditioning to observed

sampling values. Given the distributions of sampling values,
which provide the decision-maker with a measure of the
uncertainty in the estimation, sampling site selection problem
can be naturally modeled as a Markov decision process
(MDP) [10] with uncertain, time-varying reward. Inspired
by the optimistic approaches in the area of active learning
[11], we provide a heuristic to find a solution to the MDP.
The proposed heuristic balances between exploring locations
with uncertain sampling value estimates and exploiting locations with high-confidence sampling value estimates while
ensuring that minimum mission requirements are met. The
results from our simulations, including an example using
a high-fidelity simulator for the Europa Lander concept,
demonstrate utility of the proposed framework.
II. P RELIMINARIES AND BACKGROUND
In this section, we provide background on failure models
for planetary exploration systems and Markov decision processes. We start by defining the notation used in the paper.
Given a finite set A, |A| denotes its cardinality. 2A
denotes the power set of A, and ∆(A) denotes the set of
all probability distributions over the set A. Pr[·] denotes the
probability of an event and E[·] denotes the expectation of a
random variable. N denotes the set of natural numbers and
[N ] for N ∈ N denotes the set {0, . . . , N − 1}.
A. Reliability Model
Ensuring system reliability in face of possible malfunctions and failures is essential for planning in mission-critical
systems. In literature on reliability engineering [12], [13],
reliability of a system at a given time is defined as the
probability that the system will operate as intended. In our
problem, we utilize the reliability models provided in [14]
and [15] and assume that the subsystems in the planetary
rovers and landers are independent in terms of their reliability. While operating within the service life, assuming
a constant failure rate λ, the probability of survival for a
subsystem while performing a task of duration ∆t can be
given [15] as Psurvival = e−∆tλ . Let Nsub be the number
of mission-critical subsystems in our surface system. For a
mission such as sampling, it is reasonable to assume that
the failure of any subsystem will prevent the system from
performing the mission. Therefore, the probability of survival
for the entire system P sys can be given by
sys
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=
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where ∆t is the duration of the task and λi , i ∈ [Nsub ] are
the individual failure rates of the subsystems.
B. Markov Decision Process
A finite horizon Markov Decision Process (MDP) [16],
[10] M is specified by the tuple (S, A, P, R, H, s0 ), where:
• S denotes a finite set of states.
A
• A denotes a finite set of actions with A : S → 2
denoting the set of actions the agent is allowed to take
in each state s ∈ S.

P : S × A(s) → ∆(S) denotes the transition function.
R : S × A(s) → [0, Rmax ] denotes the reward function.
• H denotes the finite planning horizon for the problem.
• s0 ∈ S denotes the initial state.
In the given MDP M = (S, A, P, R, H, s0 ), an agent
interacts with the environment according to the following
protocol: at each time step t = 0, 1, 2, . . . , the agent takes
an action at ∈ A(st ), obtains the immediate reward rt =
R(st , at ), and transitions to the next state st+1 sampled
according to st+1 ∼ P (·|st , at ).
A generalized non-stationary policy π : S ×[H] → ∆(A),
where ∆(A) is the space of probability distributions over
A, specifies a decision-making strategy in which an agents
selects an action based on the current state and the time step.
For a given policy π and a starting state s0 at t = 0, the value
function V π : S → R is defined as
h H−1
i
X
V π (s) = E
R(st , at ) | at ∼ π(st , t), s0 = s . (2)
•

