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Abstract The preservation of water resources is an increasingly urgent issue. There-
fore, monitoring the water quality of these resources is a very important task so that
appropriate actions could be taken. This chapter focuses on water resource monitor-
ing using a fleet of Autonomous Surface Vehicles equipped with sensors capable of
measuring water quality parameters. The objective is to obtain the maximum points
of contamination of the water resource through the exploration and exploitation of
the water surface. The proposed algorithm is based on Particle Swarm Optimiza-
tion (PSO) in combination with some machine learning techniques (Gaussian Pro-
cess, Bayesian Optimization, among others) to address the limitations of PSO, such
as premature convergence and difficulty in setting the initial values of the coeffi-
cients. To validate the performance of the algorithm, uni-modal and multi-modal
benchmark functions are used in the simulation experiments. The results show that
the proposed algorithm, the Enhanced GP-based PSO, based on the epsilon greedy
method has the best performance for detecting water resource pollution peaks. It
was also demonstrated that this algorithm is the one that generates the most accu-
rate water quality model. However, when it comes to finding the highest pollution
peak, the algorithm with the best response is the Enhanced GP-based PSO with a
focus on exploitation.
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1 Introduction

Water has always been a valuable resource on the planet. However, there are major
problems affecting this resource, two of which are: 1) water scarcity is increasing,
and 2) human beings pollute water resources through industrial and agricultural
activities, among others [7]. These problems not only affect the quality of life of hu-
man beings, but also affect the planet. One of the main consequences of water pollu-
tion by effluents can be algae blooms, which are caused by an excess of nutrients in
the water (nitrates and phosphorus). This phenomenon is known as eutrophication
[3]. Algae blooms are considered a major problem because they are toxic to human
life and deplete oxygen from the water [2,3]]. This problem is increasingly common
in the world; serious cases can be found in China, the United States, Kenya and Sri
Lanka [[11}139} 22], among other places around the world.

In 2007, a massive cyanobacteria bloom in Taihu Lake, China, led to the inter-
ruption of the water supply for more than one million people [[11]]. It should be noted
that in 1990 the lake had already suffered a similar situation, which led to the clo-
sure of 116 factories and left 3 million people without water supply [39]. A severe
case of algae bloom in the United States occurred in Lake Erie in 2011. According
to research [22], increased phosphorus loading in the western basin of the lake ow-
ing to agricultural operations, poor lake circulation, and meteorological conditions
in the spring season that year were the main causes [22]. A case in point in Latin
America is the contamination of the Ypacarai Lake, the largest lake in Paraguay
(about 60 km?). This lake has been polluted by domestic and industrial waste-water,
agricultural activities, among others. As a result, the lake has an excess of nutrients,
such as phosphorus and nitrates, thus promoting the appearance of cyanobacteria
and affecting the population, the economy and the environment of the region [2].

Government agencies, research centers and other entities are constantly monitor-
ing the water quality of water resources, as in the Ypacarai Lake. The traditional
monitoring method consists of taking samples of the water body at specific points
and analyzing these samples in laboratories. This method can be time consuming,
human error can affect measurements, and costs can be high [43]]. Several studies
have proposed the use of intelligent vehicles for monitoring tasks [2, 125, 40]. These
intelligent vehicles are surface vehicles that move autonomously, Autonomous Sur-
face Vehicles (ASVs). The ASVs are guided by a guidance, navigation and control
(GNC) system while taking water samples and measuring water quality through
sensors for conductivity, nitrate, ammonium, among others. Fig. E] shows one of the
Loyola University ASVs while performing control and navigation tests at Lago de
la Vida, Dos Hermanas, Spai

! The following video shows the ASV operating at Lago de la Vida https: //www.youtube.
com/watch?v=3nYzSSGeyHw


https://www.youtube.com/watch?v=3nYzSSGeyHw
https://www.youtube.com/watch?v=3nYzSSGeyHw
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Fig. 1: An Autonomous Surface Vehicle used for the water resource monitoring

The guidance system is in charge of determining the path that the ASVs must
take. The path planners can be a global path planner [2]], a local path planner [24],
and an informative path planner [6]]. Unlike the global and the local path planners,
with the informative global path planner, the data collected by the sensors are used
to generate a path based on an underlying regression model that is used to make
optimal decisions. This allows to create an estimated model of the water quality
parameters of the aquatic environment through machine learning (ML) techniques
[6]]. In this work, a meta-heuristic approach like Particle Swarm Optimization is used
as a framework for developing informative path planners for monitoring tasks. The
Particle Swarm Optimization (PSO) technique is one algorithm that has received a
lot of attention in recent years [31, 21]]. This algorithm can be used as a planner. In
this piece of research, PSO is used as an informative path planner for monitoring the
maximum pollution points of a water body. In addition, Gaussian Process (GP) is
proposed as a surrogate model for predicting water quality parameters. GP presents
important advantages for water monitoring using AVSs such as generating models
with a short dataset (low number of samples) and providing the uncertainty of the
generated model.

In this work, a comparison of eight PSO-based path planners is presented: the
Classic PSO; the Enhanced GP-based PSO [34]], using two different combinations
coefficient values, [13] and [33]]; 4 variants of the Enhanced GP-based PSO; and the
Epsilon Greedy-based Enhanced GP-based PSO. The comparison metric used is the
mean square error (MSE) between the estimated maximum pollution peaks and the
actual maximum contamination points of the water resource. In addition, two more
scenarios are presented: the performance of these algorithms to detect the highest
pollution peak of the water resource, and to generate the most accurate model of
water quality of the water resource. The main contribution of this work is the com-
parison of eight PSO-based path planners for monitoring maximum pollution peaks
of a water resources using a fleet of autonomous surface vehicles.
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The chapter layout is as follows: in Section [2] the state of the art of path plan-
ners is presented. In Section [3] the monitoring problem is explained, as well as the
assumptions made to carry out the monitoring tasks. Section [ explains the com-
parison of the path planners. Section [5] presents the simulation setup, experiments,
and comparisons of the performances of the path planners. Section [6] provides a dis-
cussion of the results and future research directions. A conclusion of the work is
presented in section

2 Related Work

In recent years, the study of autonomous vehicles for the purpose of monitoring wa-
ter resources has been increasing [2, 40, 26]. The monitoring is done through ASVs,
equipped with sensors capable of measuring water quality parameters, which travel
along the surface of the water resource taking water samples. Existing research on
path planners to guide the vehicles can be found in the literature [26} 5, 25, [1]]. Many
path planners are based on artificial intelligence techniques that range from meta-
heuristic algorithms like Genetic Algorithms (GA) [2] or Swarm-based intelligence
[34], Deep Reinforcement Learning (DRL) [40], and Bayesian Optimization [26],
among others.

