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Abstract

Due to safety or preservation reasons, certain objects or areas need to be inspected regularly.
Currently, the inspection of objects is mostly done in-person, which is labour-intensive and
not very effective. With the use of drones, areas and objects can be inspected from new
angles at a much faster rate. To effectively monitor these objects with drones, the position
and location needs to be extracted from drone data in real time.

In this thesis, a case study is done on the localisation of fisher boats in restricted areas.
Several components are integrated to create a prototype. The pretrained YOLOv3 detection
model is trained on acquired nadir boat images, which makes it able to predict the bounding
boxes of boats on images captured with drones. A positioning algorithm is constructed,
which calculates the geographical coordinates from the pixel coordinates for images taken
both in a nadir and an oblique angle. A real time connection is constructed between the
drone and the prototype. This is done by creating a connection with Google Drive with the
drone controller and the prototype. The positioned polygon bounding boxes are localised
using a real time dashboard, which visualises the bounding boxes in a map with other
relevant layers.

The results indicate that the performance of the components and prototype as a whole are
satisfactory for this use case. To deploy this prototype in other object localisation use cases,
it is recommended to train the pretrained model further, use a drone with more accurate
equipment and run the prototype on the drone controller.
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1. Introduction

Fishing is an important part of the Dutch economy and culture [Salz et al., 2008]. However,
�shing can be harmful for several reasons, so it is not permitted to �sh in all Dutch waters.
The Dutch inland waters know a number of restricted areas where no �sh is allowed to
be caught because of the high dioxin degree in the water, which could have harmful effects
when this �sh is consumed [Leeuwen et al., 2002]. Moreover, both in the Dutch inland waters
and in the sea, there are a number of areas where �shing is restricted due to the laws of the
Natura 2000 agreements [van Oostenbrugge et al., 2010]. In these areas, �shing is restricted
to conserve habitats and species named in the EU Birds and Habitat directives [Pedersen
et al., 2008]. The monitoring of �shers and �sher boats in restricted areas is done by the
Netherlands Food and Consumer Product Safety Authority, in Dutch Nederlandse Voedsel
en Waren Autoriteit ( NVWA ). Inspections on boat equipment and �sh catch are currently
done by boat. Naturally, this is very labour-intensive, as this requires at least two inspectors
per boat. Additionally, using this method, the checking speed is not very high. Also, on a
boat, not every corner of the area may be visible. This results in most of the areas being left
unchecked, large parts of the time. Nevertheless, in 2016, 80 cases of illegal �shing in inland
waters were reported on eel �shing alone by the NVWA [Bos, 2018].

To increase ef�ciency and accuracy, a new method needs to be developed that can automat-
ically �nd �shing boats in restricted areas. By using drones with imaging and Global Posi-
tioning System (GPS) equipment, �shing boats can be automatically detected with Arti�cial
Intelligence (AI ) and the boat position can be calculated using the drone GPS, followed by the
localisation using a map and relevant layers. In this way, more �shing boats in illegal areas
are expected to be found. This method needs to be carried out in real time, because visual
inspection by inspectors is still needed to �ne or prosecute offending �shers. Moreover, the
real time aspect is also important to extend this method to other use cases, for example
for the search and rescue of drowning victims. By developing a general, adaptable method
for the real time localisation of objects with drones, this method can be directly used for a
variety of other use cases. For example, keeping track of animals and plant types in forests
or the localisation of drug waste. These are all inspection tasks carried out by the NVWA that
could possibly be automated with such a method.

