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Summary (English)
Seagrass is aquatic vegetation that constitutes a key element of the marine envi
ronment. It supports marine life, releases oxygen, helps in sediment stabilization,
and is the food stock of many aquatic animals. Any marine monitoring program in
volves seagrass, as they are a key indicator of marine life. Underwater videos are
one of the popular ways to map seagrass. Domain expert does the traditional way
of seagrass estimation with visual estimation. This way is not only very subjec
tive but also very time consuming and prone to errors. There exists no framework
through which patchiness of seagrass meadows can be estimated in a better way.

There is a need to automate the process of seagrass estimation and detection
from underwater videos and this thesis address the problem by proposing two
methods for seagrass detection (presence/absence) and two methods for sea
grass estimation (0 – 100%). Not only do the predictions obtained from the above
methods match well with the domain expert’s estimation, but also detect rare er
rors made by the domain expert. The coverage estimated from one of themethods
is then extended to estimate depth colonization or depth limit, which matches well
with historical data on the site of study. Sensitivity analysis showed the depth limit
estimates are robust to noisy fluctuations. This thesis also attempts to quantify
the bias in a visual coverage estimation task.

The status obtained from the videos is used on satellite images to extend seagrass
segmentation on a larger scale. Aquatic vegetation mapping with satellite images
is a challenging task. Atmospheric interference, cloud coverage, the turbidity of
water are some of the key factors that determine the success of such a task. This
thesis attempts to use a deep generative model to segment seagrass meadows
in the latent space on a shallow but turbid and optically deep water body.

Finally, the thesis concludes with an easy to use online tool for marine ecologists,
which has a simple plug and play format for seagrass analysis from underwater
videos.
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Summary (Danish)
Ålegræs er en vandmiljø plante som udgør et nøgleelement I havmiljøet. Det
understøtter marint liv, frigør ilt, bidrager til sediment stabilisering og er fødekilde
for mange havdyr. Ethvert havmiljø overvågningsprogram involverer ålegræs, da
det er en nøgle indikator for marint liv. Undervandsvideoer er én af de populære
måder at kortlægge ålegræs. Den traditionelle måde for eksperter at estimere
ålegræs er ud fra visuel inspektion. Denne metode er ikke kun meget subjektiv,
men også langsommelig, og inviterer til fejl. Der findes ikke nogen ramme inden
for hvilken variationen i ålegræsdækning kan estimeres bedre.

Der er et behov for at automatisere processen for ålegræs estimation og detektion
fra undervandsvideoer, og denne afhandling adresserer problemet ved at foreslå
to metoder til ålegræs detektion (tilstede/ikke tilstede) og to metoder til ålegræs
estimation (0100%). Prediktionerne fra disse metoder matcher ikke blot med om
rådets eksperters estimation, de finde også de lejlighedsvise fejl fra eksperterne.
Dækningsgraden fra den ene metode benyttes til at detektere dybde kolonisation,
eller dybdegrænse, sommatcher godt med historiske data på den studerede loka
tion. Sensitivitetsanalyser viser at estimaterne for dybdegrænser er robuste over
for fluktuationer fra støj. Afhandlingen søger også at kvantificere bias ved visuel
estimation af dækningsgraden.

Status fra videoerne er benyttet på satellit billeder for at udvide ålegræs seg
mentering på en højere skala. Havvegetations kortlægning med satellit billeder er
en udfordrende opgave. Atmosfærisk interferens, skydække og klarheden af van
det er nogle af nøglefaktorerne til at opgøre succesraten af denne. Afhandlingen
benytter en deep generative model til en mulig segmentering af ålegræs enge i et
latent rum i et lavvandet, men grumset og optisk set dybt vandområde.

Afhandlingen afsluttes med et let anvendeligt online redskab for havbiologer, som
har et simplet plug and play format for ålegræs analyse fra undervandsvideoer.
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CHAPTER 1
Introduction
Marine Ecosystem is a very precious asset to humanity as it provides habitats for
fish and invertebrates and livelihood for humankind. Many species rely on marine
ecosystems for both food and shelter from predators. It can be divided into coastal
and open ocean habitats. Coastal habitats are found in areas from as far as the
tide comes in on the shoreline out to the edge of the continental shelf. Open
ocean habitats are found in the deep ocean beyond the edge of the continental
shelf. Their inhabitants can modify marine habitats. Some marine organisms,
like corals, kelp, mangroves, and seagrasses, are ecosystem engineers, which
reshape the marine environment to the point where they create habitats for other
organisms.

Coastal areas are significant due to their role in the economic potential of our so
ciety. More than 60% of the human population lives near the coasts, and many
economic activities are developed there, such as tourism, fishing, transportation,
and power generation. There is a need to protect marine habitats against degra
dation while developing economic activities in populated areas.

1.1 Why seagrass is important ?
Seagrass meadows are one of the most productive and multifunctional ecosys
tems on the planet. Seagrasses are flowering plants from one of the four plant
families that grow in marine environments. They are called seagrass because
the leaves are long and narrow and often very green, and the plant often grows
in large meadows, which look like grassland. They tend to form over soft sedi
ments, and their roots weave together under the seabed, stabilizing the sand they
grow on. This is important as it prevents the seabed from being washed away in
currents. They are also referred to as nursery habitats as they slow down water
flow due to their dense leaves to provide shelter for juvenile fish and other small
species of invertebrates. Many fish are attracted to the seagrass meadows to
feed on them or the smaller aquatic animals hiding in them.

Apart from the above, seagrass meadows are a great source of blue carbon.
Blue carbon is used to describe carbon stored in marine ecosystems, such as
salt marshes and mangroves. Seagrasses photosynthesize in the same way as
terrestrial vegetation does. They use sunlight to synthesize nutrients from carbon
dioxide and water, releasing oxygen as a byproduct. A single square meter of
seagrass can release as much as ten liters of oxygen per day, and thus they are
aptly called as ”the lungs of the sea” due to their enormous oxygen producing
capabilities. Each square meter of seagrass meadow can absorb 83 grams of
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carbon per year, and on top of that, seagrass meadows hold around 15% of the
carbon stock of the ocean.

Over the recent years, human pressure like overfishing, excessive nutrient load
ing, and coastal pollution have taken a toll on seagrasses, depleting them at an
alarming rate. On average, it is estimated that one acre of seagrass is lost ev
ery 30 seconds (https://www.popsci.com/oceans-losing-seagrass-carbon-sink/), and
an estimated 29% of seagrass meadows have disappeared over the past century.
This leads to the government’s urgency to start a marine ecosystem restoration
project in which seagrass monitoring is a key element. Sustainable exploitation of
marine ecosystem services will ensure continued contribution to human welfare,
and determining the status of the seas and the ecosystem is an important part of
the process of restoration.

1.2 SeaStatus
SeaStatus is a research project lead by the Danish Hydraulics Institute (DHI) and
comprising of partners spread across seven work packages (W.P) involving aca
demic institutions, corporations, and government. The involved partners are DHI,
Technical University of Denmark, Aarhus University, COWI, Ramboll, Vejdirek
toratet and Miljø og Fødevareministeriet. The Innovation Fund Denmark funds it,
grant number: 615400005B. The objective of SeaStatus is to develop a range of
decision support tools for intelligent marine ecosystem management allowing for
optimal use of marine resources at minimum impact.

Figure 1.1: Work Package responsibilities and interdependencies of the project
SeaStatus

The objective will be achieved by combining novel and traditional measurement
techniques and data processing algorithms with models allowing for continuous
updating of the environmental status and improving the information basis for man
agement.

2 Towards Automatic Monitoring and Mapping of Benthic Vegetation using Machine Learning
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1.3 Project Motivation
The health of the marine environment is characterized by many indicators like nu
trient loadings, salinity, transparency of water, presence of aquatic life, etc. many
of these indicators are hard to measure, and for some of them, there is no direct
way of quantifying them. One solution is to look for seagrass meadows as a proxy
for the above indicators. Intuitively, if more seagrass vegetation is encountered in
a certain coastal ecosystem, then it can be implied that the status of the marine
environment is in good shape, which also gives an indirect way of implying that
the other indicators are above safe levels.

Traditional monitoring of seagrass is costly and unable to deliver information with
sufficient spatial and temporal resolution to provide precise knowledge of the en
vironmental status of the coastal zone. Satellite images are widely used in recent
years for mapping benthic vegetation, but it is limited heavily by spatial resolu
tion. Also, if the water is turbid or not transparent enough, even remote sensing
methods fail to see beneath the surface of the water. One way to collect the
’ground truth’ is by recording the environment with digital devices like a camera
mounted scuba diver or remotely operated vehicles. This method is sometimes
called ’ground truthing’ as it involves data collection in situ. After the digital boom
in recent years, a lot of these digital data in the form of videos are available for
analysis which takes a huge amount of time and resources to manually go through
and assess the true status of the marine environment.

Can this process be automated?.

Another problem with ground truth collection is the subjectivity aspect of it. Differ
ent experts need not agree precisely on the percentage coverage or presence/ab
sence of seagrass looking at the same data, as there is no established method
for this. It is a purely visual estimation, and every expert may have his or her own
bias.

Can an interpretation be given of what does it mean to identify a certain
location as seagrass present? A major chunk of this thesis aims to address this
problem and come up with efficient solutions. This will not only save a lot of time
but also give a universal method in which the subjectivity associated with ground
truth collection be reduced significantly by quantifying different interpretations.

Another important condition for the growth of seagrass is depth. Seagrass cannot
grow in very deep waters due to the reduced light penetration, which makes it
less than ideal for photosynthesis. Depth is estimated through satellite images
through a method called Bathymetry. Due to the availability of advanced methods
for bathymetric estimations, depth information is also an important feature used to
mask out the region of importance in satellite images. We then attempt to address
the question What is the maximum depth in which seagrass can grow? This
is called the depth limit, and this is useful information to mask the region of interest
in satellite image analysis.

Lastly, we investigate if the obtained ground truth status from video transects can
be used to either characterize the satellite image pixels and use this knowledge
to expand the status predictions in the unknown regions in the study site where
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ground truth has not been collected.

This Ph.D. thesis caters to W.P 1. As seen from Figure 1.1, W.P 1 is at the
beginning of the pipeline and deals with handling and processing raw data from
different available data sources like underwater videos and satellite images. The
status of seagrass obtained from these data sources are then used in the next
work packages to model the environment, and this work has been carried out in
close collaboration with other work packages.

1.4 Summary of the PhD Study
The PhD duration can be summarized as follows:

• 3 manuscripts as first author(1 published in journal and 1 submitted to jour
nal)

• 5 manuscripts as coauthor ( 2 published, 1 arxiv and 1 under submission)

• 1 Web based tool/dashboard.

• Visiting PhD student, Technical University of Berlin (Jan 2020  May 2020)

• 3 Invited talks  Machine Learning Week DHI, Horsholm (2018), BIG Data
and opportunities, Odense (2018) and Technical University of Berlin (2020).

• 2 Posters  Machine Learning Summer School, Moscow (2019) and Gener
ative Model Summer School, Denmark (2019).

• 1 Competition  Best research Talk, PhD bazaar 2019, DTU Compute

• Teaching Assistant  02450: Introduction to Machine learning and Data Min
ing, DTU (3 semesters)

1.5 Research output during PhD studies
• Sengupta Sayantan, Bjarne Kjær Ersbøll and Anders Stockmarr. SeaGrass
Detect: A novel method for detection of seagrass from unlabelled underwa
ter videos. Ecological Informatics (2020): 101083

• Anders Stockmarr, Sayantan Sengupta. Ålegræs detektion fra undervands
videoer. Vand og Jord, Page 47, volume 1, Issue 28, 2021

• Timmermann Karen, Thomasberger Aris, Hansen Lars Boye, Stæhr Pe
ter A, Rasmussen Mikkel Lydholm, Stockmarr Anders, Sengupta Sayantan,
Nielsen Lisbeth Tangaa, Lønborg Christian. Nye overvågningsteknikker til
marin vegetation, Vand og Jord, 811, volume 1, issue 28, 2021

• Lønborg, Christian ; Thomasberger , Aris ; Stæhr, Peter; Stockmarr, Anders
; Sengupta, Sayantan ; Rasmussen, Mikkel ; Nielsen, Lisbeth ; Hansen,
Lars ; Timmermann, Karen. Submerged aquatic vegetation: overview of
monitoring techniques used for identification and determination of spatial
distribution in coastal waters (submitted in Journal)
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• Sayantan Sengupta, Anders Stockmarr, SeaGrassEst:Seagrass Coverage
Estimation and Depth Limit Analysis from Unlabelled Underwater Videos
(submitted in journal)

• Qian, Jia, Sayantan Sengupta, and Lars Kai Hansen. Active learning solu
tion on distributed edge computing. arXiv preprint arXiv:1906.10718 (2019).

1.6 Thesis Outline
The thesis aims to give a short introduction to marine vegetation monitoring and
the new algorithms to address some of the existing gaps in them. The Ph.D. thesis
is organized as follows:

• A brief introduction on marine vegetation monitoring is presented in chap
ter 2. The chapter describes the various methods used in seagrass estima
tion and the seagrass indicators that need to be monitored in a seagrass
study, and techniques used in practice and problems associated with these
methods. This chapter also talks about machine learning in seagrass de
tection and why they have had limited use so far.

• Two algorithms are developed for detection of seagrass from underwater
videos and are presented in chapter 3. This also includes details about
the feature extraction method, the core idea of why this feature works for
the problem at hand, and presents the data and site specifications. This
research resulted in Paper A and is presented at the end of the chapter and
an online application that appears in chapter 6.

• Two algorithms developed for coverage estimation of seagrass from under
water videos are presented in chapter 4. This chapter also presents depth
limit estimation as an application from the algorithm’s output presented in the
chapter. Depth limits with their associated sensitivities are touched upon as
well. This research resulted in paper B, which is attached at the end of the
chapter.

• chapter 5 presents the satellite image analysis on Sentinel2 data using the
results obtained from Paper A. A Bayesian deep learningbased approach
is presented for unsupervised learning of the data. Details about the pre
processing steps and the model are discussed, and the work resulted in
Paper C, which is attached at the end of this chapter. In this chapter, the
practical challenges of remote sensing of marine vegetation on turbid water
bodies are also discussed.

• chapter 6 presents the webbased application tool developed for marine bi
ologists. Features and their usage are discussed, and potential for further
developments are also touched upon.

• Conclusion and the future outlook are presented in chapter 7.
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CHAPTER 2
Seagrass Mapping: An Overview
Marine Ecosystem is a very precious asset to humanity as it provides habitats for
fish and invertebrates and livelihood for humanity. Monitoring may be defined as
the gathering of data and information on the status of water. Monitoring may be
carried out at different scales ranging from local to global, and the purpose varies
from assessment of status to detecting change. Some of the monitored entities
in an ecological study are water quality (suspended particles), light attenuation,
ph level, nitrogen content, and seagrass. Each of them has indicators that help
in evaluating and assessing the status of those entities. Many of these entities
being monitored can be challenging to monitor due to a variety of reasons, like
costeffectiveness, ease of carrying out the monitoring process, the uncertainty of
estimates, etc. E.g., light attenuation is a way to assess the transparency of the
water. A standard way of doing it is through a device called Secchi Disk. This
is a metal disk suspended by a thin string, which is lowered in the water slowly
while standing on a boat. The string is lowered to a point where it is not possible
to see the metal disk, and that is how secchi depth is estimated. The longer the
string is lowered, the higher is the Secchi depth, and thus, the transparency of
water is high, which implies that the water quality may be better. This is very cost
ineffective and not suitable to monitor a large area. This is also true for many
other entities mentioned above. The good thing about seagrass is that it is a
proxy for all the other entities. This makes seagrass monitoring programs vital.
Good indicators for monitoring the status of seagrass are important to overview
the extent of decline reported from many parts of the world.

2.1 Indicators of Seagrass
Seagrass indicators can be broadly divided into two categories: seagrass distri
bution and seagrass abundance. Some of the indicators of seagrass distribution
are presence/absence, area distribution and colonisation depth while indicators
for seagrass abundance are cover, biomass and shoot density. A good indicator
should have the capability to assess status and detect change, cost efficiency,
low measurement error with respect to the size of changes and wide applicabil
ity. These indicators are relevant for all 4 European seagrass species including
eelgrass (zostera marina) which is the sole species in Roskilde Fjord that is being
studied in this project.

2.1.1 Presence/Absence and Area distribution
This is the simplest of all indicators and used at a landscape scale. Area distri
bution is closely associated with presence/absence assessment and maybe de
rived using similar methods. It can be measured on a coarse scale with just one
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observation of presence/absence or on a finer scale based on the tools used.
Remote sensing techniques combined with ground surveys are suitable for as
sessing status and detecting change in seagrass distribution over a large area.
Presence/Absence status provides the best perception of the habitats to the pub
lic and the policy makers. Historical information on seagrass area distribution
under different water qualities may provide important future trend of distribution.

2.1.2 Colonisation Depth
Colonisation depth is commonly know as the depth limit in literature. It is defined
as the maximum water depth at which seagrass grows. This indicator is related to
water clarity and transparency as in deeper water the sunlight penetration is low
due to which the seagrass meadows cannot survive. Also, even in lower depth if
the water is turbid with lot of suspended particles, depth limit tends to be lower.
these relationships are important and form the basis of empirical models relating
water quality to depth. They show considerable variations within and among sites.
Most common way to asses in diver transects. Depth limit of meadows are usually
considered as the maximum depth where seagrass cover 10% of the bottom. Due
to the well described relation of depth limit with water clarity, this is one of the best
indicators of water quality.

2.1.3 Coverage
Seagrass cover is described as the fraction of seafloor covered with seagrass.
Based on the sampling strategy, thismay reflect the patchiness of seagrass strands
or the cover of seagrass within the patches. Percentage cover of seagrass is usu
ally estimated visually by diver observation. Both shoot density and shoot length
affect this estimate. For e.g., meadows with dense and short shoots may have
the same cover as meadows of sparser but longer shoots. It is also important
to define if the coverage is measured as the fraction of total bottom area or the
silty and substratum area where seagrass can grow. They are also dependent
on depth. As they are assessed based on visual interpretation by the diver, it is
highly subjective and sensitive to observer bias. Seagrass cover is a more sen
sitive indicator of eutrophication in deeper depths where light penetration plays a
major regulating role. The shallow areas have other pressures like tidal waves
which when high, can wreck havoc on seagrass cover.