As for meta-heuristic based approaches, the authors developed an offline path
planner of an ASV in [2]. The monitoring problem was modeled as the Traveling
Salesman Problem (TSP) and they used a meta-heuristic algorithm to solve it like
a Genetic Algorithm (GA). In order to explore as much as possible, the authors set
beacons on the lake shore. This work was extended in [1]], where the monitoring
problem was proposed as the Chinese Postman Problem (CPP). Unlike the TSP,
with the CPP, vehicles can revisit beacons that they have previously visited, this
improvement allows maximizing the coverage area to be explored. In [3], the au-
thors proposed a two-phase approach for monitoring water resources. During the
first phase, the algorithm covers the whole water body in order to find possible con-
taminated areas. After that, an exploitation phase is executed, where the vehicles
focused on monitoring those contaminated areas found during the first stage. For
both cases, the authors employed a genetic algorithm to determine the movement
of an ASV. In [44], a multi-objective GA is employed for patrolling multiple wa-
ter quality parameters simultaneously. The patrolling problem is different from the
one proposed in this paper where the aim is to focus more frequently in those areas
where higher values of contamination are found. The authors achieved Pareto-based
solutions for the multi-objective problem using NSGA-II algorithm.

The path planner can also be designed using Deep Reinforcement Learning
(DRL) as in [40] and Bayesian Optimization (BO) as in [26]]. In [40], the authors
have developed a global path planning for the monitoring of Ypacarai Lake, in
which, the potential positions of the ASVs and the states are represented by RGB
images of the lake. The main objective is patrolling the Ypacarai lake. A Markov
Decision Problem is used to simulate the monitoring problem. The authors used a
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tailored reward function for training a Deep Q-learning approach based on convolu-
tional neural networks. In [43]], the authors extended the previous work, developing
a multi-agent monitoring system and applied a centralized approach strategy. The
authors proposed a centralized approach for training the whole fleet of ASVs with
only one neural network. In addition, they demonstrated that the centralized ap-
proach is more suitable than the distributed Q-learning for the targeted patrolling
problem. A comparison between Evolutionary Algorithms (EA) and DRL for moni-
toring systems was carried out in [42}|41]]. The results showed that, in low resolution
scenarios (patrolling problem), EA is more efficient. However, when the resolution
of the scenario increases, DRL is more efficient. Despite requiring a greater number
of hyper-parameters in the DRL than in the EA, it was shown that DRL is more suit-
able for problems with high complexity. In [26]], the authors used the BO framework
for developing an informative path planning for an ASV. The approach is focused on
developing contamination maps for the Ypacarai Lake using GPs. Several tailored
acquisition functions are proposed to determine the optimal locations for water qual-
ity parameter sampling. This work has been extended in [25]] considering multiple
water quality parameters simultaneously. The authors tested several multi-objective
techniques for developing acquisition functions that fusion the information coming
from several water quality parameter models to determine the optimal sample loca-
tions. A multi-agent version of this approach with region partitioning can be found
in [27]]. This variant allows the use of multiple ASVs to speed up the generation of
contamination maps.

Regarding swarm-intelligence approaches for water monitoring, in [34]], an IPP
based on PSO and GP is proposed for monitoring water resources. The authors use
Gaussian Processes (GP) to estimate water quality parameters. For the generation
of the next points to be followed by the ASVs, the path planner uses the hyper-
parameters of the PSO and the surrogate model data, uncertainty and mean. The re-
sults show that the monitoring system obtains a model very close to the real model
of the water resource. The algorithm proposed by the authors, the Enhanced GP-
based PSO, was compared with six other PSO-based path planners in [[15] and [335].
In [15], the main goal of the monitoring system was to obtain the most accurate
water quality model of the Ypacarai Lake, so the ASVs should focus on exploring
the surface to achieve the goal. The results show that the Enhanced GP-based PSO,
tuned with the BO, had the best performance. On the contrary, in [35], the main ob-
jective was to detect and exploit the area where the highest peak of water resource
contamination was located. The algorithm that performed the best was one of the
variants of the Enhanced GP-based PSO, the Contamination algorithm, where the
only active term in the algorithm, apart from the velocity term, was the contami-
nation term. In [13], the authors propose a hybrid path planning algorithm, based
on Grey Wolf Optimization (GWO) and PSO, composed of 3 stages. In the first
stage, the algorithm based on GWO and PSO focuses on generating and optimizing
the path, smoothing the path and minimizing the path distance. The second stage,
converts the infeasible points of the generated path to feasible point solutions, in-
tegrating the first stage algorithm with a Local Search technique. And the last part
consists of obstacle detection and collision avoidance, using a collision avoidance
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algorithm. The results showed that the algorithm proposed by the authors generates
short feasible paths, being an efficient path planner.

This book chapter makes a step forward with respect to previous works in terms
of bench marking PSO-based algorithms for water monitoring. The proposed ap-
proach consists of comparing some PSO-based route planners in solving a multi-
modal problem in the area of water resources monitoring. The objective is to search
for peaks of high pollution levels in a water resource. This task is carried out by
eight algorithms and the performances of these algorithms are compared.

3 Statement of the problem

The monitoring challenge that the fleet of ASVs must solve, as well as the main
assumptions that were used to create the simulated environment are explained in
this section.

3.1 Monitoring Problem

Ypacarai Lake is the largest lake in Paraguay. This lake serves as a source of drink-
ing water for neighboring cities, as a tourist attraction mainly in the summer season
and also as a source of water for farms and crops in the surrounding area. Because
of this, the contamination of the lake represents a major problem for society and for
nature. The lake has two main inflows, the Pirayu stream and the Yukyry stream,
and only one outflow, the Salado river, Fig. [2| The Pirayu stream is located to-
wards the south of the lake, while the Yukury stream is located in the northwest
of the lake. Other minor streams are found to the east and west of the lake shore.
In addition to the lake, these streams are also often polluted [20]. Governmental
and non-governmental entities conduct monitoring using the traditional monitoring
method on a regular basis in order to control the pollution levels of the lake [9,|10].
Performing monitoring with ASVs will make the process more efficient and faster.
As sampling with the traditional monitoring method is done at the shore of the lake,
monitoring with ASVs will make it possible to detect areas of high contamination
in any part of the lake, whether at the shore or in the middle of the lake.

