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Abstract

Seagrasses provide USDS$2.28 trillion in annual ecosystem services, with US$169 million
arising solely from blue carbon sequestration, the absorption and storage of carbon emissions
from these coastal vegetated ecosystems. Unfortunately, 51,000 km? or 29% of the known
global seagrasses were lost between 1879 and 2006. The best global seagrass map is an
assemblage of known areas since the 1930s. With growing interests in blue carbon, a
standardised approach to map seagrass is needed. Aquatic remote sensing introduces the
water column as a second medium and other aquatic-specific challenges. Solutions include
the computationally expensive physics-based or analytical approach, which is less
data-dependent than the conventional statistical approach, or the hybrid semi-analytical
approach which combines the strengths of both. Fortunately, the advent of cloud computing
services such as the Google Earth Engine (GEE) brings easy access to computational power.
This study aims to implement a semi-analytical approach on GEE to map seagrasses in
Mozambique. A forward Hyperspectral Optimisation Process Exemplar (HOPE) model based
on Sentinel-2 was implemented and supplemented by a bathymetry log-linear regression and
published intrinsic optical properties of water (IOPs) values and/or equations. Support Vector
Machine and Random Forest were used for classification. Support Vector Machine produced
the best areal estimate of 3518.37 km? with a seagrass producer’s accuracy of 51.02%, a
seagrass user’s accuracy of 65.79% and an overall accuracy of 60.27%. The best bathymetry
estimate featured an R? of 0.68. Although there was no validation for IOPs, external validation
showed that the total absorption had less than 25% difference from the Case-2 Regional /
Coast Colour (C2RCC) processor. While requiring further improvements, this model has shown
potential for seagrass mapping, especially in remote or understudied regions, and is a step

towards a global seagrass map.

(287 words)

Keywords: Seagrass, Distribution map, Mozambique, Google Earth Engine, HOPE,

semi-analytical, Sentinel-2, cloud computing
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1. Introduction

1.1. Seagrass meadows - an inconspicuous habitat under threat

Seagrasses are aquatic flowering plants that grow in coastal and marine environments,
providing as much as USDS$2.28 trillion in ecosystem services annually (Davidson et al., 2019).
Their so-called blue carbon sequestration service based on the storage of carbon dioxide in
the form of plant matter was evaluated at almost US$169 million (Luisetti et al., 2013). They
also trap and bind sediments, which reduces the sediment load in the water. This has a
two-fold benefit of stabilising the bottom substrate as well as purifying the water (Duarte,
2002). In turn, these benefit the adjacent coral ecosystem which is deeper and therefore
requires clearer waters for greater light penetration into water (Purvaja et al., 2018). Excess
production is exported in the form of nutrients to the production deficit ecosystems such as
coral reefs, which both helps with sustaining the adjacent ecosystem and further contributes
to blue carbon storage beyond the seagrass meadows (Duarte & Cebridn, 1996). Seagrass
meadows are also a habitat and nursery to many marine species, including those of high
commercial value (Nordlund et al., 2016). Five of the top 25 most commercially fished species,
including the top and sixth on the list, are reliant on healthy seagrass habitats, which also
contribute to 20% of the global commercial fish production (Unsworth et al., 2019b). In the
Mediterranean, this increases to 30—40% despite seagrass meadows constituting only less
than 2% of its cover (Jackson et al., 2015). As a primary producer, seagrasses are a food source
for marine herbivores such as green turtles and the critically endangered dugong (Nakaoka &
Aioi, 1999; Preen, 1995; Sheppard et al., 2007). Larger species of seagrasses do also provide

a certain degree of wave attenuation which contributes to coastal protection (Duarte, 2002).

Unfortunately, seagrass habitats are under threat from many sources, both natural and
anthropogenic. The most major threats are sedimentation and water pollution, such as waste
water effluent or run-offs which reduces light penetration in water (Duffy et al., 2019; Fortes,
2018; Grech et al., 2012). Without light, the photosynthetic seagrasses are less likely to
survive (Purvaja et al., 2018). Similarly, coastal eutrophication or algal blooms threaten
seagrass through light obstruction (Purvaja et al., 2018). Meanwhile, coastal development
threatens seagrass by either partially or fully replacing these seagrass meadows with urban
structure (Fortes, 2018; Grech et al., 2012). Seagrasses are also affected by climate change
and other environmental changes (Grech et al., 2012). A heatwave in 2011 directly resulted
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in the loss of 22% of the seagrass meadows in Shark Bay, Australia, which led to a sharp
decrease in water quality and a loss of at least 4 Mg C ha! in blue carbon stock within only a
few years (Arias-Ortiz et al., 2018). On a local level, harmful fishing or boat practices, seaweed
farming and even coral sand mining undermines seagrasses (Grech et al., 2012; Unsworth et

al., 2019a, 2018).

While seagrasses have only recently started to recover in Europe (de los Santos et al., 2019),
the global seagrass trend elsewhere is declining. Between 1879 and 2006, about 51,000 km?
or 29% of the known global seagrass meadows were lost (Waycott et al., 2009). Despite their
strong protection policies, Australia experienced a 2-40% loss in their monitoring sites
between 2009 to 2014 (Evans et al.,, 2018). In regions where seagrasses have been
understudied, such as Africa and Southeast Asia, any losses in seagrass meadows are
unaccounted for (Fortes et al., 2018; Nordlund et al., 2016; Waycott et al., 2009). This poor
data availability is a legacy issue, stemming from a history of scientific and funding neglect
(Duarte et al., 2008; Unsworth et al., 2019a). Even now, the current best extent map of
seagrass is an assemblage of known seagrass areas since the 1930s (UNEP-WCMC; Frederick
T Short, 2017). With new seagrass meadows still being discovered in the last few years
(Esteban et al., 2018; Tyllianakis et al., 2019), it is strongly indicative that there are still many

knowledge gaps in basic information such as the global distribution of seagrasses.

Fortunately, the value of seagrass has gained international acknowledgement in recent years
(Duffy et al., 2019). Many international organisations such as the Ramsar Convention on
Wetlands have also begun to increase their efforts in seagrass research and conservation
(Duffy et al., 2019). Still, most conservation programmes operate independently or are
focused on only a small scale in space and time (Duffy et al., 2019). Even countries with a
traditionally stronghold in seagrass research have yet to fully capitalise the strength of remote
sensing to monitor seagrasses over large space and time (York et al.,, 2017). With the
increased interests in national blue carbon stocks, it is thus necessary for a global
standardised approach for seagrass mapping and monitoring (Traganos et al., 2018), to better

index seagrass distribution (Duffy et al., 2019).
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1.2. Applying remote sensing to seagrass research

With over a wide range of remote sensing methods such as hyperspectral and multispectral
optical imagery, acoustics surveys and Light Detection and Ranging (LiDAR), remote sensing
has contributed much to seagrass research (Hossain et al., 2015; Phinn et al., 2018). The freely
available multispectral Landsat series and Sentinel-2 satellites have been a very popular
choice for seagrass mapping (Dierssen et al., 2019; Kovacs et al., 2018; Topouzelis et al., 2018;
Traganos et al., 2018; Yang & Yang, 2009). By integrating field photography with high spatial
resolution optical images and in-situ above ground biomass data, Roelfsema et al. (2014) was
able to map seagrass species and biomass over several time periods to obtain seagrass
composition, biomass and their changes over time. Using a combination of optical imagery
and a published model for post-disturbance soil carbon loss, Arias-Ortiz et al. (2018) was able
to estimate the amount of seagrass and carbon stock over more than 10 years. Similarly, Yang
& Yang (2009) created a model comparing semi-analytical model-derived Normalised
Difference Vegetation Index (NDVI) values to the Leaf Area Index (LAI), which was then used
to detect and monitor the seagrass meadows of Hainan, China, over 15 years. While such
mid- to long-term studies are uncommon, they provide much spatial and/or temporal
coverage that would have demanded a tremendous amount of labour and resources by
conventional fieldwork to match the same coverage (Duffy et al., 2019). Poursanidis et al.
(2019) have also explored the use of the Sentinel-2 coastal aerosol B1 band to detect subtidal
seagrasses up to a depth of 32.2 m, which extends the possibility of mapping deeper
seagrasses on a large scale using readily available optical imagery. Operating closer to the
seagrass ecosystems, drones, aerial and sonar campaigns have also mapped seagrasses with
great accuracy (Evans et al., 2018; Tyllianakis et al., 2019). Since seagrasses are not only found
in clear waters, Dierssen et al. (2019) used the hyperspectral Portable Remote Imaging
SpectroMeter (PRISM) to map seagrasses in turbid waters, which is much needed in many
parts of the world. Beyond basic distribution maps, there were some successes in
distinguishing between the various seagrass taxonomic groups using high-resolution
multispectral optical imagery in Thailand (Koedsin et al., 2016) and Indonesia (Wicaksono et
al., 2019; Wicaksono & Lazuardi, 2018); and both freely available and high-resolution
multispectral optical imagery in Australia (Kovacs et al., 2018). With advances in satellite

imaging technology such as sensors with better water penetrating bands as well as
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hyperspectral satellites, remote sensing will continue to contribute in many new ways to

seagrass research (Hossain et al., 2015).