2.1.4 Biomass
Seagrass biomass is the weight of seagrasses per m2 measured either as fresh
weight, dry weight or ashfree dry weight. It can be either total biomass or the
above ground biomass. Seagrass biomass declines abundantly from the the
depth of maximum occurrence toward the depth limit which also corresponds to
parallel decline in light abundance as the depth increases. It is harvested within
a sampling frame and then required to be analysed in the laboratory after being
rinsed and dried to constant weight. If the sampling strategy is well defined, this
can be a precise method. This method has a disadvantage of being destructive
and costly due to the requirement of sampling in the field and subsequent labo
ratory work. This method is useful for analysing changes in seagrass abundance
and is related to water clarity. It is possible to predict seagrass biomass in future
water quality scenarios.
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2.1.5 Shoot Density
Shoot density is the number of seagrass shoots per m2 and it provides a measure
of seagrass abundance. Shoot density is more sensitive to depth than biomass
and cover, and declines exponentially. So any measure of shoot density is asso
ciated with depth. Counting shoots in the harvested samples requires less labora
tory work than processing biomass samples, but also time consuming in the field.
Shoot density of eelgrass in shallow waters may amount to 2500 shoots per m2.
So counting a dense region would be feasible if small subareas are selected.

2.2 Methods of Seagrass Mapping
Seagrass mapping techniques can be broadly classified in to two categories: in
situ methods and remote sensing methods. As the name suggests, insitu meth
ods include data collection from within the site of study. This includes methods
like sampling, scuba diver observations, underwater videos , both remote oper
ated vehicles (ROV) and autonomous vehicles (AUV) among few others. This
methods are often called as ’ground truth’ collection and often complemented with
remote sensing methods for mapping a specific site of study. Due to the require
ment of being physically present at the site of study, these methods are limited to
smaller areas. Remote sensing methods on the other hand, use sensors above
the ground to assess the seagrass meadows. They include methods like aerial
photographs and satellite images and they can cover a wide range of the site of
study.

2.2.1 Manual Sampling
Manual sampling is the most common and traditional form of seagrass data col
lection at site. A site is defined as the part of the meadow were random samples
are taken. If the meadow is small enough to be considered as a site, then random
sampling throughout the meadow will determine the biomass. Within each site a
quadrat is used to collect samples. A quadrat is either made of metal,pvc pipes or
wood is to be to be placed randomly in a site by the diver. Quadrats can be either
square or circular. The amount of seagrass that falls within the quadrat is then
plucked for further analysis of either biomass or shoot density calculation. Similar
procedure can also be carried out with grab or suction sampler. Ground survey
is often more costly and not suitable for larger areas. Sampling sites are chosen
based on strategies that will reduce variability within and among sites.

2.2.2 Scuba Transects
As the name suggest, this is carried out by a scuba diver who follows a cho
sen path to observe the marine environment and carrying out visual assessment.
The path chosen by scuba divers are such that it follows a depth gradient to ob
serve the density and cover of vegetation along varying depth. Once depth limit
is reached, the diver then traverses along the depth limit on the either side to get
an estimate of the seagrass distribution. If the nutrient gradients are known, the
transect path can be designed based on that as well. Scuba diver estimates are
usually subjective and require good training program for them to correctly estimate
seagrass indicators.
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2.2.3 Acoustic Methods

Backscatter and batheymetry are the two common data used by researchers using
acoustic methods in seagrass application. Backscatter data depends on the echo
transmitted into the seafloor by the transducer. The frequency if the transducer
directly affects the dB level received in the backscatter data. Earlier methods
like side scan sonar scanned sea bottom at a range of 50100m, can distinguish
between seagrass meadows. However, it is difficult for this method to measure
densities and heights of plants along a transect. Hydroacoustic methods such
as an echosounder and a side scan sonar have no limitation of turbidity. The
echosounder is practical to map vertical density and height distributions of sea
grass and seaweed beds. They send out ultrasonic waves of a certain frequency
in the water and measure their reflection by bottoms and objects in the sea. The
side scan sonar is appropriate for mapping broad horizontal distributions.

2.2.4 Video Transects

Video recording of marine environment have been a popular way to assess ground
truth. Video cameras are mounted on a scuba diver, remotely operated vehicle,
unmanned autonomous vehicles or even dragged by a boat. The path taken is
decided before hand using the same criteria of a scuba diver. This videos are then
later analysed by a domain expert for seagrass coverage and abundance. The
resolution obtained using video transects are the highest compared to remote
sensing methods and also the most cost effective compared to ground survey
methods like sampling.

2.2.5 Aerial Photography

Aerial photography is the most common remote sensing method of seagrass map
ping and monitoring over time. Usually the aerial photos are taken from aero
planes, but a helium inflated balloon or a kite with a standard remotely controlled
35mm camera constitutes another way of aerial photography (Figure 2.1). Nowa
days, drone is finding use in aerial photography due to their cost effectiveness.
They provide a low cost remote sensing technique with reasonable resolution and
precision. One of the advantage of using this over satellite imagery is the flexibility
in acquisition of images at the optimal time of the day. Also stereometry an greatly
enhance mapping, but in most cases aerial photos must be digitised and rectified
before mapping. One of the main disadvantage is the variable sunglint from all
directions in the image.
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Figure 2.1: Remote sensing of benthic vegetation. From
https://www.dmu.dk/rescoman/Project/Backgrounds/challenges.htm

2.2.6 Satellite Image
Satellite image based seagrass mapping has become popular in recent years
after the launch of Sentinel series of satellites and made open source. They are
multispectral images that captures many different information like water vapour,
aerosol etc. Sentinel2 has 13 bands including the visible spectrum of R,G and B
and have 3 spatial resolutions of 10m, 20m and 60m. They are useful for mapping
large areas, but not as precise as the aerial photography which has a much finer
resolution. Sentinel2 has a field view of 290 km and revisit each location every 10
days at the same viewing angles. Disadvantage of satellite imagery is its coarse
resolution which makes it not suitable to map smaller seagrass meadows and the
changes that occur over a period of time. It is also affected by cloud cover and
turbidity of water.

2.3 Machine Learning in Seagrass Mapping
Marine environment mapping and monitoring have seen an upsurge of machine
learningbased methods in the recent past due to the availability of more data and
breakthroughs in the field of machine learning itself. Deep learning is prevalent in
remote sensing applications and is widely used in terrestrial vegetation mapping
and change detection. In the marine environment, remote sensing data analysis
is a bit challenging due to a host of factors like water turbidity, atmospheric scat
tering, cloud cover, and sunglint. Most of the recent works and innovations are
related to the satellite image’s preprocessing to mitigate the above problems. On
the other hand, machine learningbased approaches on underwater videos have
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had a limited application due to the unavailability of sizeable labeled seagrass
datasets.

GonzalezCid et al. 2017 manually labeled a dataset (less than 200 images) to
train a Support Vector Machine and an Artificial Neural Network model to predict
presence/Absence of posidonia meadows obtained from AUV and ROV. Rende
et al. 2015 has used bottom coverage descriptors for assessing the good ecolog
ical status of seagrass meadows, and according to them, autonomous detection
and mapping of seagrass has not been achieved. MassotCampos et al. 2013,
BoninFont, Burguera, and Lisani 2017 and Burguera et al. 2016 use a patch clas
sification method where larger image is divided into small patches and then each
patch is either classified as seagrass or background.

First known attempt in creating a seagrass data set probably came in 2011 when
McKenzie 2017 collected 9874 images with 44 seagrass annotation points us
ing Coral Point Count (CPC), where each point is broadly labeled as ’seagrass’.
Roelfsema, Kovacs, and Phinn 2015 in 2015 collected 8 datasets, each with ap
proximately 3000 images over a decade, and the annotations include seagrass
species and percentage cover for each frame generated using CPC. The CPC
method is a manual computerassisted technique that overlays points on an im
age. Labels are assigned to the element directly under a point, and the cover
is estimated based on point counts McKenzie 2017 published similar image data
and annotated seagrass composition according to traditional survey methods, but
no public access to videos or images.

Reus et al. 2018 in 2018 published the first pixel annotated seagrass dataset with
12862 images with 6037 annotations with binary polygons indicating if a pixel be
longs to a class seagrass or background. This was obtained from an AUV at
different depths and used a Convolution Neural Network (CNN) to segment sea
grass images. This led to the start of deep learning applications on seagrass
detection. Weidmann et al. 2019 used different deep learning model including
DeepLabv3PlusChen et al. 2018 network on the dataset of Reus et al. 2018 and
performed a comparison study. MartinAbadal et al. 2018 used a VGGNet Si
monyan and Zisserman 2014 as encoder and a Fully connected Network as a
decoder to segment seagrass images. However, there are challenges with the
dataset of Reus et al. 2018 due to the coarse nature of polygons used to anno
tate seagrass regions, as pointed out by Weidmann et al. 2019. Moniruzzaman
et al. 2019 used FasterRCNN Ren et al. 2015 to detect individual leaves of a sin
gle species of seagrass. However, they did not consider areas where seagrass
appears as a dense carpet over the seabed. Raine et al. 2020 addressed the
problem of multiple species of seagrass using a CNN on image patches and also
proposed a method to generate semiautomatic labels on image patches.
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CHAPTER 3
Presence/Absence Modelling

3.1 Data Description

Figure 3.1: Location of transects in Roskilde Fjord, Denmark

As part of the Danish monitoring program (NERI n.d.) , 14 Video transects were
recorded in Roskilde Fjord in September 2017 as shown in Figure 3.1. A scuba
diver towed by a boat recorded this over a period of 2 days. The dimension of the
video are 720 x 520 pixels, recorded in .mpg coding and their information is given
in Table 3.1. The location of the transects are chosen such that it represents the
whole region of Roskilde fjord. The path taken by the scuba diver is not random
but follows the depth gradient toward the centre and taking a right or a left turn as
soon as it encounters the beginning or the end of a seagrass meadow.

Towards Automatic Monitoring and Mapping of Benthic Vegetation using Machine Learning 13



Table 3.1: Transect Information

Duration Size
(seconds) GB

119_1 1050 1.33
120_1 1387 1.76
120_2 870 1.1
121_2 452 0.58
122_1 809 1.01
123_1 673 0.87
125_1 822 1.04
127_1 807 1.02
128_1 1385 1.75
128_2 1387 1.75
128_3 160 0.205
129_1 1169 1.75
129_2 1059 1.33
130_1 1156 1.46

3.2 Practical Challenges
Presence/Absence modelling of seagrass carries a certain subjectivity when done
in a traditional way, where a domain expert/diver make the best possible decision
based on what is observed in a video frame. Even though, the domain experts
undergo rigorous training program for this task, there are still exists certain unde
fined scenarios, where multiple domain experts may have different prediction on
the same scenario.

Let’s take an example using two scenarios. In the first case, there are visible
patches of seagrass with very low length of individual leaves/shoot (Figure 3.2a).
In the second case, there is a dense meadow with large shoots of seagrass (Fig
ure 3.2b). From conventional knowledge, a domain expert should not make a
distinction between these two regions in a presence/absence objective, as any
visible signs of seagrass would fit in the objective of presence irrespective of the
density or the average length of the seagrass shoots. On the other hand, there are
no clear guidelines available to quantify the patchiness of seagrass areas. The
diver has to make a visual estimation of a coarse region, where it is normal to have
patches of seagrass spread around uniformly or otherwise. These decisions on
certain tricky regions introduce the subjectivity in the seagrass detection, which
then propagates to the environment model uncertainty further down the pipeline
that use the presence/absence status as input.
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(a) Frame 6000 of transect 123_1 (b) Frame 6000 of transect 123_1

Figure 3.2: What does Segrass presence means?

3.3 Research Motivation

It is not feasible for the domain experts to have an estimate at a high spatial res
olution due to the time and resource constraints. So the question we start with
is:

Can there be a framework through which presence/absence can be defined using
a value or threshold ?

This would help seagrass managers anywhere to quantify any subjectivity or bias
during the visual estimation task. This also brings us to the next question:

Can the whole process of seagrass detection be automated?

This would save lot of time and money for seagrass managers anywhere in the
world, given the resources it needs to carry out such surveys. A good pres
ence/absencemodel would lead to a better mechanistic model of the environment,
which in turn can reveal the true status of the marine environment, which in turn
would lead to better information for the policy makers.
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3.4 Research Methodology
3.4.1 Feature Extraction

Figure 3.3: Line segment detector used for feature extraction. From Grompone
von Gioi et al. 2012

The first step of any machine learning problem is feature extraction. As the ob
jective is to just detect seagrass and not distinguish between different species of
seagrass, texture based features are not particularly useful. A feature is required
that can discriminate between seagrass and the background. Seagrass is green
in color as it supports photosynthesis, but can appear otherwise in different lighting
conditions as shown in Figure. 2 of Paper A. It was found that within a single tran
sect, it can appear in different shades, due to which color based features were
discarded. Seagrass is also characterized by their defined sharp edges. This
forms the basis for using edge detection to extract features and video frames with
seagrass has more number of lines detected than frames with no seagrass. Two
features are computed from this: Number of Lines (Feature 1) and Total length
of lines (Feature 2) and thus it forms the basis on which presence/absence are
found. Line segment Detector Grompone von Gioi et al. 2012 is used as the edge
detector. It has a linear time complexity and gives subpixel accurate results. It can
work on any digital image without parameter tuning. A Line Segment is defined
as a locally straight contours on images. Contours are zones of the image where
the gray level is changing fast enough from dark to light or the opposite. Thus,
the gradient and levellines of the image are key concepts and are illustrated in
Figure 3.3. The algorithm starts by computing the levelline angle at each pixels
to produce a levelline field. This field is segmented into connected regions of pix
els that share the same levelline angle up to a certain tolerance. Each of these
connected regions(set of pixels) is a candidate for line segment.

Other possible approaches like Gabor Filter that use a convolution operation of
a Gaussian function and sinusoidal function is also effective feature extractor for
sharp edges. It is mostly used for stroke detection in the task of character recog
nition. Using a Gabor filter at multiple orientation and sizes on smaller image
patches, similar strokes(line segments) can be generated. Due to the time com
plexity of such operations and hyperparameter tuning being an additional task, it
was not considered for feature extraction.
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Figure 3.4: Time profile of all transects with feature 1 (Number of lines). The
threshold of 260 is shown in red dotted line.

3.4.2 Method
Twomethods are proposed for seagrass detection. Method 1 is about determining
a suitable threshold on these features and finding an optimal combination strategy
to combine these two features to make a prediction. Method 2 on the other hand
use Gaussian Mixture Model (GMM) to cluster the data in two clusters (present
and absent) and finding a suitable cluster probability contour on which to discrim
inate upon.

Method 1 is a semiautomatic method in which the user has to choose the first
threshold for feature 1. Feature 2 threshold is determined as the value which
minimises the prediction mismatch compared to prediction made based on feature
1 threshold. This way of choosing the first feature by the user allows the method
to have a flexibility that can cater to different experimental circumstances. Ideally,
the camera should be kept within a distance of 1 meter from the ground which
allows the optimal view looking forward. If the camera is much higher than the
ground then seagrass blades will appear smaller in size even though with a larger
field of view. Accordingly the user can set the threshold of one of the feature so
as to calibrate it according to the situation. Figure 3.4 shows the time profile of
feature 1 of all the transects with the chosen threshold. Figure 3.8 shows the time
profile of feature 2 of all the transects.
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Algorithm 1 Feature Fusion Approach
1: procedure Training()
2: Input Video
3: while Frames ̸= NULL do ▷ TRAINING
4: Read V ideo Frame
5: Feature1← Number of Lines
6: Feature2← Length of Lines

7: Filtering operation
8: Visual estimation of Feature1 threshold
9: Derived estimation of Feature2 threshold
10: Estimation of λ
11: procedure Testing()
12: Input Video
13: while Frames ̸= NULL do ▷ TESTING
14: Read V ideo Frame
15: if λ · N.L

260
+ (1− λ) · T.L.L

6300
≥ 1 then

16: Frame← PRESENT
17: else
18: Frame← ABSENT

Algorithm 2 Mixture Model Approach
procedure Training()

2: Input Video
while Frames ̸= NULL do ▷ TRAINING

4: Read V ideo Frame
Feature1← Number of Lines

6: Feature2← Length of Lines

Filtering operation
8: Fit GMM with two clusters

Estimation of mean and covariance matrix
10: procedure Testing()

Input Video
12: while Frames ̸= NULL do ▷ TESTING

Read V ideo Frame
14: if Probability(PRESENT ) ≥ threshold then

Frame← PRESENT
16: else

Frame← ABSENT
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(a) Feature 1 prediction is correct. (b) Feature 2 prediction is correct.

Figure 3.5: Frames where prediction from individual features do not match

Figure 3.6: GMM contours for 50%(black), 80%(red) and 97%(blue) along with
the decision boundary of feature 1 and 2.

In method 1, each individual features can be enough to discriminate between
seagrass present and absent.There are few frames where there is a prediction
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mismatch (Figure. 3.5). When the predictions from individual features were visu
ally analysed, it was found that feature 2 predictions are more sensitive to noise,
but give better predictions in seagrass regions. On the other hand, feature 1 has
a tendency to underestimate ( our choice of feature 1 threshold) but more reli
able in noisy environment. This led to a formulation in which both the feature’s
predictions can be combined such that it produce a more accurate prediction. A
convex combination with parameter λ (between 0 and 1) is calculated using a grid
search, the details of which can be found in paper A.

Method 2 use a clustering method to group data into two clusters, corresponding
to present and absent. A decision boundary is decided by the cluster probability
contour to be used to predict seagrass. In an experimental setup, where finding
dense seagrass meadows is the objective, then a higher threshold (let’s say 90%)
of Present probability contour will detect those conditions. 50% is the default
boundary where probability of present and absent are equal. This choice of the
decision boundary also give the users a flexibility based on their experimental
conditions. Figure 3.6 shows different GMM contours on the data compared with
the chosen threshold of feature 1 and determined threshold of feature 2. It can
be seen that as the GMM threshold becomes higher, it tends to converge to the
feature 1 threshold, which was estimated by visual inspection.

Figure 3.7: Feature 1 threshold on two transects. The threshold is chosen such
that noisy artefacts are minimised whereas thin patch of seagrass is detected

The role of smoothing is also important. In our analysis, we encountered many
videos with noisy artefacts like diver hands and wires which had false lines de
tected due to it. Smoothing helped in reducing the noisy signals thereby allowing
for thin patches of seagrass to be detected as well as shown in Figure 3.7. The ini
tial estimate of feature 1 threshold was 220 in method 1, which was then increased
to 260 to accommodate noisy artefacts.
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Figure 3.8: Time profile of all transects with feature 2 (Total length of lines). The
threshold of 6300 is shown in red dotted line.

Predictions from both the methods match well with the domain expert’s estimation
and can be found in paper A. The domain expert’s coverage estimations (0  100%)
are provided for different regions with a starting point coordinate and an endpoint
coordinate in the line transect. We find the ratio of the number of frames that are
classified as present to the total frames in a particular region and this gives a proxy
measure (0  100%) for coverage. We also encountered few regions where the
domain expert’s estimation is completely opposite to the output of both methods.
On visual investigation of those video frames and consulting with the diver, it was
found that there was a certain rare error from the domain expert, which both the
methods detected. This shows that the methods are quite robust.