The automatic detection of objects with AI remains a challenging task, but has been re-
searched by many. Recently, deep learning has been making major advances in the AI

community, making it more ef�cient and accurate than most other techniques [LeCun et
al., 2015]. Detection of ships on imagery with deep learning has been done mostly using
2-dimensional satellite images (i.e. Apoorva et al. [2020], Ciocarlan & Stoian [2021] and
Voinov [2020]). Zhang et al. [2019] developed a method to track and localise objects in 3D
with drones and Prayudi et al. [2020] researched a method to detect and localise �sher boats
and derive hull plates from drone images. No research has been done to integrate detection,
positioning and localisation in real time, which is a crucial aspect to catch offending �shers
in the act.
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1. Introduction

The aim of this research is to develop a prototype for an integrated method that can detect,
position and localise objects, in this case �shing boats, in real time with the use of drones.
The focus areas of this research are the Dutch inland waters, as data acquisition and testing
is more accessible there compared to on sea. Drone image data has been acquired from
several inland water areas in the Netherlands. Using this data, a prototype is developed in
Python using a variety of libraries that can detect, position and localise �sher boats in real
time. To evaluate the developed method and prototype, several tests will be conducted in
the �eld to gather necessary drone image data.

1.1. Research questions

The objective of this research is to develop a prototype for an integrated method to localise
objects with drones. For the use case of this research, the prototype will be constructed with
the goal of catching �shing boats in restricted waters with the use of drones. Boats need to
be detected on images retrieved from a real time drone image stream, and the exact position
of these boats needs to be derived to be able to determine if they are in restricted waters
or not. The areas of interest are the Dutch internal waters, because there are a variety of
restricted areas and data can be collected there more easily than on the sea.

To ful�l this objective, the following research question is de�ned:

To what extent can drones be used to localise objects in real time?

To answer the main question, the following sub-questions are de�ned:

• How can deep learning be used to detect objects on drone images?

• How can detected objects be automatically positioned in a geographical coordinate
system?

• What hardware and software is needed for this method to be carried out in real time?

1.2. Scope and challenges

The challenges of this research lie in the positioning and localisation of the detected objects,
as well as the real time aspect of this method. For this reason, besides training the model,
no time will be spent on the extensive improvement of the detection accuracy. Additionally,
determining if detected boats are �shing boats will be out of the scope of this research. Also,
it will not be determined if people on the boat are �shing or not. Because a visual inspection
of the images by an inspector is still necessary, detection of the boat type or the act of �shing
is not crucial to implement and is thus left out of the scope.

A challenging aspect of the real time component is that a careful consideration has to be
made between accuracy and speed of the prototype. These decisions are mainly made in
the choice of the detection model architecture and type of positioning algorithm. Because
the real time functionality is a big aspect of the project and visual inspection is still needed,
speed will be favoured over accuracy in most cases.
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1.3. Thesis overview

1.3. Thesis overview

This graduation project document has the following outline:

• In Chapter 1, an introduction to the research project and its aim are given. Addition-
ally, a description of the research questions, scope and challenges of this project are
given

• Chapter 2 gives an overview of the theoretical background of several steps of this
research. Also, a description of the related work is given.

• Chapter 3 explains the used methodology. An overview of this methodology is given.
Moreover, the different steps in the research are outlined in separate sections.

• Chapter 4 provides the implementation details, which describes the pseudocode, used
data, used tools and the ran experiments.

• Chapter 5 presents the results of the research. The results from the experiments and
evaluation are visualised here.

• Chapter 6 describes the conclusion of this research as well as the future work recom-
mendations. Also, the research outcomes are thoroughly discussed and the limitations
are illustrated.
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2. Theoretical background and related
work

In this chapter, the relevant literature for this research project is presented. The related
research that this project builds on, will also be addressed. In section 2.1, investigations
and relevant �ndings on the use of drones in research are described. Section 2.2 outlines
the theory behind deep learning and object detection. Additionally, related research on
object detection is speci�ed. Following, in section 2.3 relevant theory on the positioning of
objects is detailed and relating research is reported on. Finally, a summary of the theoretical
background and related work is given, where the research gap and the components that this
research will build on are addressed.

2.1. Data acquisition with drones

Recently, drone technology for remote sensing has developed swiftly and has been increas-
ingly used in military defence, monitoring, surveying, mapping, and disaster and emergency
response [Yang et al., 2022]. Drones are Unmanned Aerial Vehicle (UAV )s, which are robots
that �y remotely or autonomously and do not carry a human operator. Progress in fabrica-
tion, navigation, remote control and power storage increased the creation of a wide variety
of drones �t for numerous situations [Hassanalian & Abdelke�, 2017].

