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Abstract: This study presents a comprehensive approach for single sensor placement optimization
in two-dimensional and three-dimensional spaces. A traditional exhaustive search technique and a
novel method called recursive exhaustive search are used to place a sensor in a way that maximizes
the area coverage metric. Exhaustive search provides a baseline by methodically evaluating all
potential placements, while recursive exhaustive search innovates by segmenting the search process
into more manageable, recursive steps. Our findings highlight the significant impact of two key
parameters, the number of evaluations and the rasterization value, on the achieved coverage and
computation time. The results show that the right choice of parameters can significantly reduce
the computational effort without compromising the quality of the solution. This underlines the
critical need for a balanced approach that considers both computational complexity and placement
efficacy. We show that exhaustive search is not feasible for three-dimensional environment models
and propose to establish a modified exhaustive search method as a ground truth for the single
sensor placement problem. We then explore nature-inspired genetic algorithms and the impact of
the number of evaluations of the optimization function for these algorithms on both accuracy and
computational cost.

Keywords: sensor placement; stochastic optimization; exhaustive search; sensor networks;
Internet of Things

1. Introduction

As the Internet of Things (IoT) continues to expand and sensor networks become
more prevalent in various applications, the task of optimizing sensor utilization within
specific environments with regard to certain key performance indicators is becoming
increasingly important. One of the most important performance metrics is network cover-
age [1]. The overall coverage performance of the sensor network depends on the placement
of each sensor. Depending on the sensor type, each sensor can have different individual
coverage models.

The placement of isotropic beacons plays a pivotal role in the efficiency of indoor
localization systems [2], which could lead to many applications, e.g., indoor navigation of
drones [3]. Isotropic beacons emit signals uniformly in all directions, providing a consis-
tent and reliable source of spatial information. This uniformity ensures that drones can
determine their position within an indoor environment with high precision, by triangu-
lating their location relative to multiple beacons. Optimal placement of these beacons is
essential to minimize signal obstructions and interference, which can significantly degrade
localization accuracy. Consequently, a well-considered configuration of isotropic beacons
enables drones to navigate complex indoor spaces safely and efficiently, by ensuring con-
tinuous and accurate positional data. This is particularly important in environments where
GPS signals are unavailable or unreliable, highlighting the critical role of isotropic beacon
placement in the advancement of indoor drone technology.
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An optimal placement of visual sensors can improve the performance of video surveil-
lance systems while minimizing the number of sensors required to cover a given area,
reducing the overall cost of installation and operation. It may be important to cover cer-
tain areas of the environment, such as pathways, areas around exhibited artwork and
similar locations. When analyzing human behavior, extending the coverage of visual or
isotropic sensors to specific areas—such as in front of product shelves, advertising displays
or showcases—allows for a closer examination of people’s interest in specific products or
advertising types.

The challenge of determining the optimal positioning of sensors in an environment
arises from the Art Gallery problem (AGP) [4]. This problem has its roots in the concept of
visibility, a measure that quantifies the effectiveness of sensors in detecting and observing
objects in an environment. Visibility appears as an important aspect in various fields such
as robotics, computer vision, optimization and computer graphics. Originally, the AGP
aimed to find optimal locations for guards that could monitor a full 360° area from fixed
positions, typically within a polygonal art gallery. In its original form, the AGP assumed
that visibility between two points is given if the line segment connecting them does not
intersect any obstacles—a principle known as line-of-sight constraint.

Subsequent research extended the AGP by incorporating distance and incidence con-
straints [5], but retained the simplified two-dimensional polygonal approach. In these
studies, polygonal representations of the floor plan of the environment were used, which
often inadequately capture the complicated spatial arrangements of buildings. In many
practical scenarios, understanding the three-dimensional spatial structure of a building is
crucial for developing effective monitoring strategies [6]. In three-dimensional environ-
ments, research usually relies on elevation maps, which are limited to planar terrains [7] or
orthogonal polyhedral environments [8].

Both the two-dimensional and the three-dimensional version of the Art Gallery prob-
lem have been shown to be NP-hard. However, while solutions can be found for certain
instances of the two-dimensional problem and some three-dimensional scenarios with
simple polygons [5,9,10], practical implementations are faced with increasing complexity
due to the different shapes of real-world polygons. A universally applicable solution that
covers all polygon types remains elusive [4].

The optimization of sensor placement involves several key aspects that shape the
approach and solution strategies. These aspects encompass the type of coverage used, the di-
mensionality of the target environment, sensor detection capabilities and sensor models.

The choice of coverage metric has a direct influence on the optimization process.
Commonly used metrics include area coverage, point coverage and barrier coverage, each
tailored to specific application requirements [11,12]. In this work, we use area coverage,
the most widely used metric, which quantifies the ratio of the area covered by the sensors
to the total target area [3,13-16].