3.4.3 Text Recognition from the videos
To evaluate domain expert’s estimations, the location (gps data) need to be ex
tracted from the videos. First a rectangular mask is created to discard nondigit
regions in the image. A database of digits is created with 270 digit images ex
tracted from the video and transformed to black and white format. 26 samples of
each digits (0  9) and 10 random noisy images of dimension 24 x 35 pixels are
used to train a neural network with one hidden layer (Figure 3.9). This achieved
an accuracy of 98% and used to extract the text data embedded in the video tran
sects. Due to the 2% error of each digits being classified wrongly, a denoising
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routine is performed on the location extracted from the videos. This procedure is
optional if the location data is provided by the data provider.

Figure 3.9: Text recognition procedure flowchart.

Two demo videos are provided below, one for present region and one for absent
region.

• Present  https://www.youtube.com/watch?v=NZkDhtDgbA

• Absent  https://www.youtube.com/watch?v=nqBLCkGyDXs
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3.5 Use case

Figure 3.10: Faaborg Fjord, Helnæs Bugt and Odense Fjord shown on a map.

Faaborg Fjord Helnæs Bugt Odense Fjord
Number of Transects 6 7 6
Feature 1 threshold 90 160 40
Feature 2 threshold 1800 3100 1100

λ= 0.38 0.94/0.50 0.88
Table 3.2: Summary of the three regions.

As use case, Feature Fusion method of seagrass detection is applied on scuba
diver video transects obtained from three regions around Odense, Denmark as
shown in Figure 3.10 without ground truth verification. The videos are obtained
from the national monitoring program NOVANA. 6 transects from Faaborg Fjord,
7 transects from Helnæs Bugt and 6 transects from Odense Fjord are available
for the experiment. The result summary is shown in Table 3.2. Helnæs Bugt have
two possible λ values, as obtained from the experiment. All the video transects
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had minimum noisy artefacts, due to which the feature 1 threshold is lower than
260 (Roskilde Fjord).

Figure 3.11: Scatter plot of Feature 1 and Feature 2 of three regions along with
their respective decision boundaries and λ values.
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3.6 Paper A

Sengupta, Sayantan, Bjarne Kjær Ersbøll, and Anders Stockmarr.
”SeaGrassDetect: A novel method for detection of seagrass from unlabelled
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A B S T R A C T

Benthic vegetation is arguably one of the most important indicators of the state of marine environment.
Assessment of the status of eelgrass (Zostera marina) is commonly done using various remote sensing methods
such as aerial photography or satellite images. These methods often fail to capture the true scenario beneath the
surface of the water if the water is turbid or the satellite image is masked by cloud cover which makes it
impossible to see beneath them. As a second line of defense, researchers have used under water videos (obtained
either with scuba,snorkel or other visual observations) to assess the ground truth. Lots of man-hours are spent
browsing through many hours of video data manually by an expert and assessing the status (presence/absence)
which is a very common practice. Here we propose two methods for detection of eelgrass (presence/absence)
from under water videos obtained from Roskilde Fjord in Denmark. We extend these methods to show that it can
be used as a proxy to estimate coverage of eelgrass in a given area which match well with an expert's estimation.
The benefit of using this method is that it is objective, less biased, cost efficient, robust to noisy environment,
does not require pixel-level annotated ground truth images and can be used on existing video transects. This
method can also detect rare errors from domain expert's visual estimation.

1. Introduction

Any study on assessment of marine ecosystems includes measuring
the status of various ecological indicators which determines the state of
the environment. The seagrass are important habitats in coastal eco-
systems. It helps in carbon sequestration (Fourqurean et al., 2012). It
also provides protection and nurseries for juvenile fishes and con-
tributes to sediment stabilisation. Eelgrass (Zostera marina), a kind of
seagrass that grows in the sea bed has been considered one of the most
important ecological indicators (Barrell, 2009). The role of seagrass is
often compared to that of a forest (Boudouresque et al., 2012). Seagrass
among other benthic vegetation in the coastal marine ecosystem are
under tremendous human pressure (Brown et al., 2011) and according
to The International Union for Conservation of Nature (IUCN) Red list
of Threatened species (www.iucnredlist.org), eelgrass is decreasing. If
no precautions are taken, fish and sea products are estimated to reduce
dramatically by the middle of 21st century (Worm et al., 2006) and all
the world's oceans are said to be affected (Halpern et al., 2008). In
northern temperate ecosystems, eelgrass is the dominant seagrass and
in many areas constitutes the only rooted vegetation in soft sediments
and constitute a key organism both in terms of ecosystem functioning
and as indicator for environmental assessment and management of

marine ecosystems. According to studies only 5–10% of the world's
seafloor is mapped (Wright and Heyman, 2008). Due to it's vulner-
ability to anthropogeneic pressures, seagrass is used as an indicator of
ecosystem health and state in many environmental regulations such as
the European WFD (Borum et al., 2004). There is a need to map the
benthic vegetation in a easy and robust way to be able to assess the full
impact of human exploitation of nature as well as continuous mon-
itoring of the seabed to evaluate the positive steps taken to replenish
the seagrass.

Monitoring of seagrass is inherently difficult due to large patchiness.
Traditional methods are to assess the depth limit (Krause-Jensen et al.,
2005), biomass cover (Carstensen et al., 2016), etc. But these methods
are time consuming, subjective and associated with large uncertainty
due to diver-specific variations (Balsby et al., 2013). Other approaches
include remote sensing methods like satellite images or aerial photo-
graphy (Frederiksen et al., 2004). But remote sensing methods are also
prone to errors when satellite images are masked by cloud cover and
the turbidity of water prevent visibility of vegetation cover beneath the
surface of the water. Due to this researchers have also traditionally
relied on under water video transects and scuba divers as ground truth
to assess the status of seagrass. Many studies such as (Chamberlain
et al., 2009; Collier and Humber, 2007; Ierodiaconou et al., 2007;
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Legrand et al., 2010; Malthus and Karpouzli, 2009; Micallef et al., 2012;
Munday et al., 2013; Riegl and Purkis, 2005; Ryan et al., 2007; Stevens
et al., 2008), has used either videos, scuba divers or remote operating
vehicles(ROV) to assess ground truth for different species of seagrass.
(Gumusay et al., 2019) has reviewed 91 seagrass related studies which
comprise 58 journal articles, 20 conference proceedings, 7 technical
notes, 2 books, 3 Ph.D theses of which 52 studies have used scuba di-
vers, video transects as method for ground truthing. Ground truthing is
usually done by visual inspection of the videos by an expert, who keeps
a track of the presence/absence or coverage of eelgrass along with the
location(gps coordinates), time, height from the ground and other
measured quantities, which is a very tedious task. Lot of person hours
are spent on this exercise. It would save lot of time, if this whole process
of detecting grass from videos be automatized. Also this process in-
cludes an element of expert judgement and can never be fully unbiased.
Multiple experts may not agree on the same precision of estimated
coverage from the video transects as no scientific standards are estab-
lished. Therefore, our aim was to investigate if the assessment of tra-
ditional diver transects could be improved through automated image
analysis, allowing larger areas to be covered without the time-con-
suming and error-prone post-analysis of video inspection by domain
experts.

With the increasing popularity of machine learning in the past few
years, this kind of problem, which falls in the domain of Computer
Vision can now be efficiently tackled saving both time and commercial
resources for the ecological researchers. Training a machine learning
model requires labelled training data. (Gonzalez-Cid et al., 2017)
manually labelled a small dataset(less than 200 images) to train a
Support Vector Machine(SVM) and Artificial Neural Networks(ANN) to
predict presence/absence of posidonia meadows from Autonomous
underwater vehicles(AUV) and ROV. (Rende et al., 2015) has also used
underwater vehicles to evaluate bottom coverage descriptors for as-
sessing the good ecological status of seagrass meadows. However, to the
author's knowledge, an autonomous detection and mapping of seagrass
has not yet been achieved. (Massot-Campos et al., 2013) divide the
images in small patches and classify each patch as seagrass or back-
ground. (Bonin-Font et al., 2017; Burguera et al., 2016; Gonzalez-Cid
et al., 2017) also follow a patch classification approach to segment
images. (Bonin-Font et al., 2017) also use a pixel refinement method as
post processing step to get better results than pure patch based classi-
fication. Due to the lack of availability of standard labelled seagrass
images in public domain, there have been limited use of machine
learning models on seagrass detection tasks. (Reus et al., 2018) in 2018
published the first publicly available pixel annotated seagrass dataset
captured from an AUV at different depths and trained a Convolutional
Neural Network(CNN) model to segment seagrass images. Using the
dataset of (Reus et al., 2018; Weidmann et al., 2019) trained different
deep learning architectures, including the DeepLabv3Plus network and
compared their results. In 2018 (Martin-Abadal et al., 2018) came out
with a method which use Visual Geometric Group network(VGGNet) as
the encoder and a Fully Convolutional Network(FCN-8) as decoder plus
skip connections to segment seagrass images collected from an Auton-
omous underwater vehicles(AUV). There exists concern regarding the
annotation of ground-truth data of (Reus et al., 2018), which was done
relatively roughly with certain inaccuracies using polygons (Weidmann
et al., 2019). In reality, the seagrass areas are defined by the fine leaves
of the plants. This also raises doubts and uncertainity about the cor-
rectness of the labelling process as inaccurate labelling have significant
negative effect on the metrics.

In this paper, we propose a novel method using an edge detection
based approach as a feature extractor to discriminate between regions
with eelgrass and no eelgrass without any need of labelled seagrass
images. This will bypass the need of domain expert's requirement to
estimate coverage or status of seagrass manually. Line detection is a
classic technique that has been widely used in many areas like agri-
culture for task related to detection of crop rows (Ji and Qi, 2011),

Optical Character Recognition(OCR) for detecting characters
(Chaudhuri and Pal, 1998) and Biometrics (Miura et al., 2004). We
propose two methods, one which involves fusion of predictions ob-
tained from two individual features to distinguish eelgrass frames from
no eelgrass frames and another using a Gaussian mixture model to
cluster video frames of eelgrass from no eelgrass. The methods also give
a way to quantify the subjectivity involved in eelgrass estimation
through the threshold. We extended this model further from presence/
absence modelling to a proxy for coverage estimation in a given area
and show that it follows the domain expert's estimation very well. It
even detects and rectify rare human error from the domain expert,
which makes it truly a robust tool for eelgrass detection. This method
can also be extended to detect other species of seagrass or vegetation
that has sharp edges (Posidonia oceania meadows).

2. Materials and methods

2.1. Field site

The data used for this research is obtained from Roskilde Fjord in
Denmark. Roskilde Fjord is a 40-km long and narrow micro-tidal es-
tuary forming four major basins. It is 10 km wide and has a surface area
of 122 km2, a volume of (360 × 106 m3) and a mean depth of 3 m
(Flindt et al., 1997). The water temperature vary from 0 °C in the winter
to 22 °C in the summer. There is a strong hydraulic effect from the outer
boundary where strong western wind events are able to create water
levels of up to 170 cm above mean sea level, although the tidal range
only is +10 cm. There are several small freshwater inputs along the
estuary. A large freshwater source in the inner part is absent which is
unusual compared with many estuaries. Water residence is 90 days
during maximum winter runoff (Rasmussen and Josefson, 2002). Ros-
kilde Fjord is connected to the estuary Isefjorden and through a narrow
strait to the Kattegat forming the Baltic Sea/North Sea transition zone.

2.2. Data description

We used the video transects that were recorded as part of the na-
tional monitoring program: NOVANA (NERI, 2013). A scuba diver with
a camera attached to his head was towed by a boat. The videos were
recorded on different areas in the fjord (Fig. 1), and other measure-
ments such as co-ordinates, time, date, height from the bottom were
measured and embedded in the video. The diver mostly maintained a
height of 1 m from the seabed. A total of 14 video transects were re-
corded with an average length of 17 min each, specifications of which
are given in Table 1.

The videos has been recorded at different times of the day over the
period of 2 days. As can be seen from the Fig. 2, the colour of the
environment change very much based on the spatial location as well as
the time of the day. Also can be seen in Fig. 2, the presence of Noisy
objects in the form of wires of the recording device, hand movement of
the diver and also the embedded texts on the top half of the video. Two
separate approaches, feature fusion and probabilistic clustering are
used to detect eelgrass and will be discussed in details. To extract
embedded information (location, timestamp, depth, date) from the
video transects, a neural network has been used which gives a 98%
accuracy on the text recognition and this will not be discussed in de-
tails.

2.3. Feature fusion approach for eelgrass detection

2.3.1. Core idea of edge detection
An important physical feature about eelgrass is sharp edges. Our

algorithm is based on finding sharp edges or edge detection algorithms
(as more commonly known in the domain of computer vision). An edge
point is defined as the region in the image, where there is a significant
gradient change(from white to black or vice versa). Then a contour of

S. Sengupta, et al. Ecological Informatics 57 (2020) 101083

2



similar connected edge points with similar gradient change constitutes
a line. The algorithm finds all these connected regions as lines, which
may vary in length. We have used a linear time Line Segment detector
(LSD) giving sub-pixel accurate results (Von Gioi et al., 2012). This
algorithm works on gray scale video frames by detecting number of
edges of varying lengths in the video frames.

2.3.2. Why this works for eelgrass detection?
On a video frame with eelgrass, the algorithm should detect lot of

edges and in return give more number of lines compared to a frame
with no eelgrass, where we should ideally get very less number of lines
(as the flat sea bed has no objects with sharp edges apart from eelgrass).
Two quantities can be computed using this information:Number of lines
and Total length of lines from each video frames. This also implies that

the total length of the lines (cumulative sum of all the line length) in
each frame with presence of eelgrass will be more than frames with no
eelgrass.

We can choose to work with either of these features and define a
suitable threshold. For a random video frame, if we consider Total length
of lines as a feature of importance, then if the measured quantity is less
than threshold, it is labelled as absence of eelgrass. It is labelled as
presence of eelgrass if the quantity is more than the threshold. From
Fig. 3 we can see that counting the Number of lines or Total length of
lines, we can find a suitable decision boundary/threshold using visual
inspection on frames with presence of eelgrass from absence of eelgrass.

2.3.3. Efficient filtering of the temporal data
In Fig. 4, we have used one of the video transect, where we have

shown the temporal data of Number of lines recorded as the diver na-
vigates. We can see lot of fluctuations or spikes. These spikes are due to
noisy objects, such as camera wires, hand movement of the diver in
front of the camera, etc. Any filtering techniques require a choice of
window size over which smoothing operation takes place. Instead of
finding how many data points constitutes the window size, we found a
way to map the window size to physical distance on the ground. To do
this, we found the median distance between unique locations in each
transects. For the 14 video transects, they have four unique median
values as 0.2 m (3 transects), 0.3 m (7 transects), 0.4 m (3 transects)

Fig. 1. The study site have been zoomed in to show the path traced by the diver of all the video transects. One of them have been further zoomed in.

Table 1
Video specifications of the transects.

Compression .mpg

Frame width 720
Frame height 576
Frame rate 25 fps
Data rate 10,000 kbps
Total bit rate 10,256 kbps
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and 0.435 m (1 transect). We have used a physical distance of 7.5 m on
ground as the size of window, due to which the 17–35 data points are
used in the filtering algorithm as window size. For eg. for a given
transect if the median distance between successive unique location is
0.2 m, then to cover a physical distance of 7.5 m, window size is 37
samples. We have used Savitzky-Golay filter (Savitzky and Golay, 1964)
with varying window size of 17–35 data points and polynomial order of
1, as a smoothing function to remove these noisy fluctuations. A
threshold was chosen by visual inspection which best classified the

eelgrass frames from non-eelgrass. This threshold is 260 lines for the
video transect which is illustrated in Fig. 4. As can be seen from the
smoothed temporal profile, a small bump (which is actually noise due
to the camera going above the surface of the water and captures non
eelgrass objects) is greatly reduced from the unsmoothed temporal
profile by the smoothing operation.

2.3.4. Need for optimal combination of both features
Finding a suitable threshold independently for both the features

Fig. 2. Snapshots of the environment at different times.

Fig. 3. Effect of LSD algorithm on two different scenarios.
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(Number of lines and Total length of lines) leads to different outcomes. On
closer inspection of those video frames, where the outcome from the
independent features does not match, we found that there are no clear
pattern. We manually checked the video transects for most of the lo-
cations of mismatched predicted frames (226 out 18,727 unique loca-
tion) and found out that number of lines (feature 1) is performing
slightly better than total length of the lines (feature 2), although there
was no clear indication of which feature works better. Each of them has
it's own characteristics. From our analysis we found that Feature 2
(Total length of lines) is more sensitive to noise, but gives better pre-
diction in eelgrass zones. Feature 1 (Number of lines) has a tendency to
underestimate (as perceived from visual inspection), but more robust in
noisy environment. Although these two features are correlated, as they
are measured from the same quantity (detected lines), but they also
carry different information in predicting presence/absence status of
frames.

2.3.5. Optimal combination strategy
In our method, we will be using both these features(Number of lines

and Total length of lines) and derive an optimal combination strategy to
predict presence/absence status of each frames. To do this, first the
optimal threshold is found for the feature Number of lines by visual
inspection that gives the best prediction for all the video transects,
which is 260. Since this falls in the purview of unsupervised machine
learning problem (since the label: presence/absence of each frames are
not known beforehand), the only evaluation of the results is by visual
inspection. Visual inspection is specially important in the regions where
there is a transition from present to absent or vice versa. Those regions
were carefully analysed to fine tune the threshold. Then prediction
using the feature Total length of lines is found for different threshold

varying from 4000 to 7000. The optimal value of the threshold of Total
length of lines is chosen as 6300, as it gives the maximum match with the
threshold of Number of lines as 260. Using these two thresholds, we
formulate a combination strategy of the form:
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To find the optimal value of λ, we vary it from λ = 0 (using just
Total length of lines) to λ = 1(using just number of lines) at an interval
of 0.02. This gives different weightage to the features and our job is to
find out this optimal weightage in a heuristic way, which shall reflect
the relative importance of each feature when making prediction, thus
giving it more flexibility on noisy environments. A confusion matrix (a
small subset shown in Table 2) is formed in which contains the number
of predicted mismatched frames between different value of λ. The idea
is to find a region of lowest value of mismatched predicted frames as
well as low change of this value when λ is perturbed. As the golden
standards of the predicted frames are not available, this is solely based
on the fact that small changes will be the expected consequence of an
optimal λ. This give a neighbourhood of optimal value in the function
space as the gradient tends to be very small.

We found two such regions from Table 2 as λ = 0.52 and 0.62. On
manual investigation of the disagreed prediction status among these
two possible values, λ = 0.62 performed better than λ = 0.52 and thus
chosen as the optimal value. λ = 0.62 also performed way better when
compared to λ = 0 and with λ = 1, the performance was slightly

Fig. 4. Summary of a video transect based on Number of lines(feature 1). Top left shows the histogram, Top right shows the raw time profile. Bottom shows the
smoothed version of the time profile.
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better. This way of choosing the optimal λ is independent from domain
expert's label information.

