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Synopsis :
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ing for classifying and di erentiating eel-
grass and other benthic features. Hes
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in Vesthimmerland, and Engelstgr and
Feerker on Fur were investigated for the
presence of benthic features. A DJI Min
2 was used to generate orthomosaics for
study sites at Skiveren, Ertebglle, Engelt
stgr and Feerker. Furthermore, video tran-
sects as ground truth were acquired using
GoPro cameras in these areas, with ad
ditional underwater drone video transects
using a Chasing Gladius Mini in Feerkern
and Ertebglle. A total of 14 di erent deep
learning models were trained inArcGIS
Pro with varying parameters and training
sets, with one half being U-Net and the
other being DeepLabV3. Model 8, which
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the best performing model, which overpret
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1.1 The ecological importance of seagrass

Seagrasses encompass a number of marine angiosperms and bring with them valuable
ecosystem services such as sediment stabilisation and coastal protection, improved water
quality, serving as habitats for marine fauna and carbon sequestration [Flindt, 2023],
[Valdez et al., 2023]. These ecosystems store phosphorus and nitrogen, reducing nutrient
availability for algae and plankton growth which leads to improvement of oxygen and light
conditions and in e ect reduction of eutrophication [Flindt, 2023].

Relative to forests on land, seagrass meadows are estimated to store more than twice the
amount of carbon in sediments, making them an essentidlue Carbon ecosystem. Despite
only taking up <0,2% of the global sea oor, 10% of the annual carbon storage in ocean
sediments can be attributed to seagrasses [Montero-Hidalgo et al., 2023].

Seagrasses are however sensitive to changes in environmental factors and have globally
been in decline, causing them to be considered a threatened ecosystem. Globally, the loss
rate of seagrasses has been accelerating from 0.9% per year to 7% per year between the
1940s and the year 2000. Based on assessments between 1869 and 2016 in Europe, it
was found that 29% of assessed seagrass areas were lost, with the seagrass spéu#era
Marina, also known as eelgrass, having su ered the greatest loss of 57% of its total areal
coverage. This decline has been attributed to coastal development, diseases and worsening
water quality among others caused by eutrophication [de los Santos et. al., 2019].

A disease caused a large decline in the eelgrass population at the start of the2@entury,
which was caused by fungal infection that devastated the eelgrass population in the 1930s in
large parts of the Atlantic Ocean, the Northern Sea and Denmark's coasts [Krause-Jensen
and Rasmussen, 2009, p. 9, 16-20].

Eelgrass is the dominant seagrass species in Denmark, and it is estimated that, nationally,
around 80-90% of eelgrass has been lost since 1900 [Svennevig, 2022]. Despite reductions
in nutrient concentrations in Danish coastal waters, the eelgrass population has not fully
recovered naturally [Flindt, n.d.].
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The historical eelgrass distribution from 1901 to 1994 is illustrated in gure 1.1:

Figure 1.1. Comparison of historical eelgrass distribution in Denmark in 1901, 1933, 1941 and
1994 based on data from the national Danish monitoring programme and visual interpretation of
aerial photos. The green colour indicates healthy eelgrass areas and orange indicates areas of
eelgrass a ected by wasting disease [/rtebjerg et al., 2003].

As seen on the map above, eelgrass distribution was dramatically reduced in Denmark
between 1901 and 1941 due to wasting disease, where the areas a ected by it are highlighted
on the map for 1933. Between 1941 and 1994 there has been a slight increase in eelgrass
distribution, but the levels remain below those recorded in 1901.

One method to assess eelgrass distribution in Denmark is to examine it in relation to depth
limits. The depth limits for the main distribution of eelgrass are de ned as the water depth
where the eelgrass coverage has a minimum of 10% [DCE, 2023].
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The following graphs in gure 1.2 show the annual mean depth limits for the main
distribution of eelgrass at national and regional scales:

Figure 1.2. Development in the annual mean eelgrass depth limit from 1989 to 2021 in Danish
water areas [DCE, 2023].

