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Abstract

Autonomous surface vehicles can support water-quality monitoring, but they require
planners that place measurements where they most improve the environmental estimate
under mission constraints. This paper proposes ACO-Path, an informative path planner
that couples Ant Colony Optimization -Ant System- with online Gaussian Process mapping.
During the mission, the Gaussian Process updates a mean or contamination map and a
variance or uncertainty map, from which dynamic action zones are derived and used to
guide an explicit explore then exploit policy. The method is evaluated in a simulated water
resource monitoring scenario inspired by Lake Ypacarai, considering three exploration
distances and two heuristic weights. In a comparison against five baseline planners, ACO-
Path achieves the lowest hotspot error, Errorpeac = 0.19896 + 0.39400, while remaining
competitive in global reconstruction, MSEmap = 0.00144 + 0.00348, R? = 0.96066 + 0.09861.
In addition, a turning analysis based on the absolute heading change between consecutive
segments |Ax| shows that ACO-Path produces smoother trajectories, with fewer sharp
turns |Aa| > 45° than counterpart baselines under the same mission constraints.

Keywords: ant colony optimization; autonomous surface vehicles; Gaussian process;
informative path planning; water monitoring

1. Introduction

The decline in water quality across oceans, rivers, and lakes stems from pressures
acting at multiple scales: diffuse nutrient inputs from agriculture, urban and industrial
effluents, emerging contaminants, and climate forcing that intensifies hydrometeorological
extremes [1,2]. In this context, global assessments that integrate land use, hydrology,
and water quality show that clean-water scarcity triples when pollution is included in
availability models, reshaping management priorities across thousands of sub-basins [3].

Among emerging contaminants, microplastics have shifted from a surface issue to
a full water-column problem: a synthesis of 1885 vertical profiles (2014-2024) reports
concentrations from ~10~* to 10* particles per m> and vertical patterns driven by particle
size, density, and mixing dynamics evidence that surface only sampling is insufficient [4].
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As a result, there are direct effects on organisms and ecosystems: many marine species
mistake these particles for food, leading to contamination risks and adverse impacts that
propagate through food webs.

Another driver of degradation is acidification, which reflects a sustained chemical
alteration of the water. The ocean absorbs CO, which, once dissolved, forms carbonic
acid, lowers pH, reduces carbonate ions (CO%‘), and decreases the saturation state of
calcium carbonate (CaCOs), making calcification more difficult [5]. The outcome is not a
single “toxic” substance but a more corrosive habitat for corals, mollusks, and calcifying
plankton, with documented effects on growth and larval survival [6] as well as increased
shell fragility [7], with knock-on consequences for food webs and fisheries [8].

In parallel, harmful algal blooms (HABs) have intensified since the 1980s, with a 44%
rise when comparing the 2000s to the 2010s across multiple regions, driven by nutrient
surpluses linked to urbanization, wastewater, agricultural expansion, and stratification [9].
This trend calls for early warning systems and continuous observing networks. Docu-
mented cases include cyanobacterial blooms in Lake Taihu (China), with recent analyses
of environmental drivers [10], recurrent events in Lake Erie (USA) associated with cyan-
otoxin risks [11], and episodes in Lake Okeechobee (USA) linked to nutrient management
and releases to urban estuaries [12]. In South America, Lake Ypacarai (Paraguay) shows
eutrophication and cyanobacterial proliferation under watershed pressures, with environ-
mental and social impacts [2]. Overall, these examples underscore the urgent need for
efficient, continuous water-quality monitoring capable of informing timely environmental
management and policy decisions.

Given this urgency, the 2030 Agenda of the United Nations prioritizes clean water and
sanitation (SDG 6), promoting comprehensive and consistent monitoring methods to sup-
port sustainable management practices [13]. However, traditional monitoring approaches,
such as fixed laboratories and manual sampling, have persistent limitations: high operating
costs, limited spatial coverage, staff exposure to hazards, and inflexibility [14].

To address these limits, autonomous surface vehicles (ASVs) have emerged as a robust
option in recent years [15,16]. Equipped with specialized sensors, ASVs enable real-time
data collection and adaptive environmental monitoring while reducing human exposure.
Within the ASV system, Informative Path Planning (IPP) is a key component: it generates
trajectories dynamically from collected data to maximize information under energy, time,
and sensor constraints [17].

In recent IPP literature, deep reinforcement learning (DRL) has been used to learn
adaptive sensing and monitoring policies that can be executed online after an offline
training phase, which is useful under partial observability. Among recent applications,
ref. [18] proposes an adaptive IPP approach that combines tree search with an offline-trained
neural network to predict informative sensing actions. In simulation, the method matches
benchmark performance while reducing computing time, and it is additionally validated
with real surface-temperature data. In a related direction, ref. [19] presents a framework
in which UAVs autonomously acquire training images to retrain semantic segmentation
models, reporting performance gains and reduced labeling effort when compared against
local planning baselines.

More generally, DRL-based IPP has also been studied with action-space design mech-
anisms that keep online decision-making tractable, such as constructing a local graph
online to restrict available actions while supporting replanning [20]. A broader synthesis of
learning-based adaptive IPP methods, including common design choices and open issues
such as scenario coverage and transfer validation, is provided in [21].

For aquatic monitoring, the work [22] combines local Gaussian Processes (GPs) with a
DRL policy that conditions its decisions on the posterior mean and variance through an
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information-gain reward. Safety and coordination are handled through a consensus-based
heuristic, and the reported results show lower estimation errors compared to alternative
monitoring approaches. A related line of work, ref. [23], formulates continuous water-
quality patrolling as a partially observable Markov game for Lake Ypacarai and adopts a
multi-agent deep Q-learning setup with a shared policy for homogeneous ASVs. In that
formulation, exploration and intensification are treated as separate phases, and a transition
variable controls the shift toward prioritizing highly polluted areas while maintaining
revisit behavior.

Swarm-intelligence planners have also shown promise. AquaFeL-PSO [16] combines
Particle Swarm Optimization (PSO), federated learning, and Gaussian Processes (GPs) as a
surrogate model in two phases: exploration to estimate an initial model and exploitation
that partitions the search space into action zones to refine hotspots. In a case study,
the planner achieved a 300% improvement in water-quality modeling and about 4000% in
peak detection. In [24], the authors present a hybrid HGWO-PSO planner that blends Gray
Wolf Optimization (GWO) for exploration with PSO for exploitation in static environments.
Validation across four obstacle-rich scenarios for a mobile robot shows shorter paths than
PSO, GWO, and other heuristics algorithms.

Within Ant Colony Optimization (ACO)-based path planners, several recent contri-
butions stand out. Ref. [25] introduces MACOGA, which uses ACO to propose feasible
routes and an enhanced Genetic Algorithm (GA) to refine them, incorporating pheromones
and heuristic factors with adaptive probabilistic crossover /mutation and a reconnection
step to ensure length and smoothness. Across six grid models of different sizes and
complexity, MACOGA attains shorter paths and planning times, with 100% success in
relatively complex settings. In turn, ref. [26] proposes ADL-ACO (two layers) for dynamic
planning and ADWA for real-time obstacle avoidance: the first speeds convergence and
improves global search via adaptive parameter tuning, and the second refines length, num-
ber of turns, safety, and smoothness using segmented B-splines. In an industrial context,
ref. [27] integrates ACO with Bayesian Optimization (BO) to tune critical parameters and
prioritize high-demand regions on CAD-derived maps, improving coverage and reducing
waste. For multi-vehicle adaptive ocean sampling, ref. [28] presents V-ACO, which cou-
ples Voronoi partitioning (with tournament selection) and a modified-heuristic ACO to
generate collision-free trajectories under mission time, inter-vehicle spacing, and obstacle
constraints. Simulations maximize data collection in high-interest regions, and field tests
confirm practical feasibility.