Based on the AGP mentioned above, it becomes clear that the second aspect of the
problem relates to the dimension of the target environment. Environment models, such
as voxel-based representations, help to capture the spatial subtleties required for accurate
coverage computation. The dimensionality of the target environment model is crucial for ac-
curate sensor placement. While two-dimensional environment models are computationally
simple, they can lead to errors due to oversimplified representations. Three-dimensional
environment models provide a more accurate representation, but are associated with
higher computational costs [17]. In previous research, spaces are often simplified to the
level of a floor plan or two-dimensional boundaries [18-26]. As an improvement of the
two-dimensional environment models, three-dimensional models were mostly described
with elevation maps [27-29]. In our previous research, we proposed three-dimensional en-
vironment models and a framework for optimizing sensor placement [15,16]. Throughout
this manuscript, both two-dimensional and three-dimensional types of environments will
be examined.
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The detection capabilities of sensors play an important role in optimizing placement.
Sensors can have binary or probabilistic sensing ability. The sensing ability of a sensor
refers to whether it can perceive an object in the case of binary coverage [19-26,29-31],
or how effectively it can perceive it in the case of probabilistic coverage, which provides a
more refined model [15,16,28,32,33]. In addition to detection capability, the shape of the
area covered by the sensor is also important. The coverage area of the sensor depends on
the sensor type, mainly isotropic or directional [34].

In previous research on sensor placement optimization, various optimization algo-
rithms have been used to improve the efficiency of sensor deployment tailored to spe-
cific needs. Early attempts that focused on the placement of binary directional [19] and
isotropic sensors [21] in two-dimensional spaces employed techniques such as Integer Lin-
ear Programming, Binary Integer Programming, Greedy Search and random arrangement.
Advances in optimal placement of binary sensors in two dimensions include methods
based on genetic algorithms such as Individual Particle Optimization [13], Particle Swarm
Optimization, Binary Genetic Algorithm, Simulated Annealing [27], Improved Cuckoo
Search Algorithm and Chaotic Flower Pollination Algorithm [14].

Extending to three-dimensional spaces with height maps, studies compared deter-
ministic methods with the Covariance Matrix Adaptation Evolution Strategy algorithm,
the Limited-memory Broyden—Fletcher-Goldfarb-Shanno method and the Gradient De-
scent [17,28,32]. The Covariance Matrix Adaptation Evolution Strategy showed superior
performance for smaller height maps, while Gradient Descent was effective for larger maps.

Some approaches utilized exhaustive search for optimal placement of sensors to moni-
tor deformation and detect damage in structural systems [35-38]. In addition, exhaustive
search has been used for the ordered placement of nodes in sensor networks. For example,
the placement of sensors to monitor leaks in drinking water networks [39] or to achieve the
target coverage of the wireless sensor network based on the selected coverage metric [40].
Most of the current research uses one-dimensional approaches [35,36,38] that usually simu-
late structural beams. Other researchers use two-dimensional simulated environments to
determine the optimal placement of sensors [37,39,40], usually with additional constraints.

Arising from the aforementioned AGP, there is no general analytical solution to the
sensor placement problem. The optimal solution for discrete search spaces can be deter-
mined using exhaustive search, but this involves a high computational cost. By using other,
mostly meta-heuristic approaches, the problem with the high computational costs could be
alleviated, but the selected sensor placement could not be guaranteed to be optimal.

The aim of the present study is two-fold. First, a variant of the exhaustive search
approach was proposed to address the problem of two-dimensional and three-dimensional
sensor placement. This modified exhaustive search method is used to establish a ground
truth for the single sensor placement problem. As shown in Section 3, exhaustive search
is not feasible for three-dimensional environment models and the proposed approach
mitigates some computational costs.

Second, following the same idea of finding approaches that lead to (near) optimal
solutions, we explore nature-inspired genetic algorithms and the impact of the number
of evaluations of the optimization function for these algorithms on both accuracy and
computational cost. In addition, the effects of the rasterization of the environment are
analyzed. This enables users to select the right parameter values and balance coverage and
computational costs.

To summarize, the following contributions are presented in this manuscript:

*  Anexhaustive search-based approach that serves as ground truth for sensor placement
in two-dimensional and three-dimensional environments.

*  Analysis of the influence of the number of evaluations of the optimization function
and the rasterization of the environment on the performance of stochastic optimization
sensor placement algorithms.
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e Evaluation of three stochastic optimization algorithms for sensor placement in two-
dimensional and three-dimensional environments with selected parameters and com-
parison with the ground truth values.

This manuscript is structured as follows. Section 2 describes the used environment
and sensor models, optimization function and algorithms as well as the newly proposed
recursive exhaustive Search. In Section 3, the results are then presented, analyzed and
discussed. Finally, concluding remarks are given in Section 4.

2. Materials and Methods

In our previous research [15], we introduced environment and sensor models as well
as an optimization function that is crucial for evaluating sensor placement in a given envi-
ronment. To ensure an accurate assessment of sensor positioning, we utilize environment
models that provide a rough two-dimensional and three-dimensional representation of the
real-world environment. Our proposed sensor models establish visibility calculations by
employing probabilistic coverage models tailored for both isotropic and directional sensors.
In addition, the optimization function utilizes a continuous, single-objective approach that
aims to minimize the global loss value, which is the complement of the area coverage.