There has been a slight decline in the depth distribution in Danish coastal waters compared
to the start of the 1990s. Over the past 10 years, an otherwise positive development in
the early 2000s has stagnated and declined in some areas like in inner fjords. There has
generally been a slight gain in eelgrass depth distribution in the outer fjords, starting at
around 3.6 m at the end of the 1990s, to over 4 m in 2021. In the Limfjord there has been
a status quo in eelgrass depth distributions since the end of the 1990s, reaching around 2
m in depth [Bruhn et al., 2023, p. 88-96].

This highlights eelgrass' sensitivity to various ecological parameters. For this reason, the
depth limit of eelgrass is used in Denmark as a parameter to estimate the ecological
health of Danish coastal areas in relation to EU's Water Framework Directive (WFD)
[Timmermann et al., 2020, p. 8]. The WFD aims to structure the administrative
planning, regulation and monitoring of the marine environment to obtain knowledge to
prevent degradation and improve the ecological status of water and marine ecosystems
[Miljgstyrelsen, n.d.]. According to this directive, all coastal waters must achieve a
good condition by 2027 [DCE, 2023]. The directive's guidelines state that the temporal
monitoring intervals of aquatic ora in coastal ecosystems must not exceed 3 years and
should provide su ciently reliable data to assess the status of this quality element. The
monitoring data should re ect changes due to anthropogenic pressures rather than seasonal
changes [European Union, p. 72]. Assessing the quality of eelgrass ecosystems through
monitoring programs is thus important to conform with the EU's WFD [Huber et al.,
2021, p. 910]. The EU's WFD establishes environmental goals for underwater eelgrass in
fiords and coastal waters. Monitoring changes in the eelgrass coverage and plant density
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through high-quality monitoring methods would provide essential information about the
health of the marine habitat [Huber et al., 2021, p. 910]. Evaluation of seagrass status
on a continental scale in Europe is not yet adequate. Therefore the tendencies of seagrass
development in terms of extent and densities are not fully known [de los Santos et. al.,
2019].

1.2 Monitoring of submerged aquatic vegetation

The e ectiveness of submerged aquatic vegetation (SAV) ecosystem monitoring programs
depends on the methods used. Many methods involve the use of optical imagery through
in-situ observations, drones, aircraft, and satellites. However, there are limitations in
terms of scale, visibility in the water column and surface, weather conditions, resolution,
and feasibility of the data collection [Huber et al., 2021, p. 910] [Nielsen et al., 2023, p.
11-15]. Eelgrass monitoring is especially challenging due to its temporal dynamics and it
can be hard to distinguish in deep and turbid waters and it is often confused with other
underwater features such as other SAV and substrate [Rowan and Kalacska, 2021, p. 3].

1.2.1 Traditional methods of SAV monitoring

Traditionally, monitoring of marine SAV species composition, spatial coverage and
depth limits has relied on divers observations in combination with photos or video
recordings [Lenborg et al., 2022, p. 893]. In Denmark, the NOVANA program is a
comprehensive station-based research that collects monitoring data from terrestrial and
marine environments. The goal of monitoring the marine environment is to understand
the environmental state and its temporal development to meet national and international
objectives in environmental management. NOVANA monitoring of eelgrass, macroalgae
and other SAV is based on observations from boats with video surveys or divers in transects
of 50 m to 1 km in length from the coastline. There are approximately 530 observation
stations in Denmark which are selected based on areas characterized by sandy or soft
seabed [Miljgstyrelsen, n.d].

A video-based method provides reviewable observation recordings that enable quality
assurance in reference data of SAV coverage and species composition, while diver-based
methods are subjective and the results can be limited in reproducibility caused by diver-
speci ¢ variations. Along with detection at the species level, vegetation coverage, and
depth limit at a small spatial scale, diver and video observations o er additional bene ts
such as high temporal resolution and lower weather dependence compared to other
monitoring methods. They also enable supplementary observations of other variables,
such as epiphyte coverage. Identied limitations in diver and video-based monitoring
for assessing SAV coverage and species composition on a regional and national scale
include being labour-intensive and time-consuming, restricting the survey area to transects,
exhibiting low reproducibility in diver observations, and high costs and time requirements

in post-processing video data [Lgnborg et al., 2022, p. 894-896].