In the monitoring system with ASVs, the water parameters are measured through
water quality sensors S that are on board of the ASVs. With these measurements, the
water quality model of the water body can be obtained. The function f(x) represents
the real function of the water quality model, where x is the position (x, y) in the water
resource. The water samples are taken in an environment in a sub-space of the R”
space. Each ASV takes n measurements. In the vector s = {sx | k=1,2,...,n}
are stored the water samples taken by the sensors, the variable k is the number
of measures taken. The positions where the samples were taken are stored in q =
{qx | k=1,2,...,n}. The vector D = {(qx,sx) | k=1, 2, ..., N} represents the
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Salado

(wetlands)

Fig. 2: Inflows and outflow of the Ypacarai Lake [20]

data acquired by the fleet of ASVs. The input of the vector D represents the position
qy. of the ASVs, and the output of the vector represents the sensor data sx. Each Dy:

sk = f(qk) ey

The relationship between water quality parameters y and location x in the
Ypacarai Lake domain can be estimated by applying the regression model given
by Eq.[2| Given enough data D, a real function f(x) can be calculated.

y= f(x) @)

3.2 Assumptions

In order to implement the proposed monitoring system, some assumptions are taken
into account:

¢ Ypacarai Lake: The monitoring space model is constructed of m x n squares of
side d in a matrix .#". Each element .4; ; has a value that represents the current
state of the grids, O (white) indicates forbidden zone, land, among others, and 1
(black) indicates the zone where the ASVs can travel. Fig. [3]shows the occupation
grid of Ypacarai Lake. For simulations, the distribution map was scaled, each
element .4 is 100 m x 100 m.

* Coordinator: A centralized system is used for control and communication be-
tween the ASVs. To this end, the ASV fleet is connected to a global coordinator
via the cloud, using 4G or 5G technology. To avoid jams and bumps, a safety
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zone is considered on the lake shore, so ASVs are not allowed to travel too close
to the lake shores.

e Sensors: The measurements made by the sensors are error-free. In addition, the
position estimated by the GPS of the ASVs is free of noise.

* Navigation: The movements of the ASVs are flawless. Because of this, the tra-
jectories of the ASVs are completely accurate. Obstacles and collisions are not
considered. The speed limit for the ASVs is 2 m/s.

* Vehicle autonomy: Battery consumption is acceptable for the duration of the
tests. The ASVs can reach a maximum distance of about 15,000 metres.

Fig. 3: Model of the occupancy grid of the Ypacarai Lake

4 PSO-based path planning algorithms

This section presents the informative path planners considered for the proposed
comparison.

4.1 Classic Particle Swarm Optimization (PSO)

The PSO algorithm was developed by the authors in [[16] using the social behavior
of birds flocking as inspiration. PSO is a heuristic optimization algorithm in which
each individual (particle) is a potential solution of the optimization problem. The
particle has a position, which represents a possible solution, and a velocity, which
determines the distance and direction each particle must travel. The velocity of the
particle is updated according to the best position found by each particle (local best)
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and the best position found by all the particles in the swarm (global best) during the
search process. The position of the particle is updated according the velocity. The
velocity V;—H and the position x;:’l of the pth particle at time step ¢, ¢ represents

discrete time steps, are described as follows:

vyl =wvl +eir) [pbest, —x) | +cor) [ghest’ — x| (3a)
t+1 _ it t+1
X, =X,tV, (3b)

where w represents the inertia weighting, pbest; is the local best of the particle and
gbest’ is the global best of the swarm. These two terms refer to the exploitation and
exploration of the search space respectively. The constants c; and ¢; are acceleration
coefficients that describe the relative relevance of the local best and global best.
r1 and rp are random numbers in the interval [0, 1]. Notice that in the proposed
monitoring system each particle will represent an ASV. Thus, the movements of the
ASYV will be influenced by the maximum level of contamination sensed by an ASV
of the fleet gbest’ and its local maximum level, that is, the maximum contamination
level sensed by an ASV so far pbesti,.

4.2 Enhanced GP-based PSO

This subsection is divided into four parts. The first part explains the surrogate model
that is used to guide the vehicles to the positions of maximum uncertainty and zones
of maximum contamination level of the water resource. The second part explains
how the path planner itself works. In the third part, the BO, which is the technique
selected for the optimization of the hyper-parameters, is described. Finally, the four
variants of the Enhanced GP-based PSO that are also compared with the other path
planners are described.

4.2.1 Gaussian Process Regression (GPR)

GP are Bayesian inference-based probabilistic machine learning models [28]]. The
input is constructed as a multivariate normal distribution. Each data of the input
represents a random variable. The GP is completely defined by its mean function
and covariance (or kernel) function [28]. However, the mean function is usually
considered to be zero. Therefore, the component that defines the behavior of the
GP is the kernel function. In the path planner to be analyzed, the kernel function
plays the role of specifying the expected variability, smoothness and shape of the
water quality parameters to be monitored. Taking into account the results of [26]],
the kernel function used for the experiments is the Radial Basis Function (RBF),
because it is the most suitable for water resources.
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The input data D is marginalized and conditioned to update the GPR [36]]. For
the computation of the unknown response (i (x.),o(xXs)) of the GPR (f(x).), the
following set of Eq.[]is used:

i p = KLKTf(x) (4a)
sy p = Ko —K KK, (4b)

where K, K, and K, are extracted from the fitted kernel, which includes covariances
between known data k(x,x) and unknown data k(xx,x*), as well as covariances
between both the known and unknown data k(x,xx).

£ [er i) = o do)] ®

4.2.2 Path Planner

Aiming to overcome the limitations of the Classic PSO, research in [34] developed
an informative path planner based on PSO and GP (as a surrogate model). The
two components of the GP are considered in the path planner, the covariance or
kernel function (o) and the mean function (¢t). The kernel function is considered
to guide the ASVs to areas of the water body that have not yet been explored, and
the mean function is used for the purpose of exploiting areas where water resource
contamination levels are high. The ASV velocity is updated according to Eq. [6]and
the position is updated according to Eq. 35

Vit = wv! + 17 [pbest!, — X! ] + c2r% [gbest’ —x!] + 375 [max_un’ — x| |+

c4ry[max_con’ — x|

where the coordinate of the maximum value of the uncertainty of the surrogate
model uncertainty maxc’ at rth iteration is represented by max_un’ and the coordi-
nate of the maximum value of the mean (or contamination) maxu’ of the surrogate
model at rth iteration is represented by max_con. The constants c3 and c4, as well as
c1 and ¢y, are acceleration coefficients that determine the importance of exploration
(uncertainty) and exploitation (mean or contamination). These four acceleration co-
efficients must be tuned after starting the monitoring task.

The water sample is taken after traveling a distance of / between the current ASV
position (x') and the last position where a sample was taken (Xgmpz). The distance
1 is calculated by applying the Eq.

I=Ax{ )
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where the term A represents a ratio of the different length scales, and the ¢ refers to
the posterior length scale of the surrogate model [23]. By applying this condition,
the ASVs take samples at specific points, increasing the speed of execution of the
monitoring system.