In summary, IPP with autonomous vehicles has advanced in quantifying uncertainty
and adopting adaptive replanning. Even so, most ACO-based planners remain focused
on global/local path planning and do not integrate an informative map derived from
water-quality models to guide sampling. Consequently, current ACO approaches remain
disconnected from predictive models that use uncertainty information to guide exploration
and contamination data to drive exploitation.

To address this gap, this work proposes the ACO-Path, an IPP method that combines
ACO with a GP as an online surrogate model of the WQPs and maintains an exploration—
exploitation logic through dynamic action zones. The GP is updated online with ASV
measurements and provides two outputs: the posterior mean (contamination map) and the
posterior variance (model uncertainty). Building on the notion of action zones introduced
in AquaFeL-PSO [16], ACO-Path defines operational regions from the GP models to steer
where ASVs are more likely to transit: high-variance zones promote exploration by densify-
ing sampling where knowledge is weak, while high-mean zones promote exploitation by
characterizing hotspots.
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This paper is presented as a proof of concept for using ACO as the backbone of an
IPP strategy in a multi-ASV setting. In this design, the GP updates the action zones and,
through them, the set of admissible candidate locations, while ACO optimizes the route
within that set. To keep the contribution focused, the ACO component is kept simple by
adopting the classical Ant System as the baseline ACO variant [29,30]. More recent ACO
variants could be incorporated within the same framework as a follow-up step, but they are
not the objective of the present study. The case study is based on the Lake Ypacarai scenario.

In contrast to DRL pipelines that require extensive training data and careful validation
to ensure transfer across scenarios, the present work keeps the planner training-free and
uses the GP only to update the action zones and, consequently, the set of candidate locations
that ASVs can visit.

The main contributions of this work are as follows:

* A new informative path planner that integrates Ant Colony Optimization (Ant Sys-
tem) with an online Gaussian Process (GP) updated throughout the mission, so that
waypoint selection is driven by both the estimated contamination (GP mean) and the
associated uncertainty (GP variance). The resulting trajectories are smoother, which
can reduces the burden on the low-level controller and also lower energy demand
during execution.

* A GP-driven action zone construction that translates the mean and variance maps
into candidate sampling regions and implements an explore then exploit policy: early
decisions prioritize uncertainty reduction, and later decisions focus on informative
(potential hotspot) areas using a combined criterion.

This paper is organized as follows. Section 2 formulates the monitoring problem
and summarizes the operational assumptions. Section 3 presents the methodological
foundations of the proposed IPP approach. Section 4 introduces ACO-Path, the proposed
IPP. Section 5 describes the simulation setup, ground-truth generation, evaluation metrics,
parameter settings, and experimental results. Section 6 discusses the main findings and their
implications. Finally, Section 7 concludes the paper and outlines directions for future work.

2. Problem Formulation

The goal of the monitoring mission is to recover a reliable spatial model of a WQP
over the water body. Each ASV p in the fleet carries a WQP sensor S. In this study, the task
is single-objective, so S = 1, and each observation is a scalar measurement m;, of the target
variable. For simulation, a ground truth of the WQP y(x) is defined over planar coordinates
x = (x,y). During the mission, the ASVs collect M measurements, stored as values M with
their sampling locations Q. Given data (Q, M), a regression model produces an estimate
model of the WQP of Lake Ypacarai §(x):

9() = y(x). ©)

The optimization objective is to minimize the discrepancy between the estimated
model 7 and the ground truth ¥ under a mission-length budget. Using mean squared error
(MSE) over a set of evaluation points {x;}Y ;, and constraining the average path length per
vehicle by a maximum distance dmax, the problem is

1(y(x1) 9(xi)) ®

maxr

min f(x) =

s.t. disty, <

z|=
=

QU

where dist), is the path length traveled by ASV p.
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Assumptions

Assumption 1. The lake surface is discretized as an occupancy grid R € {0,1}"*", where
cell Ri,j = 1 denotes navigable water (black grids) and Ri,j = 0 denotes land, restricted areas,
or obstacles (white grids). ASV's may only visit cells with value 1. The grid resolution is denoted by
A (Figure 1).
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Figure 1. Occupancy grid for Lake Ypacarai; black cells are navigable.

Assumption 2. ASV motions are synchronized. During execution, each vehicle relies on an on-
board local path planner to avoid obstacles and prevent inter-ASV collisions, applying short-range
corrections while tracking the nominal path provided by the IPP. Initial positions are placed at piers
or clear shoreline areas to ensure immediate access to navigable water and to start the mission with
safe separation.

Assumption 3. The vehicle mission is constrained by both mobility and autonomy. The ASV speed
is bounded by a maximum value vmax, and the mission length is enforced through a maximum
traveled distance per vehicle, distmax.

Assumption 4. Vehicles communicate reliably with a central server (no dropouts are considered).
The coordination is centralized.

Assumption 5. The physico—chemical variables (pH, temperature, conductivity, turbidity) are
assumed to vary smoothly enough for GP interpolation. Sensors are calibrated. The measurements
are treated as noise-free at this stage. ASV's sample in real time and send data to the server, which
updates the GP map as new data arrive.
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3. Methodology

This section introduces the methodological components used to build the proposed
IPP: the Ant Colony Optimization algorithm, the Gaussian Process model, and the action
zone construction adopted from AquaFeL-PSO.

3.1. Ant Colony Optimization

ACO is a metaheuristic inspired by the foraging behavior of ants, in which a popula-
tion of simple agents builds candidate routes on a graph while exchanging information
through virtual “pheromone” trails [30]. In path planning form, nodes represent feasible
waypoints and edges represent admissible motions between cells. Artificial ants traverse
the graph to construct collision-free paths while the colony biases future moves toward
promising edges [31].

Ant System (AS) is the first algorithm in the ACO family, introduced by Dorigo,
Maniezzo, and Colorni in the early 1990s [31]. In this work, the Ant System (AS) formulation
is used as the baseline ACO variant. AS provides a standard and widely studied update
rule, allowing the evaluation to focus on the proposed IPP mechanism and its coupling
with the GP-based field model.

Each ant k builds a path step by step. When the ant is at node i, it chooses the next
node j from the admissible neighbor set Ny (i) according to the probabilistic rule [29]:

Y ()P
pz(]k) — (Tl]) (77;]) 5 foerNk(i). (3)
Y. (Tn)” (nn)
hGNk(i)

Here, 7;; is the pheromone level on edge (i, j); 77;; is a heuristic value (e.g., 7;; = 1/d;;
for distance-minimizing objectives); a controls the influence of pheromone and § the
influence of the heuristic. Setting @ = 0 yields a purely heuristic (greedy-biased) policy,
whereas f = 0 produces a purely pheromone driven policy that risks premature stagnation
if one pattern is reinforced too early [31].

After all ants complete their tours in an iteration, pheromone is updated in two stages.
First, a uniform evaporation removes a fraction p € (0, 1] of every trail, which helps forget
stale information and encourages exploration [29]:

Tij < (1—p) . 4)

Then, each ant k travels along its constructed path Sj stored in its local memory Ly
and deposits pheromone on the used edges:

k ..
T e T +ATY, V(i) €Sy, ®)

(k)

where the deposited amount AT, jk is a function of the solution quality C(Sk):

s = F(C(5i)- ©)

In the classical AS for minimization, a common choice is f(C(Sx)) = Q/C(Sk) with
scale Q > 0, so that lower-cost tours receive stronger reinforcement [29].

In the present implementation, the tour cost is defined as the total travel distance
along the sequence of selected centers,

C(S) =), dj 7)

(i,j) €Sk
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and the pheromone update therefore follows the standard minimization form ATi’; = Q/C(5),
reinforcing shorter tours.

