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Summary

Due to increasing development in the marine coastal zone the need for good and precise mapping and
monitoring tools has become invaluable. To be able to set up management goals, habitat monitoring
is needed. Furthermore, there is a serious gap in knowledge of the marine intertidal zone, biodiversity
and habitat distributions are poorly mapped due to the sometimes rough terrain and time consuming
traditional observation methods. Remote sensing may hold the answer to many of these needs,
however the now more frequently used environmental satellite data is often to coarse for the narrow
intertidal area. Drone-based imagery can assess the intertidal regions with high spatial (cm’s) and
temporal(hours) resolution, and provide cost-effective surveys applications. 5 methods to analyse
these multi spectral image data were used during this research. To try and find the best methods and
give insight to the whole procedure so future projects may learn and apply these methods. The first
four methods were al generic algorithms, which were known to work in different fields on chlorophyll
detection. The last method tested is a multiple regression model. Results of these 5 methods showed
that the importance of the variances in the ground truth data and the amount of observations in the
selected classes to be tested. None of the tested methods gave any significant results, however this
does not mean these methods are faulty. The methods used showed trends and differences could be
detected, even though they were not statistically significant. This project shows the weaknesses and
benefits of using algorithms in MS image analysis and the potential for the multiple regression models.
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1. Introduction

The coastal zone is of extreme high importance for both the economy as well as the ecology. Work
opportunities, recreation and transportation within Europe is all closely connected to the seas.
However, as vital as these things are they all have an impact on the ecological status and biodiversity
in this dynamic region. Human activities, such as shipping, energy production, coastal recreation and
fishing all have impacts on the coastal ecology, many of which are negative such as pollution, habitat
loss and coastal erosion (Copernicus.programme 2019). With the increasing development within the
coastal zone region there is a great need to provide monitoring at such scale that management can
make well informed decisions regarding the coastal habitats. However, the monitoring of the coastal
zone and especially the intertidal zone is laced with high complexity. One of which is the every
changing nature of this habitat and the variety of data collection methods which traditionally have
been used (Murfitt et al. 2017).

Traditional visual observation monitoring has been the main data collection method. However,
recently the use of marine remote sensing technologies such as the satellite systems from the
Copernicus and Landsat programmes have added to our knowledge of the coastal zone. Yet these
images are to coarse, often 30 to 300 meter pixel resolution, to look into the more detailed and
smaller changes. Other technologies such as underwater video monitoring and bathymetry from
ships sonar systems have helped map the topographic structure and species distribution for some
areas (Murfitt et al. 2017). Nevertheless, the upper intertidal zone cannot be reached with these
methods and they are usually not included in terrestrial based surveys, as this area is considered
marine. This leads to a knowledge gap for the intertidal zone. Furthermore, are the traditional visual
data collection methods very labour intensive and only area’s which are easily accessible can be
monitored (Godet et al. 2009; Murfitt et al. 2017).

Remote sensing using drones offers a way that allows for large areas of remote intertidal zones to be
mapped relatively quickly. Compared with the traditional methods remote sensing has some obvious
advantages, it can easily reach places that would be difficult for manual sampling, such as steep rocky
shores, it avoids any physical disturbance to the system, and there is a much less spatial
discrimination due to the possibility of making large contiguous sampling. According to Godet et al.
(2009), “Remote sensing allows the accurate mapping of the spatial patterns of different coastal
species, especially for seagrasses, which are most commonly studied in temperate climates.”(Godet
et al. 2009)(Godet et al. 2009)(Godet et al. 2009).



1.1 Aim

The aim of this study is to discover and asses the possible use of flying drones in combination with
novel imaging technology for mapping of and monitoring of the coastal marine habitats. In particular
the distribution and patterns of marine intertidal zone habitats, including vegetated (e.g.
macroalgae) and abiotic (e.g. rocks and sediment) features. If successful, the method used in this
study could in the future also be extended to include:

- the mapping of macroalgae in shallow waters,

- the quantification of oyster beds ( including invasive species such as the pacific oyster)

- guantification of seaweed biomass deposits on the beach

- quantifying marine litter/plastics on the beach

To be able to apply sustainable management options for the intertidal zone, there needs to be
enough information to make an informed decision. Current methods for mapping costal habitats are
labor intensive, costly and inefficient to quantify changes and dynamics(Bekkby et al. 2013).
Therefore this study explores the possibility of improving mapping and monitoring tools in the
coastal zone, by using drone based images which can asses shallow water regions with high spatial
(cm’s) and temporal (hours) resolution, and provide cost-effective surveys applications.