2.4. Probabilistic clustering approach for eelgrass detection

2.4.1. Gaussian mixture model
GMM is one of the most powerful and popular technique for un-

supervised learning task. It is widely used in clustering of data
(McLachlan and Basford, 1988) and has found use in many applications
like Computer vision (Zivkovic et al., 2004), signal processing
(Reynolds et al., 2000), biometrics (Reynolds, 2015), natural language
processing (Torres-Carrasquillo et al., 2002), bio-informatics (Bailey
and Elkan, 1994) among many other field. The goal of the Gaussian
mixture-model (GMM) is to derive a distribution for an M-dimensional
vector x ∈ RM which we will write as p(x). We wish this distribution to
be potentially very flexible and a common strategy for obtaining this in
a tractable manner is to make p(x) be a combination of more simpler
and tractable elements. These tractable elements are multivariate
normal densities. A normal distribution is defined as the density:

= − −x μ σ
σ π

e( | , )
1
2

x μ σ2 ( ) /22 2
N

where μ ∈ RM is the mean and σ is M × M covariance matrix. M = 2 in
our case as we have two features. In GMM, we use normal distribution
as a building block of more complicated distribution:
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where z is the number of cluster as defined by the user. The above
equation shows that the density of the data can be expressed as
weighted sum of many normal distributions. GMM works by max-
imising the log-likelihood of the data, given by:
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In this case Z = 2 as we want to cluster the data in to 2 cluster, one
where eelgrass is present and the other where eelgrass is absent. The
goal is to solve for the above optimisation problem and estimate the
three parameters namely μ (mean), Σ (covariance) and πk (weight of
each cluster).To solve the above optimisation of the log-likelihood, a
popular method known as EM (Expectation maximisation) is used
(Dempster et al., 1977). After the algorithm has converged successfully,
we can substitute the three estimated parameters back in the previous
equation to get the probability of each data point belonging to certain
cluster. This kind of clustering is also known as soft clustering due to

the probabilistic nature of assigning clusters. In comparison to hard
clustering methods like K-means and hierarchical clustering algorithms
where the assignment of a data point to a cluster is binary and not
probabilistic, GMM provides more flexibility in the way data points are
assigned to clusters.

2.4.2. Eelgrass detection using GMM
We have 18,727 data points(unique locations), each measuring two

features from the 14 video transects. First, the data is filtered suitably
using the same filtering technique as discussed in section 2.3.3. We
apply GMM to cluster the data in 2 clusters. The mean and the covar-
iance is found and is shown in Fig. 5. Each point in Fig. 5 is a unique
location from the video transects. It can be seen that the model has
captured the elongated spread of the data. The two clusters are not well
separated. Any data point in the scatter plot, whose probability of being
in cluster 1 is greater than being in cluster 0, will be labelled as eelgrass
present and probability of being in cluster 1 is less than being in cluster
0, will be labelled as eelgrass absent. This effectively corresponds to a
decision boundary where the probability of eelgrass present is equal to
probability of eelgrass absent which is equal to 50%.

3. Results

3.1. Comparison of feature fusion and probabilistic clustering approaches

Fig. 6 shows the contours of different decision boundaries from the
two different approaches on a scatter plot. Three linear decision
boundaries (corresponding to the feature fusion approach) and one
non-linear decision boundary (corresponding to GMM) can be seen. It is
interesting to see that the decision boundaries from both these ap-
proaches are not so far away from each other.

The GMM has slightly lower threshold (using the 50% cut point)
than the combination strategy due to which it will tend to over-estimate
some data points as eelgrass which the other method classifies as non-
eelgrass. It can also be seen that comparing the threshold from in-
dividual features (Number of lines and Total length of lines) and the
combination, angular trend of the scatter plot is followed by the com-
bination decision boundary. It has already been discussed that λ= 0.62
also performed better when compared to λ = 0 and with λ = 1 by
visually inspecting the video frames whose prediction does not match
with each other.

Table 2
Variation in number mismatched predicted frames with λ. These are the
number of frames out of a total 18,727 frames where the predictions mismatch.
The diagonals are zero as comparing the same value of λ with each other will
always give a perfect match.

λ= 0.52 0.54 0.56 0.58 0.6 0.62 0.64 0.66 0.68 0.7

0.52 0 2 5 12 20 26 28 35 40 47
0.54 0 3 10 18 24 26 33 38 45
0.56 0 7 15 21 23 30 35 42
0.58 0 8 14 16 23 28 35
0.6 0 6 8 15 20 27
0.62 0 2 9 14 21
0.64 0 7 12 19
0.66 0 5 12
0.68 0 7
0.7 0

Fig. 5. Two clusters are estimated using GMM in a scatter plot. The x-axis
corresponds to Number of lines and y-axis corresponds to Total length of lines. The
red cluster (cluster 1) corresponds to region of eelgrass and blue cluster (cluster
0) corresponds to region of no eelgrass. Corresponding mean and co-variances
are also drawn for each clusters.
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3.2. Comparison with expert's estimation

We have the diver's evaluation from the above area of study from
the SeaStatus Project as ground truth to compare the performance of
our method. The diver's estimation is given in the form of percentage
coverage of eelgrass from a start point to an end point. The presence/
absence status of all unique location falling inside the range of a given
area (from diver's estimation) were found and the number of Present
and Absent frames were found. We give the algorithm's output as the
ratio of Present frames to the total frames detected inside a given start
point and end point as given by the diver. It can also be thought of as a
proxy to percentage coverage. In Table 3, we have given a comparison
of the algorithm's output for three different λ. λ = 0 corresponds to
prediction using just Total length of Lines and λ = 1 corresponds to
prediction using just Number of Lines.

It is divided in to two sections to divide between observations which
match and does not match with the expert's estimation. It can be seen
that in the top part of the table, the algorithm's prediction in terms of
coverage matches decently well with the expert's estimation(which is
given as a percentage coverage). It is interesting to observe that the
ratio of Present frames to total frames in a particular region can also be
used as a proxy for the coverage. All the area where the expert have
estimated as either very less (0 − 20%) or very high (80 % − 100%),
both the approaches, feature fusion and GMM predicts similar estimates
which shows that both the methods perform very well in dense and

sparse region of eelgrass. In less dense regions, the performance varies.
The second row of the table has the expert's estimate as 50% coverage,
which the feature fusion also validates as 12 Present frames out of total
21 frames (12/21 = 57.1%) whereas the GMM estimates it to be 85%.
Similar close comparison can also be seen from other rows as well in the
top part of the table, except for the last observation in which the feature
fusion is under-estimating the coverage compared to GMM. λ equal to
0.62 has a slight better performance than using just either one of the
features (λ = 1 and λ = 0). This is also intuitive from Fig. 6, the GMM
over-estimate than the feature fusion due to lower threshold.

3.3. Region where algorithm's prediction and expert's estimation does not
match

The bottom part of the table seem to have a complete mismatch of
the prediction from the expert's estimation of the coverage of eelgrass.
For further investigation, the video transects were inspected manually
in the location/region of mismatch and some snapshots are shown in
Fig. 7. Fig. 7(a) and (b) are two selected frames from the region, where
the expert has estimated it as 0% coverage and our algorithm found it as
a region of high percentage of present frames of eelgrass. In this case,
both of the algorithms are correct. Fig. 7(c) and (d) corresponds to the
region where the expert estimated it as 50% coverage of eelgrass,
whereas the algorithm found it to be devoid of any eelgrass (0%), which
is also quite evident looking at Fig. 7. Consulting with the domain ex-
pert, it was mutually concluded that the first case(Fig. 7(a) and (b)) is
not the correct estimation from the expert's end. It is possible for an
expert to make few rare mistakes while labelling hundreds of hours of
such videos. For the second case (Fig. 7(c) and (d)), it is possible that
there are some patches of eelgrass on the sides not captured on the
video which is visible to the diver. The diver has more information
about the environment, which is one of the reason why some prediction
from the algorithm did not match the expert labels. It is possible,
looking at Fig. 7(d) that an eelgrass patch is covered with a layer of
organic matter due to which the sharp edges of eelgrass is not detected
through the camera. This is the only limitation as this method predicts
the status based on the sharp edges it detect. Figs. 8 and 9 illustrates
snapshots of the algorithm output in two different scenarios when ap-
plied to the video transects and has been provided in the online version
of this article.

4. Discussion

4.1. Previous studies and necessity of automation

There exist many methods of collecting ground truth of eelgrass
coverage. These include but not limited to videos, scuba diver, grab,
aerial image, buoy and vegetation sampler. (Gumusay et al., 2019)

Fig. 6. Comparison of decision boundaries between GMM and feature fusion
method. The red curve corresponds to GMM decision boundary. Data point
located on the left of the boundary is classified as eelgrass absent.

Table 3
Comparison with expert's estimation. First two columns are the coordinates of starting point, next two columns are the coordinates of the ending point. Next is the
expert's prediction of coverage in percentage. The last four columns represent the ratio of number of PRESENT frames to Total frames in that region for different
values of λ and GMM.

North (start) East (start) North (end) East (end) Expert λ = 0 λ = 0.62 λ = 1 GMM

5542.649 1206.088 5542.656 1206.060 0% 0% 0% 0% 0%
5542.654 1206.006 5542.650 1205.985 50% 57.1% 57.1% 52.38% 85.7%
5542.649 1205.979 5542.645 1205.968 90% 100% 91.6% 75% 100%
5542.615 1205.932 5542.599 1205.916 0% 0% 0% 0% 0%
5541.713 1202.014 5541.729 1201.991 0% 0% 0% 0% 0%
5542.453 1200.592 5542.458 1200.598 95% 100% 100% 97.82% 100%
5542.440 1200.575 5542.445 1200.581 80% 100% 100% 100% 100%
5542.445 1200.581 5542.453 1200.592 85% 100% 100% 93.93% 100%
5542.42 1200.563 5542.428 1200.571 90% 59.45% 48% 55.4% 77%
5542.640 1205.959 5542.635 1205.954 0% 100% 100% 98.14% 100%
5542.393 1200.522 5542.398 1200.528 50% 0% 0% 0% 0%
5542.398 1200.528 5542.404 1200.537 70% 0% 0% 0% 0%
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showed that underwater video and scuba diver are the most popular
choice of collecting ground truth. Many previous studies that has used
underwater videos and scuba diver for ground truth estimation of
seagrass has been done manually by a domain expert. We did not find
many papers where the ground truth estimation process has been au-
tomated except (Moniruzzaman et al., 2019; Reus et al., 2018). Seagrass
can be broadly classified into 5 families with each one of them with
their own species. Some of the popular species of seagrass that has been
studied extensively are P. oceania, and Z. marina (eelgrass). (Domico
and BioSurvey, 2001) has used remotely operated vehicle(ROV) as
ground truth to map Z. marina. (McCarthy and Sabol, 2000; Warren and
Peterson, 2007) has used scuba as ground truth for Z. marina. (Barrell,
2016; Barrell and Grant, 2013; Collins et al., 2010; Lefebvre et al.,
2009; Paul et al., 2011; Reshitnyk et al., 2014; Van Rein et al., 2011;
Vandermeulen, 2014), has used video transects as ground truth to map
Z. marina. (Ardizzone et al., 2006; De Falco et al., 2010; Descamp et al.,
2011; Di Maida et al., 2010; Ferretti et al., 2017; Leriche et al., 2006;
Long and Long, 1998; Montefalcone et al., 2006; Pasqualini et al., 1998;
Pasqualini et al., 2000; PIAZZI et al., 2000; Sánchez-Carnero et al.,
2012), has used either scuba or videos as ground truth to map P.
oceania. (Maceina et al., 1984), has used scuba as ground truth to map
H.verticillata. (Jordan et al., 2005; Kendrick et al., 2005; Tseng, 2009),
has used videos as ground truth to map P.sinuosa and P.australis.
(Colantoni et al., 1982) has used video and ROV as ground truth to map
P. oceania. (Komatsu et al., 2003; Sagawa et al., 2008), has used scuba
as ground truth to map Z.caulescence. (Ierodiaconou et al., 2018) have
used AUV videos as ground truth to map A.antartica. In all these dif-
ferent approaches of collecting and assessing ground truth, it still re-
main a manual task requiring a domain expert. Moreover, these studies
have been carried out at different parts of the world with different
domain experts and there are no information available about the
comparison and evaluation between different domain expert's estima-
tion. Thus there exists a need to efficiently carry out the ground
truthing process not only with respect to time, but also to provide a
common framework which quantifies the idea of presence of eelgrass.
This paper attempts to address both the above issues.

Fig. 7. Snapshots of frames where expert's estimation of coverage mismatch with algorithm prediction. (a) and (b) are the snapshot of the regions from the first row
of the bottom part of Table 3. (c) and (d) are the snapshot of regions from the second row of the bottom part of Table 3.

Fig. 8. Short video showing the method detecting eelgrass in real time. Lot of
lines can be seen to be detected due to the high density of eelgrass in the region.
Embedded information are also extracted using a neural network.

Fig. 9. Short video showing the method working in real time in a no-eelgrass
region. No significant lines are detected due to which the frames are classified
as no-eelgrass locations. Embedded information are also extracted using a
neural network.
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4.2. Prior assumptions

These methods have few assumptions. One of them is that there are
no other kind of benthic vegetation in this area of study (Roskilde fjord,
Denmark) apart from eelgrass, after confirming with the marine biol-
ogists. So any lines detected from the algorithm is assumed to be a
proxy for eelgrass disregarding the artefacts. The path taken by the
diver to record the transects will not affect the precision of the algor-
ithm's output. In this case, the diver started off from the shore in a
straight path until he encountered a dense patch of eelgrass. Then he
moved along the boundary of the eelgrass patch due to which we en-
countered many video frames where there is a dense region of eelgrass
covering half of a given video frame and no eelgrass in the other half of
the same video frame. The threshold of the algorithm was tuned to label
these regions as eelgrass present. It is important for the recording de-
vice to be maintained at a distance of 1 to 2 m above the seabed ideally
for the current setting of parameters of the model to work in other
regions. For distance more that 2 m from the ground, the parameter
estimates of the model needs to be recomputed along with a new de-
cision boundary. If the recording device is held quite high from the
seabed, then eelgrass will appear smaller and consequently less number
of lines will be detected, which will affect the choice of the threshold.
This methodology can be extended to detect any other vegetation (both
marine and land) whose physical characteristics include sharp edges.

4.3. Interpretation of GMM decision boundary

We presented two methods to detect the status (Present/Absent) of
eelgrass from under water video transects and extended this further to
estimate the percentage coverage in a given area. The feature fusion
strategy requires the threshold of number of lines be chosen by visual
inspection. The probabilistic clustering approach use GMM to cluster
the data into two regions, thereby bypassing any human intervention
during the process. The threshold of the GMM is defined as the contour
where the probability of a data point belonging to either clusters have a
specific value which could be 50% each. This value can be changed to
favour a certain cluster. For e.g., in a study where it is more important
to assess dense eelgrass regions in a region of dominant empty patches,
the threshold could be set by contour where probability of a data point
belonging to Present cluster is 40% and Absent cluster is 60%. This gives
more weight to cluster of Present by including more data points in this
cluster due to lower threshold of the probability. This situation corre-
sponds to the case where finding any speck/patch of eelgrass is abso-
lutely necessary, even at the cost of labelling some non-eelgrass region
as Present.

Setting this threshold for GMM is a way to add bias in the model as
we prefer one cluster over another. While the GMM method is tractable
in the sense that it offers a framework where a single value (the
probability used to separate the clusters) need to be set, it is also a
method where the validity of this probability is harder to justify. When
setting a Present/Absent threshold, one may relate to the data and the
likelihood that a specific threshold results in a sensible definition of
Present, through information (visual and other) from the data. The
GMM model gives a different opportunity to verify the validity of the
parameter setting by comparing with the threshold obtained from the
other method. This can give insights on the meaning of Present (found
from visual inspection) to a probabilistic notion. It also give a choice to
the researchers according to the varied scope of their study. It is in-
teresting to see from Fig. 6, the threshold chosen by visual inspection
for the feature (number of lines = 260) is slightly higher than GMM
decision boundary (probability of a data point belonging to either
clusters are equal i.e. 50% each). From our experiment, we found that
in order to match the coverage estimation with feature fusion method,
the GMM decision boundary should be set as 95% probability of each
frame to be in Present cluster and 5% of being in Absent cluster. This also
illustrates our own inherent bias towards Absent cluster. While choosing

the threshold of number of lines, a data point (video frame) will be la-
belled as Present only when it is quite certain, even at the cost of some
doubtful Present frames being put into Absent cluster.

4.4. Application of Line segment detection in other domains

We used a Line detection algorithm to extract relevant features. Line
based features are useful in many applications. There are different ways
of detecting line features, the most popular being using the Hough
transform. They have been particularly useful in precision agriculture
(Basso and de Freitas, 2019; Li et al., 2012; Ramesh et al., 2016;
Winterhalter et al., 2018) in detecting crop lines and weed edges using
the Hough Transform and its variations such as the Randomized Hough
Transform. The Hough Transform is computationally heavy and slow
and has seldom been used in real-time system (Ji and Qi, 2011). The
line segment detector used in this paper is relatively fast and can be
used on a real time system. Our method of eelgrass detection will also
work with forward facing cameras mounted on a UAV and ROV, if
maintained at a decent height from the sea bottom.

4.5. Effect of noisy artefacts

The performance of the algorithm is slightly dependent of the noise
introduced during the recording (hand movements, wires and cables
from the camera, e.t.c), which to some extent affected the precision of
the method due to falsely detected lines from non-eelgrass objects.
Although filtering eliminates noisy fluctuations to a great extent, still
noisy objects will force the threshold of the features (number of lines and
total line length) to be set slightly higher because more lines detected
from artefacts on a Absent region will push the boundary so that algo-
rithm can classify it as Absent region. We increased the threshold of the
feature 1 (number of lines) from 240 initially (which would have been
the optimal) to 260 to account for artefacts in some of the frames. It
may explain estimation in one region where the feature fusion method
has lower value of the percentage coverage. This problem can be solved
if a video camera is towed/dragged by a boat without the need for a
diver, which shall also be a less expensive alternative for data collec-
tion. The video transects used for this method were recorded on after-
noon with decent lighting conditions. It is therefore hard to predict,
how efficient this method might be if tested on videos recorded under
artificial lights in a night time. Although we believe that if a domain
expert can detect presence/absence from such videos by distinguishing
sharp edges of eelgrass from the background, then the algorithm would
also perform well.

4.6. Limitations

This method will not be useful to distinguish between different
vegetation covers, both having sharp edges. That would require
tweaking the line segment detection algorithm to match the expected
length of a single blade of grass and the expected orientation to dis-
tinguish between different sharp edged vegetation. A Gabor filter will
be an ideal choice for feature extraction instead of line segment de-
tection in this case as it captures different orientation much better.
Although our methods are designed to predict present/absent status
looking at each video frames, it can very well be extended to be used as
a proxy for finding eelgrass coverage by computing the ratio of number
of present frames to total number of frames in a given area shown in
Table 3 which match well with the domain expert's estimation. This has
a certain limitation in terms of determining the true density of the
eelgrass patches. For example, consider two region in the estuary. The
first region has medium dense eelgrass uniformly spread through the
area with some patch of low dense region as well. The second region
has extremely high density in one half and completely no eelgrass in the
other half. Computing the ratio of number of present frames to total
number of frames will lead to higher estimation of eelgrass in region 1
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compared to region 2, as region 1 has more number of frames with
present status even though the length of the eelgrass and the density of
eelgrass patch is lower in region 1 than in region 2. The choice of
threshold will determine how dense the patch of eelgrass should be to
be labelled present.