3.2. Gaussian Process

A GP provides a Bayesian, nonparametric prior over functions, defined by a mean
#(x) and a covariance (kernel) k(x, x") [32,33]. In environmental mapping without a clear
trend, it is standard to set a zero prior mean so that the kernel carries the modeling capacity
and inference remains numerically stable [34]. Formally,

y = f(x) ~GP(u(x), k(x,x)), xe€X CR? 8)

for any finite set of inputs, the function values are jointly normal with mean from y and
covariance from k [32].

In this work, the GP represents a WQP model over the surface. The posterior mean is
the current estimate of the parameter of interest and the posterior variance quantifies the
uncertainty of the model, both updated as new measurements arrive.

The kernel encodes smoothness and correlation length. For water-quality fields, this
work adopts the Radial Basis Function (RBF) kernel [35],

112
b (e — oo JE= ¥ .
RBE(%, X') eXP( ) )
where the length scale ¢ controls how fast correlations decay [33].

Let Q = [q1,...,qn] be sampling locations and m = [my, ..., my]" be the associated
measurements. In the noise-free interpolation regime used here, the GP posterior at test
input X, is

pe = KI(K+3) Ty(x) (10a)
0. = Ku—KI(K+02)7K, (10b)

with K = k(X, X), Ky = k(X, X,), and Ky, = k(Xs, X) [33]. These expressions provide the
posterior mean map used as the current WQP field estimate, and the variance map, which
quantifies model uncertainty, for exploration. The o, represents the expected level of mea-
surement noise. Incorporating this term helps the GP handle water-quality readings more
realistically, as the model accounts for uncertainty in observations during inference [36].

3.3. Action Zone—AquaFeL-PSO

The AquaFeL-PSO [16] is an IPP for fleets of ASVs that combines a multimodal PSO
with a GP surrogate of the WQPs. The mission runs in two stages: first, an exploration phase
spreads the fleet to gather measurements and fit an initial WQP map; then, an exploitation
phase focuses sampling where that map indicates the highest expected values, hotspots.

In the AquaFeL-PSO, an action zone is a compact region of interest defined after the
exploration phase. Using the exploration map, the planner flags areas whose estimated
WQP levels exceed operational thresholds and centers each zone on local peaks of the
estimated contamination map [16]. The procedure is as follows:

1.  From the exploration map, grid cells with estimated WQP in the warning band
(34% <level <65% of the phase maximum value) or in the risk level (>66%)
are eligible.
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2. The highest peak defines the center of the first zone. A circular sampling area is set so
that one ASV (or a small sub-fleet) can cover it effectively. The radius is

length

rad = (11)

nAsvs
where length is the shortest lakeshore side and #gys is the number of vehicles.
3. The zones do not overlap. After placing one zone, its covered cells are removed and
the next highest remaining peak seeds the next zone.
4. The number of zones does not exceed the fleet size.

4. ACO-Path: Proposed Informative Path Planner

ACO-Path is a novel IPP designed for autonomous environmental monitoring of
water resources using fleets of ASVs. The planner addresses a gap in existing ACO-based
path planning approaches: while traditional ACO methods excel at finding collision-
free geometric paths, they typically do not integrate informative mapping derived from
predictive models of the environment.

The key innovation of ACO-Path lies in its integration of three complementary tech-
niques: (1) ACO, specifically the AS variant for distributed, adaptive path construction with
pheromone; (2) GP regression as a surrogate model that provides both a contamination map
(mean p(x)) and an uncertainty map (variance o(x)); (3) Dynamic Action Zones, inspired
by AquaFeL-PSO [16] but adapted for ACO, that segment the monitoring area into regions
of interest based on real-time GP outputs.

By coupling these methods, ACO-Path achieves an exploration—exploitation balance:
the GP variance guides exploration (sampling where the model is uncertain), while the GP
mean guides exploitation (characterizing contamination hotspots).

4.1. Dynamic Action Zones

Action zones are operational regions defined from the GP maps where ASVs should
focus their efforts. Unlike AquaFel-PSO [16], which generates zones once after an explo-
ration phase, ACO-Path regenerates zones dynamically at every planning cycle to adapt to
evolving information.

The incorporation of action zones in ACO-Path serves a dual purpose: (1) to provide
a structured candidate set of waypoints for ACO decision-making, and (2) to prevent the
ACO algorithm from converging prematurely to local optima.

In classical ACO path planning, artificial ants explore the entire graph uniformly,
which can lead to two undesirable behaviors. First, ants may become trapped in locally at-
tractive regions (e.g., nearby nodes with high pheromone concentration) without exploring
distant areas that could yield higher information gain [37]. Second, the search space grows
combinatorially with the number of nodes, making exhaustive exploration computationally
prohibitive for large environments such as Lake Ypacaraf [38].

Action zones address these limitations by dynamically filtering the search space.
Instead of evaluating all navigable cells as potential targets, ACO constructs paths among
the centers of action zones, a much smaller set of high-value candidate waypoints derived
from the GP model.

ACO-Path defines two types of zones based on GP outputs:

1. Exploration Zones (A1) Regions with high GP variance ¢(x) where model un-
certainty is elevated. The goal is to reduce uncertainty by densifying sampling in
unexplored areas.
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Criterion: Cells with o(x) > 0.66 - omax define high-priority exploration regions,
and cells with 0.34 < 0(x) < 0.66 - Omax define medium-priority regions, where
Omax = max|c(x)] is the current maximum variance.

Centers: Local maxima of o (x).

2. Exploitation Zones (Aexpt). Regions with high GP mean (x) where contamination is

likely. The goal is to characterize hotspots with detailed sampling.

Criterion: Cells with p(x) > 0.66 - imax define high-priority exploitation regions
(risk level), and cells with 0.34 < u(x) < 0.66 - jimax define medium-priority
regions (warning level), where jimax = max[p(x)] is the current maximum mean.
Centers: Local maxima of p(x).

It is worth noting that the boundaries of each priority region are defined following the
approach described in AquaFeL-PSO [16].
Figure 2 summarizes how action zones are generated and then used by ACO-Path.

First, the exploration stage fits a GP over the water resource (Figure 2a), yielding a mean

map y (contamination estimate) and a variance map ¢ (model uncertainty). Next, the plan-

ner thresholds these maps to flag regions of interest and instantiates non-overlapping

circular action zones sized for the fleet (Figure 2b). Finally, the center of each action zone is
extracted (Figure 2c) and provided to the ACO module at time ¢.

2,000 A

4,000

6,000 A

y [m]

10,000 A

12,000 A

14,000 A

2,000 A

4,000

6,000 A

y [m]

10,000 A

12,000 A

14,000 A

8,000

1.0 0 1.0
2,000 A ‘

0.8 J ‘ 0.8
4,000 A ’ w‘

0.6 6,000 A 0.6

—

8,000 A

3 E . °
> 8,000 -
- 0.4 ‘ 0.4
‘\ 10,000 - -
‘ *
0.2 12,000 - 0.2
14,000 -
! 0.0 0.0
0 5,000 10,000 0 5,000 10,000
x [m]
(a)
1.0 0 1.0
2,000 - ‘
0.8 J % 0.8
40001 &
‘k 0.6 6,000 ‘ 0.6
= E e . e
> 8,000 - :
- o \ ‘ o4
"\ 10,000 - . L
' 02 12,000 - ‘ 0.2
|
14,000 - |
; 0.0 0.0
0 5.000 10,000 0 5,000 10,000
x [m]

(b)

Figure 2. Cont.
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Figure 2. From GP mapping to action zones and ACO inputs. (a) GP outputs: estimated WQP
map or contamination map (yu—left) and variance or uncertainty map (c—right). (b) Action zones

(Aexpt—left and Ay, —right) generated from the maps of (
ACO at time t as candidate waypoints.

4.2. Path Planner

Figure 3 outlines the workflow of the propose
as follows:

a). (c) Centers of the action zones used by

d path planner. The main steps are

zone

o izl 117 Take measurements Update GP
parameters
Generate A_expl
Yes
A 4 v
Assign ASV to the Generate exploration
Move ASV center of an action Apply ACO zones + exploitation

zones

X p=
C_assigned?

dist_total 2

dist_meas = [? :
- dist_max?