While remote sensing contributes much, it has its limitations. There are many sources of
freely available satellite images of various resolutions, such as the recent Sentinel-2 with a
good spatial resolution of 10 m (Hossain et al., 2015; Kovacs et al., 2018; Phinn et al., 2018).
As the better resolved images generally produces either more accurate outputs or have more
diverse applications (Kovacs et al., 2018; Yang & Yang, 2009), depending on the needs of the
study, one might be compelled to acquire their images from commercial sources such as the
Worldview series images. Airborne images, LiDAR and aquatic sonar-based campaigns may
also be used to acquire better resolved images, but such campaigns usually involve hefty costs
and much more labour-intensive (Evans et al., 2018; Tyllianakis et al., 2019). Furthermore, all
remote sensing approaches alike are susceptible to the effects of the environment, such as
cloud, sun glint, turbidity or tides, which may either impair the quality of the optical-based
images and consequently their outputs, or fully obscure the desired areas of interest (Kovacs
et al., 2018; Phinn et al., 2018). While the standard course of action is to rely on non-optical,
complementary approaches such as the selection of radar-based satellites to circumvent the
issue of cloud or atmospheric obstruction as well as the sonar as the aquatic equivalent, the
former do not penetrate into water and thus cannot be used to detect underwater objects
while the latter is expensive as aforementioned (Hossain et al., 2015; Phinn et al., 2018).
Another issue specific to aquatic remote sensing is the optical limit of light in deep waters,
which is a physical limit that hampers the detection of deeper seagrasses (Poursanidis et al.,
2019). While this might be resolved by adding sensors of specific wavelengths that have a
good aquatic penetration to the satellites or airborne carrier, its successful application to
seagrass detection will depend on the available selection of bands — both quantity and the

choice of wavelengths (Hossain et al., 2015; Phinn et al., 2018).

Currently, there are many approaches to manage or mitigate such environmental and physical
limitations, such as the plethora of correction methods available, the application of a
multitemporal composite or a physics-based, analytical model (Hossain et al., 2015; Phinn et
al., 2018). In particular, the analytical model attempts to account for various important
parameters to correct for the effects of the atmosphere and water column to obtain the

required reflectance values (Lee et al., 1998b). This reflectance output could then be used in
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conjunction with a spectral library to identify the pixels without any validation data
(Wicaksono & Lazuardi, 2018). However, these numerous calculations and calibrations to the
local environment form a high barrier of entry for the analytical approach (Kerr & Purkis, 2018;
Lee et al., 1998b). A compromise between these methods is the semi-analytical approach,
which is based on the analytical approach but uses either approximation or statistical
methods to substitute the much needed physical variables (Odermatt et al., 2012; Traganos
& Reinartz, 2018). Furthermore, if ground truth data are available, conventional statistical

classification can also be used on the derived reflectance values (Traganos & Reinartz, 2018).

Once the relevant and useful images are acquired, the next hurdle is the computational needs
of data processing, especially if it is a large-scaled study that involves large number of images
(Kerr & Purkis, 2018; Mutanga & Kumar, 2019). Such computational resources are uncommon
and usually out of reach of many developing nations (Kumar & Mutanga, 2018) where the
application of remote sensing to seagrass research is generally nascent (Duffy et al., 2019).
The limited computational powers would only be further exacerbated should a physics-based
model be used, as a popular calculation approach for such models is optimisation, which
involves numerous iterations over each pixel to derive the best set of spectral values and is

thus very computationally expensive (Gege, 2014; Kerr & Purkis, 2018).

With the advent of cloud computing, anyone is now able to have unprecedentedly easy access
to powerful computer clusters, such as the online cloud computing platform Google Earth
Engine (GEE), thereby having greater capabilities to map habitat on larger scales (Gorelick et
al., 2017; Mutanga & Kumar, 2019). There are already several global scale surface land cover
or habitat maps such as the intertidal areas (Murray et al., 2019). Naturally, the next goal is
to implement a global scale map for seagrass habitats (Traganos & Reinartz, 2018). In order
to achieve this goal, local scale studies are required to investigate and validate the seagrass
mapping methods to be used for upscaling. Traganos et al. (2018) have implemented a
conventional statistical-based approach on GEE to map the seagrasses of Greece, whose
waters are characterised by a very narrow tidal range and generally clear waters. Naturally,
such conditions are not found in many other parts of the world where seagrasses exist, and
thus there is a need to design, scale and implement seagrass mapping methods that can be

applied globally (Traganos & Reinartz, 2018).
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1.3. Study Objectives

As part of a larger goal to account for national blue carbon stock in the East African region,
this study aims to map the seagrasses in Mozambique. While there has been previous
seagrass research in the Mozambican region (Bandeira et al., 2014; Green et al., 2003), the
East African region has been historically a knowledge gap in seagrass research (Bandeira &
Bjork, 2001; Green et al., 2003). The paucity of ground truth data in this region has created
difficulties for conventional statistical approaches which require auxiliary data for training and
validation (Kerr & Purkis, 2018). However, data unavailability is not a barrier for analytical
approaches, which only require the image spectral values for calculations (Odermatt et al.,
2012). For the East African region, the hybrid semi-analytical method is a good compromise,
as it provides the option to first test and calibrate the model to the region prior to its regional
application. Given the information on Mozambican seagrass, this is an ideal natural laboratory

to investigate use of the semi-analytical approach to map seagrass in East Africa.
Therefore, the aims of this study are:

(1) To implement a semi-analytical model to map seagrasses in Mozambique on the cloud
computing GEE platform using Sentinel-2 imagery,

(2) To estimate the seagrass area in Mozambique,

(3) To obtain the intermediate Satellite-derived Bathymetry (SDB), the total optical

absorption of water and bottom reflectance from the same model.

This thesis is structured into six chapters. Chapter 2 provides a literature review of the aquatic
remote sensing theories and application relevant to this study, Chapter 3 introduces the study
area and methodology, Chapter 4 reports the results, Chapter 5 elaborates on the discussion

and Chapter 6 summarises the main findings in a conclusion.

Introduction 6



2. Literature Review

2.1. Aquatic Remote Sensing

Since the seagrass meadow is an aquatic habitat, an aquatic remote sensing approach instead
of the conventional terrestrial remote sensing is required. Owing to the lack of penetration
by radar frequencies into water, aquatic remote sensing is largely dominated by optical
sensors, sonar and LiDAR (Hossain et al., 2015). Besides the atmosphere, the aquatic medium
has an additional influence of the water on light reflectance (Lee, Carder, Mobley, Steward,
& Patch, 1998). Conventional empirical methods create a statistical relationship between the
image spectral measurements and the training dataset without addressing any physical
phenomenon such as the attenuation of light in water. Meanwhile, analytical methods derive
the bottom reflectance through the radiative transfer theory, which involves modelling the
simplified path of light from the source to the sensor and then trying to invert and deduce the
values of all the variables based on the final spectral values of an image (Dekker et al., 2011;
Odermatt et al., 2012; Phinn et al., 2018). While the former method has been used to map
seagrasses (Traganos et al., 2018), its need for training data renders it less useful in areas
without them, such as remote or understudied areas. The same restriction does not apply for
the analytical approaches, as inversion relies only on the spectral values to deduce the values

of the input variables (Kerr & Purkis, 2018).

2.2. Radiative Transfer Theory

Since the radiative transfer theory tries to account for the light path from source to sensor,
there are two mediums to consider — air and water. The interaction of light in the air column
is the same as conventional terrestrial remote sensing and thus will not be covered here.
There are two other interactions, namely the interaction of light as it travels between air and
water, and the interaction of light within the water column. Figure 1 illustrates these light

interactions with the air and water medium, which will be further elaborated on in this section.

When light reaches the surface of a water body, most of the light will penetrate into the water,
although some light is reflected off the water surface (Austin & Petzold, 1981). Depending on
the position of the light source and the sensor, some of the reflected light may be directed at
the sensor, resulting in light pollution known as sun glint (Phinn et al., 2018). Furthermore,

light refracts when travelling between mediums of different densities, namely water and air,
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further causing changes to the light path (Phinn et al., 2018). All these reducing effects on
light that reaches the sensor is known as the diffuse attenuation coefficient (Austin & Petzold,

1981).

Once the light is underwater, the radiative theory assumes that the return signal from the
water is a summation of signals from both the water column and the bottom (Lee et al.,
1998a). During the process of travelling down to the bottom (downwelling) and back up
through the water column (upwelling), light scattering and absorption occur causing
attenuation or the loss of light energy (Lee et al., 1999). While there is a small amount of
downwelling light backscattered in the direction of the sensor, it is not comparable to the loss
of light energy from the attenuation of the upwelling light. Furthermore, the light reflected
off the bottom is usually the dominant contribution to the light signal (Bostater & Rotkiske,
2018; Maritorena et al., 1994), which therefore allows for the bottom reflectance to be
derived from a satellite image (Figure 2). The advantage of working with bottom reflectance
rather than the other reflectance levels is that the bottom reflectance is the same globally

and unaffected by local environmental conditions (Hochberg et al., 2003).

Since light attenuates exponentially as it travels further into the water, in waters that are

sufficiently deep, light will be extinguished before it can complete its journey to the bottom

Figure 1. A simplified illustration of the light pathway and various sources of light loss when light travels to
the bottom of the water body and then to the satellite sensor.
Image taken from Phinn et al. (2018).
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and back, leading to a total absence of signal contribution from the bottom. Meanwhile, the
backscattering of downwelling light from the water column still occurs, resulting in a low
signal return. This is known as the optically deep water. While the bottom cover is no longer
obtainable from these deep water pixels, useful water column information such as
phytoplankton concentration and substrate suspension in the water column can still be
derived (Lee et al., 2002, 1998b; Wei et al.,, 2019). Also, different wavelengths of light
attenuate at different rates, thus have different penetration in the water column (Lyzenga,

1978), which can be exploited for purposes such as atmospheric correction (Siegel et al., 2000)

o Top of atmosphere
reflectance

Atmospheric model

Above surface
reflectance

u
: Below surface
> reflectance

Water column model
based on IOPs

Above canopy
reflectance

3-dimensional canopy model

Figure 2. A stepwise illustration of how an analytical model would correct the upwelling reflectance values L,
recorded by the sensor, adapted from a scheme for a LiDAR sensor. Although the end product is a 3D model,
this is conceptually applicable to a 2D image.

Image taken and adapted from Hedley et al. (2016).
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and depth estimation (Lyzenga et al., 2006). As such, optically deep water pixels are the ideal
location for performing sun glint corrections as well as disentangling the attenuation effects
of the water and atmospheric columns, as there is a lack of bottom reflectance interfering

with the calculations (Su & Huang, 2019).