Most drones carry a camera, which contains both imaging and video capture capabilities. A
GPSreceiver to connect to GPSsatellites is also common equipment present on a drone. Some
drones even have Light Detection And Ranging ( LiDAR ) scanning capabilities. Over the years,
the quality of drone cameras have increased. This results in very high resolution images, in
which details can be seen that cannot be found in satellite imagery [Voinov, 2020], which
has a lower resolution. Additionally, drones are more agile in data collection than satellites
or aeroplanes. Compared to aeroplanes, gathering local data of a small area with drones is
less expensive, which could lead to more data in smaller areas being able to be collected.

When using drones for data collection, one can set a prede�ned path, or �y on the go with a
controller. Using a prede�ned path, a video, or images are taken every few seconds. The re-
sult is a collection of images or a video covering the whole area. When images are collected,
these images can highly overlap. Several methods exist to remove this overlap, for example
the method by [Dhanda et al., 2018] where they use the metadata to determine redundant
overlap. When removing overlap, the amount of redundancy needs to be carefully chosen.
To carry out 3-dimensional reconstruction, overlap is necessary. For other use cases, when
only one image of the scene is required, all overlap can be removed. Another advantage of
drones is that drones can collect data under circumstances when satellites are not useful,
for example when the area is very cloudy. Although the GPSmetadata is expected to be less
accurate in this case, due to the fact that a connection with the GPSsatellites is more dif�cult
to make. The data collection times are very �exible for drones, a surveyor can for example
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2. Theoretical background and related work

decide to not sent out a drone under bad weather conditions [Joyce et al., 2019]. In the
Netherlands, there are no restrictions to �y under any weather conditions. However, there
exist some no-�y zones and the drone has to be kept in the visual line of sight at all times
when �ying. This also means that �ying in the dark is not allowed. However, the NVWA is
exempt from several no-�y zones to perform drone monitoring in these areas. Additionally,
an exemption from the line of sight rule is also expected in the future. Currently, �ying
Beyond Visual Line Of Sight ( BVLOS) is still in the testing phase in the Netherlands 1.

Collection of drone data over water bodies knows some additional dif�culties compared to
�ying over land. Two factors that affect the image quality when investigating submerged
features are sun glint and subsurface illumination [Mount, 2005]. However, these factors
can also have an in�uence when investigating non-submerged features, because illumina-
tion and refraction differences between the water and objects on water can also in�uence
detection accuracy. Sun glint can be avoided with calculated �ight planning. The used pa-
rameters to calculate this are solar position, �ight direction and camera angle [Joyce et al.,
2019]. Figure 2.1 shows that sun glint will be signi�cant when the solar position is at a
high enough angle that it re�ects into the drone camera Field of View ( FOV). This means
that when the sun is at a low angle, sun glint will be minimal. However, this would mean
that data acquisition during the middle of the day would lead to a much lower detection
accuracy. A solution for this would be to plan the �ight plan as such that the drone is �ying
directly towards or away from the sun azimuth [Joyce et al., 2019].

Figure 2.1.: “The angle Ssp at the focal point between the image centre O and the solar
specular point SP is equal to the solar zenith angle qz. qz is complementary to sun angle
(that is, 90 - z) and FOVsaz is the image FOV in the direction of the solar azimuth. Distance
in image units d can be calculated with the focal length f and qz.” From Mount [2005]

1https://unmannedvalley.nl/en/news/press-release-first-bvlos-corridor-in-the-netherlands/
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2.2. Deep learning

2.2. Deep learning

The interest and innovations in machine learning have exploded over the last decade [Pat-
terson & Gibson, 2017]. Machine learning is a type of arti�cial intelligence where machines
are able to learn automatically and improve from experience without being explicitly pro-
grammed to do so [Nan, 2022a]. One very effective and accurate machine learning type is the
Arti�cial Neural Network ( ANN ), which is based on neurons of the biological nerve system.
ANN algorithms consist of a collection of connected nodes. The basic structure can be seen in
Figure 2.2. It consists of an input, hidden and output layer. The input is a multidimensional
vector, for example one containing image pixel values. The hidden layers make decisions
based on the previous layer. In the process of learning, the effects of these decisions on the
output are evaluated and the decisions are improved consequently. An architecture with
multiple stacked hidden layers is called deep learning [O'Shea & Nash, 2015].