In this section, we provide a brief overview of these models and functions and explain
the role they play in improving the efficiency of sensor placement in specific environments.
Furthermore, a variant of the exhaustive search and its adaptation to the two-dimensional
and three-dimensional sensor placement problem is presented to create a ground truth
solution for single sensor placement.

2.1. Environment Model

To accurately assess sensor placement, we rely on environment models proposed in
our previous research that closely represent the real environment based on descriptions
of free and occupied spaces. These models, which typically describe the layout of the
ground plane, are created through three-dimensional polygonal modeling. Although these
models are primarily three-dimensional, they can also be simplified into two-dimensional
representations if necessary by focusing on their ground planes.

Three distinct test environments were defined by altering their shapes and the ar-
rangement of obstacles within them. The first environment, seen in Figure 1a, features a
U-shape without obstacles, representing a scenario where multiple sensors are necessary
due to the curved layout obstructing visibility. In the second environment, Figure 1b,
a simple quadratic shape with multiple obstacles, limits the coverage of individual sensors.
The third environment, Figure 1c, simulates scenarios where obstacles isolate parts of
the environment, testing the optimization algorithm’s response to discontinuities and the
placement of sensors in both isolated and non-isolated areas.

>

X

(a) Environment 1 (b) Environment 2 (c) Environment 3
Figure 1. 3D isometric views of used environment models.

To effectively calculate the spatial coverage, the environment is divided into a final
number of voxels based on a rasterization parameter r, that determines the granularity of
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coverage. The number of voxels depends on the layout, the dimensions of the free and
occupied spaces, and the selected rasterization parameter, and is given in Table 1. In general,
it is assumed that a higher number of voxels provides a more accurate description of
the world.

Table 1. The number of voxels for two-dimensional and three-dimensional representations of used
environment models.

Environment 1 Environment 2 Environment 3

7o [m] 2D 3D 2D 3D 2D 3D

1 36 216 20 152 23 138

05 115 1265 85 1079 88 968
0.1 2331 116550 2117 115530 2099 104,950

By employing both two-dimensional and three-dimensional spatial representations
and adjusting the rasterization parameter, we can evaluate the performance of optimization
algorithms on test cases of varying complexity.

2.2. Sensor Models

Sensor models are defined by specifying rules for calculating the visibility for each
voxel surrounding the sensor within the environment. Proposed sensor models employ
a probabilistic coverage model. There are two main types of sensors that differ in their
sensing capabilities: sensors with isotropic sensing and sensors with directional sensing.

The visibility vys between each voxel v; and the sensor s j 18 determined as the product
of three fundamental functions:

005 (0, 8)) = v4(0;,8)) - 0g(0;, ) - v6(0;, 8)), 1)

where v; represents the visibility based on the distance between the sensor and the observed
voxel, while v, and vy correspond to the visibilities determined by azimuth and inclination
angles between the sensor and the voxel. These calculations vary depending on the
sensor type.

Visibility is only calculated if there is a line of sight between the voxel and the sensor.
The distance dys between the voxel and the sensor, which is used in the distance visibility
function vy, is calculated using the following Euclidean distance formula:

dUS(Ul‘,S]‘) = \/(’Uix — S]‘X)z + ('Uiy — S]‘y)z + (Uiz — sz)z. (2)

Both azimuth ¢ and inclination 8 are calculated as angles within the spherical coordi-
nate system:

Pus(vi,8;) = arctan2<viy —8j,, Vi, — ij), (3)
Bus (01,5;) = arcsin | - @
v;,8;) = arcsin | ———= |,
oA dvs(vi/ 5]’)

and used in the calculation of the azimuth visibility v, and inclination visibility vg, respectively.

In this study, a model of an isotropic radio beacon is used, where the visibility of the
distance v, is based on the Received Signal Strength Indicator (RSSI). The SNR is normalized
by rssijmax, resulting in vy. The azimuth visibility (o and the inclination visibility vy are
equal to 1, as it is assumed that the isotropic sensor detects (or emits) the signal equally in
all directions.

2.3. Optimization Function

To determine optimal sensor positions, an optimization function is required, com-
bining the environment and sensor models based on the selected metric. This function
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represents a minimization problem suitable for various optimization algorithms that are
non-derivative, nonlinear and constrained.

The metric chosen for this optimization is the area coverage ratio, which indicates the
proportion of the target area that is covered by the sensors. The goal of the optimization is
to minimize the global loss value, which is essentially the complement of the coverage.

The loss I,s associated with each sensor—voxel pair is calculated as the complement of
their visibility:

lys(v;, s ) =1—vys(v;, s]-). (5)

Since a voxel can be visible from multiple sensors, the voxel loss L, is calculated as
the product of the losses from each of the m sensors within the set S:

vlr Hlvs 0i, s] (6)

The global loss value L is then obtained by averaging the individual voxel losses L,
over all n voxels within the environment V:

:\:M—\

Z (vi, S @)

Sensor positions, yaw and pitch angles are characterized by continuous values, while
the voxel positions adopt discrete values derived from the environment’s rasterization
parameter. Although the proposed solution utilizes a loss minimization function that aims
to reduce the loss value L(V,S), a coverage value C(V, S) is used in the results:

C(V,S)=1-L(V,S). ®)

Moreover, this coverage value C(V,S) can be used for optimization problems that
utilize a maximization function.

