
Three-Dimensional Surface Area
Computation and Coverage Optimization

in Directional Sensor Networks
With Applications for Vertical Farming

Master thesis

Lau Christian Aver
Mads Bjørn Madsen

Frederick Alexander Bue Nygaard

Aalborg University
Mathematics-Economics



Copyright © Aalborg University 2024



Mathematics-Economics
Skjernvej 4A

9220 Aalborg Øst
http://www.aau.dk

Title:
Three-Dimensional Surface Area Com-
putation and Coverage Optimization In
Directional Sensor Networks

Theme:
Sensor Allocation Optimization

Project Period:
Spring Semester 2024

Participants:
Lau Christian Aver
Mads Bjørn Madsen
Frederick Alexander Bue Nygaard

Supervisor:
Inkyung Sung
Alex Elkjær Vasegaard

Number of Pages: 33

Date of Completion:
June 3, 2024

Abstract:

In an increasingly automated society
monitoring becomes more and more
important. Especially in production
lines sensors play a vital role in en-
suring quality and uniformity in prod-
ucts. A broad range of sensors are be-
ing employed to handle the task. In
this paper we examine a selection of
directional sensors in a vertical farm
setting. By use of a Particle Swarm
Optimization algorithm we try to max-
imize the surface area covered by a
sensor in a bounded environment. It
is possible for the algorithm to im-
prove upon an initial, randomly gen-
erated position of the sensor and find
a near optimal solution with maxi-
mized surface area covered. Addition-
ally, we find that static sensors are be-
ing outperformed significantly by sen-
sors with gyral capabilities.

The content of this report is freely available, but publication (with reference) may only be pursued due to

agreement with the author.

http://www.aau.dk




Preface

This master’s thesis is written during the spring semester of 2024 by Lau Christian
Aver, Frederick Alexander Bue Nygaard and Mads Bjørn Madsen, master students
in Mathematics-Economics Operations Research at the Department of Mathemat-
ical Sciences at Aalborg University. The topic of this thesis is to optimally place
sensors in order to monitor objects in a three dimensional environment.

The paper is written using LaTeX and all simulations and calculations are made
using Python and RStudio. Plots and figures are made using Python, Rstudio,
Blender and AI generators.

We would like to thank our supervisors Inkyung Sung and Alex Elkjær Vasegaard
for their encouragement, guidance and inputs.

Aalborg University, June 3, 2024

Lau Christian Aver
<laver18@student.aau.dk>

Mads Bjørn Madsen
<mmadse17@student.aau.dk>

Frederick Alexander Bue Nygaard
<fnygaa18@student.aau.dk>

v





Contents

Preface v

1 Introduction and Related Works 1

2 Solution Approach 7
2.1 Environment Specifications . . . . . . . . . . . . . . . . . . . . . . . . 7
2.2 Observation Scenarios . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

3 Results 19
3.1 Particle Swarm Optimization . . . . . . . . . . . . . . . . . . . . . . . 19
3.2 Model without Gyral Capabilities . . . . . . . . . . . . . . . . . . . . 21
3.3 Cameras with Gyral Capabilities . . . . . . . . . . . . . . . . . . . . . 23
3.4 Multiple Cameras . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

4 Discussion 29
4.1 Solution Applicability . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
4.2 Performance Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . 30
4.3 Assumptions and Limitations . . . . . . . . . . . . . . . . . . . . . . . 30
4.4 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

5 Conclusion 33

Bibliography 35

A Additional Results 37

vii





Chapter 1

Introduction and Related Works

Monitoring is a critical function across multiple domains ranging from border and
city surveillance, measuring environmental indicators, scanning of landscape and
seabeds, monitoring performance of industrial production facilities, etc. As such,
the task of obtaining accurate information efficiently is crucial in order to optimize
resource expenditure and secure coverage of an area of interest, since inadequate
monitoring can lead to significant losses due to the fact that insufficient coverage
can result in information being missed. This can lead to machines breaking down,
produce spoiling or targets of interest going undetected.

In the agricultural sector the monitoring of several factors can be essential for
optimizing the output of produce. Particularly for indoor farming constant super-
vision is necessary to ensure optimal growth conditions for produce, like tracking
temperature, soil humidity and light intensity. Moreover, timely detection of pests,
pathogens, damages or ripeness of produce can be advantageous to influence qual-
ity and yield.

To this end, the usage of wireless sensor networks has gained increasing preva-
lence, as they are an effective and cost efficient way to automate the gathering of
information. Wireless sensor networks are networks of sensors that collect infor-
mation of the surroundings in the form of data.This information is forwarded to
a central computer, which process the information and reacts to it according to a
predefined protocol.

There exist numerous types of sensors, all able to detect a certain type of data
input like temperature, light, moisture, audio and pictures, all with different spec-
ifications regarding range and field of view. However, these can broadly be cat-
egorized into two types; directional sensors and omni-directional sensors. What
differentiates the two types is, simply put, the angle at which the sensor can per-
ceive the surroundings. Where directional sensors have a narrow field of view,
omni-directional sensors are able to, at all times, perceive the environment in a
360-degrees range.

1



2 Chapter 1. Introduction and Related Works

In order to optimally gather quality information of the environment, strategic
placement of sensors in the network is crucial; randomly placing sensors can cause
the network to experience overlaps in coverage. In such a case, the network will
include redundant sensors that are not contributing with additional data. While
overlaps in coverage and redundant sensors secures coverage if one sensor fails
or breaks down, it also leads to an increase in required resource expenditure due
to both higher energy consumption and investment in additional sensors. Like-
wise an inadequate number of sensors will result in insufficient coverage. This
is particularly true in directional sensor networks, where the directions at which
the sensors are viewing must be optimized as well. However, in many scenar-
ios random initial placement of sensors is the only feasible option, thus making
orientation and sleep scheduling optimization all the more important.