Fig. @] shows the flowchart of the path planner based on PSO and GP. At the be-
ginning, the coordinates of the maximum uncertainty and maximum contamination
are equal to 0. As a result, until the first sample is taken, the behavior of the path
planner is the same as the Classic PSO. A water sample is taken after the ASV trav-
els a minimum distance /. With these data, the GP is updated. Then, the coordinates
of the maximum uncertainty and contamination values are found to update the ASV

velocity and position.

Evaluate fitness
function

le——

!}

Minimum distance
I reached?

Yes

Collect data

)

Update GP

¥

Update max
uncertainty (max_un)
and contamination
(max_con) coordinates

Update the speed and
position of vehicles

)}

Stop criteria met?

Yes
v

Fig. 4: Flowchart of the Enhanced GP-based PSO
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4.2.3 Hyper-Parameter Optimization

In order for the navigation system to behave correctly, the acceleration coefficients,
c1, €2, ¢3 and c4, must be tuned. Hyper-parameter optimization techniques range
from meta-heuristic algorithms to neural networks [4, 19, [14]. These techniques
allow to obtain a better performance of the algorithms with reduced human effort
[[12]]. The selected technique to tune the Enhanced GP-based PSO coefficients is the
BO.

BO is a very successful optimization technique for solving tuning tasks, and it
may be used in functions that are difficult to calculate, functions with a significant
difficulty in analyzing their derivatives, and non-convex functions [37]. The proce-
dure applies the Bayes theorem, Eq. 8] to integrate previous information about the
unknown function with data information, G, to obtain the posterior of the function:

P(F|G) = P(G|F) x P(F) ®)

where P(F|G) refers to the posterior probability of the model F; given model F,
P(G|F) represents the likelihood of overserving G; and P(F) refers to the previous
probability.

BO optimises a function using a surrogate model that is updated according to the
information provided by the evaluated points [30]. The acquisition function, such as
Probability of improvement (PI) [[18]], Expected improvement (EI) [23], GP upper
confidence bound (GP-UCB) [33]], is used to balance exploration and exploitation in
the selection of the next location to explore. Readers are referred to [30L 117, 137] for a
full examination of BO-based hyper-parameter optimization. The results obtained in
[37] indicate that the PI function is slower than the EI and GP-UCB functions, and
that GP-UCB is more complicated than EI because in the GP-UCB function hyper-
parameters must be tuned. Because of this, EI has been selected as the acquisition
function of the BO.

4.2.4 Variants of the Enhanced GP-based PSO

These variants consist of keeping the velocity term and one of the exploration and
exploitation term from Eq. 32 The main objective is to evaluate the performance
of the Enhanced GP-based PSO when only one of these terms is considered. The
variants are as follows:

* Local Best: the active term in this algorithm is the local best pbestiJ term. As
a result, the trajectory generated by the algorithm is guided by the best position
reached so far by the ASV. Since only the local best is considered, this algorithm
focuses on the exploitation considering the zones where the ASV has already
traveled. The velocity is updated according to Eq. [0}

t+1

Vp

= wv), +c1 7} [pbest), — x| )
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* Global Best: in this algorithm the best position of the swarm found so far, the
global best gbest’, is considered. The ASVs learn from the swarm experience
and focus on surface exploration. The equation used for updating the velocity of
the ASVs is shown below:

t+1 1 t

v, = wv, 4 carh[gbest’ —x)] (10)

e Uncertainty: unlike the first two variants that consider the experience of the
ASVs, this algorithm considers the data obtained from the surrogate model. This
is because the term that remains active is the uncertainty of the model max_un.
Because of this, the algorithm focuses on the exploration of unexplored areas.

The velocity of the ASVs are updated according to Eq. [T}

+1 _

Vp

wv), + c3r3[max_un’ — x| (11)
¢ Contamination: as the uncertainty algorithm, this algorithm considers the data
obtained from the surrogate model, the mean of the model max_con. This allows
the algorithm to focus on the exploitation of the areas with the highest levels of
water resource contamination. The velocity of the ASVs is updated according to

Eq.[12}

t+1

Vp

= wv', + ¢4y [max_con’ —x/] (12)

The position of the ASVs in all variants of the algorithm is updated according to

Eq.[3H

4.3 Enhanced GP-based PSO based on Epsilon Greedy Method

The epsilon greedy method allows the PSO-based path planner to have dynamic
coefficients. With dynamic coefficients, the enhanced GP-based PSO can balance
exploration and exploitation by randomly choosing between the two. As a result,
the path planner will be switching between exploration and exploitation phases.
Algorithm [I] shows the pseudocode of the Epsilon Greedy method. The value of
the epsilon function has three parts. First, the epsilon function € has a high value,
0.95. This means that the probability of exploring unknown areas is 95%. Once
an ASV reaches a traveled distance degy, the epsilon greedy moves to the second
part. In this second part, the value of the epsilon function € decreases A€ as the
ASVs travel approximately 1,000 meters. When an ASV reaches a traveled distance
dgy, the value of the epsilon function € is fixed at 0.05; this is the third part. In other
words, the ASVs have a 5% of probability of exploring unknown areas and a 95% of
probability of exploiting areas with high levels of contamination. After every 1,000
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meters traveled by the ASVs, a random number val is obtained and compared to the
epsilon function €. If the random number val is less than the epsilon function €, the
ASV’s focus is exploring (Explore) the surface water resource, and if the random
number val is greater than the epsilon function &, the ASV’s focus is exploiting
(Exploit) areas with high levels of contamination. The behavior of the path planner
is the same as that the Enhanced GP-based PSO (Section once the coefficient
values are defined.

Algorithm 1: Enhanced GP-based PSO based on Epsilon Greedy method
pseudo-code

0
14
p
while not done do

if dist;p1 < d€y then

0

x, < Initialize PSO; // where X’ represents the initial position of

| &<+ 0.95

else if dist;,; > der then
| &<« 0.05

else
L e« e 1—Ae

val « random();
if £ > val then
| c1,c2,c3,c4 < Explore
else
| c1,c2,¢3,c4 < Exploit
pbest,, gbest < Evaluate fitness function;
dist < distioa) — distsample < Calculate distance;
if dist > [ then
s < Collect sensor data;
o', u' «+ Update GP;
maxco', maxp' < Calculate maximum values;
max_un’, max_con’ < Find coordinates of the maximum values;

Vi XD« Update speed and position of the particles;

In AlgorithmE], the average distance traveled by an ASV, p, between the current
position and the initial position is represented by the term disty, and the average
distance traveled by an ASV between the current position and the position where
the last sample was taken is represented by distsample-

5 Results

This section presents the obtained simulations results. First, the ground truth func-
tion used as water quality parameter model is described. Second, the performance
metric used to compare the algorithms is mentioned. Third, the simulation pa-
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rameters used for the comparison are detailed. Next, the results of the hyper-
parametrization carried out for the PSO-based algorithms are shown. Finally, the
performance comparison of the algorithms is presented.

