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Abstract—Physical sample collection from the hotspots of an
environmental field is of interest to scientists, environmental
protection agencies as well as public utility authorities. Such a
sample collection task requires prior knowledge of the locations
of the hotspots, which is generally not available. In this paper, we
suggest an algorithm, Sampling and Adaptive Monitoring (SAM),
to perform both the tasks of approximating the environmental
field and sampling from the hotspots, simultaneously. We test
our performance using a user defined utility function and show
that we are able to obtain a good approximation of the field and
collect samples from the hotspots within the stipulated time.

I. I NTRODUCTION AND R ELATED W ORK
Sampling of water hotspots is an important task in many
environmental monitoring activities, providing a means for
us to understand the various processes taking place in our
water resources. Environmental fields such as temperature or
chlorophyll content, are scalar quantities which exhibit spatiotemporal variations [1]. Moreover, to achieve the objective of
sampling the hotspots, prior knowledge of the field’s spatial
and temporal variations is necessary. Such prior information
regarding the variability is generally not available but by using
some recent adaptive frameworks [2, 3, 4, 5, 6], it is possible
to obtain a good approximation of the environmental field.
We define such frameworks as monitoring or exploration-only
frameworks.
In general monitoring frameworks impose a temporal constraint on the field estimation task. These temporal constraints
are used to exploit the quasi-static characteristic of the environmental fields. In simple terms, the fields are assumed to
be temporally constant for short durations of time, spanning
anywhere between minutes to several hours [1, 7]. For the
sample collection task, the monitoring frameworks can be used
to obtain an approximation of the field, which can be followed
by sampling from the hotspots of the approximated field. Such
an approach will require the monitoring task to be completed
before the sampling of hotspots can begin. This sequential
order of tasks will introduce a temporal gap between the field
estimation and the physical sample collection and ideally this
gap should be as low as possible.
We are interested in combining both the tasks of field estimation and sample collection into a single on-line framework.
This can be achieved by collecting representative data such
as temperature measurements to get a good approximation
of the field, and simultaneously use this approximation to

Fig. 1. Autonomous Surface Vehicle being deployed for monitoring and water
sample collection in a freshwater lake in Singapore.

collect physical samples. Similar to monitoring frameworks,
the combined approach can make use of the temporal constraints on field estimation and sampling task, which helps
in reducing the model complexity of the environmental field.
It is important to note that our problem definition falls
into the category of exploration-vs-exploitation dilemma. The
exploration characteristics come from the objective to get a
good approximation of the field, while the exploitation features
come from collecting the samples from the estimated hotspots.
We briefly review some of the frameworks capable of
simultaneous sampling and monitoring. The framework in [8]
suggests an on-line multi-choice hiring algorithm. This framework presents an algorithm for making irrevocable sample
selection decisions from a set of possible sampling candidates.
Following this work, the algorithm in [9] uses a formulation of
secretary-hiring problem [10] and probabilistic model for field
estimation. In both of these frameworks, the field estimation
and sample collection occur in an on-line manner but only for
predefined paths, such as lawn mower or yo-yo motion. Such
an approach, which predefines the paths, reduces the adaptive
nature in the task of obtaining a good approximation of the
field, and introduces a bias in the sampling task.
Recently, [11] suggested another framework for simultaneous monitoring and sampling. In this framework, the sampling
and monitoring tasks are distributed between the two members
of a team, consisting of an explorer robot and a sampler