Multi spectral (MS) images gathered by unmanned aerial vehicles (UAV) such as drones, have an
advantage over satellite based MS images because there is often a temporal gap between the images
and the in situ data. Due to the ever changing conditions in the marine environment, this could
create a mis match between the in situ and the satellite image. This time gap hinders the regression
models, between the band ratios and the ground truthing. Moreover is the resolution from satellites
images to rough for smaller habitats types, such as narrow beaches or lakes(Su and Chou 2015).
Drone based MS images can provide high resolution ( £ 3 cm) images which, are georeferenced and
collected over a short time(Therese Harvey et al. 2018), this information can be used to map habitats
and estimate biodiversity in coastal areas.

1.2 Research questions

- Can multi spectral images from drones be used to effectively measure and identify the area
covered different macro algae classes in the intertidal zone?

- Will multi spectral based algorithms used to provide information for algae class id of
intertidal habitats?

1.3 Hypothesis:

By using the multi spectral image data from drones and finding the right index values for the
different classes of macro algae the drone data can be used to measure the area covered by diverse
classes of macro algae and abiotic characteristics in the intertidal zone.



Study area

Norway has a long and diverse coastline (~100 000 km, at 30m resolution), if including all the small
islands on the west coast Norway even has the second longest coastline in the. The country itself
stretches from north to south around 1100 km(Harman et al. 2019) and has been labelled as “ the
most complex land edge on the planet” by national geographic journalist Verlyn Klinkenborg
(Klinkenborg 2013). The Norwegian sea connect most of the small islands in the west coast of
Norway, from the island of Stadt (62°10’N 5°00°E) in south, close to Alesund to the Lofoten in the
north(Harman et al. 2019). The Norwegian sea is part of the north Atlantic ocean, and the ecological
status of the Norwegian sea is in general considered to be “good” because most of the water column
and the deep seabed is relatively undisturbed. However, the coastal areas have received a growing
pressure from anthropogenic activities(Norwegian Environment Agency 2016). The study area is the
coastal area of the small town named Flg, which belongs to the municipality of Ulstein. FLg is located
on the island of Hareidlandet on the west coast of Norway. In figure 1 the study site is shown with
corresponding geological features which were mapped by the geological survey of Norway (NGU).

A green laser was used in the inertial and subtidal area (by boat), to map the bathymetry of the area.
A combination of both hard and soft substrate was found, the NGU used the laser data to interpret
and identify seabed substrate. The NGU has identified 7 substrate classes in the study area as can be
observed in figure 1 (The Geological Survey of Norway (NGU) 2018).

description definition
1 Thin or Thin or incoherent sediment cover
discontinuous over bedrock. Sediments with varying
sediment over rock | grain size.
—1a| 80 Muddy sand Sand> 50%, clay: silt = from 1: 2t0 2: 1
=_ and clay + silt <50%, gravel <2%
100 | Sand Sand> 90%, clay + silt <10%, gravel
<2%
il = i 130 | Gravelly sand Sand: silt + clay> 9: 1, gravel 2-30%
175 | Gravel, rock and Dominance of gravel, stone and
boulders boulders
190 | Sand and boulders | Bimodal bottom type with frequent
deposits of blocks on sandy bottom.
215 Sand, gravel, rock Sand, gravel, stone and block
and boulders alternating
composition.

Figure 1. Study site with geological features shown as identified by (The Geological Survey of Norway (NGU) 2018).


https://tools.wmflabs.org/geohack/geohack.php?pagename=Norwegian_Sea&params=62_10_N_5_00_E_&title=Cape+Stadt

As can be seen in the geological data the main substrate types in the drone covered area are, thin or
discontinuous sediment over rock (code 1), gravel, rock and boulders (code175) and sand, gravel rock
and boulders (code 215). The tidal range in the study area is approximately 2 meter, the tides wash in
various types of macro algae to the shore. The NGU data is verified by ground truth measurements
and photos of the area, as can be seen in figure 2, which also give an impression of the study site.

Figure 2. Impressions of the study site which confirm geological survey data,
source: Kapser Hancke 2018



Management

All countries are obligated to understand and protect their natural biodiversity according to the UN
Rio convention of 1992. In Norway this is ratified by several white papers that together established
the Norwegian national programme for mapping and monitoring of biodiversity, which was initiated
in 2003. This programme supplies management with key information that is needed to make well
informed decisions, regarding the coastal zone. This key information consists of, locations of
important habitats, their key areas and their value to the ecosystem. When the programme began it
became clear that the marine component of the programme was lacking in information, therefore in
2007 field mapping began after a thorough evaluation of the methods for mapping and the modelling
and integration of existing data(Bekkby et al. 2013). Furthermore, in Norway the responsibility of the
environmental management concerning the coastal habitats is shared by multiple authorities.
However the overall objective is to achieve “good ecological status” by 2021 (Norwegian
Environment Agency 2016). This is in line with the European Water Framework Directive (WFD), and
even though the WFD does not directly apply to Norway, the WFD does require that member states,
which share a regional sea cooperate with third countries, “ for the purpose of developing and
implementing marine strategies” (Platjouw 2018). The Norwegian Water Management Regulations
have therefore incorporated the EU WFD into Norwegian law(Norwegian Environment Agency 2016).

