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Abstract— Recent years have seen autonomous robots de-
ployed in long-term missions across an ever-increasing breadth of
domains. We consider robots deployed over a sequence of finite-
horizon missions in the same environment, with the objective
of maximising the value from observations of some unknown
spatiotemporal process. This work is motivated by applications
such as ecological monitoring, in which a robot might be
repeatedly deployed in the field over weeks or months with the
task of modelling processes of scientific interest. We formalise
the problem of long-term monitoring over multiple finite-horizon
missions as a Markov decision process with a partially unknown
state, and present an online planning approach to address
it. Our approach uses a spatiotemporal Gaussian process to
model the environment and make predictions about unvisited
states, integrating this with a belief-based Monte Carlo tree
search algorithm which decides where the robot should go next.
We demonstrate the strengths of our framework empirically
through a series of experiments using synthetic data as well as
real acoustic data from monitoring of bioactivity in coral reefs.

I. INTRODUCTION

As autonomous robots become more capable and reliable,
they are increasingly deployed in long-term missions for
monitoring and information gathering. Robots deployed in
such missions must be able to plan effectively in the face of
unknown and ever-changing environment dynamics, often
with limited and noisy observational data. In this paper,
we consider robot missions motivated by applications in
ecological monitoring and ocean observation, in which the en-
vironment exhibits daily cyclic patterns (such as the influence
of weather) combined with slower (e.g. seasonal) variation. In
these applications, a mobile robot is deployed in a sequence of
missions over a period of weeks or months, with the ability
to navigate the environment and take observations before
returning to base to recharge or offload data between missions.
The mission objective is to maximise the cumulative value
of observations taken of some environment feature, about
which it has limited prior knowledge. In the ecological setting,
features of interest might be plant growth or biodiversity [1],
which can be measured by a robot using an on-board sensor.

We formalise the problem of repeated monitoring missions
in a partially observable, spatiotemporally-varying environ-
ment as a Markov decision process (MDP) with a partially
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unknown state, and propose an online belief-based planning
approach to solve it. At the core of our approach is the robot’s
model of the unknown environment feature, for which we use
a Gaussian process (GP) [2] that captures both spatial and
temporal variation. GPs have been used to model continuous
environment features in a variety of planning problems [3]–[8],
as they provide a flexible and principled predictive framework
for settings with sparse observational data. In this work,
we assume that the feature of interest varies smoothly with
space and time, and focus specifically on features that exhibit
periodic behaviour. This reflects our interest in ecological and
other outdoor settings which naturally have a daily periodicity,
and informs the design of the GP kernel function.

The long-term setting gives rise to significant challenges
in scalability, where it quickly becomes infeasible to plan
over a full multi-mission horizon even in relatively simple
environments. We therefore break the planning problem into
individual missions, in which the robot plans its next action
online using Monte Carlo tree search (MCTS), forward-
simulating the outcomes of different actions up to the end of
the current mission using the GP model. Planning only within
individual missions runs the risk of encouraging myopic
behaviour, so we explicitly reward exploratory actions that
can benefit future missions. To do so, we plan in a belief-aware
manner, balancing exploitation of current knowledge about the
environment with exploration guided by GP uncertainty. This
requires performing GP belief updates during MCTS, which
is computationally costly. Thus, we propose an algorithm
that performs GP updates only within the search tree, and
estimates the reward for the rollout phase without requiring
a belief update at every step. Finally, since we do not
assume prior knowledge about the environment feature under
observation, the time between missions is used to optimise
the GP hyperparameters, allowing the robot to learn a better
model of its environment as more observations are made.

The key contributions of this paper are (a) the formulation
of long-term, multi-mission robot monitoring of a spatiotem-
poral process as an MDP with a partially unknown state;
(b) a planning approach for this setting using a GP belief
over the unknown environment, which balances exploratory
information-gathering with reward-seeking behaviour; and
(c) a new method for evaluating GP-based rewards during
MCTS rollouts for improved computational performance.