Eelgrass cover estimation is a task that carries a certain subjectivity
with it. Multiple experts may have different precise estimation due to
different perception and bias. Dense regions and empty regions are easy
to identify (by the expert as well as by the algorithm). The regions with
less dense and thin patches of coverage are the hardest challenge. The
feature fusion method not only gives flexibility to the user/scientist to
adjust the threshold based on the circumstances of the experiment (the
way transects are recorded), but also a common framework to quantify
the bias through the value of threshold of the features combined with
visual inspection.

Another limitation of this algorithm is that the whole prediction of
eelgrass is based on what actually is visible in the video. It is like a small
window looking in one direction in the vast 3-dimensional space. The
scene not captured by the video camera is not taken into account while
predicting the status of eelgrass presence. In that sense, a diver who
actually recorded the video will see the surrounding environment in
more details and has more information. This problem was encountered
in our analysis where we found in some of the regions, our algorithm is
predicted lower values of the coverage compared with the expert's es-
timates. The possible explanation for this could be that the diver see
eelgrass in the sides which is not captured in the videos. One way to get
around this problem is to deploy a set of 3–4 cameras in different di-
rections (forward, left, right and down) and do this analysis using in-
formation obtained from all the videos.

5. Future scope

The present/absent status obtained with this method can be used as a
ground truth and extrapolated on unknown regions of satellite images
where no video transects are available. On a satellite image, the
transect location would appear as the few labelled pixels which would
provide information to extrapolate or propagate the label information
to other areas. Semi-supervised learning methods are useful tools to
solve this problem and will be the main part of our future work.

Another interesting problem arises about pseudo labelling of video
frames. There are concerns regarding the accuracy of labelled dataset
from (Reus et al., 2018), which use coarse nature of polygons to label
seagrass regions in a video frame. Ideally the labelled seagrass areas in
a video frame should be represented with thin lines, which resembles
the physical structure of the seagrass more. Therefore, it would be in-
teresting to see if the output of line segment detection algorithm on raw
video frames (Fig. 3) could be used as a proxy labels to train classifiers
to detect and estimate coverage of seagrass without the requirement of
manual labelling of video frames. This also opens up many possibilities
of using Transfer Learning methods to use the prior knowledge of the
trained model from dataset of (Reus et al., 2018), retrain on our dataset
and analyse if the prediction get any better than training a model from
the scratch (Pan and Yang, 2009; Wohlert et al., 2018). This methods
would allow more data-sets of seagrass to be used to fine tune models
for better predictions in different scenarios. Ensemble methods
(Sengupta and Sanyal, 2019) is another interesting approach in which,
instead of using the best classifier among many, it would be more ro-
bust to combine all the models in a intelligent way such that it performs
better than the prediction of the best individual model.

Another major part of our future ongoing work is moving from
presence/absence modelling towards robust quantification of seagrass.
Instead of just using the frequency of present frames in a given area as a
proxy for coverage estimation, we are looking into different probabil-
istic methods to get a better estimate of coverage which can overcome
the limitation discussed before.

6. Conclusion

Here we presented two methods which detect eelgrass from un-
derwater video transects. We showed how our methods are robust to
noise introduced during the recording of the transects and how these
methods can be extended nicely to be used as a proxy to find the per-
centage coverage in a given area which matches very well with a do-
main expert's estimation of coverage. A big advantage of our methods is
that, it reduces the cost and complexity of conducting this kind of study
anywhere as it does not require labelled video frames to predict eelgrass
regions. It also saves lot of person-hours for an expert to visually inspect
and assess many hours of videos to estimate the status of presence/ab-
sence. Eelgrass detection is a subjective task that requires an expert
judgement and the proposed methods reduces that by objective quan-
tification of eelgrass presence through a threshold. Experts also make
rare mistakes with this kind tedious task, which we also encountered
during our analysis and we showed how our methods detected and
rectified the errors from domain expert, which make these methods a
robust tool free from human errors. Two demo videos showing the al-
gorithm in action are available and accompanies the electronic version
of this manuscript.

Supplementary data to this article can be found online at https://
doi.org/10.1016/j.ecoinf.2020.101083.
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CHAPTER 4
Seagrass Coverage Estimation
Visual seagrass coverage estimation is a task that a domain expert or diver per
forms by visually estimating how much area is covered by seagrass vegetation
to the total area of study. From this definition, the length of the seagrass blades
does not affect the coverage estimation. Also, coverage does not provide any
information about the density of seagrass shoots per m2. A relatively patchy sea
grass area will have the same coverage as a highly dense seagrass meadow of
similar size from the visual estimation process.

4.1 Research Motivation
Presence/Absence modeling gave a binary prediction, which was then translated
to coverage as the ratio of present frames to total frames in a given region. Even
though it matches well with the domain expert’s predictions, there are specific sce
narios where this frequencybased method of counting present frames to estimate
coverage can run into a problem.

Let us take an example using two scenarios. In the first case, a region with dense
and long seagrass in one half and no seagrass in the other half. In the second
case, it has uniformly distributed patches of short seagrass. In such a scenario,
the coverage estimated with presence/absence modeling will predict 50% cover
age for the first case and 100% for the second case, even though visually and
intuitively, region 1 has a higher dense meadow. To incorporate this lack of in
formation, it would be better if each video frame can be assigned a number (0%
to 100%) that would correspond to visual coverage from an underwater camera
facing forward close to the ground.

Suppose such a method can be found that quantifies the different ’meaning’ of
present, that would be useful for seagrass managers to incorporate that knowl
edge in their model. Also, the coverage estimated from such a method can be
used to estimate depth limit or colonization depth. Depth limit is an essential indi
cator of seagrass distribution which helps to mask regions of interest on a satellite
image analysis for the seagrass detection task. The depth limit also provides valu
able information about water quality. If the depth limit is high, the water quality is
presumably good compared to a lower depth limit.

4.2 Research Methodology
Two methods are proposed, using a quantitative index derived from the extracted
features and second using a GMM. In the second method using GMM, the optimal
number of clusters is determined using AIC, BIC, and crossvalidation that fit the
data in the best possible way. Each cluster represents a range of coverage. E.g.,
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if the optimal number of clusters is 3, then each cluster will represent a range of
33% coverage. Cluster 1 will be assigned 0  33%, cluster 2 will be assigned 34%
 67%, and cluster 3 will be 67%  100% based on the ascending order of the
cluster mean. Similarly, for 4 cluster configurations, each cluster represents 25%
coverage. A point estimate can arrive for each data point (video frame) as the
weighted mean of the cluster probabilities and the midpoint of the range of each
cluster. This point estimate is a value between 0% to 100% and is used as a proxy
for coverage estimate. A suitable upper and lower quantile is visually determined
from the feature histogram to discard extreme values in the first method. The new
features are computed as:

Feature_New =
Feature_Old− Lower_Quantile

Upper_Quantile− Lower_Quantile
(4.1)

The above equation results in most values between 0 and 1. They are combined
using a convex combination:

Coverage = λ · Feature_1_new + (1− λ) · Feature_2_new (4.2)

where λ is site specific and obtained as 0.62 for Roskilde fjord. This new value is
then multiplied by 100 to get the proxy coverage of seagrass.
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4.2.1 What does it mean to be classified as present?

Figure 4.1: Feature 1 time profile of transect 120_1. This transect is a special
case where half region is seagrass absent and the other half is present.

To get an interpretation of the threshold which distinguish present from absent,
GMM clusters are useful tool. Figure 4.1 shows the time profile of feature 1 in
4 different colorcoded cluster compositions. The horizontal line (=260) is the
chosen threshold of feature 1 from 3 and is also shown. It is interesting to see
that for a 3 cluster GMM, the threshold of presence lies in the coverage range of
33% to 67%. This can either mean that the chosen threshold of feature 1 is less
biased towards present. In other words, unless we saw visually enough seagrass
shoots to be considered as present, everything else will be classified as absent.
This opens up an interesting way to visualize the individual bias of what present
means. As the number of clusters increases, the range of each cluster decreases.
However, even with 6 cluster GMM, the threshold of presence is around 50%. This
can help to calibrate the initially chosen threshold based on different experimental
conditions.
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Figure 4.2: Feature 1 time profile of transect 119_1. This transect is a special
case where whole region is seagrass absent.

Let us take another case where the whole region is devoid of any seagrass, as
shown in Figure 4.2. For 3 cluster GMM, the whole region is in the range 0% to
33%, which is the lowest cluster range. Similarly, for other cluster compositions,
the threshold is always above 50%. This is an unusually high number for an
absent region. One of the reasons for this is that the range assignment to the
clusters has been done uniformly. If the range assignments are done based on a
simple weight factor (number of data points in a cluster), then the interpretation will
change as well. However, for this analysis, we have used a uniform assignment
of the coverage range to the clusters and derived the point estimate of coverage.
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Figure 4.3: Feature 1 time profile of transect 123_1. This transect is a special
case a patch of seagrass appears in a predominantly absent region.

Another case where there is a dense seagrass patch in a predominantly absent
region is shown in Figure 4.3. It is also interesting to see that the dense region
is assigned the highest coverage range in all the four GMM composition and this
match well with the domain expert’s estimation.

An essential characteristic of point estimates of coverage derived from cluster
range is that it can never go below the mean of the lowest coverage range, and
neither can it go above themean of the highest coverage range. In other words, for
a 3 cluster GMM where each cluster corresponds to an interval of 33%, the lowest
coverage that can be achieved is 16.5%, and the highest coverage achievable
more or less is 83%. Similarly, for 4 clusters, the lowest and highest achievable
coverage are 12.5% and 87.5%.

Method 1, on the other hand, aims to find an optimal normalization factor on the
features to compute new features and use the convex combination strategy used
in chapter 3 on them to arrive at a coverage index. The normalization factor in
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cludes an upper and lower quantile. This is performed to remove any extreme
high values. The transformed features are combined with the λ obtained from 3
to arrive at a value between 0% and 100%, which is the final coverage index. Fig
ure 4.4 shows the comparison of the coverage estimated using method 1 with the
domain expert’s ground truth estimation. It can be seen that there is a small delay
of few frames between the two predictions (method 1 and domain expert). This
can be attributed to the offset of the location recording device (in the boat) and the
diver. The location recording device needs to be placed above the surface of the
water to receive the signal. The diver is being towed few meters behind the boat.

Figure 4.4: Time profile of transect 120_1 with the estimated coverage using
method 2. The green curve represents the domain expert’s estimation of the cov
erage. The black dashed line represents the 10% coverage boundary which is
proxy for depth limit.

4.2.2 Depth Limit
Depth limit is the maximum depth at which seagrass can grow KrauseJensen et
al. 2004. Depth limit is a function of water quality which is measured with a Secchi
disk. If the Secchi depth is high, it implies that the water is transparent, allowing
more sunlight to penetrate through the deep region and allowing seagrass growth.
There is no direct method to map depth limit to coverage, other than a common
understanding in the literature that 10% coverage of seagrass is considered as
the depth limit Nielsen et al. 2002. This opens up the possibility of estimation of
depth limit from the estimated coverage.

The core idea is to find the maximum depth at which the coverage goes below
10% (Figure 4.5). Only those transects are considered for this analysis that has an
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inverse relation of depth and coverage, such that the coverage crosses the 10%
threshold. 4 out of 14 transects fulfilled this criterion. To check for robustness,
different noise is added to the coverage and the depth limit reestimated multiple
times to obtain a distribution. For this analysis, both white and red noise is used
for the sensitivity analysis. White noise has the independence assumption, which
does not entirely fit the transect criteria. The transects are timedependent, due
to which the addition of white noise does not show much variance of the depth
limit estimates. On the other hand, red noise (with an autocorrelation structure)
showed a reasonable estimate of the deviation. The accuracy of these estimates
is validated with Figure 2 of Nielsen et al. 2002, which has carried out similar
experiments on Danish coastal water with 127 video transects. It was found that
our estimates of depth limit are well within the acceptable range, even though
the Nielsen et al. 2002 used the traditional way of using Secchi depth to estimate
depth limit. This also implied the correctness of the coverage estimates obtained
with method 1.

Figure 4.5: Time profile of transect 122_1 with the estimated coverage using
method 2 (red curve). The blue curve represents the depth. The green dashed
line represents the 10% coverage boundary which is proxy for depth limit.

Here, a point to note here is that coverage estimates obtained from method 2
(GMM) are not suitable for depth limit estimation in the traditional sense. The
GMM coverage estimates have an upper and lower bound due to the way they
are computed, making it unsuitable for using a 10% coverage threshold as the
depth limit. Red noise generation code and visualization is given in A.1.
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4.3 Use Case
The prior assumption for the above methodologies (both detection and quantifi
cation) to work is that the video camera is forwardfacing and ideally not more
than 2 meters from the ground. What happens if this primary experimental con
dition is not met? Are the aboveproposed methods applicable/relevant to data
captured in different experimental conditions and other geographical regions with
starkly different water quality and environment? Due to the general lack of pub
licly available seagrass datasets and a standard established metric, it is hard to
compare the performance. We used the dataset of Reus et al. 2018 to explore
the applicability of the methods.

Figure 4.6: Raw image and corresponding ground truth of a sample image taken
at 2 meters from the ground Reus et al. 2018. The red lines corresponds to the
output of feature extraction module overlapped with the original image.

The dataset consists of images taken at the height of 1 to 6 meters. For this ex
periment, heights up to 2 meters are considered. Eightynine images at the height
of 1 meter and 2522 images at the height of 2 meters are available. Figure 4.6
shows a sample image taken at the height of 2 meters with the corresponding
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ground truth binary image. Ground truth is handannotated binary images. The
black region is used to denote seagrass meadow and the white region for the ab
sence of seagrass. Using line segment detection Grompone von Gioi et al. 2012,
Number of Lines and Total Length of Lines are extracted. It would be considered
a success if most of the lines are detected in the black region, and this would form
the basis of our evaluation. Figure 4.7 shows the scatter plot between the Num
ber of Lines detected in the black region of an image and the fraction of the black
pixels in the image. A generalized linear model is fit to the data, with input being
the number of lines in the black region:

zi = b0 + b1 · xi (4.3)

qi =
1

1 + e−zi
(4.4)

yi ∼ Bernouli(qi) (4.5)

The threshold of feature 1 is 260 for Roskilde fjord. This value corresponds to a
ratio of 0.37 on the yaxis. This implies that the presence/absence threshold of
260 corresponds to 37% coverage in Reus et al. 2018 data. For Roskilde, 260
lines correspond to approximately 30% coverage. The similarity between these
two values affirms the usability of the methods on data collected from bottom
facing cameras of suitable height.

Figure 4.7: Number of Lines in xaxis and fraction of pixels annotated as seagrass
in the yaxis.
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Figure 4.8: Scatter plot of Feature 1 on xaxis and Feature 2 on yaxis. GMM
clusters are shown in the left and contours for 50%, 80% and 95%are plotted in
the right.

Figure 4.9: Scatter plot between the fraction of seagrass pixels in the image in
logit scale v/s fraction of number lines detected in the black region of the image in
logit scale.

With Gaussian Mixture model with two clusters, the mean obtained for Absent
cluster is (51, 2759), and for the Present cluster, it is (706, 14600) represented
in the form of (feature 1, feature 2). Smoothing with the Savitsky Golay filter is
excluded as there is no time dependency between the images. The coordinates
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obtained are similar to those obtained for Presence/Absencemodeling in Roskilde
fjord’s data.

Figure 4.9 shows a strong positive correlation between the fraction of seagrass
annotated pixels in an image and the fraction of lines detected in the seagrass
annotated image in logit scale. This strong correlation indicates the validity of
the line segment detection Grompone von Gioi et al. 2012 as a good feature for
seagrass representation in different scenarios.
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4.4 Paper B

Sengupta, Sayantan, and Anders Stockmarr. ”SeaGrassEst: Seagrass
Coverage Estimation and Depth Limit Analysis from Unlabelled Underwater

Videos.” Preprint.

50 Towards Automatic Monitoring and Mapping of Benthic Vegetation using Machine Learning



SeaGrassEst: Seagrass Coverage Estimation and Depth Limit

Analysis from Unlabelled Underwater Videos

Sayantan Sengupta∗, Anders Stockmarr

Department of Applied Mathematics and Computer Science, Technical University of Denmark, Kgs.
Lyngby 2800, Denmark

Abstract

Visual coverage estimation of seagrass for ground truth verification is one of the most impor-
tant aspect of marine ecosystem monitoring programs around the world and has traditionally
been a very difficult and tedious task. Commonly used tools like scuba diver and underwa-
ter video transects require manual investigation by domain experts to assess the status of
seagrass. Supervised machine learning methods has had a limited role towards automating
this process due to the lack of labelled seagrass images. In this paper, we propose two ro-
bust methods for seagrass coverage estimation from unlabelled underwater videos obtained
from scuba diver and investigate their different potentials. Two seagrass specific features
are extracted and modelled for coverage estimation (0% - 100%) which matches well with
the domain expert’s prediction. We also show that these methods detect and rectifies rare
labelling mistakes from the domain expert. Coverage estimates from one of the methods are
then used to estimate the depth limit and its associated uncertainty.

Keywords: seagrass, mixture model, machine learning, ecological indicators, vegetation
mapping

1. Introduction

Seagrass are important habitats in coastal ecosystems [1] and acts as globally significant
carbon stock [2]. Seagrass mapping for large areas are usually carried out with remote sensing
methods such as satellite imagery, aerial photographs etc [3]. Remote sensing methods are
prone to errors when satellite images are masked by cloud cover or the turbidity of the water
prevents visibility of vegetation cover. Due to this, researchers have traditionally relied on
ground truth collection using underwater videos obtained through scuba diving, autonomous
underwater vehicles (AUV) or remote operated vehicles (ROV). [4] has extensively studied
seagrass mapping methodologies and found that majority of ground truth is collected using
either scuba diver of under water videos. ’Ground truth’ collection this way is a very tedious
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and subjective task, which is usually carried out by visual inspection of video transects by
domain experts and different expert’s opinion can never be fully unbiased. Multiple experts
need not agree on the same precision of estimated coverage from the video transects as no
scientific standards are established. There is a need to automate this process providing a
framework which can capture and quantify seagrass coverage estimations for efficient marine
ecosystem monitoring.