The path planners were developed in Python and the following libraries were
used: Scikit—learrﬂ (accessed on 5 May 2022), DEAPE] (accessed on 5 May 2022)
and Bayesian Optimizatiorﬂ (accessed on 5 May 2022).

5.1 Ground Truth

As ground truth a scaled model of the Ypacarai Lake is used, each element has a
dimension of 100 m x 100 m. A benchmark function, the Shekel function (Eq. @]), is
used as a distribution map of water quality parameters. This function is used because
it is a multidimensional, multimodal, deterministic, and continuous function [25]].

u 1
X) =
fShekel( ) ; cit Z[]\]Zl ()Cj — aij)2
The function allows specifying multiple maximum points by means of two argu-
ments, a;; and ¢;;. The element a;; belongs to the matrix A. This matrix has a size of
M x N, M corresponds to the number of maximum points and N to the dimensions
of the space. The matrix C, whose elements are ¢;; and whose size is M x 1, de-
fines the inverse significance value of the maximum positions. Ten different ground
truths are used to analyze the behavior of path planners. Since the objective is to
detect several contamination peaks, the value of M varies between 2 and 4. These
peaks are located near the flow inlets of Ypacarai Lake, the location and number
of peaks are randomly selected. The value of N is fixed at 2. The values of the el-
ements of ¢ are random numbers. Fig. [5] shows an example of ground truth used in
the simulations. It is possible that the peaks are located in prohibited areas.

13)

5.2 Performance metric

The mean squared error (MSE) is used as a comparison metric to evaluate the per-
formance of the path planners for two of the situations presented in this work, the
main objective being the detection of several peaks of water resource contamina-
tion, and for obtaining the most accurate model of the water quality of the water
resource. The MSE is often used to evaluate regression models. This is the reason
for the selection of this metric as an evaluation method. The Eq. [I4] represents the
MSE between the real model or ground truth (f(x)) and the estimated model or

2 https://scikit-learn.org/stable/
3 https://deap.readthedocs.io/en/master/
4 https://github.com/fmfn/BayesianOptimization
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Fig. 5: Example of one of the ten ground truth obtained with the Shekel function
used for the simulations of the monitoring system in Ypacarai Lake.

the resulting prediction (y) of the surrogate model to compare the peaks of water
resource contamination.

1 Npeaks_points — 1
MSEpeaks(f(X)vy) = ﬁ Z (f(xk) _yk)2 (14)
peaks_points k=0

The main objective is to detect the points of maximum contamination of the water
body. Therefore, the MSE between the contamination peaks of the real model or
ground truth and the contamination peaks of the estimated model is calculated. As a
result, the path planner with the best MSE (low MSE) is considered the optimal path.
Then, to obtain the most accurate model of the water quality of the water resources,
the MSE between all the coordinates of the actual model and the estimated model is
calculated. The Eq. [T represents the MSE between the real model or ground truth
(f(x)) and the estimated model or the resulting prediction (y) of the surrogate model
to compare the water quality model of the lake.

1 Nmap_points — 1

MSEpnap(f(x),y) = ——— 3 (f(%) — )’ (15)
Nmap_points k=0

Another situation is to detect the highest peak pollution of the water resource. To
evaluate the performance of the path planners, the error between maximum ground
truth peak pollution and the maximum pollution peak of the estimated model is
calculated. The Eq. [I6] represents the error between the real model or ground truth
(f(x)) and the estimated model or the resulting prediction (y) of the surrogate model

to compare the highest contamination peak of the water resource.

Errorhighest,peak (f(X),)’) = |f(xhighest,peak) _yhighest,peak| (16)
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5.3 Setting Simulation Parameters

This subsection presents the general settings of the simulations. In addition, the
results of the hyper-parametrization carried out for the PSO-based algorithms are
shown.

5.3.1 Global simulation parameters

The mission will be carried out using four ASVs. Each ASV covers around 15,000
metres and travels at a top speed of 2 metres per second. The inertia is set to a value
of one. In order for the length scale to provide the necessary smoothness, the value
should be set to 10% of the length of the search space [26]. Therefore, the value of
the length scale is set to 10. The value of A is set on 0.3. With this value, the ASVs
take around 120 samples. The stopping criteria of the path planners is the distance
traveled by the ASVs, when an ASV has traveled 15,000 meters, the simulation
ends.

5.3.2 Results of hyper-parametrization of Enhanced GP-based PSO

In this work, two cases of the Enhanced GP-based PSO have been considered, [[15]]
and [335]]. The difference between these cases is the main objective of the monitoring
task. Because of this, the combination of the coefficient values are different in both
cases. The hyper-parametrization of each case is presented below.

5.3.2.1 Enhanced GP-based PSO (Exploration)

For the hyper-parametrization presented in [15]], the main idea was to obtain the
most accurate water quality model. As a consequences, the algorithm focus on the
exploration of the water resources surface. Two cases were considered for the hyper-
parametrization. In the first case, 200 ground truth were evaluated for the BO. In
the second case, the number of ground truth evaluated was 300. For both cases BO
will be used for hyper-parameter optimization, with the selected acquisition function
being EI. The kernel function used for hyper-parameter optimization was the default
function of the Bayesian-Optimization library, Matérn, with parameter values equal
to nu = 2.5 and ¢ = 1.0. The number of BO iterations was set to 20, and 10 random
starting points were considered.
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Table 1: Range for hyper-parameter optimization

Hyper-parameter Range

c1 [0, 4]
) [0, 4]
c3 [0, 4]
c4 [0, 4]

The range of the PSO hyper-parameters (coefficient acceleration of the local best,
c1; coefficient acceleration of the global best, ¢, ; coefficient acceleration of the max-
imum uncertainty, c3; and coefficient acceleration of the maximum contamination,
c4) is determined according to [29, 32], Tablem Table|Z| shows the results obtained
in each case of hyper-parameter optimization for the exploration approach.