Marine macro Algae

Eelgrass, kelp and other smaller brown algae such as bladder wrack and other rockweeds from the
Fucaceae family are of major importance in the coastal ecology in the temperate waters of Europe.
These types of marine vegetation or macro algae grow in the (sub)littoral or intertidal zones, and
they play an important functional role in ecosystems(Christie, Norderhaug, and Fredriksen 2009),
and offer a wide range of ecosystem services. Such services include, their role as a nursery and
feeding ground for juvenile fish, and the protentional CO2 segregation from macro algae (Hancke et
al. 2017; Krause-jensen et al. 2018). Macro algae also stabilize the sediment which prevents coastal
erosion, have filter function for the water which makes for improved water clarity and quality. This in
turn is good for light penetration into water column, which improves the growing conditions of
seagrasses and other macroalgae(Hossain et al. 2015). All of these services are important in both
ecological as the social-economic spectrum(Janes et al. 2017).



2. Materials and Methods

2.1 Location

The location for the data collection was at a stretch of beach around 3km long around north of the
harbour in FLg on the west coast of Norway. In total an areas of 0.574 km2 was mapped with the
drone.

2.2 Data Collection

Data was gathered during June of 2018, using a fixed wing drone (type Ebee) equipped with both
RGB and 4 Multi spectrometer (MS) camera’s (4 camera’s each for a different wave length).

Drone imaging was taken with 80% overlap in the pictures to increase the quality at pixel level. Drone
was flown at approximately 85 meter altitude. In the same location ground-truthing data was also
gathered to identify algae species or classes, in addition to abiotic substrates. In this project only data
from the intertidal zone at low tide was used. A total of 1160 images were taken, after calibration
1108 of these were used to build the total image. All 1108 images and ground truth points were
Georeferenced using the following coordinate systems:

Coordinate Systems:

- Image Coordinate System: WGS 84
- Ground Control Point (GCP) Coordinate System: WGS 84 (2D)
- Coordinate System: ETRS89 / UTM zone 32N (2D)

Figure 3. Photo of Kasper Hanke (NIVA) and Robert Poulsen (drone Pilot from
SpectroFly), showing the fixed wing drone used to collect data of the intertidal zone.
Photo by: Kasper Hancke 2018
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In total an area of 0.57 km? was covered by the
drone, initial flight plan of the drone and image
position prior to georeferencing can be found in
figure 4.

For each blue dot 5 pictures were taken, one with
each of the camera’s attached to the drone. 80% of
the study area has an overlap of at least 5 pictures
per pixel this will ensure good quality results will be
generated. Total 1108 calibrated pictures were
taken, i.e. this is the number of pictures used for
reconstruction of the mosaic picture. All pictures
were georeferenced.

2.3 Data preparation
2.3.1in situ data

Figure 4. Top view of the initial image position. The green line
follows the position of the images in time starting from the
large blue dot.

Original ground truth data was formatted in Excel, with the following variables documented:

way point number, elevation from sea level in cm, the latitude and longitude coordinates, the date
and the species ID, or description of substrate. The area covered by each ground truth point is
approximately 1m?2. 138 individual ground truth points were taken in the study area, in which 40
separate species or substrate descriptions were observed. These observations were first translated
into English and then scaled down into 8 classes, based on known algae or a rough feature

description as can be seen in table 1.

Table 1. Ground truth classes and their number of observations

Class Number of
observations
Brown.Algae 70
Lichen 28
Tide pool 11
Naked.Rock 10
Grass.on.Land 9
Terrestrial.plant 5
Naked.Sediment 3
Barnacles 2
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2.3.2 Drone Data

Multi spectral image data is made up of several bands or channels each band has a range of 20 to 30
nm wide. Each band contains the measured radiance of the specific wavelength range for each pixel.
In this study the bands red, blue, green and red edge were used.

Table 2. Band names and associated wavelengths.

Band Wavelength
Blue band ~490 nm
Green band ~550 nm
Red band ~670 nm
Red Edge band | ~710 nm

The MS image data was converted into 4 .tiff files, these are raster type files that can be uploaded
into the GIS programme QGIS which was used for this project.