2.4. Recursive Exhaustive Search for Sensor Placement

Analytically determining the optimal sensor placement in space is not feasible [5,6,9,10,41],
necessitating methods such as exhaustive search (ES) to explore all possible configurations
within a discrete search space defined by a rasterization value r.. However, due to the
continuous nature of the sensor positions, the coverage achieved with ES may not be
optimal. In addition to the problems with the discrete search space that affect the accuracy
of the optimization algorithms, the computational complexity is usually high and often
results in the need to find a balance between accuracy and computational complexity.

To tackle both the accuracy and computational complexity of ES, a recursive exhaustive
search (RES) approach was developed that combines the concepts of ES and greedy search
(GS) to recursively traverse the environment in search of the optimal solution. In RES,
the potential sensor positions are initially separated by r., same as in ES. As shown in
Algorithm 1, in each iteration, the search space area is recursively refined around the
positions with the highest coverage until the termination conditions are met.

The step size r. for ES was chosen so that it is one order of magnitude lower than the
rasterization value of the environment r,,. The coverage value C is calculated for each of the
possible positions and the position or positions with the highest coverage value are selected.
With RES, this process is repeated at each iteration, shrinking the search space around the
selected position and halving its size for each of the axes of the global coordinate system.
In each iteration, the value of . is also reduced by one order of magnitude. The execution is
terminated if the size of the search space falls below the value of the floating point precision
re <1x10°8m
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Algorithm 1 Recursive Exhaustive Search (RES)
DT = 1.0
. lower_bounds = [Xyin, Ymin, Zmin|-initially set to lower bounds of environment model
. upper_bounds = [Xmax, Ymax, Zmax)-initially set to upper bounds of environment model
: function RES(r,, lower_bounds, upper_bounds)
if r, <1x 108 then
return 0, None
end if
potential_solutions < sample the area between min and max values for each axis
with a step size of 7,
9: Cinax, best_solutions < solution(s) with highest coverage value C from the
potential_solutions
10:  half_dim = (upper_bounds — lower_bounds) /4

11: for solution in best_solutions do

12: C, current_solutions <— RES(r, /10, solution — hal f_dim, solution + hal f _dim)
13: if C > Cyay then

14: Chax =C

15: Replace best_solutions with the current_solutions

16: else if C == Cj;; then

17: Append current_solutions to the list of best_solutions

18: end if

19: end for

20: return C;,,y, best_solutions

21: end function

While ES provides comprehensive coverage exploration, RES offers a refined approach
with reduced computational demands. Further optimization of RES may enhance its
practical applicability for sensor placement problems in real-world scenarios.

2.5. Optimization Algorithms

Three algorithms were selected for this study, all of which fall within the domain
of population-based stochastic genetic optimization techniques. These methods, namely
Particle Swarm Optimization (PSO) [42], Artificial Bee Colony (ABC) [43] and Fireworks
Algorithm (FWA) [44,45], are tailored to the optimization of nonlinear functions within
multidimensional spaces, as described earlier. The variables to be optimized are the
positions of the sensors, which form a multidimensional search space whose dimensions
vary depending on environmental factors and the properties of the sensors used.

The choice of the PSO algorithm stems from its status as one of the most widely
used swarm optimization algorithms, which has proven itself in various optimization
problems. Alongside PSO, the ABC algorithm is utilized, as a representative of more
modern optimization techniques, which is characterized by its effectiveness in certain
optimization scenarios [43]. Additionally, the inclusion of the FWA algorithm demonstrates
a recent advancement in swarm optimization techniques, presenting notable improvements
over the PSO algorithm, according to [44]. In particular, the combination of these algorithms,
as used in [46] for the path planning of mobile robots, highlights their suitability for tackling
optimization problems in continuous space, and a number of other applications [47-49].

Since there are no known solutions to the sensor placement problem and it cannot be
solved analytically, the optimization cannot be directed toward a fixed target. Therefore,
we use a “fixed-cost” approach, where the number of evaluations of the optimization
functions for each algorithm within a given test case is limited [50]. Specifically, the number
of evaluations is set to E = E, - D, where E, is the number of evaluations of the optimiza-
tion function per independent variable and D is the number of independent variables.
In this study, the influence of the number of evaluations of the optimization function per
independent variable E, is analyzed.
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For the placement of the single isotropic sensor in the two-dimensional environment,
D = 2, which corresponds to the positions x and y of said sensor. In the case of a three-
dimensional environment, D = 3 because an additional axis z is added.

2.6. Experimental Setup

The three environments described above were used for all experiments. Due to the
computational requirements of these extensive experiments, the supercomputer “Bura” of
the University of Rijeka was used [51]. The tests with ES and RES were parallelized on
20 nodes with two Xeon E5 processors each. The tests with stochastic optimization algo-
rithms were performed on a varying number of nodes, with each test running exclusively
on a single core.