Another factor that affects the light pathway underwater is the clarity or turbidity of the water.
Suspended particles in water can generally be classified as phytoplankton, detritus or
coloured dissolved organic materials (Sosik, 2008). These particles as well as the water
molecules themselves will physically interact with the light and contribute to the intrinsic
optical properties of water (IOP), which are the light-influencing properties of water that
remains constant regardless of sensor angle (Kirk, 1984). Phytoplankton also absorb light
energy for photosynthesis (Sosik, 2008), which further accelerate the extinction of light and
limit the reception of bottom signals to shallower depths. Meanwhile, all particles contribute
to a small amount of backscattering, so backscattering is increased in more turbid waters
(Sosik, 2008). Furthermore, in severely turbid waters, the absorption and backscattering does

not fit with the standard absorption and backscattering models (Whitlock et al., 1981).

When light travels from water to air en route to the sensor, some light is again reflected off
the surface of the water downwards while the rest of the light is refracted again (Phinn et al.,
2018). The remaining light is then under the effects of atmospheric attenuation before it

reaches the sensor (Figure 1).

2.3. Application of the radiative theory to aquatic remote sensing
2.3.1. The pragmatic need for simplification

The radiative theory attempts to account for light-influencing variables in order to invert and
calculate the bottom reflectance value from the final image spectral value, which can in turn
be used to identify the bottom cover (Lee et al., 1999). In practice, there are too many
variables for consideration and some of the variables require sophisticated measurements
beyond current technological capabilities or highly complicated equations that would
ironically deteriorate the inversion (Lee et al., 1998a). As such, it is necessary to simplify the

models based on the radiative theory (Odermatt et al., 2012).

Much simplification was based on ex-situ spectrometer studies, which provided standard

constants such as the absorption and backscatter of water particles (Austin & Petzold, 1981;

Literature Review 10



Bricaud et al., 1981; Morel, 1974; Zhang & Hu, 2009). Besides constants, simplification can be
achieved by approximations based on empirical research (Lyzenga, 1981; Stumpf et al., 2003).
This involves creating empirical constants and equations to describe the physical
phenomenon, which will then be applied to another area by either assuming direct
transferability of the equation(s) or recalibrating the model to the conditions of the new study
site (Austin & Petzold, 1986; Lyzenga et al., 2006; Stumpf et al., 2003). To a lesser extent, this
statistical approach is a small-scale empirical approach for acquiring the unknown variables.
As such, its integration into an analytical model will produce a hybrid semi-analytical model
(Kerr & Purkis, 2018). Finally, variables that contribute very little to the final outcome may be

ignored or approximated into another variable (Lee et al., 1998a).

There are several analytical models for aquatic remote sensing. Initially developed using
hyperspectral sensors to identify the important wavelengths (Lee et al., 1998a; Lyzenga, 1981),
the analytical model has been adapted in recent years to the various free-to-use satellite
sensors, such as Landsat and Sentinel-2 (Misra et al., 2018; Poursanidis et al., 2019). As many
of the models originate from a few core literature (Lyzenga, 1981, 1978; Maritorena et al.,
1994), the required input variables or parameters are generally similar across the various
models, namely the absorption and backscatter |I0Ps, the depth of the water column and the
bottom reflectance, as well as the image spectral measurements (Dekker et al., 2011). This
study is based on the Hyperspectral Optimisation Process Exemplar model by Lee et al. (1999,

1998a).

2.3.2. Hyperspectral Optimisation Process Exemplar (HOPE) - a popular model for

aquatic remote sensing

The Hyperspectral Optimisation Process Exemplar (HOPE) model is developed for deriving the
various parameters in shallow waters, and based on the Hydrolight model (Brando et al., 2009;
Lee et al., 2001). HOPE employs the inversion or optimisation method, which, given a set of
input model equations and an error equation, uses a mathematical process that tries to
minimise the output of the error equation while simultaneously fine-tuning the values of the
input parameters to invert and identify the best set of parameters for the model (Brando et
al., 2009; Lee et al., 1998a). For simpler equations, this method is usually very accurate.
However, with greater complexities such as polynomial, logarithmic, or exponential equations,

there might exist more than one mathematically sound set of parameters. In order to obtain
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a physically realistic set of parameters, it is crucial to select reasonable starting values as well
as optimisation hyperparameters. Optimisation is also computationally intensive as it will
iterate over a pixel many times, thus may not be reasonably suited for larger spatial scales or
if one does not have access to much computing power (Dekker et al., 2011; Kerr & Purkis,

2018).

Should one choose not to pursue the optimisation method, then the standard forward model
has to be implemented. The input variables have to be derived separately in order to reduce
the number of unknown variables in HOPE (Su & Huang, 2019). As the desired product is the

bottom reflectance, the remaining unknown variables are the water depth and IOPs.

2.3.3. Using optical imagery to obtain bathymetry

Lyzenga (1981, 1978) proposed a log-linear model that capitalises on the constant but
different rates of attenuation between wavelengths to create a relative depth index, known
as the Depth Invariant Index (DII). As such, within the same bottom cover, the relationship
between two logarithmic-transformed bands is linear, which can then be exploited to
estimate the relative depths between points (Figure 3). Subsequently, the model can be
calibrated with auxiliary bathymetry data, to calculate the true depth (Lyzenga et al., 2006).
The drawback is that it is based on several assumptions which might be too basic and not
reflective of the complex water column and thus many variants of these models have tried to
rectify one or more of the basic assumptions (Figueiredo et al., 2016). For example, the band
ratio model by Stumpf et al. (2003) is a non-linear approach that uses an empirically derived
model to calibrate a band ratio equation to estimate water depth in an area (Caballero &
Stumpf, 2019), while Figuerodo et al. (2016) tried to address the non-homogeneity of the
water column’s optical properties by integrating a regularisation theory into the model.
Despite these various attempts to improve the basic model, Figuerodo et al. (2016) expressed
uncertainty that their model would outperform the basic log-linear model in all situations, Su
et al. (2008) found that similar overall performances between the linear and non-linear
models despite non-linear models having slightly more accuracy. Given its simplicity and
on-going relevance, the conventional log-linear model is a good pilot approach to deriving the

bathymetry from optical imagery.
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Figure 3. Scatterplot of the logarithmic-transformed blue and green bands at Cancun, Mexico. The red points
are between 2—-4 m in depth, green between 6—8 m, and blue between 10-12 m. The black lines indicate the
predicted graph positions for a specific depth. As the data contain points over different types of bottom cover,
some of the variations in point scatter were due to the slightly different reflectance values of the bottom
cover rather than the depth itself. Despite the variation, a clear linear relationship can be detected, separated
by the depth groups.

Image taken from Lyzenga et al. (2006).

2.3.4. Deriving the optical properties of water

There are two types of optical properties of water: apparent and intrinsic. Apparent optical
properties of water (AOPs) are detectable measurements of water that are based on the
influence of both light and water, in particularly the angle of light to the water surface (Kirk,
1984). Intrinsic optical properties of water (IOPs) are only based on the water column, such
as the scattering coefficient and the light attenuation coefficient (Kirk, 1984). To illustrate,
regardless of the properties of the light, the proportion of light scattered or absorbed by a

water column will remain the same, as such they are only dependent on the water and its

contents.
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The HOPE model is based off IOPs, namely the total absorption and total backscatter
coefficients. Unfortunately, IOPs are not easily measured owing to the influence of light in
real world conditions confounding the measurements of the water column (Gege, 2014; Lee

et al., 1998a). As such, these I0Ps usually need to be derived.

Common methods to derive IOPs include using an empirical model or approximation equation
(Lee et al., 1998b; Ligi et al., 2017), look up table (Wei et al., 2019), machine learning methods
(Brockmann et al., 2016), or empirical constants that were calculated based on ex-situ
measurements of the water column (Bricaud et al., 1981; Morel, 1974). The first two methods
involve using empirical data to validate a set of equation(s), before applying the generalised
model or equation to other study areas by assuming direct transferability (Lee et al., 1998b;
Ligi et al., 2017). The look up table and the machine learning methods relies on using a very
large amount of data to set up a reference system or a model to identify the IOPs (Brockmann
etal., 2016). While they have more transferability owing to their dataset providing many more
environmental conditions than a more basic empirical model, the need for a very large
dataset limits this approach. Meanwhile, the most commonly used ex-situ measured IOPs are
the absorption and the backscatter of the water particles in the water column (Morel, 1974).
Although it is the simplest and easiest method as additive properties of IOP coefficients allow
each IOP to be easily summed up (Mobley et al., 2004), not all IOPs can be constants as some
are dependent on the water quality of each study area (Lee et al., 1998a). As such, the best
pilot approach would be to use a mix of known IOP constants and approximation equations.
Furthermore, while it is generally difficult to distinguish between the absorption coefficient
of gelbstoff and phytoplankton, Lee et al. (1998b) provided an approximation formula for the
total absorption coefficient, thereby bypassing the issue of needing to derive each component

separately.

2.4. The power and limitations of cloud computing

As a data cube on a cloud platform, GEE provides great parallel computing resources to
perform large scale geospatial and temporal analyses in almost an instant without cost. It
involves two systems — a server-side system that is the online cluster of computers in the GEE
cloud server and the client-side system which is the local computer (Gorelick et al., 2017).
While the scripting and commands are done and sent from the local computer, the bulk of
the heavy computing is outsourced to the cloud server and the results returned to the local
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computer. This offsets most of the computational strain from the local computer to the cloud
server, allowing one to easily run complex and large-scaled analysis with only simple
computer and an internet access (Mutanga & Kumar, 2019). Furthermore, when saving
output into either the online asset or the Google Drive for downloading, once a task has been
successfully sent to the cloud server, the GEE cloud server will take over to process the task
fully. The local computer is free to execute other programmes or scripts without competing
for computer resources for any of the processing, and can even be disconnected from the

internet or powered off.