Yes Yes
| ]

Figure 3. Flowchart of ACO-Path.

(1) Initialization

Yesa"'IIIIIHIHIIIII"

Set the IPP parameters (number of ants and iterations, &, , p for pheromone dynamics,

among others).

(2) Sensing and model update

At their current waypoints, ASVs acquire WQP measurements and update the
GP, with the following results: the mean p(x) (contamination) and the variance o(x)

(uncertainty) maps.
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(3) Action zone generation

After updating the GP, action zones are recomputed on both maps. Let C;, be the set of
centers from the mean map and C, be the set from the uncertainty map. The candidate set
C is defined as

c_ Cy (from Aexpl)r if distiora < diStexploration/
Co(from Aexpl) U Cp(from Aexpt), otherwise.

Early in the mission, data are scarce, and mean peaks tend to lie near the cur-
rent positions of the ASVs, which can trigger premature exploitation of a single region.
Temporarily restricting candidates to Co encourages coverage of poorly sampled areas.
Once dist oy pioration 15 €xceeded, both sets are used within the ACO to balance exploration
and exploitation.

(4) ACO routing over action zones

Given the admissible set of action zone centers C, the routing problem is defined on
the graph induced by these centers (nodes), with edge weights given by the travel distance
between centers. Ants then construct candidate routes by sampling transitions according
to pheromone information (7) and a distance-based heuristic (7). After all ants finish,
pheromones evaporate and are reinforced according to route quality.

The best-ranked solution yields an assignment of each ASV to a target center and an
ordered sequence of centers to be visited. In ACO-Path, however, this plan is executed in
a receding-horizon manner. Only the first center of the selected route is used as the next
waypoint for the first vehicle. This is illustrated in Figure 4, where the first waypoint of
the best route is highlighted with a red box. The assigned center is then removed from the
candidate set and the ACO step is run again for the next vehicle to avoid selecting the same
target. After each ASV reaches its assigned center and collects new measurements, the GP
is updated, action zones and their centers are recomputed, and the ACO routing step is

executed again to select the next waypoint under the updated belief.

Figure 4. ACO routing over GP-driven action-zone centers.
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(5) Measurement acquisition

During the mission, ASVs move toward their assigned zones and acquire new mea-
surements only when the traveled distance between consecutive samples dist;eqs reaches
the adaptive sampling distance ! [35] (Equation (12)).

I = Al (12)

where A is a scaling factor that controls how strict the sampling spacing is, and ¢ is the
current GP length scale at time t. This choice provides enough measurements for modeling
while avoiding oversampling and unnecessary GP updates.
(6) Stopping criterion

Consistent with Assumption 3, the monitoring mission terminates once the average
per-vehicle path length dist,, reaches dist;;;c = 20 km.

5. Experiments

This section describes the experimental setup, the ground-truth generation procedure,
the evaluation metrics, and the parameter settings for both the planner and the simulation
environment. All methods are evaluated under the same fleet configuration and mission
distance to ensure a fair comparison.

5.1. Setup

The proposed IPP (https:/ /github.com/Natitesis/ACO_Nati.git, accessed on 1 Febru-
ary 2026) was implemented in Python 3.10 using NumPy 1.19.5, Pandas 1.2.0, Matplotlib
3.3.3, scikit-learn 0.23.2, and SciPy 1.5.4. All simulations ran on a workstation with an
11th-gen Intel Core i7@2.80 GHz, 16 GB RAM, and a 64-bit OS.

5.2. Case Study

Lake Ypacarai was adopted as case study due to its documented eutrophication and
contamination pressures from sewage and agricultural runoff [2]. This water resource is
the largest lake of Paraguay (about 60 km?), fed mainly by Pirayt (SE) and Yukyry (NW)
streams, with the Salado river as its natural outlet [39].

The simulated search area follows the discretization in Figure 1. Since in situ WQP
fields are unavailable, the ground-truth contamination map is synthesized with a multi-
modal Shekel function:

M 1
fohekel(X) = Y (13)

i—1Ci+ ZJ’L:1(xj - az‘j)z

where A € RM*L gets peak locations and C € RM*! controls peak prominence. For evalu-
ation, 10 ground-truth maps were generated with 2-4 peaks over (x,y). Peak locations and
the entries of C were drawn at random, producing multimodal contamination fields with
varying hotspot prominence. An example ground truth is shown in Figure 5. In these tests,
no cross-WQP correlation is modeled.

5.3. Evaluation Metrics

The analysis reports the following: (i) mean squared error over the lake grid,

. 1Y . 2
MSEmap(]/(x)/y(x)) = ﬁ;(y(xl) _]/(Xl‘)) 4 (14)
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where y is the ground truth and # the GP estimate, (ii) absolute error at contamination peaks,

Errorpeak (y(X), yA(x)) = ’ y(xpeak) - yA(xpeak) ’ (15)

(iii) the coefficient of determination R?,

R - 1 D () — )" 16

YN (y(x) —9)°

where i = % YN y(x;) is the mean of the ground-truth values over the evaluated grid cells.

0 1.0
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y [m]

w | -
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' " [ 0.4
o “
12,000 1 .'
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- 0.2
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0 2,000 4000 6,000 8,000
x [m]

Figure 5. Example of a ground truth.

Together, these metrics characterize both global map reconstruction and hotspot
fidelity, providing a consistent and quantitative basis for comparing planner performance
across methods.

5.4. Statistical Significance Analysis

To complement the comparison of the evaluation parameters, statistical tests are used
to determine whether the differences observed in MSEmap, Errorpeak, and R? reflect consis-
tent performance differences rather than variability between scenarios. First, a one-way
analysis of variance (ANOVA) is performed independently for each metric to test the null
hypothesis that all planners have the same mean performance (Hy : 41 = pio = -+ = Hy).
In one-way ANOVA, evidence against Hj is summarized by the F statistic, which com-
pares the variance explained by differences between planners with the residual variance
within planners [40]:

MSB  wvariance between groups

F = = 17
MSW  wvariance within groups 17)

All tests are performed with a significance level of « = 0.05, and differences are
considered statistically significant when p < 0.05 [40].

Since ACO-Path and AquaFeL-PSO [16] are evaluated on the same set of reference
scenarios, their direct comparison is further evaluated using a paired t-test [41]. For each

https://doi.org/10.3390/ electronics15030676


https://doi.org/10.3390/electronics15030676

Electronics 2026, 15, 676

14 of 28

scenario i, the difference is defined as d; = xlACO'Path - x?quaFeL'Pso. Next, the paired ¢
statistic is calculated as follows:

d
=9ot—1 1
T =t (18)

where d is the mean of the differences, s, is the standard deviation of the differences, gtis

the number of paired scenarios (gt = 10), and df represents the degrees of freedom.

5.5. Parameter Settings

The classical AS is used as the baseline ACO variant [29,31]. Parameter ranges follow
the literature (Table 1). Following prior studies, « is kept fixed at « = 1, and the remain-
ing ACO hyperparameters are taken from reported settings to maintain comparability.
Because the heuristic weight B shows larger variability across related works and directly
changes the bias of the transition rule, a focused sensitivity check is carried out by evaluat-
ing B € {2,5} while keeping the other parameters unchanged. Pheromone evaporation is
set to p = 0.7, and the number of ants is K = 20.

Table 1. ACO parameters.

Parameter Values References
1 [42-48]
2 [42,43]
5 [44-48]
0.5 [44,47]
0 0.7 [49]
0.9 [42,43,48]
X 20 [42,44]
30 [43,46,50]
. 30 [42]
Iteration 50 [43,44]
Q 1 [43]

The environment and fleet configuration are summarized in Table 2 and follow the
settings in [16,35]. The fleet includes P = 4 ASVs with maximum speed vmax = 2 m/s.
The grid resolution is A = 100 m x 100 m. The sampling distance is / with A = 0.3 [16], and
the GP length scale is set to £y = 10 as in [35]. Missions terminate when each ASV reaches
its distance budget of 20 km, consistent with Assumption 3.

