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Abstract— Bathymetry mapping of static water bodies like
lakes is essential for sustainable ecosystem development strate-
gies. However, bathymetry mapping using (i) traditional manual
sampling approaches using single-beam echosounder (SBE) has
large mapping errors and (ii) performing multi-beam survey is
very expensive. Alternatively, performing lawn-mower SBE sur-
veys is time consuming due to limited field-of-view. In order to
address the above issues, in this paper, we present an on-the-way
sampling approach with Gaussian Process Upper Confidence
Bound (GPUCB) algorithm called as OAS-GPUCB that can
adaptively sample the lake to minimize the bathymetry error
while reducing the distance travelled to achieve a given mapping
accuracy. We validate the proposed approach using simulations
on actual lake bathymetry maps and also carry out real-
world experiments using an Autonomous Surface Vehicle(ASV)
with SBE. Further, we compare OAS-GPUCB to lawn-mower,
GPUCB, and GPUCB with fixed radius approaches. The results
consistently show that the proposed approach can achieve less
than 10% bathymetry error while achieving distance reduction
of more than 55%compared to the lawn-mower approach, and
more than 90% less distance travelled compared to GPUCB and
GPUCB with fixed radius approaches. The results shows the
general applicability of OAS-GPUCB for bathymetry mapping
of water bodies without any prior information maps.

I. INTRODUCTION

Static water bodies like lakes form an important compo-
nent in the Indian socio-economic life cycle. They provide
the required water resources for agriculture and aquaculture
that essentially drive the complete rural ecosystem. With a
healthy water rate in the lakes, the natural ecosystem of
flora and fauna flourish. These water bodies are also crucial
for excess water discharge for industries and power plants.
Even though these water bodies play a key role in the Indian
economic and environmental system, they have not received
the required attention to maintain their health, resulting in
socio-economic loss, habitat loss, and loss of the water body.

In order to maintain healthy water bodies, we need lake
bed (bathymetry) information. Obtaining this information
using multi-beam surveys is expensive due to the cost of
the vehicle, logistics for the operation and limited avail-
ability of these systems [1],[2],[3],[4]. Traditionally, manual
bathymetry surveys are conducted by considering fewer sam-
ples using a hand-held GPS with a single beam echosounder

Rajat Agrawal, Karthik Nambiar, and P.B. Sujit are with the Depart-
ment of Electrical Engineering and Computer Science, IISER Bhopal,
Bhopal, India — 462038. Email: rajatagrawall307@gmail.com
{karthik23, sujit}@iiserb.ac.in.

Bhawana Chhaglani is a graduate student at University of Massachusetts
Amberst, MA — 01003-9264. Email: bchhaglani@umass.edu

* Rajat Agrawal and Karthik Nambiar are equal contributors.

Mandar Chitre is with Department of Electrical and Computer Engi-
neering, National University of Singapore, Singapore — 117583. Email:
mandar@nus.edu.sg

979-8-3503-7769-9/24/$31.00 ©2024 IEEE

DEPTH METERS

Fig. 1: Bathymetry map of Varthur lake in Bangalore [6].
e manual sampling points

(SBE)[5]. For example, Figure 1 shows the bathymetry map
of Varthur Lake in Bangalore [6] where the black dots
represent the sampling points. Using these sampling points
with the Kriging interpolation method [7] bathymetry map
is created. However, such maps have high levels of errors.
One can use an autonomous surface vehicle (ASV) with
SBE and GPS to obtain a complete map by performing a
lawn-mower mission. However, the SBE has small sensor
footprint, and hence requires very long mission time to
accomplish mapping. Further, longer mission will increase
the logistics and hence the mission cost. In this paper, we ask
the following question, how can we develop an ASV planner
such that the distance travelled by the ASV is significantly
less than the lawn-mower mission for a given percentage
bathymetry error. For example, the question for Figure 1
would be, devise a plan such that the bathymetry error is
less than 10% while travelling less than distance travelled
by the vehicle using lawn mower.