Naturally, there are imposed limitations on the user to avoid user exploits or abuses that may
overload the system and in turn deny the service to other users (Gorelick et al., 2017). This
GEE usage quota is a major factor that recurs constantly in many different practical
restrictions, such as the need for an image composite, the adaptation from an optimisation
model to a forward model and a limit on the number of training data for classification. Much
of the scripting design is a balance of achieving the scientific aims and circumventing this

imposed user limit.

Certain processing methods such as cloud masking consume many resources and would thus
exceed the GEE limits when upscaled to large datasets. For example, there are more than
4000 valid images for the coastal seascape of Mozambique. A user request to atmospherically
correct all 4000 images would be very resource-intensive and exceed the imposed usage
guota. Toresolve this, the image is aggregated by composition. The result is an artificial image
that does not have much valid or coherent metadata such as the satellite look angles and
which pixels are not truly related to its spatially neighbouring pixels and spectral counterparts.
Nevertheless, owing to a statistical approach for image composition, the resultant image is

still generally representative and can be further processed geospatially.

As part of its approach to be efficient, GEE is designed to be based on vectorisation and thus
does not work on a pixel-based approach (Gorelick et al., 2017). However, inversion is a
pixel-based approach method rather than a uniform image-based calculation (Klonowski,
2007). Furthermore, the intense computational power required by inversion easily exceeds
the imposed GEE usage quota (pers. obs). In order to adapt the semi-analytical model for GEE,
it was revamped as a forward model. This necessitated the use of alternatives to derive other
variables, namely the SDB and the IOPs, which have been covered in the previous sections.
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Similar to the software R, GEE manages a polygonal training data input by converting them
into points and then using each point as an independent input (pers. obs.). As such, there will
be spatial autocorrelation between points of the same polygon. Furthermore, it inflates the
amount of input data and may cause the user to reach the usage quota quicker. This means
that the training polygons drawn should be small as well as contain a similar number of pixels
within each polygon for all classes. Therefore, the easiest option to manage the vector data

for training and validation is to use points instead of polygons.
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3. Methodology

3.1. Study region

Mozambique is located in East Africa, about the longitudes of 35° East and 20° South

(Figure 4). It has a coastline of about 2500 km which consists of mangroves, seagrasses and

coral reefs (Green et al.,, 2003). Tidal patterns along the shores of Mozambique are not

consistent, with the central region having twice the tidal range as compared to other regions

(Sete et al., 2002). The seagrasses of Mozambique belong to the Indo-Pacific biosphere. At

least fourteen species of seagrasses are known here, including the recently discovered

Thalassodendron leptocaule (Bandeira et al., 2014; Bandeira & Bjork, 2001; Green et al., 2003).

While the whole Mozambican seascape is the study area, three focus sites, namely Quirimbas

National Park (QNP), Beira and Maputo, will be used to illustrate the analyses in this report.

These three sites are also representative of the three different coastal regions described by

Green et al. (2003).
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Figure 4. Map of the Mozambican seascape area, demarcated in red. Three subsites were selected to

represent the three different types of coast — the rocky limestone coast of Quirimbas National Park, the

estuarine coast of Beira and the sandy coast of Maputo.
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Although the East African seagrass research has been historically a knowledge gap, some
seagrass research has been conducted in Mozambique, such as Maputo (Bandeira et al., 2014;
Green et al., 2003). Mozambique is thus a natural choice to develop and validate a seagrass

mapping algorithm specific to this region.

Quirimbas National Park is located in the Quirimba Archipelago, which is dominated by rocky
limestone (Green et al., 2003). Ten species of seagrasses can be found in this region, including
the larger Enhalus acoroides and Thalassodendron ciliatum (Green et al., 2003). This region is
highly dependent on seagrass fisheries for sustenance and survival (Green et al., 2003). Based
on tidal station records from a grey literature, the tidal range at Pemba Port, QNP, is 0.25—

4.4 m and the mean sea level is 2.25 m (Sete et al., 2002).

Beira is located in the estuarine region, which was not observed to be abundant in seagrass
(Green et al., 2003). During the study, it was noted that the waters at and around Beira were
highly turbid. It is further assumed that these turbid waters would suppress the growth of
seagrasses by limiting the available sunlight in the water (Purvaja et al., 2018). Thus, this is a
good site to examine for possible false commissioning. The tidal range is 0.6—7.3 m and mean

sea level is 3.56 m (Sete et al., 2002).

Substantial seagrass research has been done in the Maputo Bay, thus providing good ground
information about the seagrass there (Bandeira et al., 2014). Nine species of seagrasses are
present here, most of which are small-leaved. The bulk of the meadows is located near the
Inhaca and Portuguese Islands. While not as turbid as Beira, some turbidity is present due to
the large volume of river runoff from the Maputo and Incomati rivers (Markull et al., 2014).
Consequently, there is no consistent mean sea level at Maputo, as much of the water level is
determined by the precipitation and runoff from the rivers (Sete et al., 2002). The tidal range
at Maputo is 1-4 m (Canhanga & Dias, 2005; Sete et al., 2002). There is much sedimentation

at Maputo, leading to the formation of several barrier islands (Cooper & Pilkey, 2002).
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3.2. Model Approach

The method in this study can be generally categorised into three major components — general

geospatial processing, aquatic-specific geospatial processing and classification (Figure 5).
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Figure 5. Method overview workflow. Yellow boxes represent processes and products that are not specific to
aquatic remote sensing, while blue boxes highlight processes and products of aquatic remote sensing. Green
boxes denote classification. The dotted lines from R,,, indicates the alternative processing steps done in this
study for comparison purposes.

3.2.1. Cloud filtering and Atmospheric correction

More than four years’ worth of images in the GEE Sentinel-2 Level-1C Image Collection from
1 June 2015 to 30 November 2019 were used. The Sentinel-2 Level-1C Image Collection was
filtered for only images with a cloud cover of less than 2%. The remaining images were then
cloud masked using the cloud and cirrus information in the 60 m resolution quality
assessment band and subsequently clipped using a region of interest polygon based on a
six-nautical-mile distance from the Mozambican coastline, created from the Mozambique
Coastline, Internal Waters and Economic Zone shapefiles (Flanders Marine Institute, 2019).
Since processing the whole image collection would exceed the GEE-imposed limitation, it was

reduced to a single multitemporal composite based on the 20t percentile per pixel, which
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reduces the possibilities of selecting a pixel affected by either sun glint, clouds, cloud shadows

and other effects (Hird et al., 2017).

3.2.2. Land Masking

After the composition, land pixels were dynamically identified and masked using an
Otsu-derived Normalised Difference Water Index (NDWI) threshold based on a 10 m buffered,
Canny Edge detection-derived water edge. The composite image was then atmospherically
corrected using a Dark Object Subtraction (DOS) based on the SWIR band (Traganos &
Reinartz, 2018). The resulting image is the normalised reflectance above the water surface

Ry hown (Lee et al., 1998a).

3.2.3. Water column correction

In order to account for the difference in optical path between air and water column, the image
was further corrected (Traganos & Reinartz, 2018). R,jouwn Was divided by 1 in order to
obtain the remote sensing reflectance just above the water surface, R,,,,. While R4, is
conventionally processed into R,.; using a red-edge removal that is based on the black pixel
assumption (Siegel et al.,, 2000), the results of subsequent processes suggest that the
red-edge removal did not improve the downstream results. As such, both R,,,, and R, were

then used to obtain a SDB, the IOPs, the bottom reflectance rrl; , and the DII.

3.2.4. Derivation of Satellite-derived Bathymetry (SDB)

In-situ bathymetry data were collected by the World Wide Fund for Nature (WWF) and local
citizens using a boat-based sonar. Owing to limited resources, bathymetry data were only
collected from the waters at QNP, Angoche and Moma. As there are multiple data points
within a Sentinel-2 pixel-equivalent area of 10 m x 10 m, a mean depth per pixel area was
calculated. Thus, a total of 1747 field points were used. By iterating the regression 30 times
using randomised data partitions ranging between 0.1 and 0.9, the best data partition ratio
of 9:1 was obtained and subsequently used, resulting in 1573 training points and 172
validation points. A multi-linear regression was performed on the first four bands of R, to
derive the slopes b and intercepts x of each band (i, j, k, [) for the estimation of the SDB in

Equation (1) (Lyzenga, 1985).

z=a+bx;+ bjxj + byxi + byx (1)
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A systematic underestimation of depth was also assumed, as the resultant SDB had negative
depth estimates that were more than the maximum tidal height of the region (approximately
-4.5 m in depth). As such, a systematic shift was performed to shift all values into the positive

domain by subtracting all values with the minimum.

3.2.5. Derivation of Intrinsic Optical Properties of water (I0Ps)

In order to obtain 7,2, the absorption and backscatter coefficients of water at 440 nm have
to be derived from R, (Lee et al., 1998a). Table 1 summarises the various methods and
models used to obtain these IOPs. The total absorption coefficient, a;,;, was obtained using
an approximation formula as stated in Equation (3) (Lee, 1994). The a;,; values were
constrained between 0 and 150 in order to handle the rare cases of extreme values from
approximation (Dierssen et al., 2019). Meanwhile, the backscatter coefficient of water was
obtained from Bricaud et al. (1995) and of suspended particles based on Lee’s equations (Lee

et al., 1998b).

pii = lOg [Rrs(/li)l (2)
ij = 10|15 75
13 Rrs (Aj)
Qpop (440) = 1070674 = 0.531pz5 = 0.745p35 — 1.469p35 + 2.375p2 (3)

Separately, the I0P values were validated by comparing against the output of the Case-2
Regional / Coast Colour (C2RCC) processor based on a single Sentinel-2B Level-1C image from
Mozambique on 27 June 2019, derived from R,. The scene was atmospherically corrected
using the Aquatic Atmospheric Correction in Sen2Cor version 2.80, producing R, pown as well
as At at 443 nm. The resultant R, Was then processed with this study’s method to

produce the approximated a;,; at 440 nm. Although the C2RCC product was based on

Table 1. Table detailing the methods used to derive the coefficients of these five intrinsic optical properties
of water used in the HOPE model.