robot. The sampling is based on a look-back secretary-hiring
formulation, which controls the sampler robot’s motion. The
formulation of this framework is suitable for the scenarios
where a robot can either be configured as an explorer or
a sampler, within a team consisting of two or more robots.
However, our objective is to develop a single robot framework
for both sampling and monitoring tasks without the need for
prior information about the environmental field. Such a single
robot framework can then be easily extended to a multirobot system, where the sampling and monitoring roles can
be shared across members of the multi-robot team.
We recently proposed an online IPP framework, AdaPP, for
estimating scalar environmental fields [6]. At each step, AdaPP
evaluates the potential of all the neighbouring locations and
selects the one which reduces maximum variance, thus making
it an exploration only algorithm. In this paper, we present a
single-robot framework, which we call SAM, to address the
task of simultaneous sampling and monitoring of an environmental field. This framework aims to collect samples from
the hotspots, while using a sparse variant of Gaussian Process
(GPs) to estimate the environmental fields. Moreover, the
sampling decisions are guided by an Upper Confidence Bound
(UCB) formulation and a utility function defined by the user,
thus offering scientists the freedom to customize the sampling
criteria as per the experiment’s requirement. Some background
information about GPs and UCB algorithm is presented in
Section II. Following this background information, Section III
presents our technical approach. In Section IV, we test the
performance of our framework using sea surface temperature
dataset [12] and present the results. Finally, Section V provides
the conclusion of our work.
II. BACKGROUND I NFORMATION
A. Sparse Gaussian Process for estimating environmental
fields
GP models are generally used for non-parametric regression
problems [13], such as spatial data modeling [14]. In a
standard GP model with zero mean prior, kernel functions
are solely responsible for modeling the relationship between
output and input variables. Moreover, the training complexity
of a standard model is O(N 3 ), where N is the total number of
training samples. Such a training complexity poses a problem
in learning GP models for large datasets. Unfortunately, most
environmental sensors have high frequency rates and the
training dataset can easily reach few thousands of data points
for an hour-long mission, making standard GP models not
ideal for on-line learning.
A good approach to mitigate the problem with large datasets
is to use Sparse GPs. Such an approach uses M data points
to summarize the information present in N data points, where
M  N . The training complexity for Sparse GPs also reduces
to O(N M 2 ). Interestingly, the prediction complexity for mean
and variance becomes O(M ) and O(M 2 ), respectively, which
is completely independent of N . Such computation complexities give sparse GPs an edge over full GP models and make
on-line learning of a GP model feasible.

B. Upper Confidence Bound Algorithm
A good approach for solving a sequential decision making
problem is the Upper Confidence Bound (UCB) algorithm.
In a general UCB formulation, the goal is to find the action
that provides the maximum reward from the set of possible
actions. The UCB algorithm uses the combination of mean
and variance of the rewards for each action and simply
selects the action which provides maximum possible reward.
The definition of the maximum possible reward defines the
characteristics of the decision process and has been used for
a variety of applications [15, 16].
III. T ECHNICAL A PPROACH
We are interested in estimating a scalar environmental field
and collecting samples from K locations, where the criteria
for sampling is given by:
S = arg max

K 
X

xi ,xj ∈X i=1

f (xi ) ×

K
Y


g(xi , xj )

(1)

j=1,j6=i

such that
T (S ∪ {xr }) = T
where S is a set containing K spatial locations from the survey
area given by X , f (xi ) is the value of the environmental parameter at a spatial location i, g(xi , xj ) provides a discounting
at spatial location i given a sampled location j, xi and xj are
the cartesian coordinates representing two spatial locations i
and j respectively, T is the total mission time, xr is the robot’s
current position and T (S ∪ {xr }) provides the time taken for
a path containing S ∪ {xr } locations. In short, (1) represents
the selection behavior for a set of spatial locations, which is
controlled by the definition of the utility function g(·, ·) and
field’s distribution f (·).
Broadly, we have two optimization problems to solve, one is
the estimation of the scalar environmental field and the other
is the selection of samples satisfying (1). To have a standard
terminology, we consider the task of field estimation as a monitoring or exploration problem and the task of physical sample
collection as a sampling or exploitation problem. As discussed
before, solving these two problems simultaneously represents
an exploration-vs-exploitation dilemma. The algorithm in [6]
explains our exploration-only framework, which aims at reducing the overall variance of the estimated field, and shows
that we are able to get a good approximation of the ground
truth. We use this idea of reducing the variance to address
our exploration problem. At the same time we also leverage
some of the algorithm’s features such as spatial decomposition
and sparse GP [17] for estimating fields. However, to address
the exploration-vs-exploitation dilemma we have added certain
elements to our framework and these are discussed here in
detail.
A. Using Kernel Information in Planning
At each planning iteration, our exploration-only framework
simulates future paths through all the neighboring cells and