To add to complexity, targets are not necessarily always stationary. In surveil-
lance scenarios, targets are indeed most often moving. Thus it is necessary for the
sensor to be placed at the correct location with the correct viewing direction to be
able to detect the target. Likewise, dynamic sensors can be implemented in sensor
networks, necessitating techniques for optimizing not only location and angle of
the sensor, but movement pattern as well. Consequently, the complexity under-
scores the importance of the topic of optimal sensor allocation.

The challenge of optimizing sensor allocation has been combated by numerous re-
searchers in a wide range of scenarios. As such, there have been proposed and
developed several different methods to solve the problem of sensor allocation op-
timization. Depending on the complexity regarding stochasticity and behaviour of
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the environment, dynamics of the sensor network, objectives of the network and
the proposed solutions, these methods can be heuristics, exact solutions or machine
learning techniques.

In [Guvensan and Yavuz, 2011] the authors examined and compared sensor
placement methods and coverage issue similarities between directional sensor net-
works and omni-directional sensor networks. In their survey they categorized cov-
erage enhancement techniques found in the literature based on the objective of the
sensor network, namely target and area based solutions, connectivity solutions and
lifetime prolonging solutions. Additionally they defined several challenges that di-
rectional sensor networks can encounter and the numerous approaches with which
different researches have attempted to overcome these challenges with different ob-
jectives considered. Their survey of the literature led the authors to conclude that
research has mainly focused on either optimizing sensor direction or sleep sched-
ules for redundant sensors.

In their article, [Wu et al., 2020], the authors studied directional sensor place-
ment and orientation angle in a greenhouse to avoid occlusion between targets
in a two-dimensional setting. The authors highlighted that most research in the
field of directional sensors placement disregard occlusion between targets, e.g. the
fact that produce usually have several leaves and fruits per plant, thus resulting
in blind spots and inefficient coverage. They proposed an algorithm based on the
particle swarm optimization framework for determining optimal sensor direction
angle in order to minimize occlusion.

To address the problem of coverage overlaps and blind areas of a two-dimensional
directional sensor network, the authors of [Zhu et al., 2023] employ an algorithm
based on the combination of virtual force and particle swarm optimization algo-
rithms.

[Dong et al., 2012] employ an artificial fish swarm algorithm to optimize target
coverage in a three-dimensional directional sensor network.

A genetic algorithm was implemented in [Wang et al., 2009] to determine opti-
mal sensor directions in two dimensions in order to optimize coverage of targets
different priorities. Additionally the algorithm was used to ascertain the required
number of sensors to satisfactorily cover the targets based on their priorities.

The authors of [Ai and Abouzeid, 2006] developed a distributed greedy algo-
rithm to provide maximum coverage of the number of targets with a minimum
number of required sensors in a randomly deployed directional sensor network
in two dimensions. Additionally they developed a Sensing Neighbourhood Coop-
erative Sleeping protocol to adaptively schedule turning off redundant sensors in
order to conserve energy.

The authors of [Hou et al., 2023] employed a reinforcement learning method
to determine sensor locations and orientations in order to optimize target cover-
age and promote collaboration between sensors in a dynamic three-dimensional
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environment with risk of occlusion of targets.
In [Tezcan and Wang, 2008] a distributed algorithm based method was pro-

posed to allow a two-dimensional directional sensor network to optimally self-
orient in order to maximize coverage by minimizing overlapping sensing regions
and occlusion caused by obstacles in the environment and improve gathered infor-
mation using only local information, i.e. data regarding sensing regions of neigh-
bouring sensors.

Environment Details

Simulation
Scenario generator

Metaheuristic
Calculate surface area

Update best solution

Calibrate positions

Optimised sensor positions

Figure 1.1: Graphic illustration of proposed solution.

The purpose of this study is to provide a method for optimizing sensor covered
area of produce within a vertical farm setting using directional sensors. Research
neglected to provide an adequate article on the topic of optimizing visible surface
area in a three-dimensional environment using directional sensor networks. Due
to the simple and fairly static nature of plants in a greenhouse, we consider the
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metaheuristic particle swarm optimization algorithmic framework to be a valid
choice for finding optimal sensor location and orientation in order to maximize
covered surface area of the produce and minimize occlusion between objects. Thus
the main contributions of this article can be summarized as follows;

• To provide a framework for estimating visible surface area of the produce in
a confined three-dimensional space.

• To optimize visible surface of objects in a three-dimensional environment
using a particle swarm optimization based algorithm to determine optimal
placement and orientation of directional sensors.

The rest of the thesis is structured as follows; Chapter 2 will provide the details
of our algorithmic framework for sensor placement. In Chapter 3 all experimen-
tal results will be presented. In Chapter 4 we will discuss the scenario design,
assumptions and limitations and results of our solution. Lastly, Chapter 5 will
conclude upon our findings.





Chapter 2

Solution Approach

In order to discuss the specifics regarding our solution approach to the sensor al-
location optimization problem in an indoor farming scenario, we will now present
the details of our simulations. However, in order to conceptualize the problem, it
is necessary to establish the prerequisite assumptions and limitations under which
we design our environment. These are;

• Perfect spheres will be used to simulate produce.

• There is nothing in the environment that can obstruct the view of produce
except the occlusion between spheres.

• Unimpaired quality and accuracy of the camera.

• The sizes and locations of the spheres are known at all times.

2.1 Environment Specifications

All spheres, representing the produce in a vertical farm setting, are generated
with varying random radii, denoted ri for the i’th sphere. Centres, denoted Oi =

(xi, yi, zi), are likewise randomly generated within a confined space.
The sensors have four degrees of freedom, which correspond to the movement

on the plane to which they are attached, that is horizontally and vertically, as well
as gyral capabilities, i.e. the capability of changing orientation with regards to
pitch and yaw. We disregard roll, as it does not influence sensing orientation. The
camera location is denoted S = (xS, yS, zS).

The field of view of a sensor will be represented as a pyramid with corners Ck.
This definition is inspired by related articles, [Tezcan and Wang, 2008]. The range
of the sensor is such that the sensor is able to view the back wall. That is, no objects
are out of view such that the camera is incapable of detecting them. However, the

7
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No

Yes

Yes

No

Yes

No

Yes

No

Does the sphere belong to
the field of view?