A commonly used method to avoid cost and time expenses in this relation is to interpolate
between the point data collected with the in-water methods to produce distribution maps.
This technique can be suitable in areas with continuous eelgrass meadows, but in areas
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predominately characterized by fragmented beds of eelgrass, interpolation can lead to
misclassi cation [Nielsen et al., 2023, p. 13] [Lgnborg et al., 2022, p. 894, 896]. Traditional
methods can be improved by using other methods that involve remote sensing. These
methods will be explored based on ndings from other studies.

1.2.2 Remote sensing based SAV monitoring

Satellites have a large spatial coverage, and a low spatial resolution ranging from 10 to 30
m per pixel. This makes satellite imagery ideal for monitoring large SAV communities
where species di erentiation is not prioritized [Rowan and Kalacska, 2021, p. 18-20]
[Blume et al., 2023]. Supplementing satellite imagery with ground-truthing data from
drones and video footage has been shown to increase classi cation accuracy [Huber et al.,
2021]. Furthermore, satellite imagery has been supported by eelgrass stress models based
on environmental factors to increase species di erentiation [Fethers, 2018].

A research article by Yamakita et al. utilized historical orthophotos with an image
resolution of 0.5 m to map the distribution of eelgrass in Tokyo Bay, achieving 65% accuracy
with the use of supervised image classi cation, which improved to 81% in areas with high
eelgrass coverage. However, discrimination of eelgrass species was not possible [Yamakita
et al., p. 520]. Similarly, a research in Denmark found good potential for eelgrass mapping
by analyzing the RGB value represented in orthophotos with 0.16 - 0.20 m resolution.
They achieved an accuracy of 95.6% in separating SAV from sand, however highlighting a
few challenges such as depth limitation, potential misclassi cation of other SAV within the
eelgrass class, diverging colouring in the orthophotos, and di culties in areas with weak
eelgrass coverage [Drberg et al., 2018, p. 13, 34, 41, 43, 56].

Unmanned aerial vehicle-based monitoring research

Nahirnick et al. [2019] performed eelgrass mapping through the use of an unmanned
aerial vehicle (UAV) and RGB-camera in western Canada during the peak season of
eelgrass biomass (June/July). Images were collected at 65 m altitude with a GoPro
Hero 3+ with 2 cm ground resolution and combined then reclassi ed in 10 cm resolution

orthomosaics. An object-based image analysis (OBIA) was performed manually as an
automated classi cation method could not be adopted because of inconsistency in the
image properties due to passing clouds and varying sun angle during the study. By
interpreting underwater footage to identify eelgrass as well as the high-resolution UAV

image, Nahirnick et al. [2019] could distinguish eelgrass from macroalgae by interpreting
the texture and shadowing e ects. The classi cation was evaluated through a confusion

matrix that accounted for overall accuracy, producer's accuracy and user's accuracy. The
resulting mappings had high overall accuracies of 96.3%, 86.5% and 89.7%.

Research from Nielsen et al. [2023] investigated the eelgrass monitoring performance of
two multispectral sensors and an RGB sensor in a large-scale survey in turbid and deep
waters. While multispectral sensors produced a more clear distinction between eelgrass
and surrounding sand than the RGB, the RGB sensor had a higher accuracy in classifying
eelgrass than multispectral and was concluded to be more time-e cient and reliable in
challenging environmental conditions [Nielsen et al., 2023, p. 23, 91].
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In the research by Nielsen et al. [2023], the collected UAV-based RBG imagery was
analysed with OBIA for eelgrass classi cation based on conventional machine learning
techniques. OBIA was applied because of its ability to detect and group neighbouring pixels
of similar characteristics into de ned objects. This approach was found useful in analysing
imagery on a high spatial resolution and when the object of interest, such as eelgrass, is
depicted by multiple pixels, making an object-based classi cation relevant to investigate
the spatial dynamics of the object, e.g. eelgrass beds. This also enables investigations
of the hierarchical relationships between di erent classes in the discrimination process of
other SAV types [Nielsen et al., 2023, p. 51]. Through this process, it was possible to
reach eelgrass classi cations with an accuracy of 90-95% in all images using the object-
based image analysis [Nielsen et al., 2023,p 28, 51].