3. Results and Discussion

In this section, we present the results of our study. We start with the results of
a proposed solution approach for ground truth based on exhaustive search. We then
compare the coverage results for the placement of a single isotropic sensor in three two-
dimensional and three-dimensional environments based on the number of evaluations
of the optimization function and the rasterization parameter. Following the comparison,
the coverage values obtained with the three optimization algorithms are compared with
the ground truth value calculated with modified RES.

3.1. Ground Truth Estimation

Since it is not possible to analytically determine the optimal arrangement of sensors
and multiple sensor configurations could be optimal, we decided to use a single metric
with which to compare the optimization algorithms. If there are multiple optimal sensor
configurations, they result in the same coverage value C. Therefore, we chose the coverage
value C as the criterion for determining the accuracy of sensor placement and used it as the
ground truth representation instead of the sensor configuration.

The time per evaluation TPE mainly depends on the number of voxels in the environ-
ment and the number and type of sensors placed. On this basis, TPE and, extrapolated
from it, the average computation time of an optimization function are constant. Both the ES
and RES approaches are parallelized and are compared based on the number of evaluations
of the optimization function and not on the computation time.

Both ES and RES were evaluated and compared on test cases involving the placement
of a single omnidirectional sensor in two-dimensional and three-dimensional models of all
three environments with a rasterization value of r, = 0.1 m. ES was conducted with a step
size of r, = 0.01 m, while for RES, the initial value was r, = 1 m.

Table 2 shows the measured time per evaluation TPE in seconds, the achieved coverage
values C and the number of evaluations E of the optimization function for both approaches.
For two-dimensional environments, the computation time for ES was between 4 and
7.5 min, while for RES it was an order of magnitude lower, between 1 and 4 s. For three-
dimensional environments, the difference is even more pronounced, ranging from 22 to
45 min for RES. Measuring the computation time for ES would be possible, but not feasible,
as it is estimated to be between 80 and 204 days for the same test cases. The computation
time between ES and RES ranged from a factor of 100 for two-dimensional environments to
a factor of 5000 for three-dimensional environments.

From the data obtained, it is evident that there is no difference in the coverage achieved
between the two approaches for two-dimensional environments. However, for three-
dimensional environments, the achieved space coverage results for the ES approach are not
shown since the computation time is extended beyond practical limits.
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Table 2. Time per evaluation TPE, coverage values C and number of evaluations E of the optimization
function for ES and RES for single sensor placement problem in all three environments.

Environment 1 Environment 2 Environment 3
2D 3D 2D 3D 2D 3D
TPE [s] 0.53 30.72 0.99 74.49 0.85 56.25
ES C 0.1446 - 0.1191 - 0.1359 -
E 221,301 1.107 x 10° 210,197  1.133 x 10° 205,530  1.028 x 10°
RES C 0.1446 0.0795 0.1191 0.0814 0.1359 0.0742
E 1567 21,230 1533 17,051 1534 16,874

3.2. Analysis of the Impact of the Number of Evaluations

The importance of choosing the right number of evaluations of the optimization
function lies in the need for faster processing without significant loss of total coverage C.
In this subsection, we study the impact of the evaluations for the problem of placing a single
isotropic sensor in three selected environments. To account for the stochastic variability
inherent in optimization algorithms, each test case was repeated 30 times. For the sake of
brevity, the results are presented for one environment only. The analysis of the coverage in
the other environments leads to the same results.

For all tests, a rasterization value is set to r, = 0.1 m. Table 3 shows the descriptive
statistics for using different numbers of evaluations E, of the optimization for the sensor
placement in the two-dimensional representation of the Environment 1. This table shows
the average and standard deviation of the coverage C of all runs for each algorithm.

Table 3. Coverage averages and standard deviations of the different algorithms for each number of
evaluations for two-dimensional Environment 1.

Evaluations E, ABC FWA PSO
Average St. Dew. Average St. Dew. Average St. Dew.
25 0.1417 0.0026 0.1408 0.0034 0.1435 0.0012
50 0.1432 0.0017 0.1417 0.0025 0.1443 0.0002
75 0.1440 0.0007 0.1430 0.0011 0.1445 <0.0001
100 0.1442 0.0004 0.1430 0.0012 0.1445 <0.0001
150 0.1444 0.0002 0.1433 0.0011 0.1445 <0.0001
200 0.1444 0.0002 0.1437 0.0006 0.1445 <0.0001
300 0.1445 0.0001 0.1435 0.0006 0.1446 <0.0001
400 0.1445 0.0002 0.1436 0.0006 0.1446 <0.0001
500 0.1445 <0.0001 0.1439 0.0005 0.1446 <0.0001
600 0.1445 0.0001 0.1437 0.0004 0.1446 <0.0001
700 0.1445 0.0002 0.1439 0.0004 0.1446 <0.0001
800 0.1445 0.0001 0.1442 0.0002 0.1446 <0.0001
900 0.1445 0.0002 0.1440 0.0004 0.1446 <0.0001
1000 0.1445 0.0001 0.1441 0.0003 0.1446 <0.0001

In order to statistically analyze the effects of the optimization algorithm used and
the number of evaluations of the optimization function on the average coverage, we
performed a two-way repeated measures (RM) ANOVA. Namely, a 3 x 14 ANOVA was
utilized, with Algorithms (three instances) and Number of evaluations (14 instances) being the
within-subjects factors. The test yielded the following results:

*  The mean coverage differed significantly between the optimization Algorithms:
F(2,1218) =173.998, p < 0.001.