Surface cover-
age: Zero

Does occlusion occur?

Does the sphere
cover a corner?

Does the sphere
cover an edge?

Surface coverage:
r2[(A + B + C)� p]

Surface coverage:
2prh

Surface coverage:
2pr2

Subtract 2pr(h1 + h2) from
surface coverage

Figure 2.1: Flowchart of how surface areas are computed based on observed situation.

sensor does not have a large enough field of vision to be able to view all objects at
all times.

2.2 Observation Scenarios

Depending on the location and orientation of the camera, we identify three differ-
ent cases that can occur when viewing a sphere other than being plain in view.
Consequently, the visible surface area for each object in view is computed depend-
ing on the situation. These situations are; spherical cap, spherical triangle, and
occlusion.

For unobstructed spheres, the visible surface area is calculated using the for-
mula;
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Figure 2.2: Illustration of environment with camera placed at optimal location for maximum possible
coverage for a simple camera.

A = 2pr2. (2.1)

Note that (2.1) is the standard formula for spherical surface area divided by 2.
The camera can at most observe half of a sphere, i.e. the side opposite the camera
remain undetected.

Figure 2.3: Illustration of an unobstructed sphere.

2.2.1 Spherical Cap

The spherical cap situation arises when a sphere is partially within the field of
view, crossing one of the edges [Weisstein, 2024b].
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Figure 2.4: Spherical cap. Sphere is partly within field of view.

In order to calculate the surface area of a spherical cap it is necessary to deter-
mine the height of the cap. The height of the cap is the orthogonal line segment
from the pole of the spherical cap to the plane that divides the sphere. In our
scenario this plane is the edge of the field of view which the sphere crosses.

The planes are defined by the location of the camera and the cross-product of
the vectors ~SCj and ~SCj+1. Denote the cross-product

~SCj � ~SCj+1 = ~Nj,j+1 = (aN , bN , cN). (2.2)

The equation of the plane is then

aN(x� xS) + bN(y� yS) + cN(z� zS) = 0. (2.3)

To determine the height, the shortest distance between the centre of the sphere
to the plane is subtracted from the radius of the sphere. Inserting the location
of the sphere’s centre into the equation of the plane allows us to determine this
distance.

dedge =
aN(xi � xS) + bN(yi � yS) + cN(zi � zS)

k~Nj,j+1k
. (2.4)

The height is then
hi = ri � dedge (2.5)

and the surface area in the case of spherical caps is then calculated using the stan-
dard formula, A = 2prh, divided by 2;

Ai = prihi, (2.6)

where hi is the height of the i’th cap.
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h

Pole

r

Figure 2.5: Illustration of spherical cap. The radius is denoted r and h is the line segment from the
pole of the cap orthogonal to the plane.

There are three subcategories of spherical cap computations in our solution.
The first two are dictated by whether or not the centre of the sphere lies within
the field of view. If the centre does lie within the field of view, the spherical cap
surface area is then subtracted from the surface area of the entire sphere, as it is
the part of the sphere that is not observed. If the centre lies outside the field of
view the visible surface area is then only the cap of the sphere.

The last situation occurs when the centre of the sphere lies within the field of
view and close enough to a corner without covering it, while still crossing the two
edges of the field of view. In a situation as such, the spherical caps for both edges
are calculated separately and subsequently subtracted from the area of the entire
sphere.

2.2.2 Spherical Triangle

The next situation that can occur is when a sphere covers a corner of the field
of view. The remaining area thus forms a spherical triangle [Wei and Dai, 2015],
[Weisstein, 2024c].
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Figure 2.6: Spherical triangle. A sphere is partly out of sight, covering a corner of the field of view.

To compute the area of a spherical triangle it is necessary to know the vertices
that the triangle is comprised of. To do so we focus on the vectors from the camera
to the covered corner Cj and the neighbouring corners Cj�1. First we find the angle
qOi ,Cj between vector ~SCj and ~SOi.

pj�1

pj+1

Oi

Cj�1

Cj

Cj+1

S

Figure 2.7: Outside view of a spherical triangle, with relevant variables highlighted.

qOi ,Cj = cos�1

 
~SCj � ~SOi

k ~SCjkk ~SOik

!
(2.7)



2.2. Observation Scenarios 13

The angle qOi ,Cj is used to find the length d of the orthogonal projection of ~SOi

onto ~SCj.

dcorner = cos(qOi ,Cj ) � k ~SOik (2.8)

Cj�1

pj�1

S

pj

Oi

Cj

pj+1

Cj+1

Figure 2.8: View of Figure 2.7 as seen from behind the camera.

Let pj denote the coordinates of the vertex found moving from the camera along
the normalized ~SCj scaled by d;

pj = S +
~SCj

k ~SCjk
� d (2.9)

Likewise, let pj�1 denote the coordinates of the point on the line segments from
the camera to either of the neighbouring corners, analogously found by adding its
normalized and scaled vector to the location of the camera.

We now consider the smaller pyramid that originates by removing the frustum
based on the plane that the sphere lie on, parallel to the field of view.

Next, find the angles qOi ,pj�1 between the vectors ~pj�1pj and ~pj�1Oi. Using these
angles we find the lengths for each of the three line segments of ~pj+1pj, ~pj�1pj and
~Spj, which are defined by the points aj+1, aj�1 and aj respectively, on the vectors.

These are where the vectors and the i’th sphere intersect. To find these lengths we
first compute the length tj;

tj =
q

r2
i � sin(qOiCj )

2 � k ~SOik2 (2.10)

by use of the Pythagorean theorem. The line segments to the intercept points are
found;

daj = cos(qpj�1,i ) � k ~pj�1Oik � tj. (2.11)
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tj�1 and daj�1 are found analogously.

tj

pj

Oi
qOi ,Cj

Cj

Figure 2.9: A zoomed in view of Figure 2.8.