Figure 2.2.: Simple arti�cial neural network. From O'Shea & Nash [2015]

An advantage of deep learning over other machine learning methods is automatic feature
extraction. Traditionally, features were created manually, which is very labour-intensive. A
feature in this context is any value identi�es certain attributes of the input data [Patterson &
Gibson, 2017]. Features in images processing may for example be points, edges or objects in
the image.

2.2.1. Convolutional Neural Networks

A Convolutional Neural Network ( CNN ) is an arti�cial neural network with an architecture
created for image processing. CNN s contain a variable set of modules that transform the
input at one level into a representation of a higher and more abstract level. With enough
of these transformations, complex functions can be learned. The key aspect is that these
transformations are not designed by humans, but are learned by the computer from training
data [LeCun et al., 2015]. The structure can be seen in Figure 2.3.CNN s consist of three types
of hidden layers [O'Shea & Nash, 2015]:
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2. Theoretical background and related work

• Convolutional layer: Use �lters to create feature maps, which indicate the presence of
detected features in the input data.

• Pooling layer: Downsamples the spatial dimensionality of the input of the previous
layer, thereby reducing the number of parameters.

• Fully connected layer: Produces class scores from the activations of the previous layer.

Figure 2.3.: Simple convolutional neural network. From O'Shea & Nash [2015]

2.2.2. Architectures

There are a variety of different deep learning architectures developed over the years. These
can be divided into single stage and two stage algorithms. In single stage, there is only one
pass through the network at inference, which makes detecting objects with this algorithm
faster. Examples are YOLOv3 [Redmon & Farhadi, 2018], SSD [Liu et al., 2016] and Reti-
naNET [Lin et al., 2017]. In two stage algorithms, the classi�cations and bounding boxes
are �rstly proposed using a region proposal network and these are re�ned at a second pass.
Examples include Faster R-CNN [Ren et al., 2017] and Mask-RCNN [He et al., 2017]. This
makes these types of algorithms slower but more accurate at inference. Users thus have
to consider what architecture to use for what type of problem. In this research, run time
is most important, hence why a one stage architecture is used. One stage algorithms treat
classi�cation as a regression problem. It uses a single pass through a CNN to predict both
the bounding boxes and the classes of object in the input image, similar to image classi�ca-
tion. Figure 2.4 shows the most signi�cant differences in architecture between the one-stage
model RetinaNet and two-stage model Faster-RCNN. As can be seen, the inference process
is divided in region proposal stage and a classi�cation stage for the two-stage architecture.
In the one-stage architecture, objects are directly detected [Carranza-Garć�a et al., 2020].

Between the two type of stages, there exist a variety of different architectures, which have
quite a large difference in speed and accuracy amongst them. The Faster-RCNN architecture
consists of a multitask learning procedure, which combines bounding box regression and
classi�cation for inference. It extracts high-level features from input images using a convolu-
tional backbone. The architecture is two-staged, which consists of a region proposal network
and a header network. The RetinaNet object detector is based on the SDD architecture. This
architecture performs inference using a single feed-forward convolutional network. Because
this architecture does not use per-proposal computations, it has a higher inference speed. To
increase inference accuracy, it consists of feature maps of different resolutions.
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2.2. Deep learning

Figure 2.4.: Example one-stage and two-stage architectures. From Carranza-Garć�a et al.
[2020]

The YOLO architecture has been extensively used for real time inference. This architecture
divides the input image into cells with the use of a grid. If the centre of an object falls into a
certain grid cell, this cell is responsible for the detection of that object. Using this structure,
the YOLO architecture achieves faster inference rates than other architectures [Carranza-
Garć�a et al., 2020].