Table 2. Simulation environment parameters.

Parameter Description Assigned Value
A Grid resolution 100 m x 100 m
P Number of ASVs in the fleet 4
8 56
. .. . . 37 16
X0 Initial ASV positions (grid coordinates) 78 81
74 124
distmax Maximum distance traveled per ASV 20 km
Umax Maximum ASV speed 2m/s
A Scale factor for sampling distance 0.3
Lo GP length scale 10
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5.6. Evaluation of the Proposed System

This section assesses the proposed IPP under varying exploration distances distxpioration
and ACO settings. Performance is analyzed on the contamination map and the uncertainty
map, and with quantitative metrics reported later.

5.6.1. Results witha =1 and f =2

Three exploration distance were tested—b5 km, 10 km, and 15 km—following prior
practice in [16]. The ACO-Path uses the GP outputs to generate action zones. At each
iteration, it selects the next zone center C using AS. The decision rule is adaptive: while the
cumulative traveled distance is below the exploration threshold, only uncertainty-driven
centers (Cy) are admissible. Once the threshold is reached, both mean and uncertainty
centers (C, U Cy) are considered. Newly acquired WQP measurements update the GP
online, reducing local uncertainty and reshaping subsequent action zones.

Figure 6 summarizes the final models after the monitoring task. For each exploration
distance disteyploration, the subfigure above (orange scale) shows the GP predictive uncer-
tainty map, and the subfigure below shows the GP predictive mean (the estimated WQP
or contamination map). In the uncertainty maps, darker regions indicate areas that were
insufficiently explored and thus remain poorly informed. The ASV trajectories are also
overlaid: each colored polyline denotes the path of a different ASV. The black dot marks
the initial position and the red dot marks the final position at the end of the mission. In the
mean maps, higher values indicate the more contaminated regions of the water body.

At runtime, the ACO variant AS assigns the next action zone center C for each ASV
using the current ASV position x and a set of candidate action zone centers derived from
either the GP mean or the GP uncertainty (depending on whether the C; or C, U C; criterion
is active). After assigning targets, ASVs move toward their corresponding zones, and ACO-
Path accumulates traveled distance per vehicle p. Measurements collected by the on-board
sensors are used to update the GP online, which in turn refines both the mean estimate of
contamination and the uncertainty field, especially in newly sampled regions.

When the dist,ypioration is 5 km, Figure 6a, the ASV trajectories cover substantial
portions of the map, with emphasis around contamination peaks. ASVs begin by pri-
oritizing high uncertainty regions to improve the GP model. After reaching the 5 km
threshold, the criterion switches to C;, U Cy, which promotes targeted sampling near sus-
pected hotspots while retaining some exploration. Unvisited dark regions in the uncertainty
map indicate areas without samples, resulting in higher residual uncertainty. The GP mean
successfully recovers the principal contamination peaks, two prominent peaks, and a third
with smaller elevation, showing qualitative similarity to the ground truth (Figure 5).

With a 10 km as distxpioration (Figure 6b), the uncertainty is notably higher than in the
5 km and 15 km cases. The trajectories do not adequately traverse one of the simulated
hotspots (approximately in the southwest region), and the model retains large poorly
informed areas, which elevates the uncertainty. Consistently, the GP mean captures only
two of the three high peaks. The third one is underestimated, yielding lower resemblance
to the ground truth.

With a dist,ypioration €qual to 15 km (Figure 6¢), ASVs undertake longer trajectories
before the switch to C;, U Cy, which extends the exploration phase. As a result, the uncer-
tainty is lower than in the 10 km case, and the GP mean recovers all three contamination
peaks, closely matching the ground truth. However, because the switch to exploitation is
delayed by the longer exploration requirement, there is less early intensification on hotspots
compared to the 5 km case.
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(a) Exploration distance: 5 km

(b) Exploration distance: 10 km (c) Exploration distance: 15 km

Figure 6. Contamination map and uncertainty map for exploration distances of 5 km, 10 km, and
15 km with g = 2.

Table 3 reports the MSEmap, the Error e, and the R? for the three exploration dis-
tances. The 5 km distance achieves the lowest MSEmap and Error ., indicating the best
joint coverage and hotspot exploitation under = 2. In contrast, the 10 km distance yields
the largest MSEmap and Error e, among the three settings, aligning with the qualitative ob-
servation that one hotspot remained insufficiently sampled. The 15 km distance improves
over 10 km, particularly in recovering all three peaks and reducing uncertainty, but remains
inferior to 5 km in terms of early exploitation due to the delayed switch from C; to C;,, U Co-.

Table 3. Evaluation metrics fora = 1 and g = 2.

Exploration Distance MSEmap Errorpeax R?
5 km 0.00144 + 0.00348  0.19896 + 0.39400  0.96066 + 0.09861
10 km 0.01600 + 0.03525 0.35472 + 0.29516 0.60847 + 0.70179
15 km 0.01546 + 0.03558 0.35376 + 0.29780 0.62142 + 0.71184

Regarding R?, the highest value is obtained at 5 km with g = 2 (~0.9767), indicating
that, on average, the model explains roughly 97.7% of the variance relative to the ground
truth in this setting. For 10 km and 15 km, the 95% confidence intervals are wider and the
average R? lower, reflecting less consistent performance across simulations. In particular,
the drop in R? at 10 km is consistent with excessive exploration and insufficient exploitation,
which can introduce redundancy and hinder convergence.
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In summary, under « = 1 and B = 2, the 5 km distance provides the most favorable
balance between exploration and exploitation, yielding the lowest map error and peak error
and the highest average R2. The 10 km distance over explores relative to exploitation, misses
a hotspot, and performs worst across metrics. The 15 km distance extends exploration
sufficiently to recover all peaks and reduce the uncertainty compared to 10 km, but its
delayed exploitation makes it less effective than 5 km for early hotspot intensification.

5.6.2. Simulation Results witha =1and § =5

This subsection reports results for the same exploration distances dist,ypioration (5 km,
10 km, and 15 km) using the parameter setting « = 1 and B = 5 (see Table 1). Setting
B = 5 strongly amplifies the influence of the distance heuristic in the AS transition rule,
i.e., ants have a much higher preference for moving toward nearby action zone centers.

With B = 5, AS prioritizes proximity almost exclusively: it tends to choose the nearest
action zone centers C. This emphasis reinforces exploitation around already contaminated
areas while down weighting exploration of highly uncertain, distant regions. Due to the
high value of , ACO-Path assigns lower probabilities to faraway centers even when those
areas are known to be under explored.

Figure 7a shows the uncertainty and mean maps for dist,yyioation = 5 km. The largest
uncertainty appears near the boundaries of the simulated lake. Because the required
exploration distance is short, ACO-Path switches to the C;, U C;; criterion relatively early.
Combined with the high B, this promotes repeated path around nearby sectors. Even so,
the predictive mean recovers three contamination peaks, achieving an effective balance
between exploration and subsequent exploitation. The mean map exhibits noticeable
similarity to the ground truth in Figure 5, aside from localized traces of uncertainty visible
in the subfigure Figure 7a.

For disteyploration = 10 km, the uncertainty and mean maps are shown in Figure 7b.
The overall pattern of uncertainty resembles the 5 km case but with persistently high
uncertainty in the central and southeastern regions, indicating insufficient coverage there.
Nevertheless, the two principal peaks are detected, and the mean retains qualitative sim-
ilarity to the ground truth. In terms of areal coverage, however, the 10 km setting with
B = 5 performs worse than 5 km, reflecting the strong bias toward nearby routes and the
reduced variety in exploration.

