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ABSTRACT

Cyanobacterial Blooms (CBs) constitute a relevant ecological and
public health problem since they often produce toxic metabolites
that endanger the lives of many species, and they prevent human
water consumption and recreational use. To determine the loca-
tions of CBs in lentic water bodies, we present a new planner based
on Evolutionary Algorithms (EAs) that optimizes the trajectory
of an Autonomous Surface Vehicle (ASV) equipped with a probe
capable of detecting CBs. The planner 1) exploits the information
provided by a particle transport simulator that determines the CB
distribution from the water currents and the inherent CB behavior
(in particular, its biological growth and vertical displacements) and
2) is supported by an EA that optimizes the mission duration, the
ASV trajectory length, and the contributions of each simulated
particle to the predicted cyanobacterial concentration along the
ASV trajectory. The planner also ensures the trajectory feasibility
from the ASV, probe, and water body perspective; and refines the
trajectory shape by increasing the number of the decision variables
during the iteration of an EA supported by usual NSGA-II opera-
tions. The results over different scenarios show that the planner
determines overall good solutions that adapt the ASV trajectory to
the evolution of CB distribution.
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1 INTRODUCTION

Fresh water is a fragile resource that must be frequently monitored
to guarantee that its quality is appropriate for human consumption
and recreational uses. The scarcity of good-quality inland water
bodies is due to many factors, such as misuse, pollution, and extreme
floods and droughts caused by climate change. The importance of
the problem, which also affects the life of the species around or
within the water body, is remarked by the sixth goal of the United
Nations 2030 Agenda for Sustainable Development [31].

Cyanobacterial Blooms (CBs) are a relevant ecological and pub-
lic health problem [20] because they can produce secondary toxic
metabolites, which put in risk the lives of many species, and the
drinking and recreational use of water. They can cause more prob-
lems, such as their accumulation in the treatment plants or the
reduction of the oxygen dissolved in the water. Hence, the new Eu-
ropean Directive on the Quality of Water for Human Consumption,
which came into force on January 2021, recommends adequately
monitoring freshwater bodies at risk of CBs [12]. To follow this
recommendation, the institutions responsible for Water, Health,
and Environment must use new tools that, with reasonable costs,
facilitate the early prediction and reliable detection of CBs.

However, it is not trivial to predict a CB’s location due to the
phenomenon’s complexity and the necessity to have sufficient data
to know, with adequate granularity, the water body conditions
[28]. This happens because 1) CBs involve biological processes
dependent on many factors (e.g., climate and meteorology, water
body morphology, and nutrients) and 2) CBs’ location/dispersion is
affected by water currents and their ability to move vertically (for
photosynthesizing near the water surface and capturing nutrients
at greater depths). Besides, traditional monitoring methods (e.g.,
taking water samples manually or automatically measuring water
parameters from the fixed stations of early warning networks) do
not provide enough information to determine when and where the
conditions that cause the CB occur.

An alternative to facilitate the detection of CBs is to ask an Au-
tonomous Surface Vehicle (ASV, a type of robotized boat) equipped
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with adequate probes to move to the “best” locations to take the
measurements. To achieve it, the ASV has to be equipped with a
self-driving system that incorporates advanced location, perception,
planning, guidance, navigation, and control techniques, especially
intended for each type of ASV mission [18]. In this context, this
paper presents a new planning technique for optimizing, before the
mission starts, the trajectory of an ASV intended for CB detection.

To develop this planner, the CB detection with ASVs is defined as
a multi-objective constrained optimization problem that is solved
with an Evolutionary Algorithm (EA). Previous works have fol-
lowed other bio-inspired approaches, usually focused on different
types of ASV water monitoring missions. For instance, when no
information about the pollutant distribution is available, the prob-
lem has been set up as a coverage problem and solved with Genetic
Algorithms (GA, [2, 3]). Otherwise, when the information to be
gathered in the regions of interest is relevant, it has been set up
as an information gain problem and solved with Ant Colony Opti-
mization (ACO, [33]) and Particle Swarm Optimization (PSO, [34]).
Besides, PSO and GA have been used to determine the trajectories of
multiple ASVs according to the water quality uncertainty modeled
with a Gaussian Process and updated with the new ASVs measure-
ments [16, 17, 22]. Finally, ACO has also been used to define the
best visiting ordering of the water monitoring points provided by
an operator [32]. Our EA-based planner differs from the previous
approaches, as it considers the CB concentration and distribution
obtained by a biological and physical simulator to simultaneously
optimize 1) the cyanobacterial concentration expected to be ob-
served with the ASV probes, 2) the ASV trajectory length, and 3)
the mission duration. Moreover, the planner is supported by a vari-
ant of NSGA-II [11] that sequentially increments the number of
decision variables that define the ASV trajectory to refine its shape
and accelerate/improve the results of the planner.