2.2.3. Research on the detection of objects

Because CNNs are structured to process image data, they can be used well to detect objects
from drone data. The classi�cation of objects on drone images has been researched before
to �nd palm trees by Aburasain et al. [2021] and Htet & Sein [2021]. Aburasain et al. [2021]
used the YOLOv3 object detector to detect palm trees of different resolution, sizes, spread
and degree of overlap. They stated that the bene�t of using drone images instead of satellite
images is the increased image resolution, which leads to a more accurate classi�cation.

Detecting ships with the use of deep learning has been researched several times, for exam-
ple by Apoorva et al. [2020], Chang et al. [2019] and Voinov [2020]. Input images in these
researches are imagery data collected by satellites. Apoorva et al. [2020] uses the TensorFlow
deep learning library to detect ships on satellite images. Voinov [2020] proposes a method
to detect vessels from optical satellite images using images from three different satellites. It
is mentioned that the image resolution has a large impact on the detection accuracy. Chang
et al. [2019] proposes a method to detect ships on Synthetic Aperture Radar (SAR) imagery.
By using the YOLOv2-reduced deep learning architecture, a signi�cant decrease of the com-
putation time and a detection accuracy of 90% was achieved. Nonetheless, none of these
methods used drone data and none implemented a real time or localisation functionality.

Prayudi et al. [2020] designed a surveillance system framework that can detect and localise
ships and derive their hull plates. They used 2450 images for training and stated that ship
detection can be challenging due to the dif�culty of collecting training images. Nonetheless,
the found average matching precision was 96%. The ship coordinates were found by taking
the x and y image coordinates from the object bounding box and converting them to lati-
tude and longitude coordinates. It is not clear what algorithm or library was used for this
conversion.
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2.3. Object Positioning

2.3.1. Terminology

It is important to note the difference between the terms localisation and positioning. Nom-
inally, the terms are interchangeable [Groves, 2013]. However, they are commonly used to
indicate two particular concepts. The term positioning is commonly used quantitively, for
example to �nd numerical coordinates. Localisation is expressed qualitatively as the context
of the position. A Geographical Information System ( GIS) can match locations to positions
[Groves, 2013]. In this research, positioning is used to denote the determination of the object
coordinates. The term localisation is used to put the object in its geographical context.

2.3.2. Positioning

To position objects, position data is needed. In this research, the drone GPSand drone image
metadata is used to position objects from images. The use of images to derive information
from objects in these images is described by the science of photogrammetry [Schenk, 2005].
Images are created with a camera, which can be modelled in several levels of abstraction.
One way is the camera lens model (Figure 2.5). Here f is the focal length. The light rays that
originate from the world system are refracted by the lens so that they converge at a single
point, the focal point.

Figure 2.5.: Camera lens model. From Nan [2021a]

To �nd the geographical coordinates of an object in an image, one has to consider three
coordinate systems. The one of the image plane and the the camera system and the world
coordinate system [Schenk, 2005]. To calculate how a pointM in the world coordinate system
maps to a point m0 on the image plane, the camera intrinsic and extrinsic parameters can
be used. There exist �ve intrinsic parameters: two for focal length ( ax, ay), one parameter
for the skew coef�cient between the x and the y-axis ( g) and two principal point offset
parameters (u0, v0). Together, they form the intrinsic matrix K, as can be seen in equation
2.1. The extrinsic parameters consist of a rotation matrix R and a translation vector t, as can
be seen at equations 2.2 and 2.3. The extrinsic parameters form the pose of the camera in
relation to the world coordinate system. As can be seen at 2.4, the intrinsic and extrinsic
parameters together form the camera matrix C. Equation 2.5 displays how a point M in the
3D world coordinate system maps to a point m0 in 2D on the image plane [Nan, 2021a].
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Figure 2.6 shows the coordinate systems involved in the positioning problem. The extrinsic
parameters t and R are used to map the camera's coordinate system C to the world coor-
dinate system O. Coordinate system c is the image coordinate system. Using the camera
speci�cations and the extrinsic parameters, we can calculate how a point M in the world
coordinate system maps to a point m on the image plane [Heikkila & Silven, 1997].