Table 2: Hyper-parameter values in each case of the BO for the Enhanced GP-based
PSO (Exploration)

Hyper-parameter Case 1 Case 2
200 Ground Truth 300 Ground Truth

i 2.0187 3.0970
c 0 0.0125
c3 3.2697 3.5863
c4 0 0.0382

The comparison between the MSE results obtained from the monitoring system
performance of each case is shown in Table 3] The MSE values are very similar, the
difference is 0.003. This is because the values of the coefficients obtained in both
optimization cases do not differ much, with c3 being the dominant coefficient, and
¢z and ¢4 being 0 or practically 0. In other words, the monitoring system is driven
by the maximum uncertainty of the model and by the best local of each particle. The
values of the coefficients for comparison with the other methods will be the values
of Case 1, since it has the best MSE.
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Table 3: Comparison of the MSE of the BO cases for the Enhanced GP-based PSO
(Exploration)

Case MSE

1 0.02650 £ 0.02727
2 0.02916 + 0.02952

5.3.2.2 Enhanced GP-based PSO (Exploitation)

Unlike the work presented in [[15], the hyper-parameterization objective presented
in [35]] was to find the highest contamination peak. Because of this, the focus of the
algorithm was to exploit the areas of high contamination level. The cases considered
in this work were the same as the cases presented in Section [5.3.2.1] Since the
objective of this work was to obtain the highest contamination peak, the comparison
metric used was the error committed between the actual value of the peak and the
estimated value of that peak. In the first case, the mean of the error of 200 ground
truth was considered for the BO, and for the second case, 300 ground truth was
considered. The configurations of the acquisition function, the kernel function and
the BO used were also the same as the configurations presented in Section
Also, the ranges of the coefficients used for the hyper-parametrization are the same
as those presented in the Table[I] Table ] shows the results obtained in each case of
hyper-parameter optimization for the exploitation approach.

Table 4: Hyper-parameter values in each case of the BO for the Enhanced GP-based
PSO (Exploitation)

Hyper-parameter Case 1 Case 2
200 Ground Truth 300 Ground Truth

c] 0.5683 3.6845
e 3.4160 1.5614
3 0 0

cy4 3.1262 3.6703

The comparison of the errors made between the actual value of the peak and the
value estimated by the algorithm are presented in Table [5] The difference between
the error values is less that 0.003. The main difference between the two cases is the
values of the local and global best coefficients. While in case 1, the value of local
best is low and global best is high, in case 2 local best has a higher value than global
best. This means that in case 2, the exploitation of the area is more intensive since
the local best and maximum contamination terms allow the algorithm to perform
the exploitation.
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Table 5: Comparison of the MSE of the BO cases for the Enhanced GP-based PSO
(Exploitation)

Case Error

1 0.00818 £ 0.03139
2 0.00540 + 0.01399

5.3.3 Setting Epsilon Greedy Method

Before making the comparison between the algorithms, four cases of the epsilon
greedy method have been compared. In two cases, the values of the coefficients
for the exploration stage are: Explore: Ciexpiore = 1, Coexpiore = 45 C3explore = 4,
Ciexplore = 1; and for exploitation stage are: Exploit: Ciexpioir = 4, Coexploir = 1,
Cexploit = 1, Caexploir = 4. The values of the coefficients are determined according to
the range given in [29} [32]]. For the other two cases, the values for the exploration
are the values obtained from the BO in the paper [15]|: Explore: ciexpiore = 2.0187,
Crexplore = 0, Clexplore = 3.2697, Caexpiore = 0, and for the exploitation stage, the val-
ues are the values obtained from the BO in the paper[33]: Exploit: ciexpioir = 3.6845,
Coexploit = 1.5614, C3exploit = 0, Caexploir = 3.1262. The values for the cases are shown
in Table

Table 6: Parameter and hyper-parameter values in each case of the Epsilon Greedy
method

Parameter/Hyper-parameter Case 1 Case2 Case3 Case4

dey (m) 5,000 3,000 5,000 3,000
dey (m) 10,000 12,000 10,000 12,000
Ag 0.18 0.116 0.18 0.116
Clexplore 1 1 2.0187 2.0187
Cexplore 4 4 0 0
C3explore 4 4 3.2697 3.2697
Cdexplore 1 1 0 0
Clexploit 4 4 3.6845 3.6845
Cexploit 1 1 1.5614 1.5614
C3exploit 1 1 0 0
Cdexploit 4 4 3.1262 3.1262

Since the vehicles travel approximately 15,000 meters each, for the cases 1 and
3, the values of dgy and dey were set by dividing the total distance into three equal
parts, 5,000 and 10,000 meters respectively. For the second part of the algorithm,
the value of € decreases by 0.18 every 1,000 meters traveled. For the cases 2 and 4,
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the distance was increased for the second part, the values of dgy and dey are 3,000
and 12,000 meters, respectively, and the value of € decreases by 0.116 every 1,000
meters traveled.

In addition to detecting all contamination peaks of the Ypacarai Lake (multi-
modal problem), two other situations were considered: detecting the highest con-
tamination peak (uni-modal problem), and creating the most accurate model of the
lake. The MSE values for all cases and situations are shown in Table[Zl For the uni-
modal problem, the error between the actual value and the estimated value of the
peak was calculate.

Table 7: Comparison of the MSE and error of the Epsilon Greedy cases

MSE (Model of the
Lake)

Case MSE (Several Error (A

Contamination Peaks) Contamination Peak)

1 1.62302 + 4.32203  1.18271 4 3.48666 0.07334 & 0.12163
2 1.71359 £4.56390  1.27596 + 3.63597 0.07645 £ 0.13131
3 1.62643 +3.64945  0.00984 + 0.03666 0.07018 + 0.10068
4 1.65896 4.30441 0.33264 4 1.67548 0.07327 4 0.12753

The case with the best MSE for detecting all the peaks in the lake map was
obtained with case 1, where the values of the coefficients were 1 and 4. However,
case 3 also obtained a good MSE, with a difference of about 0.004 with respect to
case 1, and it also has the smallest range of variability. As for the situation where
there is only one contamination peak, the best MSE is in case 3. Likewise, when the
objective is to obtain the most accurate model of the lake, case 3 has the best MSE.
Therefore, the coefficient values of case 3 are selected for comparison with the other
algorithms.