•

t=0

Starting at a state s, the solution of the MDP M would be
a policy π that maximizes the value function V π (s).
III. P ROBLEM F ORMULATION
We consider the scenario of an autonomous robotic explorer operating in an extraterrestrial, unknown environment.
The goal of the explorer is to collect surface and subsurface
samples and perform in situ analysis for characterizing their
potential for a scientific objective. Let L denote the set
of candidate sampling locations in the workspace of the
explorer with |L| = nloc and li ∈ L representing each
of the individual location. The limited onboard resources
often constrain the agent in terms of the number of samples
it can collect. This holds true in the case of our running
example, the Europa Lander concept, where the agent is
expected to collect a maximum of 5 samples using the
onboard battery [4]. Keeping this constraint in mind, let
ncap << nloc represent the number of samples that the
agent can collect and analyze. The actual number of samples
collected during the mission can be less than ncap due to
the agent encountering other failure modes as explained in
Section II. Finally, we assume that the agent can only sample
at most once in a location, i.e., there is no value in sampling
at a location that has been already sampled.
We define sampling value of a candidate sampling location
as a measure of how valuable a sample collected at that
location is in terms of a scientific objective of interest.
Given the fact that the agent is acting autonomously in a
completely unknown environment, it has no prior knowledge
about the true sampling values of each sampling location.
Let δi , i ∈ [nloc ] denote the true sampling values of different
candidate locations. In the modeled interaction protocol, the
sampling value of a location is realized only when the
agent collects and analyzes a sample from that location. We
assume that the agent has access to side information through
onboard sensors that can be used quantify the sampling
value similarity between different sampling locations. This
similarity metric can be exploited to correlate the potential

sampling value at different locations, thereby helping us
prioritize the locations that are likely to have a higher value
based on past experience. In order to capture the fact that
the sampling values are unknown a priori and correlated,
we model them as correlated random variables Xi , i ∈
[nloc ] jointly distributed as a multivariate normal distribution
[17]. Formally, let X = (X1 , . . . , Xnloc )T be a random
vector representing the sampling value at all the candidate
locations following a multivariate normal distribution. Let
µ = (µ1 , . . . , µnloc )T = (E[X1 ], . . . , E[Xnloc ])T denote
the nloc -dimensional mean vector and Σ : Σ(Xi , Xj ) =
E[(Xi − ui )(Xj − uj )] denote the nloc × nloc dimensional
covariance matrix. The mean vector µ and the covariance
matrix Σ characterize the distribution of sampling values at
all locations.
We now formalize the steps involved in the sampling
process. Let li denote the current location of the agent. A
task T ij of starting at location li and sampling at location lj
is defined as the process of performing the following steps in
order: (i) analyze the sample collected from current location
li to calculate the sampling value, (ii) proceed to a new
location, and (iii) collect a sample at the location lj . The
time τij taken to perform a task depends on the previous
sampling location, the new sampling location, and the sample
analysis time. We assume that the time τij is deterministic
and known a priori. Based on the discussion in Section II,
the probability of agent failing during this task can be given
as 1−e−τij λ where λ denotes the failure rate for the system.
A. Modeling as Markov Decision Process
Recall that the agent can perform a maximum of
ncap number of sampling actions during its mission. Let
in −2 incap −1
(T1i0 i1 , T2i1 i2 , . . . , Tncapcap
) denote the sequence of ncap
sampling tasks that the agent can perform in the absence of
any failures. The problem of finding the optimal sequence
of sampling tasks where each task is associated with a
non-negative probability of failure can be modeled as an
MDP. Specifically, let Msampling = (S, A, P, R, H, so ) be
an MDP modeling the sampling process with the following
components:

function of the MDP Msampling
 −τ λ
e ij




1 − e−τij λ
P (sj |si , aij ) =

1



0

will be:
if si , sj ∈ S \ {sf },
if si ∈ S \ {sf }, sj = sf ,
if aij = af f ,
otherwise.
(3)