Another method for eelgrass assessment tested by Thomasberger [2023] was to implement
a deep learning model (Convolution Neural Network) [Thomasberger, 2023, p. 146]. The
model was trained with 3.85 mil samples representing the classegagrassor sand from
various georeferenced orthomosaics made from RGB UAV imagery. An index of agreement
(KIA) and an overall accuracy (OA) assessment tool were applied for the classi cation
evaluation [Thomasberger, 2023, p. 152]. Half of the performed classi cations reached
an OA above 98% while others had an OA of 80 and 89% due to high misclassi cation
within smaller seagrass patches [Thomasberger, 2023, p. 153 - 156]. The multi-temporal
analysis of the deep learning model alongside OBIA proved to be helpful in detecting
seasonal changes between the times of image acquisition in terms of seagrass beds growth
and decline [Thomasberger, 2023, p. 158]. It was discussed, that the greater water depth
caused variations in the seagrass' spectral properties. This could be improved by including
more training samples in the model. It is though stated, that the applied model had
limited replicability in heterogeneous areas with features such as macroalgae and blue
mussels which would output incorrect classi cations, but including training samples from
those classes could address this problem [Thomasberger, 2023, p. 161].

1.3 Problem statement

Eelgrass is a vital component of the ecosystems in Danish fjords. However, monitoring
eelgrass accurately in Denmark poses certain challenges. Studies indicate that conventional
remote sensing techniques do not di erentiate well between eelgrass and other benthic
features. Among the remote sensing methods available, UAVs show promise due to their
ability to capture high-de nition imagery. UAV as a monitoring method has been found

to have good repeatability in the collection of data, processing and automatisation of
analysis. Furthermore, this method enables quick adjustments in the collection of data at
di erent spatial scales in altering ight altitude. The limitations of UAV-based monitoring,

as de ned by Lgnborg et al. [2022], include the requirement for labour-intensive ground
truth validation and ight permission for some areas [Lgnborg et al., 2022, p. 896]. The
temporal exibility of UAV-based survey combined with high spatial resolution makes
UAVs a relevant tool in visualizing the loss and gain of eelgrass coverage in dierent
scenarios and time steps [Thomasberger, 2023, p .34].

Furthermore, arti cial intelligence (Al) has gained signi cant interest in recent years, with
Deep Learning emerging as a promising technique in remote sensing for accurately mapping

7
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and di erentiating various benthic features. In this thesis, we are particularly interested
in exploring the use of Deep Learning classi cation to map eelgrass and distinguish it
from multiple benthic features using UAVs and ArcGIS Pro, as this approach has not been
extensively studied before.

Based on the research and knowledge presented in the previous sections, the problem
statement for the thesis is as follows:

How accurately can a trained deep learning model classify and di eren-
tiate eelgrass from other SAV and benthic features in UAV imagery of
shallow coastal environments?

1.3.1 Project delimitation

The investigation is based in the Danish sound Limfjorden in North Jutland, Denmark.
There are a high number of various benthic features that could be classi ed, but the thesis
limits itself to ve dierent classes, those being eelgrass, macroalgae, stones, sand, and
mussels. UAV imagery refers to drone imagery taken for this thesisArcGIS Pro will be
used to train the deep learning models and for classi cation.

1.3.2 Project structure

A signi cant proportion of this thesis will be focused on the method used to acquire and
validate our own data, which will be valuable for assessing the accuracy of the model
classi cation results. The models will be prepared, pre-processed, run and validated
through the Geographical Information SystemArcGIS Pro, along with Agisoft Metashape
Pro for orthomosaic generation and other software related to UAV ying.