One way to answer the above question is to employ
adaptive sampling [8], [9]. Adaptive sampling is often con-
sidered nonparametric because it does not rely on prede-
fined parametric models to guide the selection of sampling
points. Instead, it adapts dynamically to the data collected
during the sampling process, allowing for flexibility in
decision-making without imposing rigid assumptions about
the underlying system. As the lake bathymetry data is often
unavailable, approaches based on prior information cannot
be applicable[10], [11]. A common approach is to use a
Gaussian process (GP) [12] as a nonparametric prior over
smooth functions and also allows the decision maker to form
a posterior distribution over the unknown function’s values.
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The Upper Confidence Bound (UCB) [13], [14] algorithm,
a multi-arm bandit methodology, was chosen with Gaussian
processes (GPs) for adaptive sampling strategy because of its
structured approach to balancing exploration and exploitation
during sampling. By leveraging upper confidence bounds of
expected rewards, UCB optimally guides the selection of
sampling points, facilitating efficient exploration of the pa-
rameter space and enabling informed decision-making. Con-
sequently, the GPUCB algorithm[15], [16], which iteratively
selects the point with the highest upper confidence bound
according to the posterior, achieves a theoretical no-regret
guarantee[17], [18]. However, GPUCB relies on predefined
confidence bounds and does not actively adapt to variations
in depth, underwater features, or other environmental factors
encountered during the survey. As a result, it may fail to
optimize sampling trajectories leading to suboptimal data
collection and prolonged survey times.

A. Related Work

Traditionally, bathymetric surveys adopt a pattern of per-
pendicular survey lines resembling a lawn mower, aligned
with underwater slopes, with spacing adjusted to the desired
resolution and scale. However, these may result in sparse
point data, necessitating the utilization of interpolation meth-
ods as mentioned in [5], [19], [20] to fill gaps and ensure
comprehensive spatial coverage of underwater terrain.

Mobile robotic systems, such as AUVs or ROVs, introduce
dynamic sampling capabilities, allowing for adaptive and
high-resolution mapping of underwater environments. Smith
et al. [21] demonstrated the use of AUVs for adaptive
sampling in oceanographic studies, employing strategies that
dynamically adjust sampling path based on real-time data.

Gaussian Processes have been widely used for mod-
elling environmental variables in spatial contexts, including
bathymetry. Marchant et al. [22] applied Gaussian Process
Regression (GPR) for modelling and predicting environmen-
tal fields. This is particularly useful in bathymetry for inter-
polating measurements taken at discrete points, providing a
continuous estimate of seafloor topography. Wilson et al. [23]
present an autonomous bathymetric mapping approach under
depth constraints, employing real-time Gaussian Process
modelling to track the intersection of a bounding polygon
and depth contour, guiding path planning for systematic
coverage and map construction. Also, in [24],[25] has ex-
amined selection strategies based on Bayesian optimization,
where sampling relies on the Upper Confidence Bound
(UCB), a linear combination of mean and uncertainty, to
identify the maximum value using a Gaussian Process (GP).
The adaptive sampling methods discussed above are not
specifically tailored for bathymetry, potentially resulting in
notable mapping inaccuracies when applied. Moreover, these
techniques are not well-suited for single-beam echosounder
(SBE) bathymetric surveys, as they may lack adequate cov-
erage or resolution. Additionally, they may struggle to adapt
to sparse and dynamic data, resulting in suboptimal sampling
trajectories and reduced data collection efficiency.

B. Contributions and Outline

When using SBE for bathymetry mapping for the above
approaches, the information is collected only at the sampling
location given by the GPUCB. However, depth information
can be collected for bathymetry applications as the vehi-
cle moves. That is, the vehicle can perform on-the-way
sampling. This aspect is missing in the literature, and we
exploit this feature to increase mapping efficiency. The main
contributions are summarized as follows.

e« We introduce the On the way Adaptive Sampling
GPUCB (OAS-GPUCB) algorithm to achieve accurate
bathymetry estimates while minimizing travel distance
within a specified mapping error threshold.

o Comprehensive evaluation showcasing the algorithm’s
capability to achieve less than 10% bathymetry error
with less than 55% distance travelled compared to the
lawn-mower approach.