A post hoc analysis with a Bonferroni adjustment showed that PSO achieved statis-
tically higher coverage compared to ABC and FWA. ABC also outperformed FWA



Appl. Sci. 2024, 14, 2786

10 of 20

in these tests. The full results of the pairwise post hoc comparisons can be found in

Table 4.

*  Mean coverage differed significantly between the Number of evaluations:

F(13,1218) = 47.555, p < 0.001.

A post hoc analysis with a Bonferroni adjustment confirmed a statistically significant
difference in area coverage obtained with E, = 25 and E, = 50 evaluations compared

to more. In most other cases, there is no statistically significant difference.

*  The interaction between the factors Algorithm * Number of evaluations is statistically

significant:

F(26,1218) = 5.446, p < 0.001.

Table 4. Post hoc comparison for Algorithms for two-dimensional Environment 1 with factor Number

of evaluations.
Mean Difference SE t Poonf
ABC FWA 8.408 x 10~ 6.368 x 107> 13.203 <0.001
PSO —3.064 x 1074 6.368 x 107> —4.811 <0.001
FWA PSO —0.001 6.368 x 107> —18.014 <0.001

Table 5 shows the descriptive statistics for using different numbers of evaluations E,
of the optimization for the sensor placement in the three-dimensional representation of
Environment 1. This table shows the average and standard deviation of the coverage C of
all runs for each algorithm.

Table 5. Coverage averages and standard deviations of the different algorithms for each number of

evaluations for three-dimensional Environment 1.

Evaluations E, ABC FWA PSO
Average St. Dew. Average St. Dew. Average St. Dew.
25 0.0764 0.0045 0.0738 0.0039 0.0790 0.0004
50 0.0786 0.0012 0.0766 0.0020 0.0795 0.0001
75 0.0791 0.0005 0.0772 0.0017 0.0795 0.0001
100 0.0793 0.0004 0.0769 0.0024 0.0795 <0.0001
150 0.0794 0.0002 0.0773 0.0013 0.0795 <0.0001
200 0.0795 0.0001 0.0776 0.0011 0.0795 <0.0001
300 0.0795 0.0001 0.0779 0.0008 0.0795 <0.0001
400 0.0795 <0.0001 0.0781 0.0008 0.0795 <0.0001
500 0.0795 0.0001 0.0783 0.0007 0.0795 <0.0001
600 0.0795 0.0001 0.0784 0.0008 0.0795 <0.0001
700 0.0795 <0.0001 0.0783 0.0006 0.0795 <0.0001
800 0.0795 <0.0001 0.0786 0.0005 0.0795 <0.0001
900 0.0795 0.0001 0.0785 0.0005 0.0795 <0.0001
1000 0.0795 <0.0001 0.0786 0.0006 0.0795 <0.0001

We again performed a two-way 3 x 14 RM ANOVA, where Algorithms (three instances)
and Number of evaluations (14 instances) were the within-subjects factors. The test yielded

the following results:

*  The mean coverage differed significantly between the optimization Algorithms:

*  Mean coverage differed significantly between the Number of evaluations:

F(2,1218) = 335.709, p < 0.001.

F(13,1218) = 37.571, p < 0.001.
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In both cases, the post hoc analysis with a Bonferroni adjustment led to the same
conclusions as for the two-dimensional placement. The full results of the pairwise
post hoc comparisons for the factor Algorithm can be found in Table 6.
e The interaction between the factors Algorithm * Number of evaluations is statistically
significant:
F(26,1218) = 7.787,p < 0.001.

Table 6. Post hoc comparison for Algorithm for three-dimensional Environment 1 with factor Number

of evaluations.
Mean Difference SE t Poonf
ABC FWA 0.002 7.942 x 107> 20.204 <0.001
PSO —3.135 x 1074 7.942 x 1075 —3.948 <0.001
FWA PSO —0.002 7.942 x 107> —24.152 <0.001

Although the statistical analysis showed that 50 evaluations per independent variable
achieved a coverage value that was not significantly different from that achieved with
more evaluations, the statistically significant interaction between the factors prompted
us to perform a post hoc analysis of all factors. This post hoc analysis showed that PSO
performs better than ABC only for E, = 50 for two-dimensional environments and for
E, = 25 evaluations for three-dimensional environments, while there is no statistically
significant difference for a higher number of evaluations. Both algorithms outperform FWA
up to E, = 150 for two-dimensional environments and E; = 400 for three-dimensional
environments, after which there is no statistically significant difference between the pairs
of algorithms. This difference can be seen in Figure 2.

As can be seen in Figure 3, the computation time increases linearly with the number of
evaluations E;. The computation time for ABC and PSO overlaps, while it increases faster
for FWA.