II. RELATED WORK

Path planning and decision-making in partially observable
environments are topics that have seen significant interest in
recent years [3]–[7], [9]–[11]. Due to their high complexity,
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planning problems in partially observable environments are
often tackled online with sampling-based methods [12]–
[15], which allow for efficient exploration of large state
and observation spaces. [15] presents a series of sampling-
based approaches to motion planning for robot information
gathering, demonstrating asymptotic optimality within a pre-
specified cost budget. Other works have adopted a Bayes-
adaptive framework [16] to tackle planning problems in the
presence of unknown underlying dynamics [6], [17]. In the
Bayes-adaptive setting, an agent maintains a history-based
belief over the unknown environment dynamics, allowing it to
optimally trade-off between exploration and exploitation. Our
approach can also be interpreted through the Bayes-adaptive
lens. We will discuss this aspect further throughout the paper.

In contrast with the works mentioned so far, our interest is
in long-term, repeated missions in spatiotemporally varying
environments. In our setting, information gathering is an
auxiliary goal to serve the long-term reward-maximisation
objective – the value of short-term information gathering
is in improving our environment model, which can then be
exploited later to increase reward overall. There is a significant
body of literature addressing persistent monitoring with robots,
but these works typically focus on coverage or uncertainty
reduction rather than reward gathering [18]–[20].

The problem of predicting the value of a priori unknown
functions from observational data has been tackled in previous
works using GPs, which incorporate uncertainty and provide
confidence information that is essential for probabilistic or
information-based planning. GPs have been demonstrated
as effective tools for modelling a wide variety of natural
phenomena, including species distributions [21]–[23], biodi-
versity [24], dissolved oxygen levels in water [25], and ocean
currents [4], [26]. In this work, we use a GP model designed
specifically to address the long-term episodic structure of
monitoring missions. GPs have also been applied to a variety
of robot mission planning problems using MDP models [3]–
[8]. Several works perform informative path planning in belief
space, using GP beliefs over continuous environments [3],
[7], [8]. A GP-based planner is used to address the problem of
long-term monitoring of biological activity in [27]. However,
this work addresses only scheduling of fixed sensors, whereas
our interest is specifically in sensing on a mobile platform,
which poses a significantly more complex planning problem.

Belief-space planning using MCTS is computationally
costly, and some works have mitigated this using root
sampling, which reduces the cost of each MCTS iteration
by avoiding performing belief updates during them [6], [28].
[6] shows that root sampling from GP beliefs during MCTS
produces the same distribution over histories as performing
full GP belief updates, thereby providing equivalent planning
capability at a fraction of the computational cost. However,
in the context of long-term monitoring, it is not feasible to
plan over the full mission horizon. Our approach therefore
leverages the belief state within the MCTS tree to encourage
exploration that might reap benefits beyond the planning
horizon. We then optimise the efficiency of the planning
process by not performing belief updates during the rollout

phase, and we demonstrate empirically that the speed-up
provided by these approximate rollouts enables better action
recommendations under the same planning time budget.

III. PRELIMINARIES

Gaussian processes: A GP is a collection of random
variables, any finite number of which are jointly Gaussian
distributed [2]. A GP is fully specified by a mean func-
tion m(s) and a kernel function k(s, s′) parameterised by
hyperparameters θ, i.e. f(s) ∼ GP(m(s), k(s, s′)). We let
m(s) = 0 without loss of generality. Given a dataset of
nD noisy observations D = {(si, f(si) + ϵi)}nD

i=1 for states
si, where ϵi ∼ N (0, σ2) is Gaussian observation noise, GP
regression predicts unknown environment feature values at
all inputs s∗ based on visited states sD. The hyperparameters
can be optimised by maximising their log marginal likelihood
given priors p0(θ) over their values and the observed data D.

MDPs with Unknown Feature Values: We use a finite-
horizon MDP with state-based rewards as the basis for our
model of the monitoring problem.

A finite-horizon MDP is a tuple M = ⟨S, s0, A, T,R,H⟩,
where S is a set of states, s0 ∈ S is the initial state; A is a
finite set of actions; T : S ×A× S → [0, 1] is the transition
function; R : S → R is the reward function; and H ∈ R>0

is the time horizon. We consider actions with deterministic
continuous durations, and denote the duration of action a ∈ A
as dur(a) ∈ R>0. We will address how to incorporate dur(a)
into planning when discussing our tree search algorithm. An
optimal policy for M is a function π : S× [0, H] → A which
maximises the sum of rewards up to horizon H .