The project will include two theoretical chapters 2 and 3, with one presenting relevant
information and theory about remote sensing UAV ight considerations and the
morphology of eelgrass and macroalgae. The other chapter will present relevant deep
learning models available inArcGIS Pro along with training and validation metrics.

Following these are three methodical chapters 4, 5, and 6, that respectively cover
the selection of areas for image acquisition, the image acquisition itself, and the later
acquisition of ground truth data. These all serve as the foundation of setting up deep
learning models inArcGIS Pro, which will be covered in 7. Methodical choices and results
will be discussed in chapter 8, before concluding the thesis in chapter 9.
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This chapter includes an overview of remote sensing fundamentals including key elements
of the method, and techniques for creating orthomosaics. Additionally, an overview of
eelgrass and macroalgae morphology will be provided to help recognize their patterns in
aerial images

2.1 Fundamentals of Remote Sensing

According to the International Society of Photogrammetry and Remote Sensing (ISPRS),
photogrammetry and remote sensing are de ned as follows:

"the art, science, and technology of obtaining reliable information from non-
contact imaging and other sensor systems about the Earth and its environment,
and other physical objects and of processes through recording, measuring,
analyzing and representation.” [Lazaridou and Patmios, 2012, p. 69].

What makes remote sensing relevant to consider when studying submerged aquatic
vegetation (SAV) is that photogrammetry contains an important amount of information,
both qualitative and quantitative [Lazaridou and Patmios, 2012, p. 70]. In remote sensing,
objects and surfaces absorb, re ect or emit electromagnetic energy, which is then captured
on the remote sensing device when it reaches the sensor [Rowan and Kalacska, 2021, p. 4]

2.1.1 Electromagnetic radiation

Electromagnetic (EM) radiation can be understood both as waves or as photons. EM
radiation travels in a straight line at 300,000 km/s, and earns its name from energy levels
oscillating between electrical and magnetic energy.

Figure 2.1. lllustration of the oscillation between electrical and magnetic energy in
electromagnetic radiation [Bakker et al., 2009, p. 57]

When electrical energy is at its maximum, magnetic energy is at its minimum and vice
versa. The distance between two of these maximums is called the wave length, and is the
primary method of di erentiating di erent kinds of EM radiation. Amplitude describes

the energy of the wave, as this is the peak value in a maximum. The period is the time it

10
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takes to complete a single cycle, and the frequency is the number of periods in a second.
Energy and frequency of EM-radiation is inversely related to wavelength, with blue light
having high energy compared to red light [Bakker et al., 2009, p. 55, 57-60].

Figure 2.2. The electromagnetic spectrum showing the di erent kinds of radiation based on
their wave length [Webb, 2023, p. 142].

EM radiation with wavelengths within the visible spectrum between 0.38um to 0.76 um is
called light, with the re ection of di erent wavelengths within this interval being perceived

as di erent colors [Bakker et al., 2009, p. 58]. It is this re ection of light that reaches
remote sensing instruments sensors or eyes, which enables imagery or vision respectively
[Bakker et al., 2009, p. 78]. An object, such as a leaf, would be perceived as green because
it primarily re ects wavelengths around 0.54 um [Bakker et al., 2009, p. 67]. As objects
can have various colours, it follows that each wavelength is being re ected in di ering
amounts. The percentage of energy from each wavelength it re ects is called thepectral
signature of that material [Bakker et al., 2009, p. 80].

However, due to distortions caused by the EM-radiation passing through the atmosphere,
the sensed objects' spectral signatures will not entirely match with the image, unless
atmospheric correction has been done [Bakker et al., 2009, p.432]. The atmosphere is
capable of absorbing, transmitting and scattering the energy. Upon reaching the surface,
the energy is then either re ected or absorbed and eventually re-emitted as infrared thermal
energy, again being subjected to atmospheric interactions prior to reaching the remote
sensor [Bakker et al., 2009, p. 69].