Finally, we find the coordinates of these intercept points, while normalizing to
a unit sphere;

aj = Oi +

�
S + daj �

~pjS
k ~pjSk

�Oi

�
ri

(2.12)

and

aj�1 = Oi +

�
pj�1 + daj�1 �

~pj pj�1

k ~pj pj�1k �Oi

�
ri

. (2.13)

Once the three intercept points have been found we can find the angles between
the vectors ~aj, ~aj+1 and ~aj�1 going from origin O to those points. We use the
chords between the intercept points to find the angles, denoted a0j, a0j+1 and a0j�1
by following equations;

a0j = cos�1

 
1�
k ~Oaj+1 � ~Oaj�1k2

2

!
(2.14)

a0j+1 = cos�1

 
1�
k ~Oaj+1 � ~Oajk2

2

!
(2.15)

a0j�1 = cos�1

 
1�
k ~Oaj�1 � ~Oajk2

2

!
. (2.16)

The last steps are then to find the dihedral angles at the vertices of the spherical
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triangle. Let these, just as the vertices themselves, be denoted ajk .

aj = cos�1

 
cos(a0j)� cos(a0j+1) cos(a0j�1)

sin(a0j+1) sin(aj�1)

!
(2.17)

aj+1 = cos�1

 
cos(a0j+1)� cos(a0j) cos(a0j�1)

sin(a0j) sin(aj�1)

!
(2.18)

aj�1 = cos�1

 
cos(a0j�1)� cos(a0j) cos(a0j+1)

sin(a0j) sin(a0j+1)

!
, (2.19)

and calculate the surface area

Ai = r2
i
��

aj + aj+1 + aj�1
�
� p

�
. (2.20)

The sum, (aj + aj+1 + aj+1)� p, is also called the spherical excess.

a0j+1

a0ja0j�1

r

aj

aj�1

aj+1

r

aj+1

aj

aj�1

Figure 2.10: Spherical triangle with the dihedral angles highlighted.

2.2.3 Occlusion

Occlusion is what occurs when a sphere is partly obstructing the visibility of a
second sphere [Weisstein, 2024a].
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Figure 2.11: Occlusion. One sphere entirely cover or eclipse another sphere from the cameras per-
spective.

In order to approximate the occluded area, the obstructing sphere is projected
onto the plane in which the partly blocked sphere lie. We do this in order to use
the formula for spherical intersections, with distance between spheres

dproj = kÔj �Oik, (2.21)

where Ôj is the location of the projected sphere’s centre. As a result, the oc-
cluded area is comprised of two spherical caps. However, before the area of the
caps can be computed, the projected sphere is scaled with a constant proportional
to the distance projected. If not, there will be a significant discrepancy between the
approximated and the true surface area of the occluded portion from the perspec-
tive of the camera. Now the heights of the spherical caps can be found;

hi =
(r̂j � ri + dproj)(r̂j + ri � dproj)

2dproj
(2.22)

hj =
(ri � r̂j + dproj)(ri + r̂j � dproj)

2dproj
(2.23)

Finally, the occluded area can be calculated by

A = 2p(rihi + r̂jhj), (2.24)

where ri and r̂j are the radii of the obstructed sphere and the projected sphere
respectively. The occluded area is subtracted from the surface area of the sphere.
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hj hiOi Oj

Figure 2.12: Spherical intersection. The depths of the intrusions are the heights of the spherical caps.

In this article we disregard the situation where several spheres occlude one
another. In this situation we only consider the single greatest overlap between two
spheres.





Chapter 3

Results

In order to test our solution approach we will generate a representation of a small
environment. In this scenario the environment contains 20 spheres confined within
a space with boundaries x 2 [�2, 0], y 2 [�5, 5] and z 2 [�5, 5]. Each sphere is
generated with a radius between 0.5 and 1.5. The camera is attached to a wall a
short distance away from the space containing the spheres, and can only search
for optimized locations along the corresponding plane. In this scenario, it has been
chosen that the plane representing the wall is the yz-plane. That is, the x-coordinate
of the camera is fixed at x = 5. The angle of the field of view is 45�.

3.1 Particle Swarm Optimization

The metaheuristic employed to optimize camera positions will now be presented.
As previously mentioned our proposed framework is based on the particle swarm
optimization (PSO) [Tam, 2021].

The PSO framework constitutes of several "particles", where each particle rep-
resents a random position - location and orientation - of a sensor. For every particle
the total visible surface area is computed based on the particle’s position and stored
as the particular particle’s value. For all subsequent iterations of the algorithm, all
particles converge towards the particle with the best value, i.e. highest visible sur-
face area. That is, all particles update their parameters in order to approach the
particle with the best value thus far.

The rate at which the particles converge towards the best particle is determined
by the velocity of the particles. The velocity is dictated by a set of global parameters
that the positions of every particle is updated by. Thus the position of the i’th
particle at iteration t + 1 is calculated by

Positioni(t + 1) = Positioni(t) + Velocityi(t + 1), (3.1)

19
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where the velocity during the next iteration is calculated using

Velocityi(t + 1) =wVelocityi(t) + c1r1 (Positioni(best)� Positioni(t))

+ c2r2 (Position(best)� Positioni(t)) . (3.2)

The parameter w determines how much importance is given to the previous ve-
locity and c1 and c2 are scalars used to determine how important the global best
particle is compared to the local best of the i’th particle, thus used to influence
the encouragement of exploration. The last two parameters, r1 and r2, are ran-
dom numbers uniformly distributed between 0 and 1. Positioni(t) refers to the i’th
particles position while Positioni(best) refers to the best yet seen value for the i’th
particle and Position(best) refers to the overall best seen particle, i.e. the global
best solution so far.

The solution space for our basic implementation is continuous, so the algorithm
is able to search for optimal positions in the entire interval of [�5, 5]� [�5, 5]. That
is, there are no restrictions on where on the wall the camera can be installed, and
no restrictions regarding its orientation.