To clearly separate the known robot dynamics from the
unknown environment behaviour, we represent the system as
a partially known state MDP (PKSMDP), which we base on
the models used in [5], [6]. The definition of a PKSMDP is
similar to that of an MDP, but the state space is factored as
S = Sk × Se where Sk are known features (e.g. the robot’s
location or resource level) and Se are unknown features
(i.e. the environment process the robot is monitoring). The
environment process is defined by an underlying unknown
function f : Sk → Se, which we assume is continuous.
Because f is unknown but the value of f(sk) is uniquely
defined, the transition function of the PKSMDP is not a
complete transition function, in the sense that it only maps to
known state components. Formally, T : (Sk×Se)×A×Sk →
[0, 1], where T ((sk, se), a, s

′
k) is the probability of moving to

s′k given that a was executed in state sk and the value of the
environment process was se. Note that this formulation allows
for transition dynamics that depend on the unknown state
component Se, such as in the case of an underwater robot
operating in the presence of unknown currents. Furthermore,
the reward function R depends on the full state S = Sk×Se,
and thus considers the unknown state component.

Belief-based tree search with GP observations: We
consider planning for a PKSMDP in a setting where f can be
observed and modelled as a GP, i.e. the GP is used to maintain
a belief over the true value of f . This can be viewed as belief-
space planning for a Bayes-adaptive MDP, with a GP encoding
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the belief over the unknown environment dynamics. Planning
in belief space with GPs is computationally expensive, so
we use MCTS to generate promising trajectories and select
high-reward actions online.

This algorithm is similar to the one presented in [3], and we
use their terminology, which refers to planning trees composed
of two types of nodes – belief nodes, which represent planning
states, and belief-action nodes, which represent action choices.
The root of the search tree is a belief node representing the
current state of the mission, which we denote with a timestep
index j as bj = (sk,j , gj , se,j), where sk,j ∈ Sk is the known
robot state, gj is a GP posterior over f based on the history
of observations prior to timestep j, and se,j ∈ Se is an
observation sampled from gj at known state sk,j .

Starting with just the root node, trials are performed, either
for a fixed number of iterations or until a time budget is
exhausted, each consisting of the following steps. In the
selection step, starting from the root node, an action a is
selected according to the PUCT value V̂ (bj , a)+C

√
N(bj)

ed

N(bj ,a)
,

where V̂ (bj , a) is the average reward obtained by choosing
action a with belief bj in previous trials; N(bj) is the number
of times that node bj has been simulated; N(bj , a) is the
number of times that action a has been selected from node
bj ; C is a constant that affects the exploration-exploitation
balance; and ed is a depth-dependent parameter [29].

Since the observation space is the co-domain of f , which is
continuous, any observation sampled from the GP belief will
be unique. Thus, we use progressive widening [30] to limit the
size of the planning tree, parameterised by depth-dependent
parameter αd [29]. If ⌊N(bj , a)

αd⌋ = ⌊(N(bj , a)− 1)αd⌋,
then the successor state bj+1 is randomly sampled from the
existing children of node (bj , a); otherwise, a new state sk,j+1

is sampled from T ((sk,j , se,j), a, .) and a new observation
se,j+1 is sampled from the GP posterior gj+1 at sk,j+1.
These are used to add a new leaf node to the tree, bj+1 =
(sk,j+1, gj+1, se,j+1), where the time at the leaf node is given
by t(bj+1) = t(bj) + dur(a).

This process of alternating between action and belief-action
nodes continues down the tree until a new (leaf) belief node
is added (expansion). From this node, we enter the rollout
phase, where we simulate a sequence of random actions up
to the horizon H: that is, until we reach a node b′j where
t(b′j)+mina dur(a) > H . This simulated trajectory yields a
reward r, which is backpropagated to the tree root, updating
the average reward and number of queries of each node
visited in the selection step. Our method for computing r
is described in Section IV-C. Once trials are completed, the
action corresponding to the most-visited belief-action child
of the root node is selected and executed.