Finally, the horizon H of the MDP Msampling is ncap + 1.
B. Problem Statement
Consider an agent operating in a stochastic environment
with unknown rewards as described above, modeled as an
modeled as an MDP Msampling = (S, A, P, R, H, so ). We
assume that S, A, P, H and s0 are known to the agent a
priori and satisfy H < |S|. We study the following objective:
find a policy π(t) that ensures that the total obtained reward
P
H−1
i=0 R(si ) is maximized the agent starts from the state s0
and follows the policy.
If the rewards are known a priori, a policy that maximizes
the total collected sampling value can be synthesized using
standard planning tools [10]. However, the rewards values in
our case are unknown and are modeled as random variables.
In the next section, we discuss approaches to find the best
sequence of sampling tasks in our problem setting.
IV. S OLUTION A PPROACH
This section details our approach to online sampling site
selection with the goal of maximizing the total collected
sampling value when limited to a small number of sampling actions. We begin with a discussion of estimating
the sampling values online using side information and the
previous samples. Next, we present a baseline solution that
selects the actions greedily with respect to the expected
sampling values at different locations. Finally, we discuss an
improved solution that actively explores potential high value
sampling location while also exploiting current knowledge
to maximize the collected sample value.
A. Sampling Value Estimation

S = {l0 , l1 , . . . , lnloc −1 }∪{so , sf } where so is the initial
location and sf is a state representing failure.
A = ∪s∈S A(s) where A(si ) = {ai0 , . . . , aincap −1 , aif }
for i ∈ {o, 0, 1, . . . , ncap−1 } and A(sf ) = {af f }.
Action aij results in an attempt to perform the task
T ij that enables the transition from location li to lj .
R(si ) = Xi for si ∈ L, R(so ) = 0, and R(sf ) =
0 where Xi is the random variable representing the
unknown sampling value at location li .

At any point in the sample collection process, the sampling
values observed thus far can be used to find the distribution
of the sampling value at unobserved locations conditioned
on the observed data. Formally, consider two subvectors X a
and X b of the random vector X = (X1 , . . . , Xnloc )T where
X a consists of sampling locations with recently observed
sampling values and X b consists of the locations whose
sampling values are yet to be observed. The mean vector and
the covariance matrix can be divided into the components:
 a


µ
Σaa Σab
µ=
, Σ=
.
(4)
Σba Σbb
µb

The reward values are unknown a priori and are represented
as random variable to model the uncertainty in the estimate
of the true sampling value at a location. The reward function
R(·) changes at every time step as we enforce the constraint
that no location is sampled more than once by assigning a reward of 0 to already visited states. The transition probability

Now, let xa be the realized value of the random vector
X a . The realized value for a sampling location li would
be the true sampling value δi for that location. Given this,
the expression for mean vector and covariance matrix of
the conditional distribution corresponding to the travel time
on the unobserved edges f (X b |X a = xa ) = N (µ, Σ)

•
•

•

can [17] be given as µ = µa + Σab Σbb −1 (xa − µb ) and
Σ = Σaa − Σab Σbb −1 Σba .
The obtained posterior distribution at unobserved locations
N (µ, Σ) reflects the information gained from the observations. The covariance matrix is designed based on the similarity of features at different sampling locations. Section V
illustrates how the covariance matrix can be designed based
on the features extracted from visual data.
B. Baseline Method
One approach to handle the uncertainty in reward values,
which as defined in the sampling MDP Msampling are the
same as the sampling values, is to utilize the expected values
of the rewards. At each time instant t, we assume that the
current expected value of rewards is the true reward function.
Formally, the reward function for every unsampled location
at time t is given as R(si ) = µi for all si ∈ S \ {s0 , . . . , st }
where µi is the expected value of the random variable
modeling the sampling value at the corresponding location.
Under this assumption, the MDP Msampling is completely
known and the optimal policy πt∗ can be synthesized by
algorithms such as value iteration [10]. The next sampling
location would therefore be the state sj reached by taking the
action πt∗ (st ) = ast sj recommended by the optimal policy.
After reaching the next state by taking the action suggested
by the synthesized policy, we update the reward distributions
based on the realized sample value and then repeat the
process for H steps or until a failure occurs.
Using the optimal policy generated by the greedy baseline
approach may not maximize the overall collected sampling
value as there is a possibility that the unexplored locations
may have a higher true reward than the locations that
currently have a high expected reward.
C. Proposed Approach
Given that the agent makes decisions based on the distribution of reward values at different states, the key to
maximizing the total reward in our scenario would be to
consider both of the following objectives: (i) explore potentially valuable locations that either likely to have a high
true expected value or provide us with information about
the sampling value at many other similar locations, and (ii)
exploit the current estimates by sampling at locations where,
with high confidence, we have a higher expected value than
other uncertain locations. The first objective ensures that we
maximize the long term total collected reward where as the
second objective ensures that we maximize the collected
sampling value in the short term and meet the minimum
mission requirements before a potential failure.
As discussed in the previous section, selecting the sampling locations solely on the basis of expected reward values
is highly influenced by the informative prior selected for the
expected values and may lead to sub-optimal policies. Given
that the agent has access to the entire probability distribution
of the reward values, it can exploit the uncertainty in the
distribution to direct the exploration process. Specifically, at