For distexpioration = 15 km (Figure 7c), the preference for short moves remains domi-
nant and leads to higher uncertainty compared with the two shorter exploration distances.
ASVs continue to select close by paths, frequently reusing previously traveled routes.
The contamination map shows two clear peaks and a third weaker peak, yielding a map
that is less consistent with the ground truth than in the shorter distance cases. Despite
the longer exploration distance, the large 8 keeps the next target selection tightly focused
on nearby action zone centers C. Consequently, the mean estimate does not improve
substantially relative to shorter distances, and uncertainty stays elevated over wide areas.

These behaviors indicate that a high B causes the ACO to select the shortest path. While
this can intensify exploitation near known hotspots, it limits the ability of the ACO-Path to
explore new regions and to build a more complete picture of the environment. The effect is
that some peaks are captured well, but valuable information in other lake regions is missed.
The metrics in Table 4 confirm this limitation, with moderate R? values and higher errors
in both the GP map (MSEmap) and the detected contamination peaks (Errorpeak)-

Examining R? with B = 5 reveals strong performance at distypioration = 5 km. At
15 km, the average R? drops to 0.81766 with a wide 95% confidence interval (+0.44586),
indicating substantial variability across simulated runs. This variability is consistent with
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the B = 5 sensitivity to proximity between action zone centers, which reduces exploration
diversity and can degrade model fit in parts of the map.
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(a) Exploration distance: 5 km

(b) Exploration distance: 10 km (c) Exploration distance: 15 km

Figure 7. Contamination map and uncertainty map for exploration distances of 5 km, 10 km, and
15 km with g = 5.

Table 4. Evaluation metrics fora = 1and g = 5.

Exploration Distance MSEmap Erroryeak R?
5 km 0.00234 == 0.00800 0.21827 =+ 0.36820 0.94094 =+ 0.20054
10 km 0.00285 + 0.00431 0.25406 + 0.35760 0.91963 + 0.11475
15 km 0.00803 + 0.02301 0.28244 + 0.37209 0.81766 + 0.44586

5.6.3. Discussion of ACO-Path Evaluation Results

This section reviews the behavior of the proposed IPP with f = 2 and = 5 across the
three exploration distances (5 km, 10 km, and 15 km).

With B = 2, the distance heuristic has a moderate effect. ASVs tend to choose nearby
action zone centers C, but they can still move to farther ones when the pheromone level Tij
supports that choice. As a result, paths are relatively uniform. In principle, § = 2 where
an exploration distance disteypjoration is €qual to 5 km allows broader coverage. However,
the actual coverage depends on how diverse the generated action zone centers are. When
the exploration distance is 10 km or 15 km, ASVs often follow similar paths and collect
repeated measurements. In the mean maps, this leads to only partial reconstruction of the
contamination peaks because the GP receives less diverse measurements.

With § = 5, the distance heuristic dominates. In the selection rule, the nearest action
zone center C is chosen most of the time. The pheromone update reinforces this behavior by
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adding pheromone to short and frequently used paths. Paths become local and are visited
repeatedly. Distant areas remain unexplored even if their uncertainty is high. In some cases
(10 km and 15 km), the planner still identifies nearby peaks, but the reconstruction is local
rather than global.

By contrast, with § = 2 and exploration distance > 5 km, the planner reaches a better
balance between exploration and exploitation. Figure 6a shows a consistent reduction in
uncertainty over the map and correct estimation of the three main ground truth peaks
(Figure 5). This setting also yields the lowest errors for the full map and the peak estimates,
together with an R? close to 1, supporting its overall performance (see Tables 3 and 4).

5.7. Comparison with Other Planners

This section compares the best-performing configuration of ACO-Path (identified
in the previous section) against five path planners from the literature using four ASVs.
The evaluation focuses on three metrics: the MSEmap, the Errorpek, and the R?. All values
are reported as mean £ 95% confidence interval over repeated simulations, which also
indicates the stability of each planner.

The planners are as follows: Lawnmower, which executes a uniform sweep with
parallel tracks and does not adapt to information gathered during the mission; Classical
PSO, a PSO scheme inspired by collective motion [51] that explores the space but does
not tightly couple waypoint selection to the evolving predictive model; Random Path,
which assigns a random heading and directs the vehicles to continue on that course
following each measurement; Random Grid, which likewise randomizes headings but
restricts them to right angles (0°,90°,180°, 270°); AquaFeL-PSO [16], which integrates GP
feedback to place waypoints in informative zones; and ACO-Path, which combines an
inverse-distance heuristic 7;; with the probabilistic ACO rule and pheromone deposition.
In ACO-Path, the candidate action zone centers are generated from the GP and updated as
new measurements arrive.

All planners were evaluated under identical conditions: the same discretized environ-
ment, fleet size (P = 4), initial ASV positions, sampling model, and maximum distance of
the mission (20 km per vehicle). For each planner, the GP was updated with the measure-
ments collected along its trajectories to produce the estimated map 7(x).

Table 5 reports the quantitative results. AquaFeL-PSO achieves the lowest MSEmap
and the highest R?, indicating the most accurate global reconstruction. ACO-Path achieves
the lowest Errorpeqx, showing greater consistency in detecting contamination hotspots,
while ranking second on MSEmap and R%. On other hand, Classical PSO exhibits the
largest MSEmap and the lowest R?, ranking last overall. Lawnmower attains a moderate
MSEmap and a high RZ, but its Errorpeak is larger than that of ACO-Path and Random Path.
Similar to Lawnmower, Random Path has a low MSEmap with the second-lowest Errorpeak,
though it remains non-adaptive to the model. Random Grid (right-angle random walk)
underperforms in MSEmap and R? and shows higher variability across runs.

To assess whether these differences are statistically significant, Table 6 reports a one-
way ANOVA conducted independently for each metric across all planners (¢ = 0.05,
10 scenarios). Statistically significant differences are observed for MSEmap and R? (p < 0.05
and F > Fuitical)- For Errorpeax, the ANOVA result is not significant at « = 0.05 (p = 0.05051
and F < Fitical), and therefore, the null hypothesis of equal means cannot be rejected for
this metric.
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Table 5. Comparison of performance metrics across path planners with four ASVs.

Path Planner

MSEmap

Errorpeax

RZ

Lawnmower
Classical PSO
Random Path
Random Grid
AquaFeL-PSO

ACO-Path

0.00250 £ 0.00659
0.01154 £ 0.02739
0.00294 £ 0.01159
0.00698 £ 0.01188
0.00077 = 0.00089
0.00144 + 0.00348

0.29046 + 0.40836
0.28896 £ 0.37876
0.25148 + 0.38566
0.29169 + 0.45653
0.26066 £ 0.25235
0.19896 =+ 0.39400

0.93806 £ 0.14418
0.65691 £ 0.83469
0.93115 £ 0.22776
0.78334 £ 0.45105
0.97909 =+ 0.02565
0.96066 £ 0.09861

Table 6. Results of the one-way ANOVA test across path planners.

Metric p-Value F Feritical
MSEmap 0.01190 3.26921 2.38607
Errorpeak 0.05051 2.37988 2.38607

R 0.00919 3.42900 2.38607

In addition, since ACO-Path and AquaFeL-PSO are the two best-performing planners
according to Table 5 and are evaluated on the same scenarios, Table 7 reports a paired t-test
to directly assess whether the performance gap between them is statistically significant. No
statistically significant differences are found for any metric (two-sided p > 0.05).

Table 7. Paired t-test between ACO-Path and AquaFeL-PSO.

Metric t df p-Value
MSEmap 1.2458 9 0.244
Errorpeax —1.0971 9 0.301

R —1.1898 9 0.261

In Figure 8, each figure shares the same layout. The top panel shows the GP uncertainty
over the water resource (darker orange means higher uncertainty) with ASV trajectories
overlaid. The black dots mark initial positions and red markers indicate final positions of
the ASVs. The bottom panel shows the GP mean or the estimated contamination map.