0.145
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g 0143
>
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0.141
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Figure 2. Cont.
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Figure 2. Coverage value C for each of the algorithms based on the number of evaluations E; for
Environment 1.
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Figure 3. Computation time for each of the algorithms based on the number of evaluations E, for
Environment 1.

3.3. Analysis of the Impact of the Rasterization Value

While the number of evaluations has a linear influence on the computational time, it
is expected that the rasterization value r, has an exponential influence on the calculation.
In this subsection, we examine the effects of the rasterization values on the computed
coverage value C. For all tests, the number of evaluations per independent variable is set
to E, = 200. Table 7 shows the descriptive statistics for using different rasterization values
t, of the optimization for sensor placement in the two-dimensional Environment 1. This
table shows the average and standard deviation of the coverage C of 30 runs.

Table 7. Coverage averages and standard deviations of the different algorithms for each rasterization
for two-dimensional Environment 1.

Rasterization r, [m] ABC FWA PSO

Average  St. Dew. Average  St. Dev.  Average  St. Dew.
0.1 0.1444 0.0002 0.1437 0.0006 0.1445 <0.0001
0.2 0.1405 0.0002 0.1398 0.0006 0.1407 <0.0001
0.3 0.1370 <0.0001 0.1359 0.0008 0.1370 <0.0001
0.4 0.1352 0.0004 0.1345 0.0006 0.1354 0.0001
0.5 0.1303 0.0003 0.1291 0.0007 0.1303 0.0003
0.6 0.1276 0.0006 0.1261 0.0009 0.1279 0.0007
0.7 0.1294 0.0001 0.1268 0.0017 0.1292 0.0005
0.8 0.1249 0.0002 0.1218 0.0021 0.1249 <0.0001
0.9 0.1200 0.0006 0.1167 0.0021 0.1198 0.0007
1.0 0.1201 0.0005 0.1161 0.0026 0.1198 0.0017

Again, to statistically analyze the effects of the optimization algorithm used and
the rasterization value on the average coverage, we performed a two-way RM ANOVA.
Namely, a 3 x 10 ANOVA was utilized, with Algorithms (three instances) and Rasterization
(10 instances, 0.1 m to 1.0m, step 0.1 m) being the within-subjects factors. The test yielded
the following results:

*  The mean coverage differed significantly between the optimization Algorithms:

F(2,870) = 402.097, p < 0.001.
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A post hoc analysis with a Bonferroni adjustment showed that there is no statistical
difference between the coverage achieved by ABC and PSO, while both achieve
statistically higher coverage compared to FWA in these tests. The full results of the
pairwise post hoc comparisons can be found in Table 8.

*  Mean coverage differed significantly between the Rasterization:

F(9,870) = 7518.017, p < 0.001.

A post hoc analysis with a Bonferroni adjustment showed statistical significance
between almost all Rasterization values, with the only pair that yielded a statistically
non-significant difference being r, = 0.9m and r, = 1.0m.

e The interaction between the factors Algorithm * Rasterization is statistically significant:

F(18,870) = 15.191, p < 0.001.

Table 8. Post hoc comparison for Algorithm for two-dimensional Environment 1 with factor Rasterization.

Mean Difference SE t Poonf

ABC FWA 0.002 7.760 x 107> 24.560 <0.001
PSO 1.452 x 10~7 7.760 x 107> 0.002 1.000

FWA PSO —0.002 7.760 x 1075 —24.558 <0.001

Table 9 shows the descriptive statistics for using different rasterization values r,
of the optimization for the sensor placement in the three-dimensional representation of
Environment 1. This table shows the average and standard deviation of the coverage C of
all runs for each algorithm.

Table 9. Coverage averages and standard deviations of the different algorithms for each rasterization
for three-dimensional Environment 1.

Rasterization r, [m] ABC FWA PSO
v Average  St. Dev.  Average St.Dev. Average  St. Dew.
0.1 0.0795 0.0001 0.0776 0.0011 0.0795 <0.0001
0.2 0.0760 0.0001 0.0743 0.0013 0.0761 0.0001

0.3 0.0728 0.0002 0.0709 0.0012 0.0729 <0.0001
0.4 0.0703 0.0002 0.0692 0.0005 0.0704 0.0001
0.5 0.0670 0.0001 0.0659 0.0007 0.0670 0.0001
0.6 0.0638 0.0002 0.0626 0.0007 0.0639 0.0002
0.7 0.0628 0.0001 0.0616 0.0007 0.0628 0.0001
0.8 0.0594 0.0001 0.0580 0.0005 0.0594 0.0001
0.9 0.0544 0.0001 0.0539 0.0003 0.0543 0.0001
1.0 0.0544 0.0001 0.0538 0.0005 0.0543 0.0001

Again, we performed a 3 x 10 two-way RM ANOVA with the same within-subjects
factors. The test yielded the following results:

¢  The mean coverage differed significantly between the optimization Algorithms:
F(2,870) = 683.308, p < 0.001.
*  Mean coverage differed significantly between the Rasterization:
F(9,870) = 28115.796, p < 0.001.