selects the path that reduces the maximum variance in the
model. This maximum variance for each future path is calculated by adding up the variances of all the cells to be visited
while traversing any future path. These calculations are simple
and fast, however, it decouples the planning from the available
modeling information, such as the kernel fuction. More details
about the framework are presented in [6]
An interesting characteristic of using Sparse GPs, or even
standard GPs, is the predicted variance, which can be estimated using just the kernel model. In our field estimation task,
this means that the change in model variance for any spatial
location can be approximated without physically traversing
to it. Moreover, the prediction complexity for estimating
the variance is completely independent of N , which means
the time required to estimate the variance is fixed, given
by O(M 2 ), and does not suffer from increasing number of
training points. The combination of these two characteristics,
where kernel model is used to estimate change in variance,
and where the prediction time is fixed, makes sparse GPs an
ideal tool for quickly approximating the change in variance
for an unvisited spatial location.
The exploration framework in SAM makes use of the kernel
properties of Sparse GP for evaluating different paths through
the neighboring cells. The exploration framework simulates
candidate paths through each neighboring cell but path selection is based on the resulting variance, which is different from
the criteria used in AdaPP. We estimate the resulting variance
for a candidate path using the kernel model and the set of
spatial locations in the future path, without actually traversing
it.
For an exploration-only framework, the estimated resulting
variance can be used to evaluate different candidate paths and
find a path P which satisfies the following:
Z
P = arg min
V (Pi )
(2)
Pi ∈P

X

where P is a set of all the candidate paths, V (Pi ) is the
resulting variance after taking the path Pi and X is the entire
survey area. However, our objective is to also collect samples
from the hotspots of the estimated field and therefore, merely
satisfying (2) will not solve our overall problem. We discuss
this problem in Section III.C in detail. It is important to note
that the path selection is not directly based on the individual
rewards of the path’s waypoints but on the resulting variance,
thus making it more directed towards the overall performance
of the path.
B. Selecting Sampling Locations from a Path
In an ideal scenario, we need to select the best sampling
candidates that satisfy (1) using complete information about
of f (·). However, we do not assume any prior information and
the exploration happens while selecting the samples, therefore
knowing the actual value of f (·) in advance is not possible.
However, an estimate of f (·) can be obtained using the sparse
GP’s mean (µ(·)) and variance (σ 2 (·)), which are continuously
updated using the data collected during exploration. In addition

Algorithm 1: s-Sampler UCB - Selecting sample
locations from a path
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Data: Sampling Canditates (µ(Pi ) + σ 2 (Pi )),
Remaining no. of samples (s), Previously
collected samples (St ), Utility function g(·, ·),
Path through the ith neighbouring location Pi
Result: Greedy subset for remaining locations (ST −t ),
Expected Reward (κ)
/* Initialization
*/
Initial bound C = µ(Pi ) + σ 2 (Pi );
for j = 1:len(St ) do
C = C ∗ g(Pi , xj );
ST −t = ∅;
/* Algorithm Loop
*/
while s > 0 do
Find the maximum reward xc = max(C);
Add xc to ST −t ;
Update no. of samples s = s − 1;
Update the rewards C = C ∗ g(Pi , xc );
Update expected reward κ = κ + µ(xc ) + σ 2 (xc )

to this data collection, the exploration framework provides
future candidate paths and the resulting variance as discussed
in Section III.A.
Given the estimated field and the candidate paths, the
sampling problem can be divided into two sub-problems. First
problem is to select the best K samples for each future path
and the second problem is to select an option given all the K
samples (exploitation) and the resulting variances (exploration)
for each candidate path. The first problem follows the general
formulation of a sequential decision making problem, whereas,
the second problem represents an exploration-vs-exploitation
dilemma. In this sub-section, we discuss the solution for the
first problem and in Section III.C we discuss the solution for
the second problem.
Given a future path Pi and the sparse GP’s mean µ(·) and
variance σ 2 (·), we define the spatial locations in the path Pi
as the candidates for taking a sample and we define the reward
for taking a sample as the sum of mean and variance of the
selected location, µ(·) + σ 2 (·). With this formulation, a simple
approach to find the K sampling locations is to sort µ(Pi ) +
σ 2 (Pi ) in descending order and select the top K candidates.
Such a selection process can produce all samples from the
same hotspots, which is a valid solution but may be irrelevant
to the scientific experimental objective. Therefore, we use a
utility function g(·) to introduce the experimental objectives
into our sample selection problem and adjust the sampling
rewards on-the-fly. This utility function is used to control the
sampling behaviour, such as minimum distance between all
samples or adaptively control a minimum threshold on the
sampling rewards.
Our approach to select the best sampling point from a given
path is presented in Algorithm 1. At each sample selection
step, the utility function is used to weigh the rewards for the
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Fig. 2. Simulation results for a 200 m × 200 m sea surface temperature field. (a) is the ground truth obtained using the MUR dataset [12]. (b)-(d) represents
the field predicted using SAM for T = 1000 s and different K = {2, 3, 4} respectively. The white lines represent the paths taken by the robot and the black
dots represent the locations where the samples were taken.