The pseudo code for the algorithm is then defined as follows;

Algorithm 1 Particle Swarm Algorithm

1: Generate n particles
2: Appoint w, c1 and c2

3: procedure for a prespecified number of iterations

4: procedure for i in 1 : n
5: Calculate visible surface area
6: if Visible surface area > particle best value then
7: set particle best value = visible surface area
8: set particle best = particlei
9: if visible surface area > global best value then

10: global best value = visible surface area
11: global best = particlei
12: end if
13: end if
14: end procedure
15: Appoint r1 and r2

16: Calculate velocities
17: Calculate new particles
18: end procedure

Note that the algorithm can be implemented in several ways. In this article we
chose to simultaneously optimize on both location and orientation of the camera.
In other scenarios it may be infeasible to install the camera anywhere on the wall.
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w

c1

c2

0.1

0.9

0.2

0.8

0.3

0.7

0.4

0.6

0.5

0.5

0.6

0.4

0.7

0.3

0.8

0.2

0.9

0.1

0.1 0.942 0.967 0.963 0.969 0.974 0.969 0.961 0.940 0.861

0.2 0.949 0.955 0.960 0.981 0.977 0.963 0.956 0.952 0.864

0.3 0.942 0.967 0.971 0.944 0.981 0.961 0.967 0.959 0.900

0.4 0.943 0.960 0.957 0.971 0.950 0.975 0.942 0.963 0.882

0.5 0.952 0.979 0.929 0.952 0.965 0.980 0.982 0.973 0.910

0.6 0.961 0.955 0.957 0.912 0.972 0.962 0.971 0.964 0.920

0.7 0.980 0.990 0.989 0.970 0.982 0.981 0.990 0.973 0.933

0.8 0.984 0.969 0.980 0.967 0.991 0.993 0.987 0.980 0.959

0.9 0.974 0.986 0.979 0.984 0.988 0.962 0.986 0.973 0.967

Table 3.1: The average of the standardized best results (see Appendix A) for each parameter combi-
nation over ten different seeds.

In such scenarios, the particles will only represent the orientations of the camera,
with the location fixed. Or the search space may have to be discrete.

To evaluate our implemented solution it is necessary to determine the effect
that different combinations of parameters of the algorithm, as well as the specifics
regarding the environment, have on the performance. That is, we examine the
effect of the location of spheres, initial positions of the camera and the global
parameters of the PSO algorithm.

3.2 Model without Gyral Capabilities

We start with the simplest model, i.e. we consider only one camera and we disre-
gard orientation, thus examining how only influencing the location of the sensor
affect covered visible surface area. The camera’s line of sight is perpendicular to
the wall on which the camera is mounted.

3.2.1 Parameter Tuning

We analyzed which parameters were best suited for exploring the environment in
this model. For this we started by testing for different values of w and combinations
of c1 and c2.

From these tests c1 = 0.60, c2 = 0.40 and w = 0.8 gave the best results.



22 Chapter 3. Results

Figure 3.1: Evolution of solution values for model without gyral capabilities, for the nine different
parameter combinations with w = 0.8.

The results in Figure 3.2 showed that the majority of the final positions of the
particles were close to each other. This can also be deducted from the fact that the
greatest improvement went from 37.487 to 66.806, an improvement of 78% while
the average improvement was of 25.563 and the greatest was 3.756 better than that.
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Figure 3.2: A scatter plot of the final locations of the particles in the model without gyral capabilities.
The darker colour of the particle indicate greater value.

3.3 Cameras with Gyral Capabilities

Next we implement the capability of different camera orientations and examine the
effects of the parameters as well as the efficiency compared to the model without
gyral capabilities in regards to total visible surface area. The initial best particle
value was 49.12, which is slightly higher than the initial best particle value for the
simpler model.

The largest improvement in best particle value was for parameter values w =

0.7, c1 = 0.3 and c2 = 0.7. For these parameters, the best particle value went from
49.12 to 75.617, an improvement of 54%.
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Figure 3.3: Evolution of solution values for model with gyral capabilities, for the nine different
parameter combinations with w = 0.9.

Figure 3.4: Illustration of the best found positions for the model with gyral capabilities.
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(a) A scatter plot of the particles camera locations where
the darker colour indicates greater value of the position.

(b) A plot showing the orientation of each particle con-
nected to the location of the particles camera position.

Figure 3.5: A scatter plot of the final locations of the particles for the model with gyral capabilities.

When comparing Figure 3.5a and Figure 3.2, we see that the model with gyral
capabilites is much more inclined to place downwards looking cameras at the top
of the walls. When using the simpler model, the best way of covering the largest
visible surface area is by focusing on the middle of the space, i.e. where the cluster
of spheres is the densest. The model with gyral capabilities intuitively positions
itself with the orientation with which the viewing pyramid becomes largest.

3.4 Multiple Cameras

We now examine an extended and generalized version of our solution, where ad-
ditional sensors are implemented and optimized simultaneously. Here a list is
generated for every iteration, containing all the spheres that are in view of the
cameras. The purpose of this list is to avoid spheres contributing twice to the com-
puted visible surface area. Using the parameters previously found to be the most
successful, we evaluate the performance of these models. Recall that the combi-
nation of parameters used for the model without gyral capabilities was w = 0.8,
c1 = 0.60 and c2 = 0.40, and for the model with gyral capabilities the combination
was w = 0.7, c1 = 0.3 and c2 = 0.7.



26 Chapter 3. Results

Figure 3.7: Best found camera positions for multiple cameras without gyral capabilities.

(a) Illustration of the best found positions for the
model with multiple cameras without gyral capa-
bilities.

(b) Illustration of the best found positions for the
model with multiple cameras with gyral capabili-
ties.

Figure 3.6

We observe that the percentwise improvement in best value for the model with
multiple cameras without gyral capabilities is 65%, as the value went from 59.21 to
98.042. Compared to the single camera model, we observe a significant increase in
both initial and final best values, but a slightly lower relative increase.
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Likewise we observe that the improvement in best value for the model with
multiple gyral cameras is 33%, from 56.03 to 74.47. Compared to the single cam-
era model, we again observe a significant increase in initial best value. However,
curiously the final best found value was slightly lower for the multiple camera
model.