For both factors, a post hoc analysis with a Bonferroni adjustment yielded the same
results as for the two-dimensional Environment. The full results of the pairwise post
hoc comparisons for the factor Algorithms can be found in Table 10.
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*  The interaction between the factors Algorithm * Rasterization is statistically significant:

F(18,870) = 10.454, p < 0.001.

Table 10. Post hoc comparison for Algorithm for three-dimensional Environment 1 with factor Rasterization.

Mean Difference SE t Poonf

ABC FWA 0.001 3.952 x 105 31.621 <0.001
PSO —3.056 x 10~ 3952 x 105 —0.773 1.000

FWA PSO —0.001 3.952 x 105 —32.395 <0.001

The statistically significant interaction between the factors prompted us to conduct a
post hoc analysis of all factors. This post hoc analysis showed that for the two-dimensional
environment there is no statistically significant difference between the factors Algorithms
for r, = 0.1m and r, = 0.2m, while for values of r, > 0.3 m both ABC and PSO perform
better than FWA, with no significant difference between them. For the three-dimensional
environment, a post hoc analysis showed that ABC and PSO outperform FWA for all
rasterization values. This can be seen in Figure 4.
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Figure 4. Coverage value C for each of the algorithms based on the rasterization value r;, for

Environment 1.
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As can be seen in Figure 5, the computation time increases exponentially with the
smaller rasterization value r, and it overlaps again for ABC and PSO, while it increases

somewhat faster for FWA.
450
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° 225
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Figure 5. Computation time for each of the algorithms based on the rasterization value r;, for
Environment 1.

3.4. Comparison of RES and Stochastic Algorithms

Based on the conclusions from the analysis in the two previous subsections, we
chose r, = 0.1 m as this led to the best overall coverage C. For the stochastic optimization
algorithms, E;, = 150 was chosen as this was the first value where there was a significant dif-
ference between the algorithms for two-dimensional environments. For three-dimensional
environments, a value of E, = 400 was chosen for the same reasons.

Table 11 shows the results of the coverage value C and the total number of evalua-
tions E. The stochastic algorithms, in particular ABC and PSO, performed as well as RES
and in most cases reached or came close to the ground truth coverage value. This cover-
age performance metric was tracked with a large impact on computation time, with the
stochastic algorithms being more than 5 times faster for two-dimensional environments
and between 14 and 18 times faster for three-dimensional environments. If we were to
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compare the computation time with ES and not with the proposed RES, the impact would
be about 500 times for the two-dimensional environments and almost 100, 000 times for the
three-dimensional environments.

Table 11. Coverage values C and the total number of evaluations E for RES and three selected
optimization algorithms for single sensor placement problem in all three environments.

Environment 1 Environment 2 Environment 3

2D 3D 2D 3D 2D 3D
RES C 0.1446 0.0795 0.1191 0.0814 0.1359 0.0742
E 1567 21,230 1533 17,051 1534 16,874
ABC C 0.1444 0.0795 0.1190 0.0814 0.1352 0.0739
FWA C 0.1433 0.0781 0.1170 0.0806 0.1346 0.0732
PSO C 0.1445 0.0795 0.1190 0.0814 0.1356 0.0741

E 300 1200 300 1200 300 1200

4. Conclusions

In this paper, we presented a novel methodology for addressing the complex chal-
lenge of optimal sensor placement in two-dimensional and three-dimensional spaces. We
have proposed and thoroughly investigated a new variant of exhaustive search, the re-
cursive exhaustive search (RES). It provides the same or better coverage than traditional
exhaustive search while significantly reducing the computational overhead, especially in
three-dimensional contexts. This efficiency makes RES a robust benchmark for evaluating
the performance of various stochastic optimization algorithms in sensor placement tasks.

We then investigated the effects of two key factors—the number of evaluations of
the optimization function and the rasterization of the environment—on the efficiency of
the sensor placement strategies. Our comparative analysis of three prominent stochastic
optimization algorithms—Artificial Bee Colony (ABC), Fireworks Algorithm and Particle
Swarm Optimization (PSO)—with the benchmarks established by RES provided valuable
insights into their effectiveness. In particular, the ABC and PSO algorithms performed
commendably. They often achieved or came very close to the optimal coverage values
determined by RES, while significantly reducing the computation time.

The main limitation of the proposed approach is the increase in computational com-
plexity with the size and topological complexity of the environment models. This limitation
can be mitigated by a parallelized implementation of the computation of the optimization
functions, which is executed on multiple CPU or GPU cores. Another limitation related to
the proposed RES is the potentially suboptimal solution, as mentioned in Section 2.4.

The insights gained emphasize the importance of fine-tuning parameters and bal-
ancing computational complexity and solution quality. These considerations can inform
decision-making in real-world sensor networks and improve their efficiency and reliability.
Future research directions could investigate advanced optimization techniques or hybrid
approaches to further improve the efficiency of sensor placement. Furthermore, inves-
tigating the applicability of our findings to specific domains and considering dynamic
environments could lead to more robust and adaptive sensor placement strategies. One of
the possibilities is to train an agent (sensor) model using reinforcement learning, which
could lead to the possibility of finding optimal results in an unknown environment.
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