IV. APPROACH

A. Problem formulation

We consider a mobile robot deployed in a physical
environment abstracted as a topological map G = (V,E).
Each vertex v ∈ V represents a location of interest in
the environment, i.e. v = (x, y) ∈ R2, and edges e ∈ E

represent traversable paths between vertices. The robot can
navigate through the environment according to the edges
in E. There is an a priori unknown spatiotemporal mapping
f : R3 → R, where f(x, y, t) is the value of an environment
feature of interest at location (x, y) and time t. The objective
is to maximise the cumulative reward from observations
taken of f across a set of missions that span many days.
We model this problem as a Multi-Mission PKSMDP (M2-
PKSMDP), which is defined as a pair (M,H). The mission
PKSMDP is M = ⟨S, s0, A, T,R⟩, where S = Sk × Se

with Sk = {(x, y, t) ∈ R3 | (x, y) ∈ V and t ∈ R≥0} and
Se = R; s0 = (x0, y0, 0, f(x0, y0, 0)) where (x0, y0) ∈ V is
the initial location; A = E; T : (Sk×Se)×A×Sk → [0, 1] is
the transition function, and; R : S → R is a reward function,
which we take to be the value of f , i.e., R(sk, f(sk)) = f(sk).
The multi-mission specification H = {(Hs

i , H
f
i )}mi=1 is a list

of start and finish times for m consecutive missions.
At the start of each mission i, the robot is deployed at the

initial location v0 at time Hs
i , and explores the environment

until the mission time limit Hf
i . Whenever the robot arrives at

a state sk,j , it receives a noisy observation zj of the unknown
function f subject to measurement noise ϵ ∼ N (0, σ2

z), with
zj = f(sk,j) + ϵj . We refer to the sequence of known
states visited and observations received during mission i
as a trajectory σi = sik,1z

i
1s

i
k,2z

i
2 . . . s

i
k,ni

zini
, where sik,1 is

the known component of the initial state of the i-th mission,
i.e., sik,1 = (s0, t0, H

s
i ). The full multi-mission trajectory is

denoted as σ = {σ1, . . . , σm}.
For the remainder of this paper, based on our motivating

setting of ecological monitoring, we consider the missions to
be daily, such that the multi-mission problem described by
(M,H) spans |H| = m consecutive days. We also assume
for notational simplicity that f models a single environment
feature only. However, the approach can easily generalise to
multiple unknown environment features using a multi-output
GP [31], by redefining the reward to be a scalar function of
the multiple features.

The monitoring objective is to find a policy π that max-
imises the expected cumulative reward across all missions:

Vπ(s0) = Eπ

∑
σi∈σ

∑
sij∈σi

R
(
sij
). (1)

The core challenges of tackling this problem are in (a) ef-
fective modelling of the spatiotemporal process f with sparse
observational data; (b) planning over multiple missions,
balancing exploratory behaviour that may benefit future
missions with exploitation of knowledge from past ones;
and (c) scaling to large numbers of missions for truly long-
term monitoring scenarios.

B. Spatiotemporal modelling with GPs

Temporal variation amplifies the challenge of building
accurate predictive models with limited observational data.
By accounting for the structure of the problem at hand in the
design of our GP kernel function, we can reduce the amount
of data required to accurately model the unknown process [32].
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Our design encapsulates two key structural assumptions about
the domains of interest: first, that the process varies smoothly
in both space and time, and second, that it consists of an
underlying cyclic component.

In the following, let x = (x, y) ∈ R2, x′ = (x′, y′) ∈
R2, s = (x, t) ∈ R3 and s′ = (x′, t′) ∈ R3, Our kernel
function can be expressed as a product of a spatial and
temporal component k(s, s′) = kx(x,x

′)kt(t, t
′). The spatial

component is a radial basis function (RBF):

kx(x,x
′) = σ2

x exp

(
−∥x− x′∥2

2ℓ2x

)
, (2)

and the temporal component is a product of a periodic and
RBF kernel:

kt(t, t
′) = σ2

t exp

(
−2 sin2 (π |t− t′| /p)

ℓ2p

)
exp

(
− (t− t′)2

2ℓ2q

)
. (3)