Besides, our approach is inspired by the EA-based planner for
generic pollutant detection presented in [8], diverging from it by
incorporating in the simulator/EA specific behaviors/objectives
of/for CBs, exploiting the multi-objective and constraint handling
mechanisms of NSGA-II, and including the trajectory refinement
process. Finally, and from a broader perspective, trajectory planners
for water monitoring with autonomous underwater vehicles are
reviewed in [21], EA-based approaches for applications related to
water resources are analyzed in [15], and NSGA-II is commonly
used for missions involving autonomous (or unmanned) vehicles
[13, 23-25, 29]. Our work is closer to this last group, although as
the type of mission, objective functions, constraint indicators and
trajectory encoding are different is not comparable to them.

2 PROBLEM DESCRIPTION

This section presents the main elements and variables of the prob-
lem, describes the models used to simulate the CB behavior, and
introduces the CB simulations used in this paper to test the planner.

2.1 Problem Elements and Variables

To efficiently determine when and where CBs are happening, our
approach sends a single ASV equipped with a probe of adjustable
depth to observe those locations where the simulation predicts that
these phenomena will occur.
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Figure 1: Relationships among the models

In other words, it determines the 3D trajectory of the probe
(s(t) = [sx(t),sy(t),sz(t)]), defined by the coordinates of the ASV
at the water body surface (sx (t), sy(t)) and the depth of the probe
(sz(1)), taking into account the spatiotemporal distribution of the
CB concentration (c(t,x,y,z)). To calculate this distribution, it
computes the 3D locations (pk(t) = [pfg(t), pg(t),plzc(t)] with
k € [1,..,Np(t)]) of a set of Ny(t) CB particles, taking into ac-
count their initial locations, their biological growth rate (A,), the
effect of the solar radiation at different depths (I(, z)) in the den-
sity of the particles (p;;(t)), and the steady state velocity of the
water flow uss(w) = [ussx (W), Uss,y (W), uss z(w)] at any location
w = [x,y, z] of the water body. Finally, it is worth noting that the
initial starting and ending points (s(fo) and s(t¢)) of the ASV tra-
jectory are fixed, and that the planner wants to make the mission
duration (t, — tp) and ASV trajectory as short as possible, as far as it
can observe areas of high cyanobacterial concentration c(t, x, y, z).

Besides, and for notation purposes, $(t) and §(¢) stand for the
ASV and probe velocity and accelerations, and u’lg (t) = pk (t) for the
velocities of the cyanobacteria particles. Finally, in some cases the
variable’s dependencies will be dropped to shorten the expressions.

2.2 Models and Simulation of the CB

In order to simulate the evolution of the distribution of the CB, we
combine/feedforward the results obtained by the group of biological
and physical models which are represented, in the order they have to
be invoked, in Fig. 1. In particular, to simulate the CB displacement,
we assume that the bloom is formed by a set of particles whose
locations are affected by the water-body domain, the fluid dynamics,
and CB flotability, this last dependent on the cells density and on
the luminosity reaching them. Besides, to simulate its biological
growth, we add or remove particles probabilistically, according to
a constant growth rate given by a Gaussian distribution. All these
models, except the fluid dynamics, are implemented in Matlab [19].

2.2.1 The Physical Domain. Itis given as a Computer-Aided Design
(CAD) model with multiple boundaries. For the examples in this
paper, we use a 3D domain that has a surface area (represented in
Fig. 2a) of 1.43 X 10° m? , a volume of 6.61 X 107 m3, a maximum
depth of 70.79 m, a top boundary for the water surface, a bottom
boundary for its bed, and side boundaries for its inlets and outlets.

2.2.2  Fluid Dynamics. They are modeled as in [8] using the Navier-
Stokes equations for incompressible fluids [6] and simulated using
COMSOL Multiphysics [9]. In particular, the fluid dynamics of the
water body in this paper are simulated, creating within COMSOL a
laminar and steady-state flow! model, importing the CAD file of
the water domain, and setting the fluid material to water. Next, a

IThis is reasonable for small time frames and slow moving water.