The individual photos from each of the 4 cameras were “stitched” together to create a mosaic
picture which has a minimum om 80% overlap in each pixel. These mosaic tiles are compatible as a
raster dataset which can be uploaded into a geographical information system (GIS) software. In this
study the free software Qgis was used. The 4 raster images were called, red, blue, green and Red
Edge after the wavelength id the pictures that were taken. Next the ground truth points, which were
in an Excel spreadsheet, had to be imported into QGIS. For importing spreadsheets into QGIS first
have to be converted into CSV files, taking care that points or commas don’t change the GPS format
of decimal degrees. Using the function, “Add Delimited Text Layer” in Qgis selecting the CSV file and
making sure the X Field = Longitude and the Y Field = Latitude and the “Use of special Index” is
selected, the ground truth points should be imported into Qgis. However the ground truth points are
as the word describes, points with only a Longitude and Latitude, which makes it a Vector data set.
This needs to be taking into account when using further data analysis. Next step would be to make
sure the coordinate reference system (CRS), is the same for both the vector and raster data set and
the background “open street map” that was used to give a better image of the location. In this case
the vector data was not in the same projection as the Raster dataset and because the Raster data set
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Figure 5. QGIS image of the overlapping data sets, in black is the raster data set with the overlapping ground truth points in
pink.
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(containing the multi-spectral images) was using EPSG:25832 - ETRS89 / UTM zone 32N which is a

projection which works well in the northern Europe area and was therefore more specified then a
global one (WGS 84) which the vector dataset used. Therefore the vector dataset with the ground
truth points had to be reclassified. The raster and vector data sets are now overlapping, as can be
seen in figure 5.

III

Then using a so called “point sampling tool “ the MS data that is in the Raster dataset can now be
pinpointed for the exact points of the ground truth points in the vector data. Hereby creating an
attribute table which contains both the ground truth data and the MS data which corresponds to that
exact location. In the attribute table al points that fell outside of the MS data, area have been
deleted. This resulted in a total of 138 ground truth points.

Each data point has an covered area of + 3 cm, however the ground truth point were selected on
areas where there was a high density of the feature has to represent ( brown algae, rock ect.) see
figure 6. Therefore to make sure the data is robust an area of 50cm around the ground truth point
was taken using the buffer tool ( 0.5 diameter). Next using the “Zonal statistics” tool from the “Raster
analysis” plugin the mean, median, st. dev. and variance from each of the raster layers was calculated
for the buffered area.

Figure 6. photos of the ground truth point taken, points were taken on area's with a high density ( + 50 cm surrounding the
point) of the represented feature.

The attribute table can be exported into a new CSV file using the “MMGIS” plugin tool, and using this
file to be imported into the statistical software programme R studio for the statistical analysis. In R
several known indices and algorithms which have had some success in determining plant species on
terrestrial area’s and algae blooms in the marine environment, have been used as well as the Mlogit
function.
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2.4 Data Analysis

2.4.1 Indices and algorithms

Vegetation Indices (VI) have been used in terrestrial ecology for quite some time now, to determine
plant cover or plant health. The different reflectance levels of light, which can be measured as the
inverse of the absorption levels, can identify different plant groups as can be seen in figure 7(NASA
2006). However as can be seen in the figure, water can create some obstacles when looking at

s 60 PR
b i
o — b —
= ~%, 7. ~ Pinewoods
w . Wt "‘._
I Y * Grasslands
-E i
s 20 Red Sand Pit
o
B _."', N_—-—_ — .
=7 | L TN~ -~~~ . --—| Silty Water
0.4 0.4 0.4 0.4 1.2

Wavelength (pm)

Figure 7. Spectral curves for various natural features Source: (Nasa,2006)

different types of coastal algae. The spectral properties of water, and the amount of sediment,
phytoplankton and organic molecules in the water column interfere with reflectance signal, making
the detection of macro algae underwater a challenge. Not only do these factors change daily, the
high absorption of light by water mostly the Red Edge wavelengths and the reflectance of blue make
detection underwater problematic (Balzter 2017; Brecht 2018). Therefore, this study focuses on the
macroalgae in the inter tidal zone during low tide, when the area is not covered in water.

To be able to differentiate between the different types of macro algae, indices can be used to see the
differences in the multispectral imagery bands. The reflectance of light varies with chlorophyll
content, but also with water contend in the plant, the plant type (Brecht 2018). By combining existing
indices that are used for terrestrial vegetation and combining these with indices that are used for
oceanographic studies it is expected that major macro algae groups can be identified through the MS
images.