Here, σx and σt are the spatial and temporal variances
respectively; ℓx is the spatial lengthscale; p is the period
of the temporal kernel; ℓp is the lengthscale of the periodic
component; and ℓq is the lengthscale of the slowly-varying
component. On its own, a periodic kernel assumes purely
periodic behaviour; in combination with the RBF kernel, some
periodicity is preserved, but points that are further apart in
time are treated as less correlated, thereby allowing for slow
variation between cycles with ℓq > p. We hold the value
of the period p = 24h fixed, capturing an assumption that
the environment will feature daily variation. The remaining
hyperparameters mentioned above are optimised between
episodes by maximising the log marginal likelihood for the
model given the current history of observations.

C. Evaluating trajectory rewards

The state-dependent reward in our mission objective
(Equation 1) depends on the unknown function f , over
which the GP maintains a belief. We use the GP belief at
step j, denoted gj , to compute an upper confidence bound
(UCB) [33] reward for belief state bj = (sk,j , gj , se,j), given
by:

R̃UCB(sk,j , gj) = µj(sk,j) + κσj(sk,j), (4)

where µj and σj are respectively the mean and standard
deviation of gj at state sk,j , and κ is a constant that affects
the exploration-exploitation balance. Note that the known
state sk,j has both spatial and temporal components, so this
reward is also spatiotemporal. The UCB reward adds an
exploration bonus to states with greater uncertainty, which is
essential in our multi-mission setting since we are only able
to plan over a single-mission horizon. Exploratory actions
that seem unfavourable within the current mission may still
contribute to increased reward in future missions, and the
UCB reward encourages taking such actions.

Thus, the reward accumulated over a simulated trajec-
tory σ = sk,1z1sk,2z2 . . . sk,nzn using the UCB reward is:

R+(σ) =

n∑
j=1

R̃UCB(sk,j , gj), (5)

where gj is the GP posterior given dataset z1z2 . . . zj .
However, evaluating each R̃UCB(sj , gj) requires sampling an
observation from the previous GP belief gj−1, and updating
a copy of that belief. This is computationally costly, and
reduces the capacity to perform sufficient MCTS trials to
accurately estimate the value of each action at the root node.

To mitigate this, we estimate reward accumulated during
the rollout phase using the GP belief gℓ from the leaf node
bℓ; i.e., we do not perform belief updates during this phase.
Formally, for a trajectory σ = sk,1z1sk,2z2 . . . sk,nzn with
1 ≤ ℓ ≤ n being the index where the search moves to the
rollout phase, we define the estimated cumulative reward as:

R̃+(σ) =
ℓ∑

j=0

R̃UCB(sk,j , gj) +

n∑
j=ℓ+1

R̃UCB(sk,j , gℓ), (6)

where gj is the GP posterior given dataset z1z2 . . . zj .
This approach removes the need to create and sample from

many copies of the GP during the rollout phase, instead
allowing the reward accumulated during this rollout phase to
be estimated through a single GP query. The in-tree compo-
nent of each MCTS iteration is still quite computationally
intensive. However, since the rewards depend explicitly on
belief uncertainty, this cannot be easily circumvented, and
we show in Section V that we are still able to obtain good
performance within reasonable computation times.

D. Planning algorithm

Our planning approach is summarised in Algorithm 1. Each
mission i begins with the robot at location x0 = (x0, y0),
at the mission start time t = Hs

i . Actions are selected
online (Line 10) using belief-based MCTS as described
above, which plans to the current mission horizon using
a GP model based on the history of observations up to
that point. The selected action is then executed (Line 11),
generating a new observation which is added to the dataset and
used to update the GP model (Line 12). GP hyperparameters
are optimised offline during the robot’s down time between
missions (Line 15), improving the model over the course of
the mission.

V. EXPERIMENTS

A. Experimental domains

We demonstrate the performance of our algorithm on
domains based on acoustic monitoring of coral reef activity.
Studies of these environments have found that sound levels at
low frequencies correlate with density and diversity of coral
reef fish species, which vary periodically over both daily and
seasonal timescales [27], [34]. The mission goal is to focus
observations of the reef on areas where bioactivity is highest,
using acoustic sensing data to inform the GP model.