(a) Solution of the fluid flow
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Figure 2: Stationary fluid flow solution, light intensity during one day at varying depths, and variations on cell density

laminar inflow rate of 330 m®/s is imposed on the left-most inlet
and 600 m3/s on the other, sliding conditions on the water surface,
non-sliding on the bed, and laminar flow at null pressure on the
outlet. Finally, the model is sequentially refined and solved over
three meshes of increasing resolution. In the end, we obtain the
uss(w) schematized in Fig. 2a, using a blue-red color scale to depict
the flow velocity magnitude (in m/s) on the water body surface and
white stripes to show the streamlines, which correspond to 1) two
currents coming from each inlet and converging before heading to
the outlet (all marked in red); and 2) several slow-moving vortices
that can trap the particles instead of letting them exit the domain.

2.2.3 Density of the Cyanobacteria Colony (CC). We follow the
process in [1], outlined next, to calculate the density plg of each CC.
First, Beer-Lambert law [7] with a light attenuation coefficient
of 0.5m™1! is used to determine the light intensity I(z, t) at depth
z of the CC and time ¢ of the day?. This is represented in Fig. 2b,
where the top plot shows the light irradiance at the surface along
a typical day, the middle colored map the light intensity reaching
each depth along the day, the red dashed line in the colored map the
luminosity threshold Ij;,, (discussed next) for light/dark conditions,
and the right plot the maximal light intensity at different depths.
Next, the instant rate of change of the density of the cells pfel .
that form the CC is calculated using the Euler method and I(z, t),
which is related to the accumulation or release of carbohydrates
and which falls in one of two regimes. On light conditions (I(z, ) >
Ijim), the variation of pfe ;; isruled by I(z, t) and generally increases
the cell’s density (although it can also decrease it if the intensity is
too high). On dark conditions (I(z,t) < Ij;,), the change of pfe”

depends on pfe ;1 itself, decreasing faster at greater densities and not
going below a minimum value. Equation (1) models these behaviors,

_Ik
05D = pIe T +y

J k —

Epcell(t) - _aAPH (AP)
where « is the decay rate of cell density, § the normative factor
in cell density, y the mean rate of change in dark conditions, Iy
the photo-inhibition limit, I¥ = I(pX(t), t) the light intensity that
reaches the particle, A, = pk —Cp, Cp is the minimum cell density,

P cell PP

it 10 2l (g
if I(z,1) < L

and H(+) the Heaviside function. Figure 2c represents the variations

ZSince the light reaching the water surface depends on the time of day, season and
weather conditions.

in pi‘e ;; on light and dark conditions, which are respectively shown
against [ and pfe” on the top and bottom plots.

Finally, we obtain the CC density plg with Eq. (2), combining the
density of the cells with the density of the mucilage (a gelatinous
substance that surrounds the cells) and that of the air bubbles
formed by the oxygen released by the cyanobacteria,

pE(t) = (D) - neenn (1= ngas) + pmuc(1 = nens).  (2)

where ng.j; and ngqs are the proportion of the colony formed by
cells and gas vacuoles respectively, pmuc the density of the mucilage,
and k € [1,..., Np(t)] the particle index.

2.2.4 Biological Growth of the CC. We use a growth model where
the rate of change of the number of particles A, remains constant?.
In particular, on each simulation time-step and for each particle, a
random number rZ is taken from a Gaussian distribution N (pa, oa)
of mean yip (equal to the expected growth per time-step) and spread
op (inversely proportional to the time required to renew the popu-
lation of particles completely). Next, the number of particles to be
created or destroyed for each particle is obtained as

N,]few = trunc (rg) + sign (rg) H (sg < mod (|r§|, 1)) , (3

where sg € [0, 1] is sampled from the uniform distribution U/ ([0, 1]),
H(:) = 1 if the inequality holds and H(-) = 0 otherwise, and
trunc(-) is the truncation function that rounds the input towards
zero. When N,’few is a positive integer, new particles are created
around the parent, keeping the parent’s velocity and density; when
Nk, is a negative integer, the closest particles to the parent are
deleted; and when N, ., = 0 the number of particles remains un-
changed.

2.2.5 Cyanobacterial Transport. After obtaining ugs(w) and plg(t),
and applying the biological growth, the CC transport is simulated
with Eq. (4), which is similar to the force balance expression of [8],
except for the use of an additional random walk diffusion term and
of a changing p’lg () that induces the CC auto-vertical displacement,

k
1 du 18v, 3PfD
(1+5 p—_]’i) d_tp = (l+p—};)g+2—pkf (uss - u§)+5 p—j; %+DOVD,
Pp Pp dpPp Pp @

3This differs from other models such as [26], which consider that Ap depends on the
nutrient concentration and the water temperature.
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Figure 3: Physical simulations

where py is the water density, g the gravitational acceleration
vector, v the kinematic viscosity of the fluid, dp the particle diameter,

operator % = % + (u’; . V) the time derivative along the trajectory

of a particle, % = a% + (uss - V) the convective derivative along
the path of the fluid, Dy the diffusion coefficient, and rp a random
3D vector taken from a Gaussian distribution of mean [0,0,0] and
standard deviation [1,1,1].