This paper is structured as follows: Section II thoroughly
discusses the problem statement. Section III delves into the
Gaussian process and different adaptive sampling techniques,
followed by Section IV, where OAS-GPUCB adaptive path
planning is introduced. We showcase results from simulation
and field experiments in Section V. Finally, Section VI
gathers our conclusion and discusses future work.

II. PROBLEM FORMULATION

Consider an area (L x W) to map, represented as a gird
(G) where each cell (¢;;,i =1,...,nand j =1,...,m) is
of size [ X w. Assuming that the vehicle obtains the depth
information of a particular cell by visiting that cell, the
vehicle needs to visit every cell in the grid for a complete
mapping. The path taken by the vehicle can be represented as
a set of waypoints, W = {w1,...,wn |wx € G} where the
total distance travelled by the vehicle is ¢ = chv:—f [lwe —
wi+1]|- Let V' be the set of cells visited by the vehicle, U be
the set of unvisited cells and d;; be the depth information at
cell ¢;;. The mapping error is given by

2ijev dij
Zi,jeg dij
The objective is to determine paths for the vehicle such

that for a given mapping error of v, the path length travelled
by the vehicle should be minimized,

£= (1)

Objective: Minimize l 2)

Subject to: &€ < . 3)

One can use lawn-mower to visit all the cells to map
a given area. However, this will not minimize the distance
travelled for a given mapping error vy since it assumes that
the depth information of adjacent cells are not correlated. As
a certain degree of smoothness in depth is often warranted, it
is safe to assume that the depth information of adjacent cells
are correlated. Hence, a probabilistic framework can decrease
the total distance travelled for a given mapping error.
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III. GAUSSIAN PROCESS MODELLING AND DIFFERENT
ADAPTIVE PATH PLANNING TECHNIQUES

A. Gaussian Process (GP)

Gaussian Process [12], [26] is a non-parametric prob-
abilistic framework used to model complex systems and
processes. It is defined as a probability distribution over
possible functions, where any finite collection of function
values has a joint Gaussian distribution. A Gaussian Process,
denoted as GP(u(x), k(x,x")), is characterised by its mean
function p(x) = E[f(x)] and covariance function k(x,x’) =
E[(f(x) — n(x))(F(x) = p(x'))]

We assume the prior distribution over f to be
GP(0,k(x,x')). Given observed data D = {(x;,v:)|y: =
f(xi) + €, ei ~ N(0,02)}_,, the posterior distribution
over f is a GP with mean p;(x) , covariance k:(x,x’) and
variance oZ(x) where

pe(x) = k(%) (K¢ + 0’1y
Ei(x,x') = k(x,x') — ki (x)T (K; + 0%T) ko (%)) (4)

07 (x) = ki(x, %)

where y = [y1,...,u]7 is a noisy sample, ki(x) =
[kt(x1,%), ... ki(x¢,%)]T and K; is the covariance matrix
[k(x,%x")]vxx- In our problem formulation, x; denotes a
sampling point in the grid G, and y; represents the depth
measurement corresponding to that point.

B. Upper Confidence Bound (UCB)

UCB [13], [14] algorithm is based on the principle of
optimism in the face of uncertainty that uses uncertainty in
the estimates to drive exploration. In UCB, the next sam-
pling point z; is determined by maximizing the acquisition
function A(p, o).

h(pe, o) = pe + +/Bo,

x¢ = argmax h(u, o¢),
z€G

(&)

where p; and oy denotes the mean and standard deviation
of the distribution at time ¢ and S denotes the exploration-
exploitation trade-off parameter. Larger [ produces ex-
ploratory sampling points, while smaller 3 favours exploita-
tive ones.

C. Gaussian Process Upper Confidence Bound (GPUCB)

GPUCB [26] algorithm is used to optimize exploration-
exploitation trade-offs in sequential decision-making tasks.
It uses GP(0,k) as a prior for f and at the next time step
t, it uses the posterior GP distribution to compute the mean
(¢ and standard deviation o;. Subsequently, GPUCB selects
the next sampling point based on the acquisition function
(Eq 9), iteratively refining the posterior GP distribution with
each selection to inform subsequent decisions.