IoP Model Reference

Absorption
Total Analytical Lee et al. (1998b)
(water, phytoplankton and  (approximation)
gelbstoff)

Backscatter
Water Constant Morel (1974)
Suspended particles Analytical Gordon & Morel (1983)
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MERIS’s 443 nm output (Brockmann et al., 2016), the differences were very minor when the
IOP values were converted from the current 440 nm output to the predicted 443 nm output
using Equation (4) (Austin & Petzold, 1986). Thus, a direct comparison was done without

converting the approximated a;,; to the same wavelength.

K@) = ME)\?% [K(\) — K, AD] + Ky (Ay) (4)

where Krepresents the attenuation coefficient of interest a;,; , A; and A, are the source and
the desired wavelengths respectively, and M(A,) and K, (A,) are the slope function and

attenuation coefficient of water respectively based on Austin & Petzgold (1986).

3.2.6. Derivation of the bottom reflectance

The derived SDB and IOP were then used in conjunction with R, as input into Lee’s model
(Lee et al., 1998a) to derive 7;%. Using Lee’s shallow water approximation based on the
Hydrolight simulations (Lee, Carder, Mobley, Steward, & Patch, 1999), the below water
surface reflectance 7,4 is derived from R,. The derived SDB and IOP will then be used
together with 7, as input for Lee’s equation (Lee et al., 1998a) in Equation (5) to obtain r;2,

which is represented by p in the equation.

s = % + 1%
~ {”e’(p[ (os(ew) cos(@v)> H]}

1 1 oo )
+;P{1+e“4_ﬁmq%a+aBWJ>KHn

where % is the sub-surface remote sensing reflectance and the various other parameters

are:
~ (0.084 + 0.170u)u (6)

D¢ ~ 1.03(1 + 2.4u)%% and D2 ~ 1.04(1 + 5.4u)°> (7)

sum of backscatter coef ficients (8)

sum of absorption and backscatter coef ficients

As the current image is a temporal composite, there is no metadata for the solar zenith angle,
6,,, and the satellite viewing angle, 6,,. Based on the assumption that the final composite

image is equivalent to an image taken at nadir, 8,, was set to 1 (Traganos & Reinartz, 2018).
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By calculating the mean 6,, of all relevant images used in the GEE Sentinel-2 Image Collection,

a 0, value of 38.65° was used. Equation (5) can be rearranged as a p-centric in Equation (9).

1
d —KH( + D”) (9)
Ths + Tre |€ |

p=m
—KkH <#+ D,ﬁ)
e cos 6y,

The denominator e ™" (cosaw %) in Equation (9) may occasionally produce a very small value
close to zero, which in turn greatly inflates p. As such, a constraint of 0.001 to 10 was applied
to the calculated denominator (Dierssen et al., 2019). It was observed that ;2 would have a
more reasonable range of values when p was transformed by a division of 100. As such, the

scaling was performed and both original and scaled 7,2 were used for classification.

3.2.7. Derivation of additional features using the Depth Invariant Index (DII)

The DIl is a relative depth feature based on R,;. For the same bottom cover, a
logarithm-transformed plot of the atmospherically corrected radiance for band i and the

similarly transformed band j is linearly related with a constant gradient. The gradient of the

linear regression is the ratio of the attenuation coefficient, k—l , Which is only affected by the

J

wavelength of the selected bands and water clarity. Thus, the linear equation can be
rearranged to create the DIl in Equation (10). Unlike the SDB, the DIl is not affected by the
brightness or darkness of the pixel reflectance within the same bottom cover class. Between
different bottom cover classes, while the gradient for the regression line remains the same,
the resulting DIl values are parallel shifts. Therefore, the DIl would provide some distinction

between classes of similarly bright or dark pixels.

. L k; (10)
Depth invariant index;; = In(L; — Lg;) — T .ln(L]- - sz)

J

where, for bands i and j, the various other parameters are:
k; 11
—=a+ (@ +1) (11)

kj
qa= 2" % (12)
ZO'ij

where oy; is the covariance of band i, g;; is the covariance of band j, and g;; is the covariance
between bands i and j.
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3.3. Classification
3.3.1. Raster data

As there were modifications to the standard semi-analytical model when adapting to the GEE
platform, one R, 4, and four differently processed ;2 products were classified. R,4,, Was an
input image, as it is conceptually similar to a terrestrial atmospherically corrected image. R,.,
however, was not used as input image as the standard procedure is to use R, to derive other
layers. In order to investigate the impact of the red-edge correction between R,.;,, and R,.,
the ;2 products of both images were classified. Finally, the influence of rescaling the ;2
products was explored through a comparison of classification output between the original

and scaled ;2 products of both the R, 4, and R,.

3.3.2. Training and Validation data

Training data were created in GEE using the R, image as well as the GEE satellite image base
map. As GEE processes polygons by converting them into spatial points for every pixel in the
polygon, not only would more care be needed to create similarly-sized training polygons,
there would also be a strong spatial autocorrelation between pixels of the same polygon. Thus,
training points were used instead. A total of 765 training points was used for the 8 selected
subclasses (Table 2). Based on a 7:3 ratio, the points were then partitioned into the training

and validation dataset.

Table 2. Table showing the classes and subclasses of the training data.

Class Subclass

Optically deep water Deep water

Turbid water Turbid water

Bright substrate Bright substrate in clear water
Bright substrate Bright substrate in turbid water
Dull substrate Dull substrate in clear water
Dull substrate Dull substrate in turbid water
Seagrass Seagrass in clear water
Seagrass Seagrass in turbid water

3.3.3. Classification

Classification was done in the GEE using both Support Vector Machine (SVM) and Random

Forest (RF) classifiers. An SVM gamma and cost of 10 was used, as an exploratory
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hyperparameter search found that the maximum gamma and cost values should not exceed

100. As for the RF hyperparameter, 10 trees were set.

Post-classification, the subclasses were combined before an accuracy assessment was
performed. The predicted seagrass cover in the classification maps were then used to

estimate the areal cover of seagrasses in Mozambique.
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4. Results

4.1. Satellite-derived Bathymetry (SDB)

The SDB derived from R,,, had a better R? but worse RMSE than that of R, (Table 3). Both
SDB layers also seemed to underestimate the water depth, given their statistical values. The
extreme values R,.,,,-derived SDB seemed to underestimate the depth less than those of
R,s -derived SDB. Nonetheless, the median depth estimated by both layers were
guantitatively close with a difference of only 1.43 m as compared to the differences between

their estimated minimum and maximum depth, which were 7.72 m and 9.23 m respectively.

Table 3. Quantitative comparison between the best SDB products derived from R,.,,, and R, layers, to 2
decimal places. For both layers, a data partition of 9:1 was used. A dot decimal separator is used in this table.

Statistics R,.,,-derived SDB R, -derived SDB
R? 0.68 0.58
RMSE 4.14 2.61
Minimum depth (m) -10.63 -18.35
Median depth (m) 3.38 4.81
Maximum depth (m) 22.06 12.83

Based on the SDB at QNP and Maputo, the estimation of water depth in non-turbid waters
seems to be fit well with features visible in the 3-2-1 false colour composite, especially in the
midwaters and deep waters (Figure 6 & Figure 8). However, the depth estimation in shallow

waters could still be further improved, as QNP had depth estimates of up to -4.73 m (Figure 6).
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Figure 6. Sentinel-2 bands 3-2-1 false colour composite (left) and R,,,,-derived Satellite-derived Bathymetry

(right) of QNP.
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(right) of Maputo.

The SDB estimates performed badly in turbid waters. The linear regression model was unable
to distinguish highly turbid waters from shallow waters, such as Beira (Figure 7) and the
murkier waters flowing out of the Maputo River mouth (Figure 8). While the minimum depth
at Beira had similar shallow water issues with QNP and Maputo, its maximum depth of 0.01 m
is wrong as the pixels furthest from the Beira coastline are six nautical miles away and thus

definitely mid to deep water pixels (Figure 7).

After the systematic shift, the maximum values of R,.,,, and R,.; are comparable (Table 4).
However, there is a sizeable difference of 37.00% in median values between both layers. This
is the opposite of the pre-shift estimates that were previously mentioned, implying much

difference between their SDB estimates.

Table 4. Post-systematic shift quantitative comparison between the best SDB products derived from R4,
and R, layers, to 2 decimal places. R? and RMSE are left out as they are assumed to be irrelevant after the
shift. A dot decimal separator is used in this table.

Statistics R, ,,-derived SDB R, ¢-derived SDB
Minimum depth (m) 0.00 0.00
Median depth (m) 14.00 22.22
Maximum depth (m) 32.69 31.18
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4.2. Intrinsic Optical Properties of water
4.2.1. Comparison between C2RCC and approximation algorithm

Based on a single scene comparison, most of the approximated a;,; values are within 25%
difference from the C2RCC equivalents (Figure 9). Shallow water pixels generally have a
smaller difference than deeper water pixels, although differences above 25% and extreme
differences above 100% may be found on the edges around the corals reefs as well as the
riverine banks of the mangrove (Figure 10). The most frequent difference is 10%, and then
9%, which are more likely to be the general difference from the C2RCC values. There is
another peak at 3%, although it is an acute mode that falls off fast. While there were extreme

differences of more than 400%, these differences were very rare occurrences.
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. 25%difference_________________
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Frequency
50000
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|

—
50% difference

-400 -300 -200 -100 0

Percentage difference in values

Figure 9. Histogram showing percentage difference in predicted a;,; between the C2RCC product and the
approximation formula by Lee et al. (1998b), based on a single Sentinel-2 Level-1C image in Mozambique on
27 June 2019. Most of the pixels differ by less than 25%. The largest difference is at 3%, although the peak is
very narrow. A broader, second highest peak lies at the 10% difference mark.
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Figure 10. Map showing percentage difference in predicted a;,; between the C2RCC product and the
approximation formula by Lee et al. (1998b). Pixels from about 0% to 25% are coloured in increasingly darker
shade of blue, 25% to about 100% coloured yellow to brown. Beyond a 100% difference, the areas are shaded
in a homogeneous red. The projection in this map is the WGS 1984 UTM Zone 37S.