To simulate this model, we consider that there are Np (t) CC par-
ticles respectively placed at pk(t) and use the explicit Euler method

duk
to integrate the acceleration of each particle d—t”, obtained with Eq.

(4) from the previous time step’s velocity ulg(t) and CC density p’g,
and steady-state fluid velocity ugs. This operation returns the new
particle velocity ulg (t + At), which is integrated again to obtain the

new position p¥ (¢ + At) of the particle?.

2.2.6 Concentration of CC. In this stage, a Gaussian function is as-
signed to each particle with a standard deviation o¢ = [0¢,x, ¢y, Oc,z]
1 such that the integral of

(ZH)S/ZUc,xO'C,yO'C,z
each Gaussian is equal to one and represents the probability of
detecting each particle. Next, and according to Eq. (5), we calculate
the concentration of CCs at a given point and time by adding up
the Gaussian functions of each particle.

and an amplitude A, =

Np(t)

(a- k)
c(x,y,2,t) = Z Ac exp d
k=1

2 T | @

de{x,y,z} c,d

2.3 CB Evolution in the Scenarios under Study

Using the fluid flow summarized in Fig. 2a, we set up and simulate
three different scenarios to obtain the CC concentrations c(x, y, z, t)
that will be later used to test the planer in Section 4. In the following,
we first detail the particularities of each scenario and afterwards
we present their common characteristics.

Simulation A. It contains 500 initial particles, whose initial po-
sitions pk (to) are sampled according to a Gaussian distribution®
centered at the flow vortex placed at [0, 0, —2] m and with a standard
deviation of [25, 25,0.5] m.

4We also consider that our water body surface boundary supports the horizontal
sliding and sinking of the particles (to prevent them from coming out of the water),
that the outlet boundary is transparent and lets the particles exit the domain; and
that the remaining boundaries are non-sliding boundaries (forcing particles that reach
them to remain immobile unless they separate from them).

SParticles outside the water body are re-sampled to make them start at valid locations.

Table 1: Fixed parameters of the simulations

Parameter | Value Parameter | Value

At 60s Ngas 5%

a 4.7x107%s7! Pmuc 998 kg/m®

B 1.5%1073 s2/m3 pr 1000 kg/m?

% -8.3x103kg/m3s || v 2.5x107*m?/s
Cp 1010 kg/m® dp 8x107*m
Liim 5.75 W/m? Do 1m/s?

I 146.43 W/m? oc [25,25,0.5] m
Meell 10%

Simulation B. It uses the same distribution as in Simulation A to
sample 250 particles, and another Gaussian distribution centered
at the second vortex (placed at [230, —365, —2] m) with a standard
deviation of [25, 25, 1] for the remaining 250 particles.

Simulation C. It contains 500 particles sampled from a Gaussian
distribution centered at the inlet of the lake placed at [-930,—400,—1]
m with a standard deviation of [25, 25, 0.5] m. This situation makes
the particles follow the rapidly-moving main current of the lake.

In the three scenarios, the initial pk are set such that the parti-
cles are neutrally buoyant after computing the CC density using
Eq. (2). The rest of the parameters used for these simulations are
displayed in Table 1. Finally, Fig. 3 shows with a color scale, the CC
concentration integrated over the water column and averaged over
a period of three days in Simulations A and B, and one day in Simu-
lation C. The yellow areas represent columns of high concentration,
while the blue areas show columns of low or null concentration.

3 EA FOR PLANNING ASV TRAJECTORIES

This section presents the main features of our planner. With that
purpose, it briefly describes the encoding of the 3D trajectories (di-
rectly manipulated by the EA) of the ASV and the probe; introduces
the objective and constraint functions used to evaluate them; and
presents the main steps of its supporting EA, which optimizes the
3D trajectories while successively refining its encoding.

3.1 Trajectory Encoding

The 3D trajectories s(t) optimized by EA-based planners (which,
in our case, define the ASV surface location and probe depth) are
often codified with splines curves, as they help EAs to determine
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continuous smooth trajectories easy to follow by a vehicle [27].
Besides, the range of characteristics of the curves of this family
allows for selecting the best type for each problem.