The GPUCB algorithm prescribes the process of iteratively
choosing the sampling points according to the acquisition
function, which dictates whether to prioritize exploration
or exploitation. This leads to the generation of sampling
points in a non-sequential random order, resulting in potential

Algorithm 1 GPUCB Algorithm
1: Input grid space G; GP priors g = 0, og
2: Initial sampling point Xo; yo = f(Xo0) + €z,
3: Dy + {Xo0,Y0}
4: fort=1,2,... do
5: Fit GP to D,
6
7
8
9

Perform Bayesian update to obtain y; and oy.
Choose x; = arg maxyeg it (x) + /o (x)
Observe y; = f(x¢) + €
: Dy < D1 U {x¢, 1y}
10: end for

overlaps between previously visited paths. This inefficiency
escalates the total distance travelled, undermining mapping
efficacy.

D. Fixed Radius GPUCB (FR-GPUCB)

FR-GPUCB is a modified GPUCB algorithm where the
sampling points generated from the acquisition function is
limited within a given radius of current point. This fixed
radius limitation of the acquisition function helps in reducing
the overlapping of previously visited paths to some extend.

Algorithm 2 FR-GPUCB Algorithm

: Input grid space G; GP priors pg = 0, og

. Initial sampling point xXo; yo = f(x0) + €

: Do < {xo0,¥0}; Radius r

:fort=1,2,... do
Algorithm 1 lines 5 and 6
Find G, = {x € G :||x —x¢t_1]| <7}
Choose x; = arg maxyeg, fi¢(x) + /Bo(x)
Observe y; = f(xt) + €
Dy < Dy—1 U {Xe, Ye }

end for

R A A R ol e

4

E. On-the-way Adaptive Sampling GPUCB (OAS-GPUCB)

OAS-GPUCB takes all points lying between the current
location and the sampling point generated by the acquisition
function of UCB. Unlike GPUCB, where only the sampling
points contribute to determining the posterior distribution,
OAS-GPUCB considers all intermediate points visited en
route to the sampling point. Consequently, at each iteration,
OAS-GPUCB estimates the posterior distribution over f
based on the collective evidence from both the sampling
points and the intermediate waypoints. This inclusion of
additional visited points aids in more accurately estimating
the posterior distribution and alleviates path overlap by
reducing uncertainty at in-between points.

We utilize the A* path planning algorithm [27] to deter-
mine the optimal route from the current location to the des-
ignated sampling point. Subsequently, the generated polyline
path undergoes a pruning process, where it is replaced with
a straight line at the path’s inflection point. This refinement
step serves to minimize travel distance even further.
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Algorithm 3 OAS-GPUCB Algorithm
1: Input grid space G; GP priors g = 0, og
2: Initial sampling point xg; yo = f(Xo) + €

3: Dy + {Xo0,Y0}
4: fort=1,2,... do

5: Algorithm 1 lines 5 and 6

6: Choose x; = arg maxxeg pit(X) + vBoi(x)
7: P = PrunedAStarPath(x;—1,x;)

8: for each x; € P do

9: Observe y; = f(xi) + €

10: Dy« D; 1 U {Xi,yi}

11: end for

12: end for

IV. RESULTS

We evaluate the effectiveness of the lawn mower, GPUCB,
FR-GPUCB, and OAS-GPUCB algorithms on various open-
source bathymetry datasets coupled with real-world experi-
mentation.

A. Results simulated on open-source bathymetry maps

We utilized GPUCB, FR-GPUCB (with radii set at 20%,
30%, 40%, and 50% of the map’s width), and OAS-
GPUCB algorithms with actual bathymetry maps of School-
Section Lake[28],[29], Montana Lake[30],[31], and Waboose
Lake[32]. These maps were rescaled, as shown in Figures
3a, 3b, 3c, with each pixel representing real-world dimen-
sions obtained using ArcGIS Pro[33]. Specifically, pixel
dimensions were 10.78m x 10.06m for School-Section Lake,
16.30m x 15.47m for Montana Lake, and 17.90m x 19.40m
for Waboose Lake along the X and Y axes.