In the lawnmower path planner (Figure 8a), the ASVs travels in parallel to obtain
uniform coverage. In the uncertainty graph, the long, straight paths reduce the uncertainty
in the interior but leave higher uncertainty along corners. As a consequences, in the mean
graph, the field is smooth and coherent, but the hotspots are diluted: peaks are present
yet underestimated and slightly displaced with respect to the ground truth. This behavior
explains the larger peak error.

The classical PSO (Figure 8b) updates candidate waypoints using social and cognitive
terms, which tends to concentrate sampling near locally attractive regions without an
explicit rule to avoid overlap. In the uncertainty graph, paths cluster around a few local
optima, leaving other areas with high uncertainty. The mean map recovers parts of the
main peaks but misses structure where the fleet did not sample.

In Random Path (Figure 8d), allowing arbitrary course changes produces more dif-
fused, winding coverage. The ASVs visit several sectors and reduce ¢ across much of the
interior, though some high-uncertainty regions remain without a targeting rule. In the
mean map, the main hotspots are reconstructed with reasonable location and contrast.
This is reflected in a competitive R? (around 0.93 in our runs) and a peak error lower
than Lawnmower.
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Figure 8. Results of all path planners: uncertainty map (top) and estimated WQPs map (bottom).

y [m]

1.0
0.8
0.6
\
N w
0.4
10,000 Bt JONN ;
12,000 ‘% 0.2
14.000 4 ® ASvsinitial positions
. ®  ASVs final positions
f 0.0
o] 5,000 10,000
0
2,000
4,000
6,000
8,000 4
10,000
12,000
14,000
o] 5,000 10,000
x [m]
(b) Classic PSO
o] 1.0
2,000 4
0.8
4,000 1
6,000 0.6
8,000
0.4
10,000 ,c% I
12,000 ; 0.2
' e
s
14 000 4 ® AS¥sinitial positions 7“*
’ ®  ASVs final pesitions
T 0.0
0 5,000 10,000
0 1.0
2,000
0.8
4,000
6,000 0.6
8,000 4
0.4
10,000
12,000 0.2
14,000
0.0
0 5,000 10,000
x [m]
(e) AquaFeL-PSO

y[m]

y [m]

0 1.0
2,000
0.8
4,000 A
6,000 0.6
8,000
0.4
10,000
12,000 - 0.2
14,000 4 ® Asvsmitial pesitions ot
. = ASVs final positions
T 0.0
0 5,000 10,000
0 1.0
2,000
0.8
4,000
6,000 7 0.6
0.4
10,000
12,000 0.2
14,000
0.0
0 5,000 10,000
x [m]
(c) Random Grid
0 1.0
2,000
0.8
4,000 1
6,000 0.6
8,000
0.4
10,000
12,000 0.2
14 000 4 ® AS¥sinitial positions
" = ASVs final positions
T 0.0
0 5,000 10,000
0 1.0
2,000
0.8
4,000
6,000 0.6
8,000
0.4
v
10,000
\ -
12,000 - 0.2
14,000
0 5,000 10,000
x [m]
(f) ACO-Path

https://doi.org/10.3390/ electronics15030676


https://doi.org/10.3390/electronics15030676

Electronics 2026, 15, 676

22 of 28

In Random Grid (Figure 8c), constraining the directions to {0°,90°,180°,270°} yields
straight trajectories, similar to blocks. This pattern often repeats segments and leaves gaps,
especially near the boundaries. In the uncertainty map, these gaps persist as areas of high
o. On the mean map, the hotspots appear diluted or slightly shifted, consistent with a
higher MSEmap, a lower R? than in Random Path, and a higher mean maximum error due
to missing or misdetected peaks.

In the AquaFeL-PSO (Figure 8e), the PSO objective is shaped by the GP so that
sampling increases information while still tracking high mean values. In the uncertainty
graph, paths spread more effectively and reduce uncertainty more uniformly, including
near boundaries. In the contamination map, the reconstruction closely matches the ground
truth (Figure 5): the two dominant hotspots are well located and the weaker eastern peak
appears clearly. This balance explains the low map-level error and stable performance
across runs.

ACO-Path (Figure 8f) selects the next action zone center using an AS rule that combines
pheromone (memory of successful choices) with the distance-based heuristic. The policy
prioritizes uncertainty to explore first. Once an ASV reaches the exploration distance, it
switches to C;, U C; criterion to generate the action zones. In the uncertainty map, vehicles
first visit high-uncertainty regions and later concentrate sampling in informative areas with
high mean values, leaving some peripheral areas with moderate uncertainty values. In the
mean map, the main hotspots are estimated with good location and contrast: the southeast
and central west peaks stand out and the weaker eastern feature is visible. This targeted
behavior yields low peak error and high R?.

In addition to reconstruction accuracy, the smoothness of the resulting trajectories was
also analyzed, since frequent sharp heading changes can increase the burden on the low-
level controller and make practical execution more demanding in terms of control effort and
energy consumption. In practice, abrupt turns translate into large and fast-varying turning
commands, which may drive the commanded inputs closer to actuator limits (magnitude,
rate constraints), thereby reducing tracking authority and increasing the required control
action [52,53].

This effect was quantified by computing the absolute heading change between con-
secutive trajectory segments, |Ax|, as well as by counting the number of turns above a
threshold (here, |Ax| > 45°) along the mission distance. Figure 9 reports the evolution
of the turning demand versus distance as mean + 95% confidence interval over the sim-
ulations, and Table 8 summarizes the cumulative number of sharp turns at the end of
the analyzed segment. The values are reported as mean =+ 95% confidence interval over
10 mission tasks.

Table 8. Cumulative number of sharp turns (|Ax| > 45°).

Path Planner Turns (|Ax| > 45°)
AquaFeL-PSO 145.10 £ 13.82
ACO-Path 100.22 £ 31.67

From an execution-oriented perspective, reducing sharp turns is relevant not only
for control effort but also for energy usage. In mobile robots, power or energy demand
is strongly dependent on the motion regime: straight segments typically yield the lowest
consumption, whereas trajectories with pronounced rotational components require higher
actuation due to increased lateral slip and frictional losses during maneuvering [54,55].
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Figure 9. Evolution of turning effort with mission distance.

Although AquaFeL-PSO attains the best global reconstruction (lowest MSEmap and
highest R?), it consistently produces trajectories with a higher incidence of sharp turns than
ACO-Path. At the end of the segment, AquaFeL-PSO accumulates 145.10 £ 13.82 turns
with |Ax| > 45°, whereas ACO-Path accumulates 100.22 & 31.67, which corresponds to
approximately 44.9% fewer sharp turns for ACO-Path. This difference is also observed
earlier in the mission. Overall, these results indicate that ACO-Path yields smoother trajec-
tories (fewer abrupt heading changes) while remaining competitive in map-level metrics,
suggesting a more favorable trade-off when practical execution constraints are considered.

A paired statistical test was conducted to verify whether the difference in sharp turns
between the two planners is significant under matched scenarios. Using the common runs
that reached the 20 km of traveled distance (n = 9, df = 8), a paired two-sided t-test
indicates a statistically significant reduction in the number of sharp turns for ACO-Path
compared to AquaFeL-PSO (t = —4.6317, p = 0.00168).

In summary, across all planners, a clear trade-off appears between broad spatial
coverage and hotspot fidelity. The random baselines provide a useful reference: allowing
continuous headings (Random Path) generally reconstructs the field better than restricting
motion to right angles (Random Grid), although both remain behind planners that explicitly
exploit GP feedback. Lawnmower enforces systematic coverage, which reduces uncertainty
over large areas but also tends to smooth and attenuate peaks. Classical PSO can concentrate
sampling around locally attractive regions, but without an explicit mechanism to avoid
overlap, it may leave parts of the domain insufficiently explored. Focusing on the two best
methods, the paired comparison in Table 7 shows that the differences between ACO-Path
and AquaFeL-PSO in MSEmap, Errorpeak, and R? are not statistically significant (two-sided
p > 0.05), even though their mean values differ. Overall, AquaFeL-PSO delivers the most
accurate global reconstruction, whereas ACO-Path achieves the lowest hotspot error and,
as the turning analysis shows, does so with smoother trajectories.