4.2.2. Comparison between the R,.;,, and R, IOP products

While the a;,; products of R, and R,; seemed to be initially similar based on their similar
mean and minimum values, their maximum values differ largely (Figure 11). The greatest
difference was the maximum value of the B1 band — the R,,,-derived had a maximum value
of 147.183 as compared to 1.602 for the R,;-derived product. Given that the mean values
remained similar, it can be inferred that the maximum values are rare extremes that are not
representative of the approximation equation’s performance. In contrast, while the b
products of R4, and R, had similar minimum values and slightly differing maximum values,
their mean values were largely different (Figure 12). This infers that the b products are more
dissimilar and only share their similar extreme values coincidentally. Also, despite the
significantly lesser maximum values, the mean b for R, is greater than its mean a;,;,
implying that more pixels in Mozambique had a greater backscatter effect than an absorption

effect for the R, product.
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Figure 11. Comparison of maximum, mean and minimum a;,; values between the products derived from
R,y (red) and R, (blue).
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4.3. Bottom reflectance

The initial ;2 products had spectral values that were too large in magnitude for a reflectance
product (Figure 13). Post-scaling, the spectral values were within standard values for a
reflectance product (Figure 14). A visual comparison between Figure 13 and Figure 14 found
that the spectral curves are conserved during the scaling. Further comparison between the
initial and scaled products also supported the conservation of spectral curve during

transformation.

Between the products from R,,,, and R,, there are dissimilarities in spectral curves of the
same subclasses (Figure 15 & Figure 16). The two bright substrate subclasses are almost
separated from other subclasses in all four bands of the R,.,,,-derived product, and only had
interquartile overlaps with the dull substrate in turbid water and deep water subclass.
However, the seagrass subclasses have a large spectral distribution overlap with the deep
water, turbid water and dull substrate in clear water subclasses. Unexpectedly, the deep
water subclass had a large variation in values for both its interquartile range and full
distribution, even more than the turbid water subclass in the first two bands and B3 band for
the interquartile only (Figure 15). Meanwhile, subclasses of the R,.¢-derived product generally
had a narrower interquartile range and distribution, especially the deep water and turbid
water subclasses. Unlike their R,,, -derived counterparts, the bright substrate subclasses
were spectrally dissimilar, except for the B4 band. Instead, the bright substrate in turbid water
subclass had more spectral similarities with the dull substrate in clear water subclass. There
was also a distinction between the deep water and turbid water subclasses. Conversely, the
dull substrate subclasses became more spectrally similar. While the seagrass subclasses were
still spectrally similar, they retained their spectral overlap with the turbid water and dull
substrate in turbid water subclasses. Although there is a slight separation between the
seagrass subclasses and the dull substrate subclass in the B4 band, their interquartile ranges

still overlap with the turbid water subclass (Figure 16).
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Figure 15. Comparison of subclass spectral curves for the scaled 7,2 derived from R,,,. These values were
extracted using the training vector data. The box plot denotes the 1 and 3 quantile, while the vertical lines
denote the minimum and maximum values of each subclass. The unscaled R,,,, is not shown as the spectral

curve is the same, except the DN values are 100 times larger.
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Figure 16. Comparison of subclass spectral curves for the scaled r;2 derived from R,. These values were

extracted using the training vector data. The box plot denotes the 1% and 3™ quantile, while the vertical lines

denote the minimum and maximum values of each subclass. The unscaled R, is not shown as the spectral

curve is the same, except the DN values are 100 times larger.
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4.4, Classification

Quantitatively, the best SVM classification is based on the scaled R,-derived 12 (Table 5).
The SVM classifier is sensitive to the input values and fared badly on the initial ;2 products.
Both ;2 products produced a classification map with only the turbid water class, which is not
descriptive of the Northern (Figure 17) and Southern (Figure 19) coasts of Mozambique.
Despite its obvious classification failure, this was ironically the most accurate qualitative

description of the turbid Beira site (Figure 18).

While the overall accuracy for all five RF classification maps were similar, the R,,,
classification map had the worst seagrass producer’s accuracy (PA), and the scaled
R, q-derived ;2 and the initial R,-s-derived 1,2 classification maps had the best two seagrass
PA (Table 6). Between SVM and RF, RF had a more quantitatively consistent performance with
seagrass identification (Table 5 & Table 6). Also, RF was not largely affected by the scaling
issues of the ;2 products on the quantitative accuracy. However, the RF classification maps
were generally noisier than the SVM classification maps, even after aggregating the

subclasses (Figure 17 — Figure 19).

Barring the erroneous single class accuracy matrix of the initial 7,2 SVM maps, the deep water

class was the best classified class (Table 5 & Table 6). Although the spectral variations within

Table 5. SVM Classification accuracy between various products derived from R,.,,, and R, layers. A total of five
final classes were used — seagrass, deep waters, bright substrate, dull substrate and turbid waters. PA denotes
producer’s accuracy and UA denotes user’s accuracy.

Statistics (%) R r.’r’s. , R,.q,-derived 1",’3.3 , R,s-derived
Initial Scaled Initial Scaled
Seagrass PA 22.45 0.00 42.86 0.00 51.02
Seagrass UA 34.38 0.00° 39.62 0.00° 65.79
Deep water PA 86.67 0.00 93.33 0.00 90.00
Deep water UA 68.42 0.00° 80.00 0.00° 81.82
Bright substrate PA 54.00 0.00 54.00 0.00 70.00
Bright substrate UA 75.00 0.00° 71.05 0.00° 71.43
Dull substrate PA 30.30 0.00 33.33 0.00 42.42
Dull substrate UA 33.90 0.00° 50.00 0.00° 54.90
Turbid water PA 68.97 100.00 48.28 100.00 68.97
Turbid water UA 33.90 12.95 25.93 12.95 37.74
Overall accuracy 46.43 12.95 50.00 12.95 60.27

@ No pixels were assigned as seagrass.
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Table 6. RF Classification accuracy between various products derived from R,,,, and R, layers. A total of five
final classes were used — seagrass, deep waters, bright substrate, dull substrate and turbid waters. PA denotes
producer’s accuracy and UA denotes user’s accuracy.

Statistics (%) R r.’r’s. , Ry, ~derived 1.‘?.3 , R,;-derived
Initial Scaled Initial Scaled
Seagrass PA 34.69 40.82 53.06 48.98 40.82
Seagrass UA 47.22 45.45 50.00 55.81 50.00
Deep water PA 86.67 86.67 90.00 83.33 83.33
Deep water UA 78.79 81.25 79.41 78.13 86.21
Bright substrate PA 80.00 66.00 66.00 74.00 76.00
Bright substrate UA 75.47 68.75 71.74 75.51 79.17
Dull substrate PA 48.48 37.88 31.82 45.45 51.52
Dull substrate UA 60.38 53.19 50.00 60.00 54.84
Turbid water PA 48.27 62.07 58.62 58.62 65.52
Turbid water UA 28.57 33.96 34.00 34.00 42.22
Overall accuracy 57.59 54.46 55.36 59.38 60.71

this class were greater in the R,.;,,-based products (Figure 15), its producer’s accuracy were
better. Besides the deep water class and the seagrass class for the RF classifier, the producer’s
accuracy generally improved when using the R,.¢-derived products instead. Also, owing to the
similar spectral curves of their subclasses (Figure 15 & Figure 16), the turbid water, dull
substrate and seagrass classes were easily misidentified by the classifiers as the other two
classes. This was most telling at the Beira site, where much of the turbid water pixels were
classified as either of these classes. Despite the greater spectral difference between the bright
substrate and the turbid water class in R, (Figure 16), many turbid water pixels at the mouth
of the Beira River were classified instead as bright substrate in the scaled R,.;-derived 7,2
maps (Figure 18). As the same area was also misidentified by the SDB as above sea level
(Figure 7), this bright substrate classification might also be the input of depth information
through either the SDB or the DIl. Based on the overview maps of the three sites, the
R, 4w -derived products were noisier than the R,;-derived products of the same classifier

(Figure 17 — Figure 19).
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Figure 17. Overview of classification maps at QNP. The top row contains Support Vector Machine (SVM) maps and bottom Random Forest (RF) maps. The columns are in
order of R, 4, Ryqw-derived 172, scaled R, ,,-derived 132, R,;-derived r;2 and scaled R,-derived ;2. Basemap: OpenTopoMap.
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Figure 19. Overview of classification maps at Maputo. The top row contains Support Vector Machine (SVM) maps and bottom Random Forest (RF) maps. The columns are

in order of R,4y, Ryqu-derived 1,2, scaled R,,,-derived 1,2, R,;-derived 132 and scaled R,;-derived 7;,%. Basemap: OpenTopoMap.
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On a local scale, RF maps outperform the SVM maps to accurately and precisely identify
seagrasses. There were much more commissioning errors by the SVM maps, especially the
best performing scaled R,¢-derived ;2 classification map. At Maputo, both the seaward
(Figure 20) and inner bay seagrasses (Figure 21) were better identified using the RF maps. For
the seaward seagrasses, the R,.;,, RF classification map was more fitting to the seagrass areas
seen on the R,.4, true colour composite than the 7% RF classification maps (Figure 20). Some