3058



Algorithm 1 MULTI-MISSION MONITORING

Input: M2-PKSMDP (M,H) where M = ⟨S, s0, A, T,R⟩ and H =

{(Hs
i , H

f
i )}

m
i=1, GP hyperparameter priors θ0, kernel k(s, s′)

Output: GP posterior over environment feature
1: i← 1 (current mission)
2: D ← ∅
3: θ ← θ0

4: Initialise GP model GD,θ with kernel k, hyperparameters θ, dataset D
5: while i ≤ |H| do
6: x← x0

7: t← Hs
i

8: s← (x, t)

9: while t ≤ Hf
i do

10: a← MCTSACTIONSELECTION(s,GD,θ)
11: s′, o′ ← EXECUTEACTION(a)
12: D ← D ∪ {(s′, o′)}
13: s← new state s′

14: end while
15: θ ← OPTIMISEHYPERPARAMETERS(GD,θ)
16: i← i+ 1
17: end while

Synthetic domains: We have 10 STATIC domains and
10 MOVING domains, which capture to different behaviours
of the unknown environment feature f , each defined over an
8× 8 grid map. In the STATIC domains, f consists of a set
of randomly-placed Gaussian point sources at fixed locations,
whose amplitudes oscillate periodically over 24 hours; each
source is spatially static, but still varies over time. In these
domains, f is purely periodic, capturing daily variation only.
In the MOVING domains, f consists of 1-2 moving Gaussian
point sources, which oscillate in amplitude in the same manner
as the static sources but also drift slowly across the map,
emulating gradual seasonal variation. The design of these
domains reflect patterns seen in many ecological phenomena,
which often display similar combinations of daily cycles and
longer-term variation. In each case, the multi-mission duration
is 20 days, and the robot is operational for 8 hours each day,
performing 5 actions per hour.

Coral reef acoustic domain: The SESOKO domain uses
acoustic spectrogram data captured at three sites in a coral
reef near the island of Sesoko, Japan [35]. Figure 2a shows
a portion of the raw data. The signal power at each site is
computed as a normalised root-mean-square across the 400-
600Hz range, with some smoothing to remove high-frequency
noise. Each of these three signals is then used to modulate the
amplitude of a Gaussian point source placed within a 10×10
grid environment. We also add a small drift velocity to one of
the sources, to simulate possible long-term movement which
could not be explicitly captured by the static acoustic sensors.
These multi-missions span 30 days, with the robot active for
20 hours per day, performing 3 actions per hour.

B. Results

Experiment 1: Planning with a spatiotemporal GP kernel:
This experiment set investigates whether our spatiotemporal
GP kernel is able to produce improved planning behaviour
in practice, compared with simpler kernels. We run 10 multi-
missions in each of the 10 STATIC and MOVING domains,
testing three different GP kernels. The first is our full
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Fig. 1: Average reward over 10 STATIC and 10 MOVING
domains, using planners with different GP kernels. Rewards
are normalised per-domain to the highest reward obtained on
that domain across all complete runs. 10 runs per domain.

spatiotemporal kernel k(s, s′) from Equations 2–3. Second,
we remove the gradual temporal variation component from
Equation 3, so the kernel is purely periodic in time. Finally,
we remove the temporal kernel entirely, using a purely spatial
RBF kernel as an additional baseline. We refer to these kernel
configurations respectively as spatiotemporal mixed (STM),
spatiotemporal periodic (STP), and spatial static (SS).

We see in Figure 1 that in the STATIC domains, STP
performs best, since the unknown function in these domains
is completely periodic and thus can be captured accurately by
a kernel with a periodic temporal component. The STM kernel
performs well, although its performance is reduced slightly by
the presence of the non-periodic temporal component. This
is as expected, since the additional term in kt (Equation 3)
reduces the weight of older observations in GP inference – in
a purely periodic environment, this is a slight disadvantage,
resulting in predictions being made using less data. The SS
kernel performs worst, since it is unable to capture temporal
variation; it can only identify the region of the map with the
highest average reward across all missions.