We use a 3D interpolating cubic cardinal spline [30], with a zero
tension parameter and Ny segments, which is built by fixing the
position of the first and last nodes (i.e., of the start and ending
points of ASV trajectory s(t)) and by fixing to zero the initial and
final velocities (to have a trajectory that starts and ends with the
ASYV at rest). We also let the planner set the position and timings of
all intermediate nodes and the last node’s temporal parameter to
optimize the trajectory and mission duration. Since each node is
defined by its x, y, z, and ¢ coordinates, and, of those, the first node
is completely fixed, and the last node only accepts variations in
time, this type of spline can be codified by 4- (N —1) +1 continuous
variables. Finally, although s(t) is a continuous function over time,
it is discretized at periodic time steps (i.e at t = tj = to + j - Ts, with
Ts = sup( t“lgfo , teL;t") and L the length of s(¢)), in order to evaluate
some criteria of the EA.

3.2 Evaluation Criteria

This section describes the Constraint and Optimization Functions
(CFs and OFs) used by the EA to grade s(¢) and determine which of
the solutions of the population should survive and be manipulated
to define a 3D probe & ASV trajectory that efficiently explores the
water body. Note that to gain space for presenting the novelties
of this work we explain in greater detail those functions specially
developed in this planner for evaluating s(¢) according to its capa-
bility to facilitate the detection of CBs. Finally, also note that the
CFs, as stated in this paper, return their violation degree (i.e., how
far off they are from being fulfilled).

3.2.1 Maximal Mission Duration CF. It is used to check if the ASV
is performing the mission in the allowed time Tpnjssion-

CF; = SUP(O, te —to — Tmission) (6)

3.2.2 Maximal ASV Velocity CF. It checks if the horizontal ASV
velocity (obtained by evaluating the derivative of the spline at
tj € [to : Ts : te]) relative to the fluid flow is lower than the
maximal allowed ASV speed vy,4x 1,

CFz = sup (0, sup (”sH(tj) - uss,H(tj)”) — Umax,H | > (7)

ti€(ty:Ts:te ]

where sg(t) = [sx(t)asy(t)], Uss,H = [uss,x(ws(t)):uss,y(ws(t))],
and wg(t) = [sx(t),sy(t),o].

3.23 Maximal ASV Acceleration CF. It checks if the horizontal
ASV acceleration with respect to the fluid flow is held within the

symmetric interval [—amax.H, @max,H]-
) - amax,H)

®)

3.24 Maximal ASV Curvature CF. It checks if the horizontal un-
signed curvature of the ASV trajectory is kept under the allowed

Duss,H(tj)

8u(tj) - Dr

CF3 =sup |0, sup (
tj€[ty:Ts:te ]
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curvature K;gx-

[$x (£))54 (1)) = $4(£)3x (2))

(S}zc(tj) +S’§(fj))3/2

CF4 =sup|0, sup
tj€[to:Ts:te ]

— Kmax

©)

3.25 Maximal Probe Velocity CF. The probe vertical velocity is
also constrained under v;;,45 v to fulfill its mechanical requirements.

CF5 =sup |0, sup
tj€[ty:Ts:te ]

(|§Z(tj)|) - Umax,V) (10)

3.2.6 Maximal Probe Acceleration CF. The vertical acceleration of
the probe is constrained too within the range [~a 4y, v, amax,v]é.

CF¢ =sup |0, sup
tj€[ty:Ts:te ]

(|52(t])|) _amax,V) (11)

3.2.7 Spatial Domain CF. It checks if the probe is contained within
the boundaries of the spatial domain, which is smaller than the
water-body domain, for the following reasons. On the one hand, we
limit the depth to the range [—15, 0] m due to account for the probe
mechanism’s reach and to reduce the surface area of the water body
to ensure that the probe can reach its final location without getting
captured in the lake shores. On the other hand, our planner also
supports non-navigable areas, defined as boolean functions that
take an [x, y] position as input and return a positive number if the
area is navigable and a negative number otherwise. In particular,
this CF accounts for the length of s(#) that is out of the allowed
domain (which is defined between the #;_; and ¢; instants in which
s(t) intersects’ with the boundary limits).