Figure 2.6.: Coordinate systems positioning From Xu & Zhang [1996]

11



2. Theoretical background and related work

There exist different world coordinate systems to map the camera coordinate system from.
A Coordinate Reference System (CRS) uses numbers or coordinates to uniquely determine
the position of a point in a Euclidean space [Tiberius et al., 2021]. CRSs can be divided into
Cartesian coordinate systems and geographical coordinate systems. These are visualised in
Figure 2.7. The geographical coordinates are represented byl , y and r and the Cartesian
coordinates are represented byX, Y and Z. In a Cartesian coordinate system, the coordinates
are de�ned as the distance from an origin in X, Y and Z. To represent points on the surface
of the earth, a 3-dimensional Cartesian coordinate system with the origin at the centre of
mass of the earth using three coordinates would need to contain seven digits before the
decimal point. A geographical coordinate system is more convenient to use to represent
points on the surface of the earth [Tiberius et al., 2021]. In this system, coordinates are
curvilinear in a unit of degrees and are de�ned on a sphere or ellipsoid approximating the
earth's surface.

Figure 2.7.: Schematic view geographical and Cartesian coordinate system. From [Tiberius
et al., 2021]

2.3.3. Positioning methods

One of the most fundamental problems in multiple view geometry is triangulation, which is
the process of retrieving a 3-dimensional coordinates in the world coordinate system from
its two local coordinates in two 2-dimensional images [Hartley & Zisserman, 2003].

The triangulation problem can be seen in Figure 2.8. Here, R and T are the camera extrinsic
parameters and K and K0 are the intrinsic parameter matrices of the two images. P is the
3-dimensional point that should be found and p and p0 are the corresponding 2D points on
the image planes. O1 and O2 are the camera origins. In theory, P could be calculated through
the intersection of l and l0, the two lines of sight. However, because observations are noisy
and the camera parameters are not precise, �nding this intersection point is problematic
Nan [2021b].

A solution for this problem could be using more than two images. The Structure from
Motion ( SfM) method uses multiple views to determine the geometry of the scene and the
camera parameters simultaneously. It consists of determining corresponding features in
images and subsequently determining the motion of a feature in each image Nan [2021b].
Mlambo et al. [2017] used SfM on drone image data to monitor greenhouse gas emissions in
forests.
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Figure 2.8.: Triangulation problem with two images. From Nan [2021b]

However, determining if two objects in two different images depict the same object, adds
computational complexity, which is undesirable due to the real time aspect of this research.
This arises the question whether positioning can be carried out by using only one image.
Schenk [2005] states that the applications of single photographs in photogrammetry is lim-
ited, they cannot be used to reconstruct the object space. The reason for this is that even
though the exterior parameters may be known, one cannot determine ground points without
knowing the scale factor of each bundle ray. However, the goal in this research is to �nd
the geographical coordinates of the bounding box of the object, not to reconstruct the whole
image scene.

Bozzini et al. [2012] developed a tool to georeference oblique image data and extract vector
features from these images. The needed inputs for this tool are images, a Digital Elevation
Model ( DEM) of the area and ground control points. Ground control points are points where
the position is known for both the image coordinate and the 3-dimensional world coordinate
on the DEM . Using this method, a ray is shot from the camera through each ground control
point pair. The camera matrix is then de�ned and calibrated. The world coordinates can
then be calculated for each pixel [Steiner, 2011]. The principle can be seen in �gure 2.9. The
ground control points are shown in green.

Figure 2.9.: “The monoplotting principle”. From Bozzini et al. [2012]
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2.3.4. Research on the positioning of objects

Bodensteiner et al. [2015] proposes a method to accurately georeference community drone
photo and video data to register to 3-dimensional LiDAR data. This method relies on the SfM

and Simultaneous Localization and Mapping ( SLAM ) techniques, which are combined with
appearance and structure matching based on LiDAR data. The method can produce drift free
drone image overlays at a speed of 30 frames per second with an average error of 0.4 meters.
This method uses existing open drone data for processing and testing. However, it is not
runtime optimised and real time execution has not been implemented.