Chapter 4

Discussion

The results presented in Chapter 3 suggest that our proposed solution performs
well when implemented in the provided environment. We will now discuss the
applicability of our contributions as well as the implications of the results, as-
sumptions made throughout the thesis and possible extensions.

4.1 Solution Applicability

We have in this thesis proposed a method for computing and optimizing visible
surface area of spherical objects of interest. In our simulated problem of produce
monitoring in a greenhouse, our solution could be advantageous to implement
to maximize covered surface area while minimizing the required number of cam-
eras. Images from the cameras can subsequently be fed into machine learning
algorithms, able to identify whether the produce have any ailments. Moreover,
applicability of our method extends far beyond that of produce monitoring. Wher-
ever it can be advantageous to employ directional sensor networks for optimizing
and analytically compute approximation of visible surface area, this method can
be used. Examples of this could be search and rescue missions where the objective
is to minimize occlusion in order to best find the object of interest, security moni-
toring where the best positions of cameras could be used or other kinds of farms
such as pond farms where the objects of interest move.

Furthermore, the way we have designed our environment, the solution space
of sensor locations are placed along a single plane. As such the camera can at most
observe half of the surface area of the object of interest within its field of vision.
However, it is straightforward to extend the framework to include all the planes -
i.e. the walls - surrounding the objects, thus allowing for complete visibility.

29
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4.2 Performance Evaluation

As the results indicate, the proposed algorithm greatly improves the location and
orientation of the cameras compared to the initial random placement. Curiously,
the improvement for the model with gyral cameras had a smaller improvement
compared to the simple model. We believe this is a consequence of the initial ran-
dom placement being better for this model. While the improvement was smaller,
the resulting output of the algorithm did indeed surpass that of the simple model.

However, during parameter tuning, we saw a discrepancy between the param-
eter combinations that were found to be best. This discrepancy in best parame-
ter combination could be because the solution space becomes larger and thus the
model needs to explore more aggressively.

We did not perform an extensive parameter tuning due to the generality of our
solution. The best combination of parameters is highly dependent on the particular
problem and environment, e.g. sizes, positions and shapes of objects of interest.

As previously mentioned, when we implement multiple cameras, we construct
a list of objects seen by a camera, such that the cameras do not observe and com-
pute the surface area of the same objects twice. We do this in a simple and in-
accurate fashion by simply ignoring the already seen objects completely. A more
accurate way of estimating the newly covered surface area of already seen objects
could be to use the angle between the two cameras as a percentage of the 180� that
is always covered. Further estimations that can be made would require recordings
of which cases from Chapter 2 apply to the individual spheres.

Surprisingly, we observed that the global best value found by the model with
multiple gyral cameras was worse than the one found by the model with a single
camera. This is likely due to a slower convergence because of the much larger
search space. Additionally, the size of the generated environment allowed the
model with a single camera to cover much of the area, leading to little additional
surface area for the second camera to contribute with.

4.3 Assumptions and Limitations

As previously mentioned, the main assumptions established in this paper are;

• Produce is designed as perfect spheres.

• There are no branches or leaves obstructing the view between the camera and
the produce.

• Accuracy of the camera is disregarded.

We limited the produce to be simulated as spheres. We choose to do so to gen-
eralize our solution. We consider spheres to be a good representation of produce,
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since the shape of much produce is somewhat spherical in nature. Additionally,
spheres are symmetrical and spherical areas are fairly straightforward to compute,
allowing us to formulate the calculations.

The most influential simplification made is that there are no branches or leaves
in the environment. This is obviously an unrealistic assumption as leaves in par-
ticular play a role in obstructing the view of the produce, while also being vital
when determining the health of the plant overall. However, it was a necessary
assumption in order to generalize our solution. The shape and leaf to produce size
ratio was deemed too difficult to generalize and simulate. However, in future re-
search, increasing the complexity of the environment might be an interesting topic
to explore more thoroughly.

Another assumption we have made is that the accuracy and quality of the cam-
era is unrestricted. However, if the quality of the camera is known it would be
possible to implement it as a factor where too small visible areas are ignored and
the value of the visible area decreases the further away the object is.

4.4 Future Work

There are numerous extensions to the simple framework provided in this thesis,
that may be interesting to examine in future research.

The performance of the framework in other scenarios than in an indoor farming
situation is compelling to investigate further. Examples of this could be within
production facilities. In addition to this, adding dynamics to the environment
would make the framework usable in more scenarios, i.e. in environments where
the targets of interest are not static. Likewise, adding a greater variety of shapes to
represent the targets of interest would generalize the framework further.

Moreover, it could be interesting to add a responsive element to the camera.
That is, if machine learning was trained to move the camera depending on the
information it received it could at any time search for and move to a more optimal
location.





Chapter 5

Conclusion

In this thesis we proposed a framework for computing visible surface area of ob-
jects of interest within a confined three-dimensional space using directional sensor
networks. Furthermore, we have examined the performance of a particle swarm
optimization based algorithm to improve upon initial sensor placement in order to
optimize the visible surface area.

We identified different cases that can occur when viewing spherical objects with
a pyramid-shaped field of vision; plain in view, spherical caps, spherical triangles,
and occlusion between objects. Our framework covers a method for estimating
visible surface area based on these cases.

Results indicate that our proposed solution works well. We compared several
models - single versus multiple camera networks, and cameras with gyral capa-
bilities versus cameras without gyral capabilities. The results show that the per-
formance of models with gyral capabilities exceed the performance of the models
without. A result worth pointing out is that the difference in the search space be-
tween the models; optimal locations for cameras with gyral capabilities tend to lie
on the perimeter of the environmental space, whereas the cameras without tend to
in the center of the space.