The evaluation relies on ground truth fields and an idealized execution model (e.g.,
noise-free measurements and perfect trajectory tracking). This setting was chosen to focus
on the planning component and to separate it from sensing and control effects. Assessing
robustness under measurement noise, localization errors, and communication constraints
will be addressed in future work.
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6. Discussion of the Results

Across the tested configurations, the best performance is obtained witha =1, =2,
and an exploration distance of 5 km (Table 3). This setting reduces uncertainty early and
then concentrates samples on high-mean regions, which aligns with the qualitative maps
in Figure 6.

When the exploration distance is set to 10 km with 8 = 2, the proposed IPP remains too
long in exploration. One hotspot is undersampled and large regions keep high uncertainty.
This aligns with the increase in MSEmap and Errorpeak, as well as the drop in RZ. At
15 km, coverage improves compared to 10 km and all peaks appear, but the late switch to
exploitation leaves less distance to exploit them, so results remain weaker than at 5 km.

With = 5, the distance term dominates the choice of targets. Ants almost always pre-
fer nearby centers. This sharpens local sampling around known areas but limits coverage,
especially at 10-15 km (Figure 7). Uncertainty remains high in parts of the map, and the
confidence intervals in Table 4 widen. The 5 km setup is again the most solid in this group,
but it does not surpass the best f = 2 setting. In summary, too much weight on distance
leads to repeated short moves and missed regions.

The multi-planner comparison puts these findings in context (Table 5, Figure 8).
AquaFel-PSO, which also uses the GP to guide sampling, achieves the lowest MSEmap
and the highest R2. Therefore, the most accurate global map. ACO-Path obtains the lowest
Errorpeax and ranks second on MSEmap and R?, which indicates reliable hotspot detection
with competitive global fit. Lawnmower ensures coverage but tends to smooth peaks.
Random Path improves peak error relative to Lawnmower with similar MS Emap. Random
Grid, constrained to right angles, repeats segments and leaves gaps, which is reflected by
its higher MSEmap and R2. Classical PSO explores the space, but without a tight coupling
to the GP during waypoint selection, it ends up with the highest MSEmap and the lowest
R? on average.

The interpretation mentioned above is supported by inferential analysis. The one-way
ANOVA among all planners (Table 6) detects statistically significant differences for the
map-level metrics MSEmap and R? (p < 0.05), reinforcing the conclusion that the ranking
observed in Table 5 reflects systematic differences in performance rather than fluctuations
between scenarios. However, for Errorpeax, the ANOVA result does not meet the criterion
« = 0.05 (p = 0.05051), so it does not provide sufficient evidence to claim that there is a
clear separation between all planners in terms of hotspot error in this test.

Since ACO-Path and AquaFeL-PSO are evaluated on identical reference scenarios,
a paired analysis provides a more appropriate direct comparison. As indicated in Table 7,
the paired f tests do not indicate statistically significant differences between these two
planners for MS Emap, Errorpeak, or R? (two-tailed p > 0.05). Therefore, although AquaFeL-
PSO achieves the most robust global reconstruction and ACO-Path achieves the lowest
average error in hotspots, the current set of scenarios does not support a conclusive claim
of superiority of one method over the other in these accuracy metrics.

Beyond the accuracy of the reconstruction, the analysis of turns adds an execution-
focused dimension to the comparison between planners. Using the absolute change in
heading between consecutive segments together with the count of sharp turns, it has been
observed that AquaFeL-PSO generates more aggressive maneuvers than ACO-Path for
comparable mission distances. At 20 km, the average number of turns exceeding 45° is
higher for AquaFeL-PSO, while ACO-Path produces smoother heading profiles. This differ-
ence is relevant from an operational point of view: frequent sharp turns imply larger and
more rapidly varying turn commands, which reduces the tracking margin as the demanded
inputs approach the magnitude and/or speed constraints of the actuator [52,53]. Further-
more, trajectories with pronounced rotational components tend to require more energy
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than nearly rectilinear motions, as turns increase actuation requirements and associated
losses [54,55]. A paired two-sided t-test on the runs that reach 20 km of traveled distance
confirms that this reduction is statistically significant (t = —4.6317,df = 8, p = 0.00168).

These results were obtained under controlled assumptions (noise-free measurements,
synchronized motion, centralized coordination, and synthetic ground truths adapted to
the lake grid). Under these controlled assumptions, the results consistently show that
coupling Ant System with GP-driven action zones and an explore then exploit policy
improves hotspot reconstruction while maintaining a competitive global fit against the
selected baselines.

7. Conclusions

This work presented an IPP based on ACO for monitoring WQPs with a fleet of
ASVs. The proposed planner, ACO-Path, couples a GP surrogate with Ant System so
that decisions are guided not only by geometric proximity but also by the GP mean
(contamination estimate) and variance (model uncertainty). From these maps, action zone
centers are generated online, and the policy follows an explore then exploit policy: it
prioritizes uncertainty (C,) until an ASV reaches an exploration distance distexploration, then
switches to a combined CM U Cy criterion to concentrate sampling on informative regions.

In simulations inspired by Lake Ypacarai, ACO-Path was assessed under three explo-
ration distances (5, 10, and 15 km) and two heuristic weights (8 € {2,5}). The configuration
a =1, B = 2, with a 5 km exploration distance yielded the most consistent performance,
achieving the best trade-off across map-level reconstruction and hotspot fidelity. Increas-
ing the exploration threshold to 10-15 km under 8 = 2 delayed the exploitation stage,
which reduced refinement near hotspots within the available mission distance. For g = 5,
the inverse-distance heuristic dominated target selection, strengthening local sampling but
limiting coverage and leaving higher uncertainty in less visited regions.

A comparative study against Lawnmower, Classical PSO, Random Path, Random
Grid, and AquaFeL-PSO further highlighted these trends. AquaFeL-PSO achieved the
strongest global reconstruction on average, while ACO-Path achieved the lowest mean
error at contamination peaks and remained competitive in map-level metrics. Statistical
analysis supports these conclusions: differences between planners are significant for global
reconstruction metrics, while hotspot error shows weaker separation under the same
experiments. When directly comparing the two best planners in equal scenarios, ACO-Path
and AquaFeL-PSO, the paired analysis does not provide sufficient evidence to claim a
consistent advantage of one method over the other in reconstruction metrics, suggesting
that both methods are competitive under the evaluated conditions.

Beyond reconstruction accuracy, the analysis of turns adds an execution-oriented
perspective. At comparable mission distances, ACO-Path consistently produces smoother
trajectories than AquaFeL-PSO, with fewer abrupt course changes. This feature is relevant
for practical deployments, where frequent abrupt turns can increase low-level control effort
and energy consumption.

If the method is taken to deployment, the IPP should be integrated with a local path
planning layer in charge of obstacle avoidance and inter-ASV collision avoidance during
execution, so that safety is handled at control level while the IPP provides the nominal path.

As future work, the authors propose to (i) enable online adaptation of key ACO
parameters; (ii) extend ACO-Path to multi-objective planning that jointly considers field
accuracy, energy consumption, and travel time; (iii) adopt spatiotemporal GP so that
the planner adapts to the changing dynamics of a water resource rather than a static
field; (iv) conduct a more extensive sensitivity analysis of the ACO hyperparameters and
evaluate the ACO-Path with additional IPP planners, including more recent ACO variants
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and learning-based approaches, under a unified benchmarking protocol; (v) consider
more realistic sensing and navigation conditions (e.g., measurement noise and localization
uncertainty) and additional deployment constraints to further assess robustness in real-
world monitoring missions.
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