Algorithm 2: SAM - Sampling and Adaptive Monitoring Framework
Data: Path Canditates P, Total Rewards for each
R(P), Resulting Variance for each path V (P),
Threshold 
Result: Selected path P∗
/* Initialization
*/
1 Find the maximum reward Rm = max R(P);
0
2 Generate the subset P = argP ∀P R(Pi ) > Rm − ;
i
0
3 if |P | == 1 then
4
Select the path with maximum reward P∗ = Pm ;
5 else
6
Select the path with minimum variance
P∗ = arg minPj ∀P 0 V (Pj );
remaining sampling candidates. This is followed by selecting
the next sampling location with the maximum weighted reward
and this process continues until all the K sampling locations
are selected for the given path. At the end, the total reward
for a path is given by the sum of all weighted rewards for all
the selected sampling locations.
C. Unifying Monitoring and Sampling tasks
In Section III.A and III.B, we have described the approaches
for generating candidate paths for exploration and selecting
best locations to sample from a given path. However, unifying
these two components into one framework is not straight
forward. The approach that we have used is given in Algorithm
2.
At each planning iteration, a set of candidate paths are
available with information about the resulting variance and
the total reward for collecting samples. This is where the
exploration-vs-exploitation dilemma arises and to overcome
it, we use the statistics of the resulting variance and total
reward of each candidate path. We sort the candidate paths
according to the total reward of the candidate paths and form
a smaller set of paths P 0 , whose total reward lies within a
threshold  of the maximum possible reward. The idea of
forming a smaller subset is similar to the Branch-and-Bound
method used for efficiently narrowing down a search problem.
If the set P 0 has a single path, which is the candidate with

the maximum reward, we straight away select it and take the
first step according to this path. On the other hand, if the set
has more than one path, we select the path with the minimum
resulting variance. Such an approach of forming a subset based
on the rewards and selecting paths using the resulting variance
gives the balance required for the exploration-vs-exploitation
dilemma.
IV. S IMULATION R ESULTS
For our simulations, we used the real field Sea Surface Temperature (SST) data provided by the Jet Propulsion Laboratory
[12]. We extracted the temperature data for an area of 200
km × 200 km each and mapped it to an area of 200 m ×
200 m. This mapping was done to conserve the features of
the environmental field and have an area that can be explored
within a practical value of T.
Moreover, we used the following utility function for our
simulations:
g(xi , xj ) = min(

||xi − xj ||
, 1)
σl

(3)

where σl is 50 m. The mission time is set to 1000 s and the
vehicle is assumed to be traveling at constant speed of 1 m/s.
We implemented our algorithm using MATLAB.
Fig. 2 shows the estimated fields and sampled locations
using our algorithm for K = {2, 3, 4} sampling locations, with
the value for  set to 0.25. It can be observed that our algorithm
was able to capture samples from the hotspots and provide a
good approximation of the environmental field in each case.
Moreover, we used the root mean square error (RMSE) to
measure the performance of our exploration framework and
these results are presented in Fig. 3a. This figure shows similar
transient drops in RMSE for different values of K, which
demonstrates that our exploration strategy works efficiently.
We further examined the exploration characteristics over 10
runs for each sampling scenario and these results are presented
as box plots in Fig. 3b. This figure shows the RMSE values at
end of T seconds for 10 different simulations and for different
values of K. Although, the box plots are not completely
identical, the mean RMSE for each value of K is similar. This
provides more evidence to our observations from Fig. 3a that

good approximation of the environmental field, while simultaneously collecting samples from the hotspots of the estimated
field.
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