of the fringing seagrass areas were misidentified by SVM as turbid water areas, owing to the
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Figure 20. Close-up look at the performances of selected classification maps for the fringing seagrasses at
Maputo (red inset box in the overview map). A: True colour composite of R,.,,,, B: R4, RF classification map,
C: initial R,s-derived 12, RF classification map, D: scaled R,-derived r;2, RF classification map, E: R,4,,, SYM
classification map, F: scaled R, -derived 7,2, SVM classification map, G: scaled R,-derived 1%, SVM
classification map. These are the better performing maps for identifying the fringing seagrasses. The
classification scheme is consistent with the overview maps Figure 17 — Figure 19. Basemap: OpenTopoMap.
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Figure 21. Close-up look at the performances of selected classification maps for the Inhaca island seagrasses
at Maputo (red inset box in the overview map). A: True colour composite of R4, B: Ryq4w, RF classification
map, C: initial R,-derived 1;2, RF classification map, D: scaled R,.,-derived 7,2, RF classification map, E: R4y,
SVM classification map, F: scaled R,,, -derived ;%, SVM classification map, G: scaled R,s-derived 1,2, SVM
classification map. For comparison, the same classification maps were used as Figure 20. The classification
scheme is consistent with the overview maps Figure 17 — Figure 19. Basemap: OpenTopoMap.
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highly similar spectral nature between these two classes (Figure 16). The turbid
water-seagrass class confusion was worse in the inner bay areas, with both the RF and SVM
having the said issue and the addition of the bright substrate class to the confusion. This led
to a worsened classification accuracy and grossly over-commissioned too many seagrass
areas in the deeper, turbid water areas for all classification maps (Figure 21). The worst were

the scaled R,.4,,-derived ;% SVM classification map, which misidentified all seagrass areas as
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Figure 22. Close-up look at the performances of selected classification maps for the seagrasses on a mudflat
at QNP (red inset box in the overview map). A: True colour composite of R,.,,, B: R,-qu, RF classification map,
C: initial R,s-derived 72, RF classification map, D: scaled R,-derived r;2, RF classification map, E: R,4,,, SYM
classification map, F: scaled R, -derived 7,2, SVM classification map, G: scaled R,-derived 1%, SVM
classification map. For comparison, the same classification maps were used as Figure 20. The classification
scheme is consistent with the overview maps Figure 17 — Figure 19. Basemap: OpenTopoMap.

12.200°5

12.400°5

12.600°S

12.800°5

40.400°E 40.600°E 40.800°E

Figure 23. Close-up look at the performances of selected classification maps for the seagrasses at Matemo
Island, QNP (red inset box in the overview map). A: True colour composite of R4, B: R4, RF classification
map, C: initial R,¢-derived 1;2, RF classification map, D: scaled R,.,-derived 7,2, RF classification map, E: R4y,
SVM classification map, F: scaled R,,, -derived ;%, SVM classification map, G: scaled R,s-derived 1,2, SVM
classification map. For comparison, the same classification maps were used as Figure 20. The classification
scheme is consistent with the overview maps Figure 17 — Figure 19. Basemap: OpenTopoMap.
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bright substrate and the surrounding deeper, turbid waters as seagrass instead, and the R4,
SVM classification map, which fully omitted the seagrass meadows of Inhaca Island as turbid

water (Figure 21).

At QNP, the RF classification maps seemed to be able to better capture the seagrass patches
further from the mangrove shoreline than SVM, with the R, ,,,-derived 12 RF classification
map being the closest to the perceivable seagrass meadows in the R,,, true colour
composite (Figure 22). As mud is a duller substrate than sand, the seagrass-substrate class
confusion here is with the dull substrate class, as compared to previously at the sandier
Maputo. This is most evident with the R,,,, SVM classification map which misidentifies the
seagrass meadow in turbid waters as dull substrate. The SVM classifier was also unable to
identify the deeper seagrass meadows in turbid waters in the southern half of Figure 22, with
very few features of these meadows reflected in their output maps. For the seaward seagrass
meadows in Figure 23, R,s-derived 12 RF classification map outlined the seagrass patches at

Matemo Island best.

No local scale classification map inspection was performed at the Beira site, as no seagrass

meadows were found at the site.

4.5. Estimated seagrass area

The resultant estimated seagrass area is influenced more by the input rather than its classifier,
as the changing of the input such as R,4,, versus ;% as well as the scaling of ;2 (Table 7). The
best SVM classification, the R,s-derived 172, estimates the seagrass area to be 3518.37 km2.
Although the RF classifications generally have a similar overall accuracy (Table 6), their
estimated seagrass area ranged from 3436.82 km? to 5033.44 km?. Given the difference in
areal estimates with between other input layers, it is indicative of an overprediction in

seagrass areas beyond the training and validation data for both the initial and scaled

R, g -derived 1;2.

Table 7. Estimated seagrass area in square kilometres, based on the classification maps.

b . b .
r s, R, -derived r ., R, ..-derived
Classifier R, o s Traw s
Initial Scaled Initial Scaled
SVM 4219.22 6.67 5046.82 14.34 3518.37
RF 3576.61 5033.44 4955.40 3983.60 3436.82
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5. Discussion

This study is an extension and combination of two seagrass studies in Greece, namely to
implement a semi-analytical model on the cloud computing GEE platform (Traganos et al.,
2018; Traganos & Reinartz, 2018). While it was a successful implementation of the
semi-analytical model onto GEE to map seagrasses in Mozambique, there are new challenges
to overcome. Unlike Greece and its Mediterranean waters, Mozambique is based in the open
oceanic waters (Sete et al., 2002) and therefore has a different hydrology and environment
which influence the detection of seagrass. It is essential to account for these regional
conditions, regardless of a localised or global standardised approach. In line with its preceding
studies, the results of this study contribute to the long-term aim of mapping the seagrass

meadows throughout the world.

5.1. Performance of the implementation
5.1.1. Overestimation of meadow area

While the initial results serve as a starting estimate of the Mozambican seagrass, it is more
likely to be an overestimate. Owing to optical limits of seagrass detection, it is highly possible
for deeper subtidal seagrasses to be found in optically deep waters, thereby underestimating
the distribution of seagrasses if they are present there. Even in optimal water conditions,
Poursandis et al. (2019) found that the maximum optical limit in Greek waters was 32.2 m,
although Posidonia oceanica can be found in deeper waters. However, there is a large
overestimate of the shallow water seagrasses which most likely overly inflated the total area
of the deeper water seagrasses. Thus, the areal estimates of this study are highly likely to be

net overestimates.

Much of the overestimation is owing to the confusion between seagrass pixels and pixels of
other dark pixel classes. Rather than a more specific, discriminating classification for fringing
seagrasses, many of the better classification maps denote the whole thin stretch as seagrasses,
which is wrong as the seagrasses are alternating with sandy substrate (Figure 17 — Figure 19).
Furthermore, many dark pixels such as turbid and deep water classes have been misclassified
as seagrasses and vice versa (Figure 16). This is a recurring issue for aquatic remote sensing —
while bright and dark pixels are easily differentiated, the distinction between classes within

each brightness category is not as clear (Klonowski, 2007). Klonowski (2007) found that the
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darker seagrass and deep water classes tend to be mutually misclassified, as within brighter
pixels such as sand and corals. It was with this approach that the training data for this study
was also grouped into bright and dull substrate classes (Table 2). The general spectral
differences between these classes (Figure 15) suggests that the classification would be worse
if they had been aggregated into a single class. Similarly, the classes were further subdivided
by the condition of the water, namely clear and turbid. This was in anticipation that the
turbidity of the water would change the spectral information by severely reducing the
contribution of the bottom to the overall spectral reflectance input (Hochberg et al., 2003).
This is further supported by the spectral differences between these subclasses, within each
relevant class (Figure 16). While the fine scale differentiation between dark pixels can still be

further improved, the overall classification is still satisfactory on a national level.

5.1.2. Performance of GEE classifiers

SVM is sensitive to scaling as large scales may result in larger values dominating over smaller
values and thus produce a different output (Hsu et al., 2003). This was also reflected in the
study when scaling was needed in order to restrict the inflated ;2 reflectance values, despite
preserving the proportional difference between pixels (Figure 13 & Figure 14). Shelestov et al.
(2017) have also asserted that the SVM functions in GEE may not be functioning properly. On
the other hand, RF is more susceptible to overfitting, especially for highly spatially
autocorrelated datasets (Xiong et al., 2017). The dataset also needs to be balanced, as RF is
biased towards any majority class, even if it is only 10% larger in size than the other classes
(Millard & Richardson, 2015). Owing to the three different substrate types and the varying
turbidity conditions across the whole Mozambican coastline, there were some difficulties in
balancing all these subclasses (Table 2). Furthermore, RF is composed of binary decision trees
that are still based on the values of the input data. As such, it was interesting for the
guantitative overall accuracy of the RF classifier to be consistent regardless of input data

(Table 6).

In general, it is more common for studies to export the results out of GEE for classification
and analysis than to perform them in GEE. A common theme is that GEE either do not have
the classifier that the study requires (Shelestov et al., 2017) or the classifiers do not perform
as well as the same functions in another software (Anchang et al., 2020; Hird et al., 2017).

While GEE classifiers are still useful, as Tsai et al. (2018) have shown with their overall
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accuracy of over 70% for their land cover classification of the landscape at and around a
nature reserve in China, the next natural step would be to use improved classification
methods such as ensemble modelling or soft classification. Waske et al. (2010) have proven
that an ensemble SVM method will outperform a conventional SVM or RF classifier as well as
shown that classification accuracy will improve with more iterations. Meanwhile, Reschke &
Hittich (2014) have demonstrated the use of soft classification for wetlands, under which
intertidal areas can be considered. Unfortunately, not only the classifier functions in GEE are
very simplified and not as customisable (Hird et al., 2017), GEE’s general preference for
vectorisation over iterations also increases the technical difficulties of integrating more
complex methods such as those previously mentioned. Regardless, attempts at integrating

these custom methods into GEE should be done to fill this technical gap.