In the MOVING domains, where bioactivity changes grad-
ually between days, Figure 1 shows that the performance of
both the STP and SS kernels are weaker than the STM kernel.
In these domains, it is no longer possible to simply identify
the best location to visit at particular times of day, since these
locations change over time. However, the STM kernel is able
to learn and exploit an accurate model after a few days, and
continues to perform well across all subsequent missions.

Finally, in the SESOKO domain, Figure 2b shows that the
planner with the STM kernel achieves the highest reward, with
the SS and STP kernel performance degrading considerably
in the latter half of the mission. The STM kernel captures the
underlying periodicity in the acoustic data, despite significant
noise and artifacts in the raw data. This validates our GP
kernel design, showing that the combination of periodic and
RBF kernels enables effective modelling and planning using
limited data in a real-world robotic monitoring scenario.
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(a) Frequency spectrogram data from Site C, north of Sesoko island.
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Fig. 2: Experimental data and results from the coral reef
acoustic monitoring dataset from Sesoko, Japan [35].

Experiment 2: Belief-based MCTS across multiple mis-
sions: We now investigate how the core components of
our M2-PKSMDP planner contribute to performance. Our
planner uses a belief-based MCTS algorithm which rewards
exploration of uncertain states using a belief-dependent
reward. This requires sampling from and updating a GP
model each time a new node is added to the search tree.
During the rollout phase, however, trajectory rewards are
evaluated in a single batch without updating the GP, allowing
for fast evaluation across many actions. We therefore compare
our approach to two baselines which remove these elements.
The first uses root sampling similar to [6], where instead of
updating the GP during MCTS, each observation is sampled
from the belief at the root node, and no exploration bonus
is used. This approach is shown to converge to the reward-
maximising policy and significantly reduces the time taken
for each trial. However, it does not allow for the explicit
rewarding of exploration provided by the belief-dependent
rewards. Thus, the policies from [6] greedily optimise for each
mission, without accounting for the benefits that exploration
in one mission might have on performance in later missions.
The second baseline modifies the rollout phase to update the
GP at each step, which results in a more accurate trajectory
reward estimate at the expense of more computation.

Figure 3a compares the rewards obtained by the three
algorithms in the MOVING domains when given different
amounts of planning time. We see that performing GP belief
updates during the rollout phase of MCTS does not improve
overall performance, indicating that computation time is better
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(b) Win rate, indicating the proportion of runs on which each
algorithm obtained the highest reward

Fig. 3: Planner performance under fixed per-action planning
time. Each configuration was run 5 times on each of the 10
MOVING domains.

spent simply performing more trials. However, given more
computation time, the performance of this method slowly
improves, as it represents a more accurate value estimation
process. In particular, it is able to win a few of the test runs
when given 10 seconds of planning time per decision step.
However, this already adds significant planning overhead, with
10 seconds per decision step being infeasible in many domains.
Furthermore, our planner with 1 second planning time still
outperforms planning with GP updates during rollouts with 10
seconds planning time. The root sampling baseline performs
similarly to the M2-PKSMDP planner when planning time per
action is limited to 1 s. However, as we increase the planning
time, we see that the M2-PKSMDP planner outperforms the
root sampling method, obtaining higher average cumulative
reward and a win rate (Figure 3b) of at least 60% in all cases.

From these results, we conclude that integrating a belief-
based exploration reward can improve overall performance on
long-term missions. However, to achieve this improvement,
updating of the GP belief should be done only when traversing
the search tree, while the rollout phase should only consider
a fixed belief from the leaf node it started from.
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VI. CONCLUSION

We have presented the M2-PKSMDP, a formalism for long-
term, repeated robot monitoring missions in the presence
of a priori unknown environment features. Motivated by
applications in ecological monitoring, we employ a GP kernel
designed to capture spatiotemporally-varying processes, with a
periodic component to model these features. This GP is then
integrated into a continuous-observation MCTS algorithm
that plans online, balancing exploitation of observation from
past missions with exploration to benefit future ones. In
future work, we plan to extend the planning framework to
consider longer multi-missions in more complex environments.
Interesting avenues could include learning causal models of
multiple features, and incorporating influences from external
factors such as temperature readings and weather forecasts.
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