NDVI

Because data was gathered from both the red and Red Edge bands it is possible to make use of the
Normalized Difference Vegetation Index, or NDVI, as a normalisation index for water detection and
photosynthesis activity. The detection of water is possible because the strong absorption of Red Edge
in water and the contrast his will provide with land surfaces. The principle for this algorithm is that all
vegetation will show a clear increase in the reflectance data in the 700nm zone. By using the
difference between the Red Edge and the Red values the density of the vegetation can be observed
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(Hu 2009). The NDVI can also be used as bench mark to clearly show the submerged areas. Whoever
since we only focus on the intertidal zone, we will exclude most submerged areas. The NDVI is
calculated by using the Reflectance values in the following algorithm:

NDVI = Red Edge — RED
" Red Edge + RED

NDWI

This calculation gives a low value for water and high with any type of vegetation, an alternative for
this could also be the Normalized Difference Water Index, (NDWI) which uses the Green band(Balzter
2017):

Red Edge — GREEN

NDWI =
Red Edge + GREEN

EVI

The next indices that is going to be explored for its use in macro algae identification will the
Enhanced Vegetation Index (EVI). The EVI index was designed to enhance the vegetation signal in
areas with high biomass. It was improved to reduce atmospheric influences(Hu 2009). however since
the data for this project was gathered using a drone, the atmospheric influences are considered
negligible.
Red Edge — RED
Red Edge + C; X RED — C; X BLUE + C;

EVI =G X

Where G is the gain factor and the C values are pixel independent coefficients that compensate for
aerosol effects and background(Hu 2009). However as previously stated some of these values are of
no importance due to the fact that this data is not derived from satellites. In many studies the NDVI
and the EVI are used together, for they seem to complement each other(Potts 2016).

SABI

The Surface Algal Bloom Index (SABI) will also be tested. The SABI algorithm is similar to the NVDI,
but by including the blue and green bands into the algorithm, it is more specified for detection of
floating biomass in aquatic systems(Alawadi 2010).

Red Edge — RED

SABl = B0 ¥ GREEN

FAIl

The Floating algae index (FAI) was also considered however the FAI algorithm uses an SWIR ( Short-
Wave-Infrared) wavelength which was not measured by the drone.

Miogit

The Mlogit function is a maximum likelihood estimation model based on multiple regression models.
Mlogit is a function of the CRAN package in R, Mlogit stands for Multinomial logistic regression.

The model allows for more than 2 response variables when these are assumed to be unordered.
Using the AIC values, the factors which affect the probability of the response variables can be can
specified in this regression analysis(Yanagihara et al. 2012).
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2.5 Descriptive analysis

The data file comprising of the multi spectral values at the ground truth points consists of the
following features: 138 observations (rows) and 23 columns

The first 7 columns are in situ information, such as the way point number of the ground truth point,
the longitude and latitude, the date on the gps tracker and the elevation level at which the sample
was taken. Next are the 4 columns regarding the species information in Norwegian and the English
translation followed by the separation of these 40 species into 8 classes, also in Norwegian and
English. followed are the 4 columns which show the extracted MS values in the Blue, Green, Red and
RE bands. Then the next 4 columns show the results of the 4 different algorithms that were
calculated ( NDVI, NDWI, EVI and SABI), table 3 shows some basic descriptive statistics from these
values. The last 4 columns show the log transformation values of the 4 algorithms.

Table 3. descriptive statistics from the multispectral values and the 4 algorithms.

Blue Green Red RE NDVI NDWI EVI SABI

Min 0.028 0.036 0.034 0.052 0.065 -0.023 | -0.063 | -0.072
Max 0.610 0.538 0.704 0.708 0.803 0.810 0.339 0.484
Mean 0.130 0.142 0.165 0.225 0.495 0.550 0.118 1.802
St. Dev. | 0.134 0.125 0.158 0.142 0.209 0.177 0.107 0.499

To explore the data a bit further the separate classes have been set against the 4 MS bands, this can
be seen in figure 8. The graph shows that some classes have quite a large variance. Only the red box
(Barnacles) and the blue box (Naked Sediment) seem to have a small variance however this is mainly
due to the very few observations, 2 and 3 respectfully there are in these two classes.

The graph is made using the data extracted from the mean values of the buffer zone which was
added around precise ground truth point. Also can be observed that the classes, brown algae and
lichen have quite some substantial outliers this could effect the results and should be kept in mind.

With buffer (50 cm diameter and mean)
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Figure 8. descriptive graph showing the variability within each class per colour band.
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3. Results and Discussion

3.1 Statistical analysis of the algorithms

For each of the 4 algorithms that were tested a boxplot was made to visualise the results, this can be
seen in figure 9 A to D. However, the classes show a large variability within each class, also the
number of observations within groups differs. Still the 4 used algorithms work in the fact that they do
distinguish a difference between the groups.