In Figure 2, the impact of 5 on OAS-GPUCB is depicted
for all three lakes. From the simulation results, we can see
that for 5 values 10° and 107, OAS-GPUCB have similar
performance in terms of statistical significance and hence
value of 107 is considered in the rest of the experiments. Ad-
ditionally, OAS-GPUCB achieves mapping errors of 3.53%,
4.88%, and 5.5% for Montana, Waboose and School-Section
lakes, respectively, compared to the equivalent distance trav-
elled by the lawn-mower pattern. This is significantly lower
than GPUCB and FR-GPUCB algorithms.

Furthermore, OAS-GPUCB achieves a 10% mapping error
with 70.62%, 60.41%, and 55.84% less distance travelled
compared to the lawn-mower mission for Montana, Waboose,
and School-Section lakes, respectively.

B. Experimental Results

We evaluate the complete functionality of the OAS-
GPUCB through real-world demonstrations on an in-house
ASV based on a single-hull kayak hull called “Dolphin”
(Figure 4) in the Bhopal Lower Lake, India.

1) Dolphin vessel: The vessel is a monohull kayak of
length 2400mm made from plastic. The vessel’s width is
700mm, and the hull weighs 13 kg with a payload capacity
of 75 kg. Equipped with T200 thrusters from Blue Robotics,
it employs a differential drive mechanism. The vessel utilizes

-
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Fig. 2: Effect of g with (a) Mean Mapping Error (%) and
(b) Mean Distance Reduction (%) across all three maps.

a Pixhawk 2.4.8 autopilot running ArduRover firmware and
a Ping Sonar echosounder from Blue Robotics. An onboard
computer — Nvidia Jetson Nano handles computation. The
system employs RFD 868x radio modems for wireless
communication between the base station and the Pixhawk.
Additionally, Ubiquity 5 GHz Prism and Rocket with om-
nidirectional antenna facilitates communication between the
onboard computer and the base station. The maximum speed
of a Dolphin is about 2 knots.

2) Experiment: We consider a rectangular polygonal area
within Bhopal Lower lake, India for experiments. This region
was subdivided into cells based on length-to-width ratio,
resulting in a segment measuring 51mx23.25m, with cells of
dimensions 29 x 13. Each cell was standardized to 1.761m
in length and 1.788m in width. The ASV initially moved
towards the grid origin, then navigated within it in accor-
dance with the coordinates provided by the OAS-GPUCB
algorithm. Ground truth data for high-resolution mapping
was collected using a lawn mower with Im lane spacing,
covering 1485.49m as shown in Figure 4. The OAS-GPUCB
algorithm covered a distance of 350.01 meters to reach a
mapping error of 10%, representing a 76.44% reduction in
distance compared to the lawn mower method. Additionally,
after covering 892.95 meters, it achieved a mapping error of
1.54%, which corresponds to a 39.88% reduction in distance
relative to the lawn mower approach, as shown in Figure 5.

V. CONCLUSIONS

This paper introduces a novel approach for efficiently
mapping bathymetry in static water bodies using the (OAS-
GPUCB) technique. The algorithm dynamically selects sam-
pling points by integrating on-the-way sampling into the
vehicle’s trajectory towards waypoints, optimizing resource
allocation and reducing mission time while maintaining map
accuracy. Extensive simulation on open-source bathymetry
lake datasets and real-world experiments on an ASV demon-
strate the effectiveness of the OAS-GPUCB algorithm by
comparing it with various other algorithms. Based on the
current approach, we can extend the application of OAS-
GPUCB to adaptive radius OAS-GPUCB, to improve its
performance. Additionally, we can integrate these techniques
into multi-agent systems to enable coordinated bathymetry
surveys by utilizing uncorrelated information [34].
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