Supervised machine learning has had a limited role in automation of seagrass detection
from videos due to the unavailability of large labelled datasets. [5] manually labelled a
small dataset (less than 200 images) to train a Support Vector Machine (SVM) and an
Artificial Neural Network (ANN) to predict presence/absence of posidonia meadows from
AUV and ROV. [6] has used AUV to evaluate the bottom coverage descriptors for assessing
the good ecological status of seagrass meadows. However, to the author’s knowledge, an
autonomous detection and mapping of seagrass has not yet been achieved. [7] divide the
images in small patches and classify each patch as seagrass or background. [8] and [9] also
follow a patch classification approach to segment images. [10] published the first publicly
available pixel annotated seagrass dataset from an AUV at different depths and trained a
Convolutional Neural Network (CNN) model to segment seagrass images. [11] used different
deep learning models, including the DeepLabv3Plus network on the dataset of [10] and did
a comparison study. [20] used a VGGNet as encoder and a Fully Convolutional Network
as decoder to segment seagrass images. Furthermore, there are limitations regarding the
annotation of ground truth data of [10] due to the coarse nature of polygons used for labelling
seagrass segments [11]. In reality, seagrass are characterised by fine sharp edges due to which
coarse polygons used for labelling video frames may lead to coarse estimates of seagrass
coverage. [15] used sharp handcrafted edge features as descriptor to model Presence/Absence
of seagrass. This paper use the same features from [15] as seagrass feature descriptor instead
of coarse hand annotated polygons, which makes the coverage estimation more precise.

In this paper we propose two methods for unsupervised estimation of seagrass coverage
from underwater videos without the need of prior annotated images. We use an edge de-
tection based approach to extract features in both the methods. In the first method, we
translate the value of the extracted features directly into a coverage index. In the second
method, Gaussian Mixture Model (GMM) is used to model the data where each video frames
are assigned a probability measure. We note that the cluster probability are a proxy for
seagrass coverage. As an application, the seagrass estimates obtained from method 1 are
extended for depth limit analysis, in which we address the question: ”What is the highest
depth where seagrass is expected to grow?”. This is a particularly important question which
is required to narrow down the search area of interest for the scuba divers, and also for
bathymetric masking of satellite images for seagrass coverage estimation. In the end we
present a case study on the application of the method 1 to other publicly available data to
validate the robustness of the methods.
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2. Materials

2.1. Field Site and Data Description

The data used for this research is obtained from Roskilde Fjord in Denmark. Roskilde
fjord is a 40 km long and narrow micro-tidal estuary forming four major basins. It is 10 km
wide and has a surface area of 122 km2. There is a strong hydraulic effect from the outer
boundary where strong western wind events are able to create water levels of up to 170 cm
above mean sea level.

Figure 1: Study Site has been zoomed in show spatial locations of different video transects (marked yellow).
It is further zoomed in to show the path traversed by the scuba diver for an individual area.

The video transects were recorded as part of the National monitoring program: NOVANA
[12]. A scuba diver with camera attached to his head was towed by a boat. The videos were
recorded in different parts of the fjord (Fig. 1) to spatially cover most part of the fjord and
other measurements like time, date, height from the bottom were measured and embedded
in the video. The diver maintained a height of 1 m from the seabed with a forward facing
camera. A total of 14 video transects were recorded with an average length of 17 minutes
each.

3. Methods

3.1. Data Pre-processing

An important physical feature that characterizes seagrass is their sharp edges. We used
a Line Segment Detection algorithm (LSD) [12] algorithm to extract sharp edges from the
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video frames. An edge point is defined as the region in the image where there is a significant
gradient change. A contour of similar connected edge points constitutes a line. The algo-
rithm detects all these connected regions of varying length. The core idea is that a video
frame with dense seagrass shall detect large number of edges compared to video frames with
low levels of seagrass (Fig. 2).

Figure 2: Effect of LSD algorithm on two different scenarios.

Two features were computed from each video frames: Number of Lines (Feature 1) and
Total Length of Lines (Feature 2). The names are self explanatory as Feature 1 is simply
counting how many discrete lines (irrespective of their lengths) are detected from a frame,
whereas Feature 2 is the cumulative sum of the individual line lengths. Thus, for each video
transects we obtain a time series of data for Feature 1 and Feature 2.

Due to the presence of noisy artefacts like diver hands and equipment wires there are
some noisy edges detected in some of the frames which does not represent seagrass regions.
To remove the fluctuations we used the Savitzky Golay filter [14] with a varying window
size of 17 - 35 data samples and a polynomial order of 1. A threshold was chosen from
visual inspection, as exemplified in Fig. 3, that can distinguish between seagrass presence
from seagrass absence. This threshold is 260 for Feature 1. This provides an initial naive
estimate of suitable decision boundary. A video frame with feature 1 value greater than 260
can be classified as seagrass present and vice versa and shown in [15] for presence/absence
modelling. The threshold of feature 2 is found as the value that minimises the mismatch of
present/absent status obtained by feature 1 threshold ( 260 ). The feature 2 value obtained
this way turns out to be 6300.

The videos were sampled at 25 frames per second due to which many video frames were
captured from a given unique location (from GPS). For each unique physical location, the
features extracted were averaged after filtering of the raw time profile. From our experimen-
tal setup, 18727 unique locations were found.
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Figure 3: Summary of a video transect based on Number of lines (Feature 1). Top left shows the histogram,
Top right shows the raw time profile. Bottom shows the smoothed version of the time profile. The threshold
shown here is 350.

3.2. Method 1

3.2.1. Index Normalisation

This method aims to find an efficient normalisation factor on the features such that the
outcome is a number between 0 and 1 which can be a proxy for coverage. An upper quantile
of 99% and a lower quantile of 5% was found to be optimal normalisation factor for both
the features. Each new features are calculated from the original individual features as:

Feature New =
Feature Old− Lower Quantile

Upper Quantile− Lower Quantile

The above transformation results in most values between 0 and 1. Values greater than 1
are clipped to 1 and values less than 0 are clipped to 0. The new features are then combined
with the following equation to arrive at the coverage index:

Coverage = λ · Feature 1 new + (1− λ) · Feature 2 new (1)

where λ = 0.62 as obtained from [15]. This new value is then multiplied by 100 to get
the proxy coverage of seagrass.
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3.3. Method 2

3.3.1. Gaussian Mixture Model

The purpose of the application of Gaussian mixture model (GMM) is to derive a distri-
bution for an M-dimensional vector x ∈ RM which can be represented as p(x). A common
strategy for obtaining this in a tractable manner is to make p(x) be a combination of more
simpler and tractable elements. These tractable elements are multivariate normal densities.
A normal distribution is defined as the density:

N (x|µ, σ2) =
1

σ
√

2π
e−(x−µ)2/2σ2

where µ ∈ RM is the mean and σ is M ×M covariance matrix. M = 2 in this case as
we have two features. In GMM, we use normal distribution as a building block of a more
complicated distribution:

p(x) =
Z∑
z=1

p(x, z) =
Z∑
z=1

p(x|z)p(z) =
K∑
k=1

πkN (x|µk,Σk)

where z is the number of cluster as defined by the user. The above equation shows that
the density of the data can be expressed as a weighted sum of many normal distributions.
GMM works by maximising the log-likelihood of the data, given by:

`(π, µ,Σ) = log p(X|µ,Σ, π) =
N∑
i=1

log p(xi|µ,Σ, π)

=
N∑
i=1

log[
K∑
k=1

πkN (xi|µk,Σk)]

This kind of clustering is also known as soft clustering due to the probabilistic nature of
assigning clusters. In comparison to hard clustering methods like K-means and hierarchical
clustering algorithms where the assignment of a data point to a cluster is binary and not
probabilistic, GMM gives a possibility of correcting for other variables like salinity and
turbidity.

3.3.2. Optimal Clustering

Instead of using just two clusters, optimal number of clusters can be found from the data
using any cluster validation technique. We used three metrics to derive the optimal number
of clusters : Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC) and
Cross Validation (CV).

AIC = −2 logL+ 2p

BIC = −2 logL+ p log(N)
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where, p = Number of free parameters, N = Number of observations and L = Likelihood
of Data. It was found that due to the absence of an absolute minima of the negative
log likelihood function, probable optimal clusters vary from 3 to 6 and using the ELBOW
method, 3 cluster composition is found to be optimal. Each of the cluster in a cluster
composition is associated with a mean and co-variance matrix and shown in Figure 4.

Figure 4: Different cluster comparison on a scatter plot of Feature 1 and Feature 2. It can be seen as the
number of clusters increase, smaller clusters appear in the mid range values without much visual intuition.
Many smaller clusters are also seen overlapped by big clusters.

3.3.3. Towards Probabilistic Coverage Estimation

Each clusters is assigned equal coverage, based on the number of clusters in a given
composition. For example, if the number of clusters is 4, then cluster 1 would correspond to
coverage of 0 to 25%, cluster 2 would correspond to coverage of 25% to 50%, cluster 3 would
correspond to coverage of 50% to 75% and cluster 4 would correspond to 75% to 100% in
the ascending order of their cluster mean. Similarly for a composition of 5 clusters, each
cluster would correspond to a range of 20% and for 6 clusters, roughly 17%. For a given
random point in the scatter plot with a probability of belonging to each cluster, a weighted
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average approach is taken to compute the final point estimate of the coverage. Effectively it
means that summing over the product of the mid-point of a cluster coverage range with it’s
associated probability, for all the clusters and this becomes the estimate of seagrass coverage
for a given unique location. This value lies between 0% to 100%.

3.4. Depth Limit Estimation

Depth limit is an important information for marine ecologist as it narrows down the
search of probable seagrass areas. Most methods that uses satellite image for seagrass
monitoring also has access to depth information of each pixel or regions from empirical
bathymetry. Many times the bathymetric contours are used to mask out un-important
regions. This analysis address the question: ”What is the highest depth where seagrass can
be found ?”. Traditionally, domain experts have adopted the threshold of 10% coverage as
the definition of the depth limit. We have adopted this definition for this analysis. We have
had access to depth data of Roskilde fjord from Danish Hydraulics Institute. The seagrass
coverage found from Method 1 are used in this analysis to find the depth limit.

Figure 5: Depth v/s Coverage scatter plots. (a) Time profile of a diver transect along with coverage on
left y-axis and depth on right y-axis. (b) Coverage on y-axis with depth on X-axis. (c) Effect of smoothing
using a Gaussian Kernel Density Estimator on (b). The green horizontal line represents the 10% coverage
threshold.
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3.4.1. Depth Limit and Sensitivity Analysis

Figure 5 shows a scatter plot of coverage and depth. Gaussian kernel density estimator
(KDE) was used with a bandwidth (2σ) of 0.1 meters to smoothen the curve as shown
in Figure 5(c). The depth in which the coverage goes below 10% will be the depth limit.
Sensitivity analysis is performed by adding both white noise (Gaussian noise with mean 0
and varying standard deviation) and red noise (with an auto-correlation structure) on the
coverage to determine the robustness of the method as shown below,

εi = ρ · εi−1 + ηi (2)

ηi ∼ N (0, σ2) (3)

where ρ is the auto-correlation weight and its value varies between 0 and 1. ρ = 0 implies
a white noise, whereas a high value of ρ implies a higher auto-correlation. Depth limit is
re-estimated on noisy coverage 100 times to obtain a distribution. The standard deviation
of the depth limit distribution was analysed. Red noise appears as a more suitable choice
for noise due to the fact that successive locations are time dependent in a video transect
and the independent assumption does not hold true in this case. We used the white noise
for comparison. Sensitivity analysis were performed similarly, varying the threshold of 10%
coverage threshold to different values (6,8,12,14 and 16).

4. Results and Discussion

Both the methods proposed above are primarily quantification based methods even
though [15] have shown in that Presence/Absence modelling can also be done with Method
2 with two clusters. To evaluate the output of the above two methods, we have had access
to a domain expert’s visual estimation of seagrass on the experimental data. The domain
expert’s estimations are provided for small areas with a starting point and end point along
the transect and lies between 0% to 100%.

For Presence/Absence modelling, the status obtained for each unique locations are bi-
nary. So, in a given area, the ratio of the number of unique locations with Present status
to total unique locations in that given area are computed and it is a number between 0%
and 100%. This is a proxy for coverage and the results are shown in Table 1 and 2 for the
purpose of comparison with quantification methods proposed in this paper. For seagrass
estimation using method 1 and 2 respectively, the mean of the coverage estimated for each
unique locations are computed that falls within certain domain expert’s regions and is again
a value between 0% and 100%. The results are shown in Tables 1 and 2 respectively. 10
selected areas representative of the area of study have been subject to all the methods.
These areas are of different size and location. Area 8 - 10 are regions where the domain
expert’s prediction does not match the output of both method’s output. On further visual
investigation of the given areas and personal communication with the diver/domain expert,
it was concluded that there was a rare error from domain expert’s judgement in all three
areas. This also exemplifies the robustness of all the methods on rare labelling mistakes.
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4.1. Detection based methods

The second column of Table 1 shows the result obtained with a 50% probability of
seagrass present and absent of GMM contour as decision boundary. As can be seen from
Table 1, our prediction matches well with the domain expert’s predictions. The method
also performs exceptionally well in the low coverage region. GMM with 50% threshold
overestimates the expert’s prediction in a mid coverage region (eg. Area 2). This is likely
due to the fact that higher number of data points are being classified as present due to
the low probability threshold of 50%. GMM decision boundary with higher probability of
seagrass presence (above 90%) would alleviate the problem of over estimation of coverage.

Figure 6: Scatter plots of Depth on the x-axis v/s Smoothed estimated coverage on the y-axis of the individual
transects. The selected transects have a downward trend while crossing the 10% coverage threshold.

4.2. Quantification based methods

Method 1 and 2 predictions are shown in Table 1 and Table 2 respectively. It performs
well in the areas of high coverage and it also detects the rare error of domain expert in Area
8, Area 9 and Area 10. Overall, using 3 clusters produce the optimal coverage estimation for
this data. Increasing the number of clusters introduces an averaging effect across clusters.
This effect is particularly visible for regions with very high or very low coverage. Method 2
deals with translating the number of lines and the total line lengths directly into an index
and performs well in terms of accuracy, also on areas with labelling errors of the domain
expert. It can also be seen that for predictions with GMM clusters, a region with complete
absence of seagrass will have rather low but non-zero values. This is attributed to how the
coverage point estimates are computed. As each clusters represents a range of percentage
coverage, the point estimates are calculated as the weighted sum of the mean of the range
with their associated probabilities. So for a 3 cluster GMM, the lowest cluster represents a
range of 0% - 33% coverage, whose mean of 16.5% is the lowest value that can be obtained
from 3 clusters as most data points with absence of seagrass will belong to this cluster.

10



Similarly for a 4 cluster GMM, the lowest cluster of 0% - 25% will have a mean of 12.5%
and for a 5 cluster GMM it is 10%. This can be seen from Area 1 in Table 1. Method 2, on
the other hand, does not have this bias for low coverage regions and the predictions match
well with the expert’s estimations.

Region GMM Clusters (%)
2 (Detection) 3 4 5 6 Expert (%)

Area 1 0 16 12 10 8 0
Area 2 85 53 57 47 50 50
Area 3 0 18 19 21 24 0
Area 4 0 23 37 30 28 0
Area 5 100 82 82 74 73 95
Area 6 100 82 73 70 73 80
Area 7 100 82 79 72 73 85
Area 8 100 83 87 89 91 0
Area 9 0 16 12 0 8 50
Area 10 0 15 12 0 8 70

Table 1: Method 2 predictions of coverage using different clusters. Predictions from 2 clusters are modelled
as presence/absence and used as a comparison from [15]. The last 3 entries are the areas where the domain
expert had error of judgement.

Region Index Normalisation
Detection based (%) Method 2 (%) Expert (%)

Area 1 0 0 0
Area 2 57.1 37 50
Area 3 0 11 0
Area 4 0 11 0
Area 5 100 75 95
Area 6 100 72 80
Area 7 100 79 85
Area 8 100 100 0
Area 9 0 0 50
Area 10 0 0 70

Table 2: Method 1 predictions of coverage compared with detection based coverage method [15] along with
the corresponding domain expert’s estimations.

4.3. Detection v/s Quantification based methods

Presence/Absence based coverage estimation method has limitations. For example, con-
sider two regions in the estuary. Area 1 with uniform 50% coverage. Area 2 with 100%
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dense coverage at half of the locations and 0% coverage at the other half. They have the
same average coverage, but the presence/absence method estimate the first to a coverage of
100% and the other to the correct 50% . Computing the ratio of number of present frames
to total number of frames will lead to higher estimation of seagrass in region 1 compared to
region 2, as region 1 has higher number of frames with present status even though the length
and the density of seagrass patch is lower in region 1 than in region 2. Quantification based
methods take care of this problem by providing a coverage estimate from each individual
video frames(unique locations), instead of present or absent status.

4.4. Method 1 v/s Method 2

Method 2 maps probabilities to coverage estimates. One of the drawbacks of method 2
is not being able to reach extreme high or low coverage values. For regions with high dense
coverage, GMM can only reach the mean of the highest cluster. For a 3 cluster configuration,
the highest cluster represents 67% - 100% with a mean of 83%. As the number of clusters
increase, the highest achievable coverage tends towards 100%. This also increases the chance
of formation of new sub-clusters which might be part of a big cluster before. So method 2
is thus most suitable for predicting the range or discrete intervals of coverage as it give a
more realistic interpretation of the values. Instead of a uniform allocation of intervals for
clusters, non-uniform interval assignment to the clusters is another way to focus on smaller
sub-intervals. Method 1 on the other hand is purely based on translating the number of
lines and the total line length directly into a quantitative index, and any value between 0%
and 100% is achievable. Hence method 1 is more suitable for point estimates of coverage
and coverage estimates obtained from method 2 is not considered for depth limit analysis.

4.5. Prior Assumptions

There are essentially no other kind of benthic vegetation in this area of study apart
from zostera marina (eelgrass) that contribute to line segment detection, after confirming
this with the marine biologists. So any line segment detected from the feature extraction
module is assumed to be from eelgrass. The path taken by the diver to record the transects
will not affect the precision of the algorithm’s output. In this case, the diver started off from
the shore in a straight path until a dense patch of eelgrass was encountered, after which
the diver moved along the boundary of the eelgrass patch. It is important for the recording
device to be maintained at a distance of 1 to 2 meter above the seabed ideally for the current
setting of parameters of the model to work in other regions. The methods will not be able
to distinguish between different types of seagrass. Although, it will be applicable to detect
any vegetation which has sharp edges. The method can also be used on videos obtained by
underwater vehicles.

4.6. Depth Limit Analysis

Video transects which are suitable for determination of depth limit were selected based
on the criteria that there is a downward trend of coverage when it cross the 10% coverage
mark and does not go up again (Figure 6). 4 video transects out of the total 14 satisfied
the criteria and those were used for this analysis. After smoothing the coverage index as a
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function of depth for each transect, using a Gaussian kernel (window=0.1m), we estimated
the depth limit as the depth at which the coverage is below 10% (5) . The deviations from
the smoothed line to the observations were used to assess the uncertainty and robustness of
the depth limit estimation. For the given 4 video transects shown in Figure 7, the values were
between 5.30 and 12.62. Uncertainty of the depth limit estimation was then investigated
by treating the deviations as residuals and adding random red noise with the corresponding
noise level to the smoothed line, and then re-estimate the depth limit. Sensitivity analysis
was performed similarly by adding both white noise and red noise of varying amplitudes,
around the residual noise of the data obtained above, while varying the threshold that
defines the depth limit. It was found that white noise did not influence the robustness of the
estimates as the standard deviation of of the noisy depth limits had a very low value. This is
ascribed to the fact that white noise has an independence assumption which does not fit the
video transect, as the successive location has a time dependency. The same analysis with
red noise(ρ=0.8) is shown in Table 3. Different levels of noise values (standard deviation)
are shown in the rows and the last row presents the depth limit with zero noise. It can be
seen from the same table that deviation from the mean depth limit does not vary more than
30 centimeters for Transect 1,3 and 4. Transect 2 with a noise of 36% has the highest mean
deviation of 77 centimeters, which is still within acceptable range.