An anova test was preformed on each of the algorithms to show which would indicate the
differences between the classes best. A Levene’s test was included to test the homogeneity of the
variance. In the cases where Levenes test was significant (p- value = >0.05), the Kruskal Wallis test
was performed as the non-parametric counter of the anova. However a difference was not picked up
in statistical testing see table 4.

Therefore, the data was log transformed to see if this would make the difference more detectable.
Boxplots were also made for these log transformed algorithms these can be seen in figure 10 A to D.
Only in the log transformed EVI algorithm was this the case. The large variability of reflectance within
groups and number of observations within groups can be attributed to this. Suggested is that this
method should be applied on a more homogenous dataset.

Only the log EVI algorithm showed a significant difference in the Anova test however the post hoc
test TukeyHSD which was preformed was not significant in any of the classes which may mean there
is a type 1 error in the Anova.

Table 4. Shows the results of the various statistical test which were performed for each of the algorithms.

algorithm test P-value
NDVI Anova 0.0748
Levene’s test 0.2902
Kruskal/wallis | 0.1059
Log-NDVI Anova 0.0959
Levene’s test 0.246

Kruskal/wallis | 0.1059
NDWI Anova 0.242

Levene’s test 0.2081
Kruskal/wallis | 0.1555
Log-NDWI Anova 0.413

Levene’s test error

Kruskal/wallis | 0.1227
EVI Anova 0.0942
Levene’s test 0.2974
Kruskal/wallis | 0.1724
Log-EVI Anova 0.0345
Levene’s test 0.5521

SABI Anova 0.0786
Levene’s test 0.26
Kruskal/wallis | 0.2821
Log-SABI Anova 0.15
Levene’s test Error
Kruskal/wallis | 0.06438
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Figure 9. A. Boxplot of the EVI algorithm against the 8 classes. B. Boxplot of the NDVI algorithm against the 8 classes. C.
Boxplot of the NDWI algorithm against the 8 classes. D. Boxplot of the SABI algorithm against the 8 classes.
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Figure 10. A. Boxplot of the logEVI algorithm against the 8 classes. B. Boxplot of thelog NDVI algorithm against the 8
classes. C. Boxplot of the logNDW!I algorithm against the 8 classes. D. Boxplot of the logSABI algorithm against the 8 classes.

Even though the only significant statistical difference could be detected in the log EVI ( figure 10 C.)
there is merit in some of the other algorithms as well. By looking at the graphs above it can be seen
that some of the algorithms work better than others. The SABI and the logSABI algorithm seems to
only create more variance in the classes, while the logNDWI seems to compressed the classes, but
the means all end up roughly the same therefore no differences can be picked up.
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3.2 Mlogit analysis

The fifth method that was used was the so called Mlogit function. This multiple regression model was
implemented in two ways, in the first version the classes were modelled with the 4 different bands
without their interactions. So all 4 bands are considered predictor variables but they do not interact
between each other. The results for this first methods is found here:

Mlogit:

Without interactions:
AIC (M0O) = 428.7151

AIC(MP) = 451.8521 2 no predicative power in this
model
Mcfladden R"2 = 0.07924 2 bad fit

The AIC (MO0), (Akaike’s information criterion)value is the null model, here only the classes are
inputted. Then the model is run again only this time the predictor variables are added to the model
the AIC of the (MP) should be lower then the AIC of the (MO0). As the results indicated this is not the
case in our model, therefor the model has no predictive power. An other outcome that can be
considered the the Mcfladden RA2, this value should be between 0.2 ad 0.4 to be considered a
“good” fit. This Mcfladden R"2 is much lower than that is and therefor considered a bad fit
combined with the high AIC (MP) concludes that this model doesn’t work.

The next method that was tried was a Mlogit with interactions of the predictor variables, as can be
seen below. Here the AIC (MP) was again higher than that of the Null-model, however the Mcfladden
RA2 does come very close to be considered a “good” fit.

Mlogit

With interactions
AIC (M0O) = 428.7151
AIC (MP) = 449.7397 2 no predictive power in this model

Mcfladden R"2 = 0.45568 2 good fit?

However by allowing the predictor variables to interact the model could be considered to be over
fitted. Therefore this result is not considered to be valid. However the Mlogit function could be used
un the future to help explain, in how far the MS bands can be used to explain the different classes.
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3.3 Discussion and recommendations

Because the data has so much variance different approaches were tried in an effort to find the best
methods which could explain and predict the differences between certain classes. Here some of the
options tried are discussed along with recommendation methods for similar future projects.

Log transforming the data = which was successful for the EVI algorithm.

- Excluding the classes with few observations ( barnacles, Terrestrial.plant and
Naked.Sediment) = This let to a better fit however the variability within certain groups
remained high.