For purposes of imaging submerged objects, light is further transmitted through a column
of water, which also has disruptive e ects. Water absorbs and attenuates light, with
estimations of 45% light remaining at a depth of 1 m and 16% at 10 m, depending on the
water conditions. Light is also absorbed at di erent rates depending on their wavelength.
Blue has the best penetration in open waters, which is why the eyes see the ocean as blue,
as seen in gure 2.3 [Webb, 2023, p. 142-143].

11
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Figure 2.3. Light penetration in open waters and in coastal waters [Webb, 2023, p. 143]

In shallower waters near the coast, other factors are also at play. Suspension of sediment,
algae and microorganisms is much more frequent due to coastal processes, and these absorb
a lot of blue and red light. This explains why coastal waters or lakes appear more green
depending on their contents, as green becomes the most penetrating light [Webb, 2023, p.
143-144].

2.1.2 Remote sensors

A remote sensor is a device that captures EM-radiation and quanti es the intensity and
distribution of wavelengths. These can be a camera, or something attached to an UAV
or satellites [Efremenko and Kohanovsky, 2021, p. 87]. These sensors can be divided into
two categories: passive and active.

Figure 2.4. Three di erent approaches to remote sensing with satellites [Efremenko and
Kohanovsky, 2021, p. 3]

12
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A passive sensor measures the composition of the energy re ected from the target, whereas
active sensors generate and send out their own energy, which is then re ected into the
sensor and can help determine the target's structure and position [Rowan and Kalacska,
2021, p. 4]. Passive sensors typically rely on solar radiance and are thus dependent on
weather conditions and time of day, whereas active sensors are less restricted [Efremenko
and Kohanovsky, 2021, p. 87-88].

Digital sensors use electronic detectors, which can convert incoming photons to electrons.
These are then made to ow as a current, and can be converted to a voltage proportional
to the incident energy. This signal is recorded as an integer called a digital number (DN).
Typically the DN value is between 0 and 255, but thisradiometric resolution can be as
high as 2047 [Efremenko and Kohanovsky, 2021, p. 92-93]. One element of these is called
a pixel, and are typically square-shaped with the DN value representing the intensity of
a given color based on the intensity of light re ected from the ground. The area that is
covered on the ground by a pixel is calledhixel size on the groundand depends on the
sizes of the detector. A two-dimensional grid of pixels makes up an image, and the size
of the area in the image is calledspatial coverage The greater the amount of pixels on
the sensor, the greater amount of detail in the imaging. The level of detail on this front is
called spatial resolution [Efremenko and Kohanovsky, 2021, p. 95, 158].

In order to accurately portray an image with colors it is not enough to merely record
the overall incident energy. For this reason, a normal RGB sensor is equipped with three
bands. A band records the incident energy in a given interval of wavelengths, and each
creates their own image. Here the bands are each focused on a di erent color: red, green,
and blue. These individual images are then put together for the actual image [Efremenko
and Kohanovsky, 2021, p. 95].

Figure 2.5. RGB sensors overlay bands that record red, green and blue light, which provides a
true-color image of the recorded object [Efremenko and Kohanovsky, 2021, p. 96]

The narrower the band, the shorter the intervals of incident wavelengths are being recorded.
This gives greater precision in terms of what is being recorded and is referred to apectral
resolution [Efremenko and Kohanovsky, 2021, p. 90-91]. A sensor can be categorized
based on the amount of bands they use for detection. ARGB sensor uses the basic three
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bands, while amultispectral sensorcan use up to a total of 14 bands. Although they have
more bands, they might still have gaps in their recording range. The ranges of recorded
wavelengths is called thespectral coverage Lastly, a hyperspectral sensotcan have as many
as 220 bands, which can be narrow in width and thus provides high spectral resolution,
and often leaves no gaps in their spectral coverage [Efremenko and Kohanovsky, 2021, p.
90-91, 95, 158].