5.4 Performance Comparison

After selecting the best configuration of PSO-based algorithms, comparisons are
made with the other algorithms. The values selected for the Epsilon Greedy method
are the values of case 3. These results are compared with the Classical PSO, the
Enhanced GP-based PSO using the values obtained from the [[15] and [35]] papers
(described in previous subsections), and with the four variants of the Enhanced GP-
based PSO. The Table [8] and Table [9] show the values of the coefficients for each
algorithm. [38, 8] were considered to determine the coefficient values for the Classic
PSO. Since the objective is to observe the influence of the terms, for the Local Best,
Global Best, Uncertainty and Contamination algorithms was decided not to set the
maximum value of the range.
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Table 8: Acceleration coefficients values

Hyper- Local Global Uncertainty Contamination Classic ~ Enhanced Enhanced
parameter  Best Best Algorithm  Algorithm PSO GP-based PSO GP-based PSO
Algorithm Algorithm (Exploration) (Exploitation)
ci 3 0 0 0 2 2.0187 3.6845
c 0 3 0 0 2 0 1.5614
c3 0 0 3 0 0 3.2697 0
c4 0 0 0 3 0 0 3.1262

Table 9: Acceleration coefficients values for the Epsilon Greedy method

Hyper-parameter Value

Clexplore 2.0187

Cexplore 0
C3explore 3.2697
Cdexplore 0
Clexploit 3.6845
CZexplm't 1.5614
C3exploit 0
C4exp]gl', 3.1262

For the experiments, the following considerations were taken into account: a)
each vehicle starts from a different starting point than the others, however, in all
simulations, each vehicle starts from the same initial position; b) the error and MSE
calculations are performed considering 10 different scenarios; c) the water sample
is taken after the vehicles have traveled a distance ! (Eq. M); and d) the simulation
ends when one of the vehicles travels 15,000 meters.

The best performing algorithm for detecting contamination peaks is the En-
hanced GP-based PSO based on Epsilon Greedy method, where the values of the
coefficients are set to the values obtained in [15] for the exploration stage and [335]]
for the exploitation stage. This can be verified by the results shown in the MSE
(Several Contamination Peaks) column of the Table [T0] As in Section [5.3.3] two
more situations were considered, to detect the highest peak of contamination and
to generate the most accurate estimated model of lake water quality. As expected,
the algorithm that best detects the highest peak is the Enhanced GP-based PSO (Ex-
ploitation). By a small difference, the second with the smallest error is the Contam-
ination algorithm. With respect to the generation of the most reliable water quality
model, the one that obtained the best result is the Enhanced GP-based PSO based
on the Epsilon Greedy method, and in second place, the Enhanced GP-based PSO
(Exploration). These results demonstrate that the changes of approach, exploration
and then exploitation, during the experiment is the best line to solve multi-modal
problems, which is the case of detecting the various peaks of contamination of the
water resource.
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Table 10: Comparison of the MSE and the error of the eight algorithms
Algorithm MSE (Several Error (A MSE (Model of the

Contamination Peaks) Contamination Peak) Lake)

Local Best 2.68687 + 7.34544  0.89471 4+ 3.19382 0.27867 + 0.60573
Global Best 2.69164 +7.43596  2.36964 + 4.20148 0.17335 £ 0.31163
Uncertainty 245316 +4.39283  2.11673 +3.61938 0.13680 + 0.22764
Contamination 4.04210 + 8.18967  0.00224 + 0.01044 0.29742 + 0.59782
Classic PSO 2.69269 + 7.16223  1.73219 4+4.00487 0.16819 + 0.29399
Enhanced GP-based PSO 1.94280 + 4.66284  1.62445 + 3.92491 0.07465 £+ 0.12707
(Exploration)

Enhanced GP-based PSO 3.80756 + 6.56296  0.00164 + 0.00494 0.21760 + 0.42043
(Exploitation)

Epsilon Greedy Method  1.62643 + 3.64945  0.00984 + 0.03666 0.07018 + 0.10068

The comparison between the eight algorithms at different distances traveled is
shown in Fig. [6] To improve the visualization of the mean MSE and its 95% con-

fidence interval at the end of the episode, Fig. [6b] is shown, which is a zoom of

Fig. [6a) at the end of the episode (15,000 meters traveled). Throughout the episode,
the three algorithms with the highest mean of MSE are the Local Best algorithm,
the Contamination algorithm, and the Enhanced GP-based PSO (exploitation). This

is because these three algorithms focus on exploiting the highest peak, so by not

exploring the surface, they are not able to detect all the contamination peaks.
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Fig. 6: Mean of the MSE and its 95% confidence interval for the detection of zones
with high levels of contamination of the Local Best algorithm, the Global Best al-
gorithm, the Uncertainty algorithm, the Contamination algorithm, the Classic PSO,
the Enhanced GP-based PSO (Exploration), the Enhanced GP-based PSO (Exploita-
tion), and the Epsilon Greedy method

Fig.[7] shows the results obtained in the experiments of the different algorithms
in one of the scenarios. In the map at the top, the movement made by the vehicles
and the uncertainty in the exploration of the lake are shown. The movement of each
ASV is represented by a line of a different color from the others. The map at the
bottom shows the estimated model of the water quality parameters.

Fig. [7a] shows the results obtained with the Local Best algorithm. Since in this
algorithm only the term corresponding to the best position of the ASV is kept ac-
tive, the ASV focuses on exploiting the area where the samples it has taken have a
high level of contamination. The disadvantage of this algorithm is that the ASVs do
not explore, so if two ASVs are near a peak and both are far from a second peak,
the two ASVs would go to the peak that is closer, because the water samples would
have a higher value near that peak and they would not notice a second peak that is
far away. As a result, the ASVs get stuck in a one of the optimum. In Fig. [Tb] the
ASVs movements are guided by the best position of the swarm. Because of this,
all ASVs go to the same zone or peak, so they do not explore the other areas with
high contamination level. The vehicle movements in Fig. [7c|are guided by the max-
imum uncertainty term of the surrogate model. This allows the ASVs to explore the
entire surface of the lake, being able to go to areas where contamination is high.
However, they do not stop in those areas to exploit pollution peaks. In Fig. the
term that remains active is the maximum contamination term. This allows the ASVs
to exploit the zone with the highest level of contamination. However, because the
ASVs do not explore the surface lake, the estimated model is not accurate, so the
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algorithm could have a false global maximum. In other words, the pollution maxi-
mum estimated by the algorithm is a local maximum and not a global maximum, as
shown in Fig.[7d} If the estimated model is compared with the ground truth (Fig. [5),
it will be seen that the global maximum of the ground truth is in the northwest of
the lake but the algorithm detects that the maximum is in the west of the lake. This
is because the ASVs were not able to explore the surface and there is not enough
data to obtain a good estimation of the water quality model. The movement of the
ASVs with the Classic PSO is shown in Fig.[7el The ASVs learn from their own ex-
perience and from the swarm, in other words, they consider the positions they have
passed through and do not consider the data of the surrogate model. Because of this,
after having explored and found a peak, they focus on exploiting that peak and get
stuck in that area. This result can be expected since classical PSO algorithm is not
intended for multi-modal problems. For the Enhanced GP-based PSO, two cases
are considered: one using the coefficient values obtained in [[I5] (Fig. [7f), where
the objective was to obtain the most accurate model of the lake water quality, and
the second case is using the coefficient values obtained in [35] (Fig.[7g), where the
goal was to detect the highest pollution peak. Because in Fig.[/1] the coefficients of
the global best and maximum contamination are 0, the movement of the ASVs is
guided by the local best and maximum uncertainty terms. This combination allows
the exploration of the lake surface because it uses the uncertainty of the surrogate
model, as well as the exploitation of the zones through which the ASVs are passing,
since it considers the best position of the ASVs. The local best term acts as gra-
dient for the ASV movements. In contrast, in Fig the movement of the ASVs
is mainly guided by the terms of local best and maximum contamination, the best
global also has a small influence on the movements of the ASVs. Because of this,
the ASVs try to reach the area where the maximum pollution peak is located and
while heading to that area, they exploit the zones they pass through. However, the
same case as for the Contamination algorithm can be seen with this combination
of coefficient values. Since there is not enough data to estimate a good model, the
ASVs go to one of the local peaks and get stuck in that area. Fig. [Th|represents the
results obtained by applying the Epsilon Greedy method with the values of case 3
(Section[5.3.3)). At the beginning, the exploration probability is high, so they explore
more lake surface while exploiting the areas they are passing through, this is due to
the combination of coefficient values. As the ASVs increase the distance traveled,
the exploration probability decreases and they focus more on exploiting the areas
with high levels of contamination. Because the algorithm focuses more on explo-
ration at the beginning, the surrogate model was able to generate an accurate model,
so when the probability of exploitation is higher, the ASVs target the true global
maximum.