Zhao et al. [2019] developed a framework for detecting, tracking and geolocating moving
vehicles with drones. The detection of vehicles is carried out by the YOLOv3 detection
model. Processing is done on a microcomputer mounted on the drone. The drone data used
in this research is a video stream. This research performs real time detection and positioning,
but does not localise the objects.

2.4. Summary

In this chapter, the relevant theory and research is described. It is found, that using drones
for monitoring and data collection is advantageous due to the high �exibility and resolution.
However, drone data acquisition can be inhibited due to weather conditions and �ight re-
strictions. Object detection with deep learning is a topic that has been widely researched the
past few years. There exist multiple different architectures. As found by other researches,
the YOLOv3 architecture is the best �t for real time inference. Because it has been researched
many times before, the use of deep learning for object detection is not the research goal. In-
stead, the aim is to research how this component can be integrated into the prototype most
ef�ciently and accurately. For the positioning of objects, several methods have been speci-
�ed. Because the method needs to be �t for real time use, little computational complexity
is required. Reconstruction methods like SfM are thus not optimal. The method used in this
research can be seen as a variation on monoplotting where one ray is shot through the mid-
dle of the image. Many of the researches that implement object detection and positioning,
either do not perform this in real time or do not localise the results in real time. The differ-
ent components of this research, the detection of objects, positioning, real time connection
and localisation have each been researched before. This research aims to be innovative by
integrating these components into one prototype.
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In this chapter, the methodology of this research is illustrated. Figure 3.1 shows an overview
of the used methodology to construct the prototype. In section 3.1 de focus area and the
data acquisition method is described. Thereafter, in section 3.2, the investigation to �nd and
implement the deep learning model to detect �sher boats is illustrated. In section 3.3, the
construction of the positioning algorithm for cameras with a nadir angle is presented. Fol-
lowing, in section 3.4 the construction of the real time connection with the drone is speci�ed.
In section 3.5, the developed dashboard that is constructed to localise the found objects is
illustrated. After, in section 3.6, the prototype construction and improvement is described.
The prototype improvement consists of the development of a positioning algorithm for ob-
jects on oblique images and the training of a deep learning detection model, respectively
described in subsections 3.6.1 and 3.6.2. Finally, the validation method of the prototype is
reported in section 3.7. In this section, a description is made how the three main components
of the prototype are validated, which are the detection models, positioning algorithms and
real time connection with the drone. The validation of each component is described in a
separate subsection.

Figure 3.1.: Overview method of prototype construction
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3.1. Focus area and data acquisition

As mentioned before, the focus area of this research area will be the Dutch inland waters.
The Netherlands consist of a variety of rivers and freshwater lakes. Numerous areas are
protected by the Natura 2000 directive. Figure 3.2 shows a map of these areas in the Nether-
lands. The different colours indicate the directives of the areas. HR is the habitat directive
and VR is the bird protection directive. Additionally, in many areas, �shing is forbidden due
to the high Dioxin degree in the water. Because drones have a limited �ight time (usually
under an hour) and the law enforces pilots to keep the drone in sight while �ying, the choice
was made to choose the inland water as the study area.

Figure 3.2.: Natura 2000 areas in the Netherlands

Data acquired for this research is done by drone. Data was collected at two instances with
the DJI Mavic 2 Enterprise Advanced. Figure 3.3 shows an image of this drone. Because
it contains a GPS receiver, the captured images indicate the drone position in the metadata.
Data collection was done by inspectors of the NVWA , because a drone pilot licence is needed
to �y drones heaver than 250 grams in the Netherlands 1. For each of the two data acqui-
sition instances, a �ight plan was created to communicate the research area, research goal,
necessary equipment and licences with all persons involved.

Figure 3.3.: DJI Mavic 2 Enterprise Advanced drone

1https://www.government.nl/topics/drone/applying-for-a-drone-pilot-licence
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