- Taking the median instead of the mean values = no significant result

- Since the classes have different number of observations a unbalanced anova has been tried
- no significant result

- Looking at the st.dev of the classes >

It is possible to slit up the data into more classes by looking at the distribution of the classes in each
of the bands as can be found in the Appendix, however to split up data just by looking at the spread
of a graph might not be the right way to go. There would not be a valid reason to split the classes.
This way the possibility or over fitting the model is large. However, there is a possibility to create
more classes based on actual differences, brown algae, and lichen have large outliers in the data, by
separating these two classes into sub classes a more detailed model could be made. The brown algae
class could be separated into the different main species and the lichen should be separated into
orange lichen and black (tar) lichen, as these obviously have a different MS range. This idea has been
briefly explored as can be seen in figure 11, however no statistical test to verify have been applied.
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Figure 11. Splitted classes graph showing the variability within each class per colour band.
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By taking the learnings from this study and improving the techniques used here, the drone based MS
image analysis could be applied and explored in many different sites. The temporal effects of the
seasons, or light influence could be researched power of the algorithms in combinations with other
more extensive ground truth points. Drone based multi spectral image as a tool for habitat mapping
and identification of specific habitat features is a relatively new field of study, obviously there is still a
lot that needs to be learned and improved. The satellite remote sensing community has a head start
of almost 40 years and they are still learning and improving today. The applications of drone based
MS are massive once the major bugs have been found and fixed.

Some of the recommendations for future use are:

- Start with just looking at present/absent of algae (look more coarse) before creating the
classes.

- Colour difference between wet and dry algae can influence results, make a note of this
during the ground truthing process.

- Be careful with different species of brown algae mixed together

- Check pictures of each ground truth point

- The algorithms did not result in any strong significant results, this may be part due to the
variance in the data however in the future projects looking at methods for machine learning
should be considered.
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4. conclusion

Multi spectral images from drones have a great potential to be used in mapping of marine coastal
habitats. This study explored different methods which could be used to identify key features in the
intertidal zone. Results show that the Log transformed EVI algorithm can successfully be applied to
distinguish between the chosen classes. In the future multi spectral based algorithms are a great
start to provide information in difficult to reach locations in the coastal zone. However the next step
to really explore may be more in the direction of machine learning. The intertidal zone is diverse and
many different groups of features can be found here, they can be wet or dry and this may affect their
MS profile. A more complex algorithm or machine learning may work better to a able to differentiate
between all the different features found in the intertidal zone. That said the more simple algorithms
tested in this project certainly look promising as a foundation to further build upon.
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Appendix

Distribution of the classes in the RED band

05 06 07
o

Pixel values RED band
04
|

© T
N : - o
o~ : e
o s — Il
— |
S e
R R !
T T T T T T T T
Bamacles Brown Algae Grass.on.Land Lichen Naked.Rock Naked.Sediment Terrestrial plant Tide pool
varification Classes
Distribution of the classes in the BLUE band
o | o
o
v
- ©
<
E o
w I °
3 o
= o
@ o
S = i
©
B -
T o ! 1 °
x o ' !
o —_— .
| ———
57 g | | =
T — 1

T T
Barnacles Brown Algae

T
Grass.on Land

T T
Lichen Naked Rock

varification Classes

T
Naked Sediment

T T
Terrestrial plant Tide pool

25



Pixel values GREEN band

Pixel values NIR band

0.2 03 04 05

0.1

02 03 04 05 08

0.1

Distribution of the classes in the GREEN band

2
]
S
°
i : — :
i o
— —
T —I i —
_ R
T T T T T T T T
Bamacles Brown Algae Grass.onLand Lichen Naked Rock Naked Sediment Terrestrial plant Tide pool
varification Classes
Distribution of the classes in the NIR band
g —
5
i — —_
: : : —
| — °
T T T T T T T T
Barnacles Brown Algae Grass.on.Land Lichen Naked.Rock Naked.Sediment Terrestrial plant Tide pool

varification Classes

26



Reflection

Course description:

This course is designed to allow the student to assess various analyses methods to explore and
evaluate flying drone imaging technology for mapping and monitoring coastal habitats. There is a
growing need for acquiring better mapping tools in the coastal zone for habitat mapping, to identify
eelgrass and macro-algae communities, as well as to assess a variety of other parameters, both
ecological and geomorphological such as coastline retreat etc. The coastal zone habitats are
especially important for several ecosystem functions, they are e.g. used as nursing grounds for
juvenile fish, and supports a high biodiversity.