> "ol de (12

1=1:2:Ninster -1

CF7 =sup| 0,

3.2.8 Minimizing the Mission Duration OF. 1t is included in the
planner to make the ASV perform the mission as soon as possible.

min OF; = (te — to) (13)

3.2.9 Minimize the Total Trajectory Length OF. 1t is used in the
planner to avoid unnecessary ASV displacements.

te
min OF; = L = (/t ls(E)l dt) (14)

3.2.10 Maximize the Maximal Contribution of each Particle to the
CC Concentration along the trajectory OF. The aim of this OF is
to guide the ASV and the probe to traverse regions with high CC
concentration c(x, y, z, t). We have observed that functions that
directly rely on this variable, such as the mean or the integral of
the concentration along the trajectory, tend to get over-focused
on the point of highest concentration for the maximum allowed
time and disregard other regions of interest that also have a high
concentration. Hence, for exploration purposes, we relate this OF
to the maximum contribution of each particle to the concentration
at any point along the trajectory, since spending more time in the

®Hence CF,, CF; and CF are used to check if s(¢) is feasible from the point of view
of the ASV maneuverability, and CFs and CF if it is feasible for the probe mechanism.
7 An approach to determine these intersections efficiently is already presented in [8].
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same region provides only marginal improvements as long as there
are still particles to be detected that can contribute to the OF if the
ASV approaches to them.

Np(2) (sd(tj) —p’;(fj))z

max OF3 = Z sup
k=1 ti€ltoTs:t.]

Ac exp Z - oo?

de{x,y.z} cd

(15)

3.3 Evolutionary Algorithm

The EA that determines the best control points of the 3D spline
curve followed by the ASV & the probe to detect the CC is imple-
mented in Matlab and schematized in Algorithm 1. From lines 2 to
13, it implements the usual steps of NSGA-II®, and from lines 14 to
20, the additional steps that carry out the trajectories refinement.

3.3.1 Population generation. Each trajectory of the population is
defined by sampling the values of the extreme times of s(#) and of
its interior control points ¢! and times ¢!, from uniform distributions
of different ranges: ci. and Clil are limited by the extremes of the
water body, ¢, by the [~15,0] m probe range, and t* by [0, Tjnax].
We also sort and slide the whole time vector by decreasing all their
values by ) — tg"issmn to make the initial trajectory time ty equal
to the starting mission time tg‘i“io”. This process initializes the
first population and brings N; new solutions (immigrants) to all the
generations of the algorithm.

3.3.2 Solution Evaluation. This phase evaluates the parameters
associated with each individual of the population, including the
CFs, the OFs, the Pareto front index, and the crowding distance [11].
For the evaluation of the Pareto fronts, any individual that meets
the constraints (i.e. that has all CF; equal to zero) dominates any
solution that does not. When none of them meets them, the Pareto
domination is determined based on CFs, and when all of them do
it, it is based on OFs.

3.3.3  Parent Selection. It creates N, pairs of candidate solutions,
half of them selected to become parents using binary tournament
[14], by comparing (as NSGA-II [11] proposes) their Pareto front
index and, when the index are equal, their crowding distance.

3.3.4 Crossover. First, according to a crossover probability peross,
we decide if each pair of parents undergoes a mating step or be-
comes a pair of children directly. Next, mating pairs are crossed
using a two-point crossover’. Afterward, we sort the time values
of each child, and when a child has two equal time values, one of
them is averaged with the previous.

3.3.5 Mutation. A few genes of the children are 1) randomly sam-
pled from a uniform probability of mutation p,; that is inversely
proportional to the number of decision variables, and 2) incre-
mentally modified according to the displacement sampled from a
Gaussian distribution with zero mean and standard deviations of

8 Although many EAs have been developed after NSGA-II [11], this technique is often
and still used in trajectory planners due to their good results in different types of
problems involving unmanned vehicles [13, 23-25, 29].

The selectable cutting points make the information of the whole control node go to
the same child.
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Algorithm 1: NSGA-II based planner

Input: Dom, Water and NNZ Domain

Input: ¢(x, y, z, t), Estimated CC evolution

Input: [N]‘Z, N]‘i"d], Range of spline segments in s(¢)

Input: N, Population size

Input: N, Number of children

Input: pyoper, Probability of crossover

Input: Ny, Number of generations

Result: pop, Population of solutions, sorted in Pareto fronts

Result: val, CF and OF values of pop, and their front index
1 Nf « N}
2 pop « GeneratePopulation(Ny, N5, Dom)

3 val « Evaluate(pop,c(x, y,z t), Dom)

4 Nj < Ng— N, // Number of immigrants
1

5 Pmut < GNp-DD

6 fori e [1,..,Ny] do

7 parents «— ParentSelection(pop, val, N;)
8 children « Crossover(parents, pxover)
9 children <« Mutation(children, pmuz)
10 immigrans « GeneratePopulation(Nf, Nj, Dom)
11 newpop «— [children;immigrants]
12 newval «— Evaluate(newpop, c(x, y,z,t), Dom)
13 [pop, val] « Recombine(pop, val, newpop, newoal)
14 if RefineConditionsMet(pop, val) then
15 Nf < Np+1
16 Pmut < m
17 pop «— Refine(pop)
18 val < Evaluate(pop, c(x, y,z,t), Dom)
19 end
20 end

c)ic = ciy =200 m, c; = 2 m, and 2000 s for the times. Afterward, the
time vector is sorted and slid to equal its first value to t(')"iSSio".