The inspiration of this article was the problem of monitoring produce in an in-
door farming setting, with produce represented as spheres. However, the proposed
framework can be implemented in any setting, where the objective is to compute
visible surface area of spherical objects of interest. In addition, we have suggested
several enhancements to our basic framework, that, in future research, may further
generalize our solution to be a viable choice to implement in other settings, i.e.
where targets of interest are not static, spherical objects.
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Appendix A

Additional Results

In Chapter 3 we conducted a parameter tuning using ten different generated sce-
narios. The values for Table 3.1 are calculated by

Valuec1i ,c2i ,wj =

 
10

∑
n=1

Seedn(c1i, c2i, wj)

max(Seedj)

!
1
10

. (A.1)

The values for each of seed are given below;
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w

c1

c2

0.1

0.9

0.2

0.8

0.3

0.7

0.4

0.6

0.5

0.5

0.6

0.4

0.7

0.3

0.8

0.2

0.9

0.1

0.1 50.465 64.010 66.693 66.717 66.744 66.513 59.430 57.514 45.002

0.2 50.494 66.806 62.156 62.197 66.529 65.813 63.250 63.714 53.492

0.3 52.835 66.754 66.798 66.712 66.801 65.889 60.217 61.946 48.774

0.4 53.182 50.499 66.792 66.799 66.805 66.797 66.398 63.689 52.639

0.5 66.802 66.797 66.803 66.794 66.805 66.801 66.774 65.215 59.545

0.6 53.179 53.186 66.801 50.499 66.796 66.798 66.595 61.675 53.336

0.7 66.799 66.792 66.792 53.179 66.793 66.786 66.763 66.161 59.160

0.8 66.648 66.722 66.646 66.779 66.792 66.564 66.770 66.721 62.159

0.9 65.738 64.355 66.283 66.587 66.645 66.275 66.515 65.066 65.478

Table A.1: Seed 100

w

c1

c2

0.1

0.9

0.2

0.8

0.3

0.7

0.4

0.6

0.5

0.5

0.6

0.4

0.7

0.3

0.8

0.2

0.9

0.1

0.1 66.366 65.381 65.982 65.220 65.239 65.190 70.605 67.422 64.781

0.2 66.288 66.497 66.419 66.480 68.673 65.181 64.795 68.588 65.052

0.3 65.884 65.884 66.195 67.858 68.815 66.321 68.763 67.708 65.258

0.4 65.884 65.884 70.867 67.858 68.810 66.305 65.936 68.669 65.249

0.5 65.884 65.884 68.815 68.815 68.815 68.815 68.814 68.386 65.269

0.6 66.477 65.884 63.332 65.884 68.812 67.114 67.857 67.396 69.465

0.7 65.879 70.839 66.444 65.877 68.811 68.811 66.447 67.824 65.321

0.8 68.799 70.760 66.303 66.395 67.368 70.754 70.741 68.433 68.539

0.9 68.734 68.728 68.377 65.855 65.768 68.527 70.722 67.218 68.672

Table A.2: Seed 101
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w

c1

c2

0.1

0.9

0.2

0.8

0.3

0.7

0.4

0.6

0.5

0.5

0.6

0.4

0.7

0.3

0.8

0.2

0.9

0.1

0.1 66.819 65.557 65.212 65.257 65.282 65.756 66.764 63.785 48.419

0.2 65.945 66.819 66.811 65.883 65.285 64.725 65.881 66.450 47.382

0.3 66.819 66.819 66.819 65.554 66.807 66.759 65.653 66.572 57.167

0.4 65.558 65.558 65.558 66.819 66.819 65.932 65.934 66.796 47.954

0.5 65.854 66.819 65.945 65.558 66.819 65.292 65.289 65.711 46.602

0.6 66.818 65.853 65.290 66.819 66.819 65.944 66.819 65.309 46.527

0.7 65.846 66.818 65.294 66.814 66.814 66.796 66.803 66.132 62.100

0.8 66.762 66.779 66.737 65.283 66.772 65.286 66.778 65.714 65.858

0.9 64.774 66.515 66.533 65.619 66.797 66.610 66.769 65.555 66.489

Table A.3: Seed 102

w

c1

c2

0.1

0.9

0.2

0.8

0.3

0.7

0.4

0.6

0.5

0.5

0.6

0.4

0.7

0.3

0.8

0.2

0.9

0.1

0.1 76.472 76.480 64.973 76.478 76.472 76.337 71.225 66.362 67.038

0.2 65.625 65.731 65.425 76.480 76.478 76.364 74.251 73.429 61.935

0.3 65.727 76.481 76.480 64.975 76.482 76.420 76.462 76.211 75.456

0.4 65.736 76.477 76.483 76.477 76.479 65.708 76.467 76.048 75.299

0.5 76.476 76.482 76.483 76.477 76.483 61.187 76.223 69.973 74.448

0.6 76.478 76.481 61.224 65.735 62.714 76.473 65.669 76.471 75.402

0.7 76.479 62.724 76.465 76.477 65.714 76.481 76.467 76.474 75.507

0.8 62.672 76.385 76.460 62.616 76.467 76.432 76.456 76.149 76.034

0.9 75.860 76.467 76.304 76.429 76.322 76.307 75.930 76.446 69.825

Table A.4: Seed 103
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w

c1

c2

0.1

0.9

0.2

0.8

0.3

0.7

0.4

0.6

0.5

0.5

0.6

0.4

0.7

0.3

0.8

0.2

0.9

0.1

0.1 61.746 61.741 62.380 62.372 62.361 62.293 62.381 62.376 61.279

0.2 62.357 62.381 62.304 61.742 62.340 62.354 62.324 61.340 61.566