Fig. [§] shows the movement of the vehicles, with the Epsilon Greedy method,
during different distances traveled, as well as the evolution of the uncertainty data
and the model estimated by the surrogate model. The initial points of the ASVs
are represented by a black circle, and the end point at that instant is represented by
a red square. Fig. [8a| represents the movement of the vehicles after 1,000 meters
traveled. The figure above shows how the uncertainty is high in the middle of the
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Fig. 7: Representation of the Ypacarai Lake monitoring system. The ASV trajecto-
ries and model uncertainty are represented in the top graphs (black and white map
with coloured line traces), while the surrogate model mean is represented in the bot-
tom graph (coloured map).
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lake and the generated model estimates low values compared to the real lake model.
As the vehicles move around, the uncertainty decreases and the areas of highest
contamination are being better detected in the generated model as shown in Fig. [8b|
with 3,750 meters traveled. In Fig. the vehicles have traveled 7,500 meters, half
of the episode. At that instant, the uncertainty is high in only a few sectors of the
map and, with the samples taken by the vehicles, it is now possible to define the
areas where pollution is high. Finally, Fig. [8d| shows the end of the episode, where
most of the lake was already explored and the contamination zones could be fully
detected.

6 Discussion of the Results

The main findings of this work are discussed below:

* The Local Best algorithm focuses on exploiting the areas through which the
ASVs pass. Because of this, if the ASVs detect a peak, they get stuck on that
peak because they have no way to escape from that zone. With this algorithm,
each ASVs can exploit different areas as in Fig.

¢ Unlike the Local Best algorithm, in the Global Best algorithm most of the surface
can be explored. However, as all ASVs are guided by a single best position, the
fleet targets the same peak and is not able to exploit different areas.

* The Uncertainty algorithm has the advantage that ASVs are able to explore the
surface of the water resource and target unexplored areas. However, they cannot
exploit areas with high levels of contamination like the Contamination algorithm.

* The advantage of the Contamination algorithm is the ability to exploit the area
with the highest contamination peak, but the algorithm is not able to exploit local
peaks or explore the surface.

¢ The Enhanced GP-based PSO with the coefficient values obtained in [15] is able
to obtain an accurate water quality model of the water resource. This algorithm
combines exploration of unexplored areas and exploitation of the areas through
which the ASVs pass. Nonetheless, for solving multi-modal problems in the
monitoring system, this algorithm obtained the second best performance, so it
needs some adjustments to improve its performance.

¢ The Enhanced GP-based PSO with the values of the coefficients obtained in [33]]
has the best performance for detecting the highest contamination peak. Never-
theless, when there is more than one peak, the algorithm is not able to find all the
peaks because it does not scan the surface and may get stuck on a local peak.

e The algorithm that has the best performance in detecting water resource con-
tamination peaks is the Enhanced GP-based PSO based on the Epsilon Greedy
method. This is due to the ability of the algorithm to switch approaches during
the episode, between exploration and exploitation, having a high probability of
exploration at the beginning and a high probability of exploitation at the end.
This allows the algorithm to generate an accurate model of the lake, and then,
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with a good model estimated, to exploit the areas where there are high levels of
contamination.

o It is clear that further research is required to determine the optimal dynamic of
the Enhanced GP-based PSO algorithms.

7 Conclusions

This work consisted of the simulation and comparison of different path planners
based on PSO whose main objective was to detect the different peaks of contam-
ination of a water resource. In addition to detecting the contamination zones, two
other situations were analyzed, the performance of the path planners to detect the
highest peak of contamination and the ability to generate a water quality model of
the water resource as similar as possible to the real model or ground truth. The al-
gorithms that were considered for comparison are: the Classic PSO; the Enhanced
GP-based PSO with two different combinations of coefficients, one of them is the
one obtained in [15], which focuses on exploring the surface of the water resource
and obtaining an accurate model of it, and the other combination is the one obtained
in [35]], which focuses on exploiting the area with the highest contamination of the
water resource; the Enhanced GP-based PSO based on the Epsilon Greedy method,
this method allows having dynamic coefficients during the episode, due to this, the
path planner can change its focus during the monitoring; and four variants of the
Enhanced GP-based PSO, where in each variant the velocity term and one of the
exploration (¢ and c¢3) or exploitation (c; and c4) terms were left active with the
objective of observing the influence of these terms in the monitoring of the zones
with a high level of contamination. The results showed that the path planner that
has the best performance to detect the different contamination zones and obtain the
most accurate model of the water quality of the water resource is the Enhanced GP-
based PSO based on the Epsilon Greedy method using the values of the coefficients
obtained in [15] and [35]. The algorithm that has the best performance in finding
the highest pollution peak is the Enhanced GP-based PSO with the data obtained in
[35]]. These results show that in order to solve multi-modal problems, such as detect-
ing the different pollution peaks, the focus of the algorithm must change during the
search process. From this, it is proposed as a future direction of research, the devel-
opment of a multi-modal informative path planning based on PSO for monitoring
tasks, where the focus of the algorithm will be in setting the appropriated values of
the PSO coefficient according to the mission to be carried out. This is different from
what is considered in the Epsilon-greedy algorithm that switch between exploration
and exploitation randomly.
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