Table 4 shows the sensitivity analysis result of depth limit, when the cutoff boundary of
10% coverage is changed. The depth limit estimated for different coverage boundaries are all
within reasonable limits. One interesting observation though is the depth limit for Transect
4 at a coverage boundary of 6% where it is very different from the 10% cutoff boundary. On
closer inspection from Figure 7, it can be seen that there is a small rising tendency below the
10% coverage boundary, due to which the depth limit almost doubles from 1.46 meters at
10% coverage to 2.97 meters at 6% coverage. This emphasizes the fact that the depth limit
estimation is only the estimated depth below which eelgrass growth is no longer observed,
and thus a lower bound for the theoretic depth limit. In reality bottom conditions and other
environmental conditions at single transects may mean that eelgrass will not be growing at
even lower depths than the depth limit.

[19] has done a detailed study of 127 transects in Danish coastal waters. Figure 2 of [19]
shows the depth limit distribution obtained from their experiment. This is validated very
nicely as the depth limit estimates from our method is within the acceptable range, more so
the site of study used in our research is part of that study. Even though, the depth limit has
been estimated in [19] with secchi disk to obtain the secchi depth, which is then related to
depth limit. Our estimates of depth limit is arrived with the coverage estimates of method
1, which also validates the correctness of method 1.

5. Case Study

If one of the primary experimental condition about forward facing camera is not met,
will the methods still work ? To answer this, the dataset of [10] was used to evaluate the
performance. This dataset has been created through a downward facing camera at multiple
depths (1m to 6m) as shown in Figure 8.
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Figure 7: Depth (x-axis)v/s Coverage (left y-axis) of 4 selected transect along with the effect of smoothing
(red curve). green dashed line represents the 10% coverage boundary for depth limit estimation.

Figure 8: Raw image from depth of 1m (Top Left). Pixel annotated image of seagrass (Bottom Left).
Line segment detection (LSD) on the raw image (Top Right). Line segment detected from the LSD feature
extraction shown over pixel annotated image (Bottom Right).
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Noise= Transect 1 Transect 2 Transect 3 Transect 4
12 3.87 ± 0.07 3.06 ± 0.29 4.99 ± 0.07 1.51 ± 0.16
18 3.87 ± 0.09 2.79 ± 0.46 4.97 ± 0.10 1.52 ± 0.18
24 3.81 ± 0.1 2.53 ± 0.52 4.99 ± 0.14 1.55 ± 0.22
30 3.75 ± 0.2 2.42 ± 0.51 4.99 ± 0.20 1.53 ± 0.27
36 3.68 ± 0.27 2.38 ± 0.50 5.0 ± 0.22 1.50 ± 0.25

Depth Limit 3.98 3.15 4.96 1.37

Table 3: Sensitivity analysis of Depth limit with Red noise added to coverage.

Coverage(%) Transect 1 Transect 2 Transect 3 Transect 4
6 Nan Nan 5.04 2.97
8 Nan Nan 5.00 1.56
10 3.98 3.15 4.96 1.46
12 3.78 3.08 4.93 1.41
14 3.71 2.99 4.89 1.37
16 3.66 1.93 4.86 1.32

Table 4: Sensitivity analysis of varying coverage boundary

The images are pixel annotated as binary images for ground truth evaluation that cap-
tures the outline of the seagrass meadow. Images taken at depth of 1m and 2m were
considered for the experiment due to the visual confirmation of the seagrass blades at those
heights. Line segment detection was used to extract the features on these images and in
an ideal scenario, the line segments should ideally be detected as much as possible in the
seagrass annotated regions of an image as shown in Figure 8. Due to the lack of a common
evaluation metric, a positive correlation between ratio of seagrass annotated pixels in an
image and ratio of lines detected in seagrass annotated region would be a desired criteria
intuitively. The ratio of seagrass annotated pixels to total pixels in an image can be a proxy
for coverage estimation. These two attributes are shown in Figure 9. A Generalized linear
model is used, with number of lines detected in seagrass annotated region of an image as
input and the output being ratio of the number of pixels annotated as seagrass.

zi = b0 + b1 · xi (4)

qi =
1

1 + e−zi
(5)

yi ∼ Bernouli(qi) (6)

From previous section, the threshold of feature 1 obtained from Roskilde Fjord video
transects for presence/absence detection is 260 and this corresponds to roughly 30% coverage
using method 1. On the other hand, the same threshold of 260 lines corresponds to a ratio
of 0.3745 or 37.45% as shown by the green dashed line from Figure 9(left). The similarity
between these two coverage estimates shows the effectiveness of the method even though
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Figure 9: Scatter plot between Number of Lines detected in seagrass annotated region of an image in x-axis
and ratio of the number of pixels annotated as seagrass in y-axis. Pink curve represents a GLM model fit
on the data. Red dashed line represents 260 number of of lines and green dashed line is the corresponding
y-axis (Left). Scatter plot between the ratio of seagrass annotated pixels in the x-axis and ratio of lines
detected in seagrass annotated region in logit scale (Right).

the experimental conditions are quite different. Figure 9(right) shows a strong positive
correlation between fraction of seagrass annotated pixels in an image and the fraction of lines
detected in the seagrass annotated image in logit scale. This strong correlation indicates
the validity of the line segment as a good feature for seagrass representation.

6. Conclusion and Future Works

Seagrass coverage estimation is a task that carries a certain subjectivity with it. Multiple
experts may have different precise estimation due to different perception and bias. Dense
regions and empty regions are easy to identify (by the expert as well as by the algorithm).
The regions with less dense and thin patches of coverage are the hardest challenge. The
prediction of seagrass is based on what actually is visible in the video. It is a small window
looking in one direction in the vast 3-dimensional space. The scene not captured by the
video camera is not taken into account while predicting the status of seagrass presence.

The coverage index is essentially an index that ranges from nearly none to a maximum
number of lines and line length. While the translation of this index to coverage is straight
forward, it could also translate to biomass, as it will also distinguish dense and less dense
areas of eelgrass even though both types of region may fully cover the seabed. However,
the results obtained from our comparisons to diver observations indicate that the coverage
index align very well with diver estimations of coverage.

Two methods are presented for seagrass coverage estimation. Both the methods are
robust such that they can detect rare errors from the domain expert’s prediction. Method
2 is Bayesian and is more suitable for coverage estimation in interval groups. Method 1 is
probabilistic and is more suitable for point estimates which also works well in both high and
low density regions. By automating the process of seagrass coverage estimation, precious
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time and resources can saved. This methodology can be extended to detect any other vege-
tation (both marine and land) whose physical characteristics include sharp edges. Coverage
estimated from method 1, can be extended to estimate depth limit. The depth limit esti-
mates are presented with their associated uncertainty and is robust to noisy coverage. The
estimated coverage from the video transects may be used as a ground truth for vegetation
mapping using sentinel-2 satellite images, which is an ongoing work. Another possible appli-
cation of our result is to train a semi-supervised machine learning model to obtain coverage
estimates in other areas through satellite images.

In popular practice the video transects are recorded in different parts of the world,
thus there is a need to aggregate the local information to form a global model which shall
generalize on different settings. Moreover, different data protection laws inhibit the sharing
of such data, due to which a truly global general model is hard to obtain. Federated learning
is a possible solution in such cases where local models are trained on local data and only
the model parameters are pooled [15], [16] or ensembled to obtain a generalised model [18].
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CHAPTER 5
Satellite Image Analysis
5.1 Research Motivation
The present/absent status obtained from 3 can be used as ground truth and used
to validate seagrass segmentation on satellite images. A simple Bayesian ap
proach can be used to learn the conditional class probabilities of seagrass pres
ence/absence from the labeled data, and those learned probabilities can be used
in a Bayesian framework to classify the unlabelled locations in the satellite image.
Figure 5.1 shows a Naive Bayes model, which has an independent assumption
on the features. The independent assumption makes it easier to compute the
posterior probabilities empirically, otherwise not being tractable.

Figure 5.1: A simple Naive Bayes Model for satellite image segmentation.

Each pixel in a satellite image can be thought of as a 13dimensional vector, cor
responding to 13 channels of sentinel2. These data points are to be trained to
learn the conditional distribution of each class. This simple model and empirical
computation of the probabilities cannot capture the true distribution, especially
given the few labeled data points. Each sentinel2 pixel in its highest resolution of
10m, Roskilde fjord comprises 848187 pixels. Of these, only 539 are labeled (pre
sent/absent), and the rest 847648 unlabelled. Of the 539 labelled pixels, 223 are
labelled present and 316 are labelled absent. This would render a Naive Bayes
model unreasonable, and a more sophisticated model that can learn the data dis
tribution is required. A generative model is a better choice than a discriminative
model in this case. The ground truth points can also be used in a semisupervised
framework to aid in classifying new regions in the satellite image. We stick to the
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unsupervised segmentation and use the ground truth points for validation for this
thesis.

5.2 Challenges
Benthic vegetation detection using satellite images is a challenging task. It is
a task that heavily depends on environmental conditions, like cloud coverage.
Could coverage effectively mask out any region from being useful? Many differ
ent factors influence the signal reaching the sensor to carry helpful information.
Radiometric calibration, ozone correction, water vapor correction are some of the
factors to be corrected for before the data can be helpful. Methods exist in the liter
ature that can correct these light deflections. However, the most challenging part
comes from the airwater interaction and the light penetration through the water
down to the seabed to reflect functional signal signatures to the sensors. Turbid
ity of water is the bottleneck for seagrass detection through satellite images. For
optically deep water bodies, new methods are needed to see through the water
effectively.

The second challenge is the low resolution of sentinel2 data compared to the
spatial resolution of ground truth status obtained before. To put things in perspec
tive, the highest resolution of a channel in sentinel2 is 10m; on the other hand,
the spatial resolution of ground truth obtained is less than a meter. This leads to
a loss of information about the seagrass patches and variation within a specific
region. Multiple unique locations obtained from the videos will map to one pixel
in the satellite image, and there is a need to find efficient ways of mapping the
coordinates without much loss of information.

5.3 Research Methodology
The process starts with preprocessing of the raw sentinel2 data. The preprocessing
steps like atmospheric correction, resampling, andmasking are performed before
any machine learning model is applied. Fundamental preliminary analysis like box
plot and PCA is then performed to get insights about the data. The box plot of the
labeled pixels (shown in Paper C) reveals that the classes are not separable. They
overlap significantly on all the channels. PCA analysis showed that most of the
channels are redundant, and only 2 or 3 latent dimensions can explain most of
the variance of the data. PCA projection into two dimensions showed that a lin
ear classifier would not separate between the classes. As a starting point, three
simple classifiers are fit to the data as a benchmark. Naive Bayes, KNearest
neighbor, and Support vector machine (SVM) are the three baseline methods an
alyzed before using Deep learning.
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Figure 5.2: Naive BayesModel for satellite image segmentation onRoskilde Fjord.
Yellow pixels denote Present and purple pixels denote Absent.

As discussed previously, the Naive Bayes model learns the conditional distribution
of the unlabelled data points using prior learned from theminor labeled data points.
The Presence/Absence labels are colorcoded and visualised in Figure 5.2.

KNearest neighbor (KNN) algorithm is also used with different values of k. The
labeled data (all features included) is randomly split in the ratio of 75% and 25%
for training and testing, and the experiment is repeated 200 times to obtain a
distribution. KNN with k=7 had the highest mean accuracy of 82.81%, and the
error distribution is shown in Figure 5.6. Increasing the value of k averages out
the noise but also lose the granularity of the segmentation. The segmented image
is shown in Figure 5.3.

SVM with the polynomial kernel is applied as the third baseline method, and mean
accuracy of 77.60% is obtained with a polynomial order of 5, and the error distri
bution over 200 random splits is shown in Figure 5.6. The segmented image is
shown in Figure 5.5.
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Figure 5.3: 5nearest neighbour (left) and 7nearest neighbour (right) for satellite
image segmentation on Roskilde Fjord. Yellow pixels denote Present and purple
pixels denote Absent.

It can be seen from all the baseline methods that the upper part of the fjord is
classified as seagrass present whereas the lower part is primarily devoid of sea
grass. KNN predicts uniform lowdensity seagrass in the lower half of the fjord.
This could be due to the averaging effect of choosing a higher value of k, and
low information pixels in the lower half of the fjord also contribute. On the other
hand, SVM has a very distinct classification, with the top half being present and
the lower half being absent and can be seen in Figure 5.5. Naive Bayes segmen
tation seems more balanced and with some seagrass patch in the lower half of
the fjord.
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Figure 5.4: Present/Absent status obtained from one of the transect shown on a
subset of RGB image of Roskilde fjord. Red denotes pixels Present and Black
pixels denotes Absent.

One of the reasons for the top half being classified as Present is because the
present/absent status obtained from the Feature Fusion method is mostly found
to be present. The high density of seagrass extends to the middle of the upper half
of the fjord, as can be seen in Figure 5.4. The transect starts from the coast with
few absent regions, and then it encounters highdensity seagrass meadow. As
shown in Figure 3 of paper c, the separability of classes among all the channels
is close to zero. This enables all the three methods to classify the coast in the
upper half of the fjord as Absent and the rest of the region as Present.

This led to a deep learning model that can capture the variations among the fea
tures through nonlinear mapping. A variational autoencoder (VAE) Kingma and
Welling 2013 is used to learn the data distribution. VAE is a deep unsupervised
method that has an encoderdecoder structure. The data is passed through the
encoder and, in the process, gets compressed in to latent dimensions before
passed into the decoder, which then decompress the information to reconstruct
the original data. The method is similar to an Autoencoder, except in VAE, new
samples can be generated from the latent space, and VAE enforces continuity in
the latent space. The idea is to use the latent space learned in the VAE to cluster
the two classes into two groups. The details can be found in Paper C.
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Figure 5.5: SVM for satellite image segmentation on Roskilde Fjord. Polynomial
kernel of 3 (left) and 5 (right). Yellow pixels denote Present and purple pixels
denote Absent.

Figure 5.6: Distribution of model accuracy obtained for 7Nearest neighbour (left)
and SVM with a polynomial of order 5 (right).
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5.4 Paper C

Sengupta, Sayantan, and Anders Stockmarr. ”Deep Generative Model for
underwater vegetation detection on sentinel2 satellite image.” Preprint.
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ABSTRACT

Sentinel-2 satellite images have recently become popular data source for mapping benthic vegetation
as it can cover a large area. The remote sensing of aquatic vegetation can be particularly challenging
due to the obstruction by scattering, reflection and absorption of light in the atmosphere and air-water
interface and water quality. Water quality is one of the most important factor, on which the efficiency
of machine learning model greatly depends. If the water clarity is not transparent enough, then the
light penetration is low due to which many methods fail, especially in the deeper regions. In this paper
we use a type of deep generative model called Variational Auto-encoder for segmenting seagrass in
the latent space. The region of study is Roskilde fjord, Denmark where the water body is turbid and
non-transparent. This study addresses the suitability of the recently launched Sentinel-2 satellite for
mapping the spatial distribution of Danish seagrass meadows.

Keywords Seagrass · Generative model · Remote Sensing

1 Introduction

Seagrass are important habitats in the coastal ecosystems. It helps in carbon sequestration [1] and also provides
protection and nurseries for juvenile fishes and contributes to sediment stabilisation. This makes it one of the most
important ecological indicators [2], so much so that the role of seagrass is often compared to that of a forest [3]. Despite
being a conservation priority of of EU legislation, seagrass habitats are experiencing a decreasing trend in their coverage
[4]. Currently optical satellite remote sensing is one of the most important tools to detect, map and monitor seagrass
meadows due to it’s time and cost-effectiveness over large areas [5]. Satellite remote sensing has been employed for
mapping of seagrass meadows in several studies like [6], [7] and [8], to name a few. The remote sensing of seagrass
habitats is based on the principle that the remote sensor can ’see’ the substratum or the vegetation growing on that.
Seagrasses are covered by a water column that attenuates the light penetration. interaction and reflection back from
the benthos. In coastal waters, spectral scattering and absorption by phytoplankton, suspended organic and inorganic
matter and dissolved organic substances further restricts the light passing to the benthos [9]. Absolute reluctance from
submerged vegetation are generally low, often lower than deep water column. From a visual perspective, seagrass
meadows often appears as a dark shadow compared to the non-vegetated areas. Optically shallow waters are a special
case in remote sensing, where a measurable signal will be detected from the bottom of the seabed or vegetation, through
the water column and through the air-water interface. The water is considered to be optically deep if no such measurable
signal is detected [9]. Thus water column optical properties are specially important in aquatic benthic vegetation
detection so as to maximise the signal reflection from the seagrass meadows after correcting for the water column
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attenuation. Even so, whether a benthic vegetation like seagrass can be detected will actually depend on the spectral
optical depth of the water column and brightness and contrast of the vegetation with respect to the seabed.

In this paper, we are dealing with a relatively turbid water body. Our goal is to use a deep generative model on the data
to distinguish seagrass regions from no seagrass regions in the latent space. The non-linearity feature of deep models
gives it an advantage over classical linear machine learning models to capture complex relationships among the features.
Our main objective is to test the suitability of Sentinel-2 imagery for the mapping of seagrass meadows on broadly
shallow but optically deep aquatic habitat in Roskilde Fjord, Denmark.

2 Study site and Data

The site of study is in Roskilde Fjord, Denmark. It is 40-km long and narrow micro-tidal estuary forming four major
basins. It is 10 km wide and has a surface area of 122 km2, a volume of (360× 106m3) and a mean depth of 3 m [10].
The water temperature vary from 0◦C in the winter to 22◦C in the summer. There is a strong hydraulic effect from the
outer boundary where strong western wind events are able to create water levels of up to 170 cm above mean sea level,
although the tidal range only is + 10 cm. There are several small freshwater inputs along the estuary. A large freshwater
source in the inner part is absent which is unusual compared with many estuaries. Water residence is 90 days during
maximum winter runoff [11]. Roskilde Fjord is connected to the estuary Isefjorden and through a narrow strait to the
Kattegat forming the Baltic Sea/North Sea transition zone.

Figure 1: The study site of Roskilde Fjord in RGB channels.