3.3.6  Recombination. The old population (pop) and the one that
includes the children and the immigrants (new) are merged and
sorted according to NSGA-II recombination approach, maintaining
fixed the size of the population Nj.

3.3.7 Stop Condition. The algorithm ends when the maximum
number of generations N has been reached.

3.3.8 Refinement. This process adds a new node to the trajectory
spline s(t), increasing by one the number of segments Ny. The
new node is added at the trajectory point where the cyanobacterial
concentration c(x,y,z,t) is highest as long as no other node is
closer than 150 s in the time coordinate. The Ny generations are
divided evenly in NJ‘i"d — N%+1 periods and the refinement process
is executed at the beginning of each period (except the first) such
that each of the periods optimizes a level of refinement (splines
with different Np).

4 RESULTS

In this section we complete the characteristics of the three sce-
narios of the paper, show some illustrative results, and perform a
comparative analysis of the algorithm with and without refinement.
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4.1 Scenarios under Study

Three scenarios are presented in this paper, each one defined by
a CC concentration c(x,y,z,t), a pair of initial and final trajec-
tory locations s(t) and s(t,,4), and a mission start time ¢/5i0%,
The other mission parameters are shared: the maximal horizon-
tal and vertical velocities v,qx H = Umax,v = 1m/s, the maximal
horizontal and vertical accelerations a,gx, H = Gmax,v = 0.1m/ s2,
the maximal curvature K;uqx = 0.2m™%, and the mission duration
Tmission = 3h. Besides, in addition to the safety margins to the
shore and the vertical probe range discussed in Section 3.2.7, a
recreational area, on the right side of the lake, is set off limits.

Scenario A. It uses Simulation A, where concentration c¢(x, y, z, t)
is gathered in a single area and does not change much over time. Its
main difficulty lies in fine-tuning the trajectory such that it follows
bands of high concentration within the general area of the CB. Both
extremes of s(t) are placed at the same point ([-750, —600, —0.1]
m) on the left of the lake, and the start time tg”issmn = 65 h after
the start of the simulation. Representative solutions obtained by
the planner for this scenario are shown in Fig. 5a.

Scenario B. It uses Simulation B, which has two areas with high
cyanobacterial concentration. The planner needs to adjust the tra-
jectory so that both are visited in a direct and timely manner. To
reduce the ASV displacement time during the mission and to show-
case that the initial and final points can differ, the initial trajectory
location s(#p) is set in the north of the map at [380, 100, —0.1] m,
while the final location is set in the south at [-100, =450, —0.1] m.
Finally, t(’)"i“i"” = 54 h. Figure 5b shows representative solutions.

Scenario C. It uses Simulation C, where the particle positions
change fast while they follow the main current of the flow, providing
a challenge for the planner to adjust the temporal variable and
handle the velocity constraint. The ASV initial and final locations
(placed closer to the CB at [300, —550, —0.1] m) coincide again and
t(’)"i”i"” = 6 h. Figure 5c shows representative solutions.

4.2 Planner Configurations

For all the scenarios, the planner is configured with a population
of 100 individuals (Ns) and 90 children (N¢). It is also run over
500 generations (Ny), and the crossover probability pxover = 80%.
Regarding the remaining parameters, for comparison purposes, two
variants of the algorithm are executed for each scenario: one with
refinement (called V1 herafter) starting with 5 spline nodes (Nj(g =4)

and ending with 12 nodes (Njf"d = 11), and one without refinement

(V2) that starts and ends with 12 nodes (Njg = Nji”d =11).

4.3 Comparative Analysis Description

Due to the stochastic nature of the NSGA-II, we characterize the per-
formance of our planner for each scenario by statistically analysing
[5] the results obtained by 120 executions of each variant of the
algorithm (V1 and V2) during its 500 running generations'®.

To compare the performance of V1 and V2, the versions of the
planner with and without refinement the best value of each OF is
extracted from the population for each execution and generation.