0.3 62.381 62.374 62.381 62.357 62.357 62.354 62.375 62.347 61.734

0.4 62.357 62.381 62.357 61.743 61.745 62.272 62.356 62.338 61.284

0.5 61.748 62.381 62.381 62.356 62.357 62.357 62.357 62.357 62.347

0.6 62.381 62.357 62.381 62.381 62.381 62.357 62.357 62.355 62.375

0.7 62.381 62.381 62.357 62.381 62.356 62.381 62.381 62.356 62.379

0.8 62.379 62.379 62.375 62.375 62.379 62.355 62.377 62.378 62.376

0.9 62.298 62.269 62.328 62.316 62.298 62.306 62.365 62.342 61.733

Table A.5: Seed 104

w

c1

c2

0.1

0.9

0.2

0.8

0.3

0.7

0.4

0.6

0.5

0.5

0.6

0.4

0.7

0.3

0.8

0.2

0.9

0.1

0.1 66.963 66.405 62.041 66.943 66.891 66.788 63.286 65.208 62.562

0.2 66.963 66.423 66.240 66.485 66.959 59.075 64.565 62.117 59.301

0.3 66.569 66.555 65.407 66.343 66.949 55.725 66.819 61.114 62.758

0.4 66.963 66.963 60.343 64.422 66.963 66.963 59.571 66.755 64.679

0.5 66.963 66.963 60.358 64.422 57.362 66.451 66.352 66.113 65.160

0.6 66.962 66.558 66.963 64.422 66.962 66.962 66.961 66.311 64.283

0.7 66.942 66.959 66.956 66.961 66.952 66.918 66.958 66.669 62.282

0.8 66.877 66.891 66.910 66.915 66.495 66.865 66.722 66.893 66.801

0.9 66.392 66.694 66.314 66.292 66.476 56.784 66.434 66.758 65.850

Table A.6: Seed 105
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w

c1

c2

0.1

0.9

0.2

0.8

0.3

0.7

0.4

0.6

0.5

0.5

0.6

0.4

0.7

0.3

0.8

0.2

0.9

0.1

0.1 64.379 66.249 64.389 66.248 64.595 66.188 65.858 63.496 61.093

0.2 65.091 64.977 66.249 66.224 64.228 66.188 62.069 61.964 64.608

0.3 66.189 63.922 63.909 64.883 64.861 66.142 64.405 66.087 60.134

0.4 65.169 65.169 65.169 65.169 65.167 65.075 63.494 65.896 64.059

0.5 65.169 65.169 65.169 65.169 65.169 65.154 66.225 64.990 60.402

0.6 66.190 65.168 64.697 66.249 64.702 65.166 65.139 66.249 65.045

0.7 66.189 65.158 65.164 66.246 65.163 65.162 65.164 66.232 63.915

0.8 65.082 65.149 65.073 66.232 65.139 65.166 64.566 66.163 64.864

0.9 63.746 66.110 64.988 64.858 66.049 66.075 66.174 66.177 65.080

Table A.7: Seed 106

w

c1

c2

0.1

0.9

0.2

0.8

0.3

0.7

0.4

0.6

0.5

0.5

0.6

0.4

0.7

0.3

0.8

0.2

0.9

0.1

0.1 48.774 50.180 54.702 53.315 48.735 53.127 49.374 48.416 48.193

0.2 48.773 48.773 46.875 50.182 46.263 48.736 49.794 48.813 48.734

0.3 46.396 48.773 48.773 48.773 54.702 48.711 49.639 50.727 46.847

0.4 48.773 48.773 48.773 48.773 50.849 50.102 53.811 48.505 46.033

0.5 49.000 48.773 54.704 44.899 49.218 50.202 48.581 49.821 42.981

0.6 50.856 48.773 54.704 50.202 54.704 48.772 50.195 48.766 48.565

0.7 54.701 54.702 48.996 50.844 54.703 50.801 54.703 54.311 49.619

0.8 54.685 54.701 54.701 54.698 54.694 48.988 54.695 54.694 52.422

0.9 48.959 53.578 54.512 54.472 53.726 54.449 52.810 54.553 54.008

Table A.8: Seed 107
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w

c1

c2

0.1

0.9

0.2

0.8

0.3

0.7

0.4

0.6

0.5

0.5

0.6

0.4

0.7

0.3

0.8

0.2

0.9

0.1

0.1 69.591 69.0371 69.320 69.397 69.455 60.167 69.142 69.149 64.106

0.2 69.589 69.558 61.614 68.766 66.661 68.384 68.974 67.165 58.0247

0.3 69.598 65.737 69.489 56.371 69.0952 69.450 67.703 68.896 68.0720

0.4 69.454 69.598 60.271 69.598 69.597 69.587 68.850 68.771 57.077

0.5 62.475 70.511 56.372 60.156 69.382 69.598 69.5672 68.462 64.0672

0.6 69.596 69.596 69.597 60.271 60.270 70.586 61.979 69.351 68.288

0.7 69.580 70.406 69.582 69.593 69.592 69.581 69.460 69.477 64.256

0.8 69.376 69.536 69.953 60.242 69.486 69.543 69.508 69.009 61.602

0.9 68.354 69.459 69.340 69.219 69.088 61.836 69.399 60.080 69.105

Table A.9: Seed 108

w

c1

c2

0.1

0.9

0.2

0.8

0.3

0.7

0.4

0.6

0.5

0.5

0.6

0.4

0.7

0.3

0.8

0.2

0.9

0.1

0.1 54.83 57.54 61.71 51.83 61.32 60.30 60.92 60.74 49.56

0.2 58.92 46.90 59.83 61.75 61.64 61.61 61.29 60.56 47.87

0.3 57.79 57.79 59.40 59.40 61.77 60.72 60.21 58.66 54.42

0.4 59.40 59.37 59.40 59.40 54.82 59.37 59.25 54.40 57.86

0.5 51.99 60.92 46.40 51.99 59.40 61.79 60.82 61.24 58.34

0.6 61.79 60.92 51.99 51.99 61.79 60.65 61.56 59.36 61.04

0.7 61.78 61.75 61.78 60.84 60.88 54.06 61.76 61.67 56.19

0.8 61.66 60.89 61.55 61.71 61.75 61.76 61.50 61.64 58.42

0.9 61.16 59.52 60.98 61.45 61.62 59.43 60.86 60.83 61.32

Table A.10: Seed 109
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