each decision step k, k ∈ [H], we use the following metric
as the reward of each sampling location:
 
k
σsi
(5)
R̃(si ) = µsi + α
H
where H is the horizon of the sampling MDP Msampling ,
α > 0 is a tunable parameter, µi and σi = Σ(i, i) are the
expected value and the standard deviation of the reward distribution at location corresponding to the state si . Intuitively,
the above reward function ensures that the agent samples
conservatively in the early stages of the sampling process by
sampling at locations with high expected sampling value.
With time, as the agent collects more samples thereby
ensuring that minimum mission requirements are met, it is
incentivized to explore remaining uncertain location by providing optimistic estimates of the reward at those locations.
We summarize the proposed approach in Algorithm 1.
Algorithm 1 EndOptimism: Eventual Optimistic Heuristic
input: Markov decision process (S, A, P, R, H, so )
initialize: t = 0, st = so , ṼH∗ (·) = 0
repeat

R̃(si ) = µi + α Ht σi ∀ si ∈ S
for all i = H − 1, H − 2, . . . , t do
6:
for all s ∈ S do h
i
∗
7:
Ṽi∗ (s) = max R̃(s) + Es′ (Ṽi+1
(s′ ))
a
h
i
∗
8:
π̃i∗ (s) = arg max R̃(s) + Es′ (Ṽi+1
(s′ ))

1:
2:
3:
4:
5:

a

end for
end for
f (X|Xst = δst ) = N (µ, Σ)
R(st ) = 0
13:
st+1 ∼ P (·|st , π̃t∗ (st ))
14:
t=t+1
15: until t = H − 1

9:
10:
11:
12:

Now that we proposed the heuristic for selecting the
sequence of sampling locations, we proceed to demonstrate
its utility using two case studies.
V. E VALUATION
This section presents two examples that serve the purpose
of demonstrating our approach and validating the utility
of the proposed heuristic. We investigate the performance
of the heuristic using two case studies: (i) a grid-world
problem modeling a rover operating and collecting samples
on Martian surface that demonstrates the advantage of the
heuristic over baseline solution, and (ii) the problem of
collecting samples on Europa surface using a high-fidelity
simulator of the Europa Lander that shows the utility of our
approach for solving real-world problems.
A. Grid-World Environment
We consider a rover operating on Martian surface modeled
as a grid-world environment. The environment is adopted
from [18] and models a section of Jezero crater, the landing
site of Mars Perseverance rover mission. A map of the crater

remains to be done in incorporating mission-specific priorities and side information. Working on the multi-agent version
of the problem where we decide the sampling strategy for
a cooperative team of robotic explorers in another possible
direction for future work.
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Fig. 4: Illustration of correlation estimation using visual
similarity. The figure in the bottom left displays the Gazebo
simulation environment and top left figure shows the point
cloud captured using onboard stereo camera. The two point
cloud patches represent the area of a pair of sampling
locations and are used to calculate their similarity score.
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the baseline approach to the proposed approach for different
failure rates. While the performance of the baseline approach
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failure rate scenario, the proposed approach performs significantly better for the higher failure rate scenario which is
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