19To be able to reconstruct any solution of the planner and perform the statistical
analysis, we keep a log of the decision variables of the entire population for for each
variant, execution and generation.
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The best Pareto front at each generation is also extracted to calculate
the HyperVolume Estimation (HVE) as in [4], using for the Monte-
Carlo samples the ranges [0, T,’n",iffi""] for OFy, [0, 104] for OFa,
and [0, A¢ sup; (Np(t))] for OF3. The mean of these variables over
the 120 executions and the 95% confidence interval are represented
for each scenario in the four top plots of Fig. 4 using a colored line
and share area (red for V1 and green for V2) against the execution
time!!. As HVE and OF3 are subject to maximize, higher is better for
them, while the opposite is true for OF; and OF,, which are subject
to minimize. Each plot also includes blue vertical dashed lines when
a refinement was made in V1. The bottom plots represent in a color
map the percentage of the runs of V1 (top row) and V2 (bottom
row) that have obtained at least one solution that meets all CFs at
every 10 generations of the algorithm (using green when all runs
have found feasible solutions).

Finally, for each scenario and planner variant, the solution of
the final generation with the best value of OF; is selected (accord-
ing to the operator preferences) and represented d in Fig. 5, using
three different plots for each scenario. The one on the top shows a
map of the lake, and the color scale represents the average CC con-
centration on each water column throughout the longest mission.
The white line denotes the limits of the navigable zone (with the
recreational area on the right), and the red/green line represents
the horizontal components (sx (t), sy (t)) of the solution correspond-
ing to V1/V2. The beginning of the trajectories is marked with a
cross and the end with a circle, while the nodes of the spline are
represented with dots. On the bottom two plots, we represent in
the vertical axis the vertical component (s;(t)) of the previous two
horizontal trajectories using the same markers as before, while the
time since the mission start is represented in the horizontal axes.
In this case, the color scale shows the CB concentration at different
depths on the water column under the ASV.

4.4 Discussion

Figure 4 shows that the refinement included in V1 can significantly
speed up the search and improve the solutions found by our planner.
In particular, it displays how HVE, OF;, OF; and OF3 obtained by V1
improve more and converge faster than their counterparts from V2.
Besides, the feasibility plots show that V1 finds feasible solutions
at all its runs almost instantaneously (which allows to improve OFs
quickly from the initial generations), while V2 takes longer to find
feasible solutions (improving later and much slower the OFs).
The solutions displayed in Fig. 5 illustrate similar facts. The
representative trajectory found by V1 (in red) ends significantly
quicker, is more direct, and tracks better areas with higher CB con-
centration. On the contrary, the trajectories found by V2 (in green)
have more room for improvement since significant portions are
superfluous and could be eliminated without negatively impacting
the quality of the measurements taken during the actual missions.
Figure 5 also shows that the goals set for each scenario are met
by V1. In Scenario A, the ASV trajectory adequately adjusts to the
center of the bands of lower CB concentration and does not spend
useless time in high-concentration areas. In Scenario B, the ASV
visits both areas of high concentration with a direct, quick route.

! The computation times are obtained when the planner is run in Matlab R2019a and
executed inside an Intel Core i7-6700HQ CPU (2.60 GHz) with 16 GB of RAM.
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And in Scenario C, the ASV captures the fast-moving CB areas
without going into the non-navigable zone when the CB enters it.
In short, in all the scenarios, the planner finely adjusts the probe’s
vertical position to capture the CBs during their vertical migration.

5 CONCLUSIONS

This paper presents an EA-based planner for ASV missions in lentic
waters that generates trajectories defined by splines that simultane-
ously optimize three objectives: the mission duration, the trajectory
length, and the CB concentration along the ASV trajectory. To
this end, the planner optimizes the spline nodes with NSGA-II (a
proven multi-objective optimization method in path planning) and
is supported by a physical simulation of the evolution of the CBs.
Restrictions added to the planner ensure the feasibility and safety
of the trajectory from the perspective of the ASV and the onboard
sensor. Finally, it is worth noting that the planner includes a refine-
ment operator that periodically increases the number of decision
variables and helps it to find overall good solutions quicker than
when the operator is disabled.

Although the results obtained with the planner already prove
its capability to get overall good trajectories, there is still room for

improvement. In particular, a convergence check could be added to
the algorithm, to be used as a stop condition and to determine when
to perform the refinements. We have to explore also the effects of the
parameters on the solution; and the use of different kinds of splines,
mutations, placements for the refinement nodes, objective functions
related to the CB concentration and EA optimizers (e.g. NSGA-III
[10]). Some improvements could also be made to the simulator,
such as taking a Monte Carlo approach or using continuous media
methods for the simulation.
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