This special course will allow the student to obtain experience in analysing drone data working
together with NIVA staff gaining both improved knowledge of imagery analyses and hands on
experience with working in a private company through an internship at NIVA DK

Learning objectives:

On the completion of the course, the student will be able to:

1. Plan a project from start to end

2. Utilize RGB/spectral high resolution spectral data to analyse images

3. Apply different methods for analysing drone images

4. Validate modelled data with already processed ground truth data

5. Utilize statistical analysis to validate results

6. Utilize data from drones to identify different types of macro-algae in the coastal zone
7. Present results orally and in a written report

During this course | have learned a lot both in academical sense as in recognising personal pitfalls in a
work environment. | will discuss some here.

Academical lessons:

One of the main objectives during this whole semester was for me to get better equated with the
statistical software R studio (learning objective 3, 4 and 5). | recognise that this is an important tool
to have in any researchers skillset and | found mine to be lacking. As Karen has said to me before,
biologist are often not the best mathematicians, and | have to admit that | fall into this stereotype.
Statistics are not my strong suit, but it is something | recognise | have to learn if | want to be of any
real value as a researcher.

| have therefor chosen 3 courses this semester in which | would need to use R in different ways. |
have been forced to emerge myself in this code language for a whole semester. | think | have only
scratched the surface from what is possible with this programme but | have learned and applied the
basics in statistical workings of R. | will need to continue to develop my knowledge in this
programme, but | am happy with what | have been able to achieve regarding R in the last 5/6
months. From starting from not knowing any coding language to where | am now. Able to use R to
statistically analyse different types of data sets and my eyes have been opened to the many
possibilities this programme has. | will definitely continue to work and improve in this programme.

During my bachelor | have had some basic introduction to geographical information systems (GIS). |
have been interested in developing my knowledge in this area ( learning objective 2, 3 and 6). It is a
skill which | think has a lot of potential and is used more and more in the spatial analysis of marine
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habitat. During this project | have chosen to work with the open source software Qgis, which was
new to me. The software is also not used by any of my supervisors. Therefore, | have had to figure a
lot of things out myself, and even though it could at times be a frustrating endeavour | think | have
learned a lot from it. Figuring stuff out for yourself is often time consuming but when you have, it
stays which you better and longer then when the answer is given to you.

Learning objectives 1 and 7 are more of a general competence that | have had some experience in
before during my bachelor and during other smaller projects done here at DTU. The challenge | found
in this project was that it was a substantial project that | had to plan and execute alone. Previously
many of the projects have been involved in were group work, projects which means you have other
people that you have to depend on and who depend on you. | have found that working on a larger
project all by myself gave me sometimes some motivational issues, working in a group there is
always someone there who needs something from you. | found that having deadlines with my
supervisors really helped me push through the more frustrating times when | just didn’t want to
work on the project. When there is someone who expects that you have something to show after a
week or otherwise have good clear questions on why something didn’t work out it gave me the push
in needed to keep going.

Personal lessons learned:

Two things have stood out for me in working within a company on a personal level.

First is that you work for somebody that expects you to deliver some type of answer or product at a
certain deadline. When you are not able to reach this deadline for whatever reason you will have to
inform the person in charge early on, so that they can anticipate a way to respond. Do things need to
be adjusted or other people in the company informed? | find this difficult to do, | often wait until |
know for sure | can’t hand in on the deadline to inform the person in charge. Thinking for a long time
that | may be able to fix the problem. Not wanting to admit that | won’t be able to make a deadline,
whether the delay is my fault or not. | should indicate to the person in charge sooner that | may have
some trouble and that the deadline may need to be pushed back. If | am able to fix the problem then
it is a good thing, and if not the person in charge has been notified of this possibility far in advance.

The second personal lesson that really stood out for me this semester and not only during this
project, is connected to the first one. It is my unwillingness or hesitation to call in help. | want to try
and solve problems of fix things myself, and that may take me a long time to do so while there is
someone who is there to help me fix it sooner. | guess it is a balance that | need to find, because
solving things for yourself is better for your personal knowledge but there is also a deadline to
consider and when trying to solve everything yourself takes too long | should call in for help.

It is a two sided problem for me the first part of my hesitation is that | often feel embarrassment
when | have a question this | feel is really simple and | should know, but don’t. The second part is not
wanting to bother anyone with my problems and wanting to figure it out on my own.

Now at the end of the project is realise that the people at NIVA have always been really helpful and
supporting and that they would not have minded to take some time to explain of help me with
things. Kasper, Therese and the other people at NIVA Oslo and Copenhagen have been nothing but
supportive and encouraging from the beginning and that has really helped me see that | could have
come to them with some of the problems sooner.

| will try to keep this project in my mind next time | walk into these issues again and | can only hope
that my supervisors and colleagues will be just as helpful and supportive as the ones during this
project have been.
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