Table 2.1 below shows an overview of some common sensors used in remote sensing:

Table 2.1. Commonly applied remote sensor types, from [Rowan and Kalacska, 2021, p. 11]

Type Energy Number(g; bands Name Description
Acoustic 1 Side-scan sonar Energy is emitted from/near the water's
surface to the sea oor.
Active | Acoustic 1-2 Echo-sounder Energy is er_mtted underwater
horizontally.
Electro'— 1 Bathymetric LIDAR Green light ( 530 nm) is emitted and traverses
magnetic through the water.
. Sensors that falls within the visible spectrum,
1 Panchromatic . .
produces greyscale images of a single band.
. Electro- Red-Green-Blue Sensors that captures light from the visible spectrum,
Passive . 3 )
magnetic (RGB) produces true-color images.
. Sensors that acquire images accross the whole
4-30 Multispectral electromagnetic spectrum, up to 15 isolated bands.
Sensors that acquire images
+
30 Hyperspectral over 100 contiguous bands

A popular platform that enables remote sensing in environmental monitoring programs
is UAVs. There are many types of UAVs, such as gliders, balloons, motorized vehicles,
or drones. Motorized UAV falls into two categories: xed-wing or rotary-wing. This
thesis will focus on rotary-wing which are what the most common consumer-grade UAVs
are. These vehicles can take-o and land vertically, and their sensors are ideal for
discerning ne details and acquiring very high spatial resolution optical data over small
areas. These systems can be rapidly deployed with various sensor con gurations, making
them ideal for environmental monitoring missions. Being close to the target minimizes
atmospheric interference in the data collected. Advancements in UAV technology have
led to lightweight, a ordable sensors that o er quality comparable to those used on
traditional aircraft or satellites. Their small size however limits the ability to carry
multi- or hyperspectral sensors, which are typically heavy [Rowan and Kalacska, 2021,
p. 17-18]. Understanding how to cover large areas with aerial imagery while maintaining
spatial resolution is crucial for creating maps for environmental monitoring missions. This
procedure will be explained in the following sections.

2.2 Orthomosaics

Orthomosaics are created by stitching numerous individual overlapping aerial images, or
orthophotos, captured within a speci ¢ area, resulting in a consistent, high-detailed image
of a site [DJI Enterprise, 2021]. In Denmark, national orthomosaics have been made
available publicly each year since 2012. The orthophotos are captured from an aeroplane
with a pixel size on the ground of 12,5 12.5 cm [Dataforsygningen, n.d.].
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The illustration 2.6 below shows a simpli cation of how orthomosaics are created:

Figure 2.6. lllustration of how several images are stitched together to form a single
orthomosaic image. Taken from [Kakaes et al., 2015, p. 38].

Without any post-processing, aerial photographs can be geometrically inaccurate due to
perspective distortions. To counter this problem, distortions can be corrected through
orthorecti cation in a photogrammetric processing software, such asAgisoft Metashape
[DJI Enterprise, 2021]. Orthorecti ed imagery requires ground control points (GCP) to
improve the accuracy of the orthomosaic. GCPs are xed markers placed within the
focused area that have absolute GPS coordinate which serves as geographical references and
thus improve the scale of the orthomosaic and the overlay on GIS software. A Real-Time
Kinematic (RTK) system may be used to determine precise coordinates. Itis recommended
to use between 5 to 10 well-spaced GCP across the site [DJI Enterprise, 2022] [Kakaes et al.,
2015, p. 36 and 42]. However, working in a marine environment complicates the placement
of GCP as deep water cannot be reached by foot. Before making orthomosaics with UAVS,
it is therefore important to plan the UAV ight carefully to ensure accurate mapping.

2.2.1 UAV ight planning

Manually operating the UAV presents a number of challenges in terms of acquiring
suitable imagery for the generation of orthomosaics. The orthomosaic method requires
high amounts of overlap between images to ensure that the photogrametric software has
enough common points of reference to combine the images. The amount of overlap vary
from situation, but a consensus is 60% to 85% in both front and side overlap [Kakaes
et al., 2015, p. 38-39]. Ensuring adequate overlap between manually captured images is
exceedingly di cult, which necessitates using a planned ight route.
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