The data used is Sentinel-2 L1C satellite image downloaded from Copernicus open access hub. The level-1C product is
composed of 100x100 km2 tiles (ortho-images in UTM/WGS84 projection). It results from using a Digital elevation
model to project the image in cartography geometry. Per-pixel radiometric measurements are provided in Top of
Atmosphere (TOA) reflectances along with the parameters to transform them to radiances. In Level-1C products, pixel
coordinates refer to the upper left corner of the pixel and they will additionally include cloud masks. Roskilde Fjord
is geographically placed such that a small portion of the upper fjord falls into the adjoining tile. For this paper we
have used the tile number S2B_MSIL1C_20170823T103019_N0205_R108_T33UUB_20170823T103018 as shown in
Figure 1. It is 13 channel multi-spectral data with the following specifications.
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Sentinel-2 bands central wavelength (nm) bandwidth (nm) Spatial resolution (m)
Band 1 - Coastal aerosol 442.7 21 60

Band 2 - Blue 492.4 66 10
Band 3 - Green 559.8 36 10
Band 4 - Red 664.6 31 10

Band 5 - Vegetation 704.1 15 20
Band 6 - Vegetation 740.5 15 20
Band 7 - Vegetation 782.8 20 20

Band 8 - NIR 832.8 106 10
Band 8A - Narrow NIR 864.7 21 20
Band 9 - Water vapour 945.1 20 60
Band 10 - SWIR-Cirrus 1373.5 31 60

Band 11 - SWIR 1613.7 91 20
Band 12 - SWIR 2202.4 175 20

Table 1: Sentinel 2 bands with their corresponding wavelengths and resolution.

Sen2Cor parameters Values
Aerosol RURAL
Mid Lat SUMMER
Ozone h-331

Wv correction 1
Cirrus correction TRUE

DEM terrain correction FALSE
Brdf correction 0

Brdf lower 0.22
Visibility 23
Altitude 0.1

Wv thres cirrus 0.25
Adjacency range 1.0
Wv water mask 1

Table 2: Sen2Cor parameter settings for atmospheric correction.

It has mainly 3 spatial resolutions (10m, 20m and 60m) with different wavelengths for different applications. Ground
truth data in the form of scuba diver video transects have been collected in the form of 14 video transects spread across
the area. Seagrass presence/absence status have been found for those locations using [12] and will be used to verify
the output of segmentation task. The video transects were recorded in first week of September of 2017, and thus the
sentinel-2 product is chosen for last week week of August 2017 to be as close to the ground truth collection day as well
as a clear image with minimum cloud coverage.

3 Data Pre-processing

3.1 Atmospheric Correction

As the 13 bands of Sentinel-2 products do not have the same resolution 1, Solar radiation reflected by the earth’s surface
to satellite sensors is affected by it’s interacion with the atmosphere. The objective of atmospheric correction is to
estimate the true Bottom-Of-Atmosphere (BOA) reflectance values from he Top-Of-Atmosphere (TOA) reflectance by
removing the atmospheric effects. We used the Sen2Cor processor in SNAP for atmospheric correction. The parameters
used are shown in Table 2. This is the first step which must be applied before any other step.

3.2 Resample

All the 13 bands are re-sampled to a common resolution of 10m to get a better spatial resolution.
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(a) RGB image of Atmospheric corrected Data (b) RGB image of Deglint image.

(c) Masking operation

Figure 2: Pre-processing steps visualised after each operation
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(a) Spectral information/ Box plot of each channels on the labelled
data. Red denotes Present seagrass and black denotes Absent.

(b) Variance explained by each Principal components

Figure 3: Preliminary Analysis on the data

3.3 Subset

The next step is extracting a rectangular subset from the sentinel-2 tile which covers Roskilde Fjord sufficiently. The
total size of the subset is 1720 pixels as width and 3200 pixels as height, with each pixel of 10m2 area.

3.4 Deglint

Sun glint is a common phenomena and it essentially refers to the specular reflection of the sun on water surfaces. The
viewing geometry of Sentinel-2 satellite makes it vulnerable to sun glint contamination. We used [13] method which
is incorporated in the Sen2Coral toolbox in SNAP. The basic principle of this method is that it performs a regression
between the NIR brightness and visible bands using a sample set of pixels. This would have been homogeneous if not
for the sun glint, especially in the deep waters. This slope is then used to predict the brightness in the visible band for
other pixels.

3.5 Masking

To focus on the region of interest which is the water body a mask was created to discard land mass. NIR band was used
as a reference band and a suitable threshold chosen to get the desired region of interest.

4 Preliminary Analysis

The masked region of interest consists of 848187 pixels, where each pixel has a resolution of 10m2. Of these 539 pixels
are labelled either 0 (absent) or 1 (present) which is obtained from [12]. It is an un-balanced data where the labelled
data is much smaller than unlabelled data. This makes it suitable for unsupervised machine learning models for the
segmentation task. The labelled pixels will be used as a test set to verify the efficiency of the model.

Figure 3a shows the box plot of all the channels on the labelled pixels. It can be seen from the same figure that the two
classes (Present/Absent) are overlapping on each other in all the channels. The middle channels (5,6,7,8 and 8A) has a
higher standard deviation than the higher channels (9,10,11 and 12). This is expected as higher channels are short wave
infrared wavelengths and they have less water penetration capability. The objective of this analysis to have a calculated
guess on the good channels that has the discriminating power to classify the two classes. From previous similar works,
[7] used 10m bands 2,3 and 4 for the analysis in the Mediterranean as they are all within the visible spectrum and the
water quality is relatively clear. [14] used 60m coastal aerosol band B1 and 10m Blue band B2 to map seagrass in
Aegan sea in Greece. [15] also used 60m band B1 due to its great water penetration capabilities which allowed them
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(a) Projection of data into PC1 and PC2. (b) Projection of data into PC5 and PC10

(c) Projection of data into PC6 and PC8 (d) Projection of data into PC1 and PC7

Figure 4: Principal component projections of color coded labelled data into two dimensional PC space.

to detect seagrass meadows down to 32.2m deep. [16] used the visible spectrum bands B1, B2, B3 and NIR band for
seagrass mapping. As from Figure 3a, there is no clear candidate channel for this application.

A PCA was trained on the labelled data after standardisation which resulted in 13 principal components. From figure 3b
it can be seen that only 2 Pcs can explainmore than 90% of the data variance and 3 PCs can explain more than 95%.
This leads to the conclusion that all the channels are not informative and there is a lot od redundancies in the data.
So the possible number of latent dimension are either 2 or 3. The data was projected in to different combination of
PCs with all the permutations and the best among them are shown in Figure 4 which has a better separability in the
latent space. Projection to PC1 and PC7 gives a little better separability among classes than the rest, but there is still no
clear pattern that emerge from it. This leads to two possibilities. First, linear latent models are not powerful enough to
capture the separability of the data. Second, the data is not informative enough for the classification task. There is no
way to overcome the second problem, but the first problem can be overcame by using more sophisticated non-linear
models from deep learning. Deep learning are neural network based models which allows them to capture complex
non-linear relationships among the features.

5 Deep Generative Model

Generative modelling is a broad area of machine learning which deals with models of distribution P (X), where X
is the input data in some potentially high-dimensional space χ. In the case of this application, each pixel location
in the map of Roskilde fjord is a unique data-point which is comprised of 13 feature values corresponding to the 13
channels. The generative model’s job is to somehow capture the dependencies between the features. What is meant by
’capture’ the dependencies depends on what is required of the task. In this case it is binary classification problem with
two classes: Present and Absent. So the model would be able to generate more data-points from these classes once
trained and the idea is to learn a model P which we can sample from, such that P is as similar to the unknown data
distribution. Training this kind of models are difficult and has been a long standing problem due to the requirement of
strong assumptions about the data structure and also they make sever approximations, which leads to below optimal
models.
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Figure 5: Variational auto-encoder architecture.

5.1 Latent variable models

Latent variable models are the class of generative models which incorporates a hidden (latent) variable in the modelling.
The more complicated the relationship between the features, the more difficult are the models to train. So it is helpful if
the model decides which class(Present/Absent) to generate and then generate the 13 dimensional feature of that class.
This kind of decision is called as latent variable and it is hidden from the model output as it is not know which settings
of latent variable generated that output. The goal is to maximise the probability of the following, where z is the latent
variable.

P (X) =

∫
z

P (X|z; θ)P (z)dz (1)

5.2 Variational Autoencoders

Variational autoencoder have emerged as one of the most popular approaches to unsupervised learning [17], [18] and the
architecture is shown in Figure 5. It has a narrow middle part, which acts as the bottleneck when information pass from
input to the output. This bottleneck is the latent space which captures in principle the low dimensional representation of
the input. It has an encoder (Q-model) which maps the input into the probabilistic latent space, z, by defining the mean
and variance parameters of a Gaussian distribution as non-linear functions of the input data x like:

q(z|x) = N (z|µθ(x), σφ(x)) (2)

which is called the approximate posterior or latent distribution. The parameters µθ(x) (mean) and log σφ(x)
2 (log-

variance) are outputs from a hidden layer each and a decoder (also known as generative, reconstruction or P-model)
which maps the latent space back to the output, which is basically the reconstructed input. Conditioned on samples
drawn from z ∼ q(z|x) in the encoder the input data is reconstructed through p(x|z), which is the conditional likelihood
(generative distribution).

L(x), is denoted the variational lower bound or evidence lower bound objective (ELBO) :

L(x) = Eq(z|x) [log p(x|z)]−KL[q(z|x)||p(z)] (3)

This is the function that we need to maximise, by minimising the negative lower bound. Here the first term on the
R.H.S. is the data reconstruction and the second term the Kullback-Leibler divergence between the approximate and
true posterior distributions which acts as a probabilistic regularizer forcing q(z|x) to be close to having zero mean and
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Figure 6: Model specification of the architecture.

identity variance, like p(z). We have used an architecture with 2 hidden layers along with a Relu activation function for
the non-linearity. The input is 13 dimension and the latent space is 2 dimensions as shown in Figure 6.

6 Results

The results are shown in Figure 7. The model is trained for 50 epochs, with a batch size of 5000. The likelihood loss is
binary cross entropy and the optimiser used is ADAM. The model has been trained on the unlabelled data and tested on
labelled data.

When maximising the ELBO, the probability-distance measure is minimised KL[q(z|x)||p(z)]→ 0 so that q(z|x)→
p(z) = N (z|0, I) for all examples, x. At KL[q(z|x)||p(z)] = 0 variations in x stops having an affect on the latent
distribution and latent units are all described by the same distribution,N (z|0, I), so they produce a noisy output without
signal z = ε to the decoder.

On closer examination of the latent space it shows that both the classes are intertwined with each other and there are no
cluster formation in latent space. More so, the latent space is a standard normal noise. This seem to suggest that the
data is not separable.
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CHAPTER 6
Online Tool for Seagrass Detection

6.1 Motivation

During the period of the Ph.D. study, I came across many collaborators from
academia, industry, and government agencies who were heavily interested in
making seagrass detection easier. These entities, especially the industry, have
multiple projects running that require much data to be collected and analyzed. It
becomes a timeconsuming task to perform the visual coverage estimation man
ually. Meetings with companies like COWI, Rambøll, and DHI led to the realiza
tion that there is a need for such a tool that they can use for efficient analysis of
seagrass meadows. All the research and innovation on seagrass detection and
coverage estimation can not be realized to its full potential if the marine biologists
or the seagrass managers, who are the endusers, cannot use it. There needs
to be an easy user interface that anyone can use, preferably a webbased tool,
which can be easily used for seagrassrelated tasks. This led to the creation of
this webbased interface. All the code for the research is written in Python lan
guage, and the online tool is created in streamlit (www.streamlit.io), which is a
webbased interface for data science projects.

6.2 Stepbystep procedure

The stepbystep working of the tool is described for seagrass detection. Method
1 from paper A (Sengupta, Ersbøll, and Stockmarr 2020) is implemented and
discussed. GMM for seagrass detection and coverage estimation methods will be
added in the future.
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6.2.1 Feature Extraction

Figure 6.1: Feature extraction in process

The first step is feature extraction (Figure 6.1). The user will upload a video file.
Due to the constraints of the browser, each file must be less than 200MB in size.
We used a small subset of Roskilde fjord transect (120_1) for this test case, where
regions with seagrass and no seagrass exist. This is important to have a decision
boundary to discriminate, and a suitable model can be estimated.
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6.2.2 Choosing Feature 1 threshold
The second step is choosing the threshold for Feature 1. This is the only step that
involves the user making an estimated guess, using help from the time profile and
histogram. All the plots generated are user interactive, so the values are visible
when hovered over with the cursor. It is pretty evident from Figure 6.2b that it is a
bimodal distribution, and a decision boundary can be placed at a suitable value.

(a) Time profile with smoothing operation

(b) Histogram of Feature 1

Figure 6.2: Determining Feature 1 threshold
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6.2.3 Estimate threshold of Feature 2 from Feature 1

Figure 6.3: Feature 2 threshold that as the maximum prediction match with Fea
ture 1

The next step is to find the optimal feature 2 threshold, which maximizes the status
prediction match obtained from the feature 1 threshold. This is the step where the
user gives input, and the optimal feature 2 is computed. For the given feature 1
threshold of 260, the optimal value of feature 2 turns out to be 6100. At this step,
the user has two features on which status predictions can be made. The next step
is to combine both of these features.
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6.2.4 Estimate optimal λ

Figure 6.4: Grid search for optimal λ

This step uses a grid search method to find the optimal value of λ. The user
can choose the step size or the resolution of the grid. For a step size of 0.1, the
grid will be created at a resolution of 0.1, between 0 and 1. The numbers in the
grid are the total number of frames where predictions obtained using two different
λ values do not agree, and the goal is to find a neighborhood with a minimum
mismatch. The diagonals are zero as it implies a comparison with the same λ
values. With a resolution of 0.1, the optimal value of λ is 0.8 with six mismatched
frames compared with its neighboring λ. With a finer resolution, a more precise
value can be obtained.
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(a) Feature 1 decision boundary. (b) Feature 2 decision boundary.

(c) Combination decision boundary.

Figure 6.5: Scatter plot visualization of different decision boundaries

6.2.5 Visualization
This step shows the various decision boundaries obtained using Feature 1, Fea
ture 2, and the combination method (Figure 6.5). The plots are all interactive and
can be saved on the computer. Those data points can be inspected more closely,
which lies in the boundary. This will help to go back to the earlier step to choose
a different threshold for feature 1 to get a more calibrated outcome based on the
experimental condition. This can be repeated many times till the best threshold
of feature 1 is found.

92 Towards Automatic Monitoring and Mapping of Benthic Vegetation using Machine Learning



6.2.6 Final Predictions
This final step gives the status predictions using all three thresholds (feature 1,
feature 2, and combination). The status is provided as 0 (absent) or 1 (present)
for each data frame. The data frame can be saved on the user’s local computer
with the click of a button.

Figure 6.6: final prediction of presence/absence status.

There is certainly scope for improvement in this tool. The use of sliders and more
buttons will increase user satisfaction. This is a work in progress, and in the future,
a coverage estimation procedure will be added to it.
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CHAPTER 7
Conclusion and Future outlook
The thesis presents two algorithms (feature fusion and GMM) for seagrass detec
tion and two algorithms (method 1 and method 2) for coverage estimation. The
output of all four methods is validated and matches well with the domain expert’s
estimation of ’ground truth’. The thesis also showed that thesemethods are robust
to noisy data and can detect rare labeling mistakes from a domain expert. The
thesis also addressed the problem of physical interpretation of seagrass present
through GMM clusters. With GMM for the task of detection, the decision boundary
curve obtained as the contour of the probability of present provides a measure of
confidence in classifying a video frame as present. This flexibility can cater to the
human bias in visual estimation by domain experts by quantifying How sure am
I to classify a particular frame as seagrass present?. This information can help
the accuracy of the mechanistic models, which use this seagrass status as their
input. Apart from this, all the methods are also time and costefficient.

The coverage estimated by method 1 is further used to estimate colonization
depth, and the result matches well with the historical data available on this. For
colonization depth estimation, method 2 is unsuitable due to the limitation in reach
ing high and low coverage.

The thesis also showed the validity of the method, especially concerning feature
extraction on data obtained from different site locations and different experimen
tal conditions. Line segment detection as a feature extractor works very well for
marine vegetation with sharp edges, like seagrass.

Feature fusion method for detection and method 1 for coverage estimation are
semiautomatic methods, in the sense that it involves human input in the beginning
to choose the threshold for one of the features. GMM and method 2, on the other
hand, are automatic methods in the sense that the predictions do not require any
human intervention. There are pros and cons to both approaches. A genuinely
accurate automatic method would require many data. In realworld experimental
setups, such a high volume of data is usually absent, due to which the automatic
methods will always have scope for further improvement. On the other hand,
semiautomatic methods can get away with this problem using humans in the loop.
A domain expert’s vast knowledge can not be replaced by an algorithm truly, but
they can work together to achieve something they cannot achieve individually.

Satellite image analysis showed the challenges involved in seagrass detection for
an optically deep water body. It is not about the complexity of the model but the
separability of the classes. Further preprocessing steps need to be developed
for such exceptional cases. Preprocessing routines that work well on transparent
clear waters do not have the same effect on optically deep water bodies. If the
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data is separable, then the status obtained from video transects can be used as
ground truth to expand to other unknown regions using semisupervised learning
methods.

The analysis done in this thesis leaves room for many exciting possibilities. One
such possibility is Line Segment Detection (LSD) for pseudo labeling of video
frames. One of the main bottlenecks of deep learning on seagrass detection/esti
mation is the lack of a sizeable labeled data set. Some attempts have been made
in the last couple of years to manually annotate seagrass video frames with poly
gons, which is a novel attempt but has its limitations due to the coarse nature of
the polygons. We have seen that seagrass with its sharp edges can be repre
sented and discriminated by an edge detection algorithm. LSD is one such, but
other methods like the Gabor filter could be equally valuable for feature extraction.
These edges can be used to train a Convolutional Neural Network or something
similar. This also leads to another possibility of using transfer learning of pre
existing seagrass detection models using edge detection as labels. This way, the
models can be finetuned to regionspecific conditions.

Can a global model of seagrass detection possible ?

A detection model that can work well for any environmental condition is hard to
achieve, primarily due to the lack of data from different regions worldwide due to
data privacy being a significant issue. Federated learning is a new concept that
can alleviate this problem, where only the model parameters are pooled rather
than the data itself. This might lead to a universal model for seagrass detection
that works well in any geographic location and thus helps in contributing towards
the climate crisis solutions.
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APPENDIX A
Supplement materials
A.1 Red noise generator

1 %% Red noise generation code
2

3 def red_noise(rho, sd, y):
4 sd_new = np.sqrt(sd*sd*(1-rho*rho))
5 eta=np.random.normal(0,sd_new ,2*len(y))
6 epsilon=eta
7 for i in range(1,2*len(y)):
8 epsilon[i]=rho*epsilon[i-1]+eta[i]
9 epsilon=epsilon[len(y):2*len(y)]

10 return(epsilon)

Listing A.1: Red noise generator code in python

Figure A.1: White noise vs red noise with ρ = 0.8
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