5.1.3. Performance of the different reflectance layers

As the influence of the water column has been removed, ;2 should be consistent across
different biogeographic regions (Hochberg et al., 2004). This would have supposedly removed
the need to perform a normalisation between different images before mosaicking, although
its performance should be compared to the pseudoinvariant feature approach (Traganos et
al., 2018). While the performance of ;2 products were better than the R, products for the
SVM classifier (Table 5), the quantitative results for the RF classifier were similar (Table 6),
providing inconsistent results. Regardless, it is obvious that a contributing factor to the
weaker performance is the difference in performance between regions of different substrate
types and environmental conditions. Classification was generally better at QNP (Figure 17)
and weakest at the turbid, estuarine mud Beira (Figure 18). Hochberg et al. (2003) found that
the contribution of the coral bottom reflectance decreases substantially in turbid waters as
compared to clear waters. Not only would this be applicable to other bottom types, the very
low contribution of the bottom would also affect its retrieval from only spectral values. Thus,
it is likely that the turbid conditions at Beira and slightly more turbid conditions at Maputo
might have weakened the classification performances. Further studies could investigate this
matter, such as by adding more focus sites for each of the substrate types. Alternatively, this
could be circumvented by classifying each region separately and then combining the final

maps together.
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Similarly, R4, and R, have different implications in literature. The former is technically
similar to a surface reflectance product for a terrestrial region while the latter only contains
signals that have penetrated the water surface (Dierssen et al., 2019). This is based on the
black pixel assumption whereby deep water pixels should not have any NIR signal since it
should have been fully absorbed by the water column in deeper waters (Lee et al., 1998a;
Siegel et al., 2000). However, Siegel et al. (2000) pointed out that this black pixel assumption
is based on oligotrophic waters, and thus will overcorrect for turbid waters, implying that R,

may underperform in the wrong aquatic conditions.

The R, -derived products from this study were generally better than the R, -derived
products. Furthermore, the R, is mostly likely to better separate the seagrass class from
other classes, as the seagrass class had a better spread of spectral values that only overlaps
substantially with the turbid water class (Figure 16). Comparatively for the R,.,,, image, the
seagrass class could be easily confused with the deep water and dull substrate class
(Figure 15). While this comparison between R,,,, and R, is seldom compared overtly in
literature, many studies have reported success with using R, to detect seagrasses from other
classes (Dierssen et al., 2019; Traganos & Reinartz, 2018). The omission of such comparison
and focus on the use of R, may be interpreted as an affirmation to the use of R, over R, -
Interestingly, the difference became negligible when the RF classifier was used. O’Neill et al.
(2011) reported that the water column correction had overcorrected and overestimated the
spectral values of their seagrass and deep sand classes deeper than 3 m, as the correction
method is sensitive to the depth and downwelling attenuation coefficients. This is consistent
with Siegel et al. (2000), who also discovered that the black pixel assumption would cause an
overcorrection in the aerosol reflectance. Despite that and their low number of deeper
seagrass samples, O’Neill et al. (2011) still had a high classification accuracy. Similarly, the
Mozambican coastline have regions that are both turbid and clear. While this study used both
R,aw and R, as an interim, it would be highly recommended to select one or implement a

conditional black pixel correction for the more turbid waters (Siegel et al., 2000).

Unfortunately, no internal validation was designed for the IOP products in GEE. This is due to
the complexity of various retrieval functions such as C2RCC (Brockmann et al., 2016) and
inversion (Lee et al.,, 1998a) as well as the lack of ground truth data. As a substitute, an

external validation was used, based on R, of a single scene. R,.,,, was not tested as there
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were no issues for a single scene to undergo the standard HOPE model. Given the
approximation nature of the total absorbance equation used here (Lee et al., 1998b), the
difference in values with the C2RCC is acceptable. Nevertheless, it would still be better to
enhance and implement a better approach to derive the total absorptance value as well as an

internal validation for the IOP.

5.1.4. Satellite-derived Bathymetry (SDB)

The SDB estimates at Mozambique were satisfactory despite a low R? as a natural
consequence of extrapolating from a geographically limited bathymetry dataset that is not
fully representative of all the coasts of Mozambique (Green et al., 2003). Extrapolation from
such a small representation would most likely produce inaccurate results (Waske et al., 2010).
Furthermore, much of the data were collected within very shallow depths of 5 m or less.
Although the refraction error when relating the optical imagery to the ground truth data
would be low for such shallow depths (Parrish et al., 2019), this meant that the linear
regression model used had to extrapolate for depths beyond 5 m. Also, the SDB estimation
methods based on attenuation differences between the wavelengths of light in water column
have an optimal working range, with the minimum depth determining the point whereby the
attenuation differences are more noticeable and the maximum depth demarcating the point
whereby too much light was lost to determine any such differences (Stumpf et al., 2003). The
range has been estimated to be 5-10 m (Stumpf et al., 2003), 0—12 m (Pacheco et al., 2015)
and 3-11 m (Klonowski, 2007). Finally, the collected data were from a boat survey and
therefore were records of the water column depth. This meant that the negative depth values
calculated were not equivalent to the mean sea level at chart datum as recorded in Sete et al.
(2002), and thus a consistent underestimate. When considering the tidal range of QNP and
Beira in conjunction with their mean sea levels (Sete et al., 2002), the negative depth
estimates were still within the possible values. As an extension to these conclusions, the SDB
result was systematically scaled and corrected into the positive range. While the available
ground-truth bathymetry dataset is definitely not optimal, it is currently the only available
data with high spatial resolution. If resources permit, more data from various other sites in

Mozambique and over larger depth ranges could be collected to improve the SDB results.

The limited dataset is a large barrier to improving the SDB estimates. Unfortunately, there

was no success in the search of other datasets. Radar-based datasets, such as the Shuttle
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Radar Topography Mission (SRTM) and Advanced Land Observing Satellite (ALOS) global
digital surface models (DSM), were limited by the low penetrative ability of radar wavelengths
in water (DeVries et al., 2020). Meanwhile, the ETOPO1 dataset by the National Oceanic and
Atmospheric Administration (NOAA) was too spatially coarse. It largely underestimated
deeper waters and slightly overestimated shallower waters at Mozambique. Similarly, the
spatial resolution of the General Bathymetric Chart of the Oceans (GEBCO) bathymetry
dataset was also insufficient for this study. While the Ice, Cloud, and land Elevation Satellite-2
(ICESat-2) Bathymetry data shows much promise to provide high-resolution bathymetry data
(Parrish et al., 2019), its bathymetry product is currently in development under a commercial
firm and not yet available as of this report. Alternative methods in optical imagery such as
using an SVM classification (Mishra et al., 2005), a band ratio method (Stumpf et al., 2003)
and a look-up table (Dekker et al., 2011) all require good bathymetry data, which does not
solve the issue. Li et al. (2019) modified the band ratio method to a data-agnostic equation.
However, attempts to apply their method to derive the SDB in Mozambique failed.
Furthermore, there are further challenges such as the implications of turbidity on an
optically-derived SDB. The SDB estimates at Beira were bad (Figure 7) as the highly turbid
waters were spectrally similar to the dull substrate classes (Figure 15). In spite of the initial
failure to implement Li’'s methods and in face of the data deficiency in the region, a
generalised or data-agnostic approach is the recommended direction for future scientific

pursuits, although a campaign that involves much data collection would be the better solution.

5.2. Recurrent issues
5.2.1. Turbidity and optically deep pixels - “Unwanted” pixels in aquatic remote sensing

Turbidity and optically deep pixels are two major issues for aquatic remote sensing. The
former causes optical obstruction which might be misidentified as a valid bottom cover
(Figure 15 & Figure 16). Meanwhile, the latter has a very low signal return that may be
misidentified as seagrass which has low returns too due to photosynthetic light absorption
(Dierssen et al., 2019). Both issues affect all outputs of this study. Hossain et al. (2015) have
also highlighted that turbidity reduces the accuracy of classification. It is difficult to identify
and mask these pixels out despite the research efforts invested (Brando et al., 2009; Liu et al.,

2019).
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Turbidity may occur in a range of intensities (Liu et al., 2019). Regardless of intensity, a turbid
area would have its spectral values affected by the turbid contributions to the signal
(Hochberg et al., 2003). The greater the intensity, the less the contribution of bottom
reflectance as light has less ability to penetrate through the water column (O’Neill et al., 2011)
and thus the capability of the semi-analytical model to obtain an accurate bottom reflectance
from that pixel. The current aquatic correction procedures are based on oligotrophic waters
and will overcorrect turbid waters (Siegel et al., 2000). Furthermore, Whitlock et al. (1981)
have discovered that turbid waters have different attenuation parameters that are slightly
different from the standard models for aquatic remote sensing, which would implicate the
retrieval of IOP values from these pixels. Using the HOPE model in conjunction with an
airborne hyperspectral sensor, Dierssen et al. (2019) was able to correctly identify seagrass in
the turbid water of Elkhorn Slough, California. While the HOPE model has been adapted to a
multispectral system for seagrass detection (Traganos & Reinartz, 2018), our study was not
as successful in detecting seagrasses in turbid waters. Alternatively, Dierssen et al. (2019)
proposed a red edge detection method for shallow water seagrasses. Naturally, the loss of
the ability to detect deeper seagrasses might not be a good trade-off at the seaward coasts
of Mozambique. Siegel et al. (2000) proposed a modified black pixel correction for eutrophic
waters, although they observed that not all turbid waters were due to eutrophication. As such,
its applications will be limited for waters which turbidity arises from suspended inorganic
particles rather than phytoplankton and other chlorophyll-containing particles. Other
possible options include identifying turbid waters using indices or calculations and then

masking them out like cloud pixels before image composition (Liu et al., 2019).

While optically deep waters will naturally cover a range of water depths, spectrally these
pixels are supposed to be very low in spectral signal and highly similar, especially when
assuming the water column is homogeneous (Lyzenga, 1978). This means that the optically
deep pixels can be distinguished from the optically shallow waters with a threshold and then
masked out to better aid the classification. By adapting from Maritorena et al. (1994), O’Neill
et al. (2011) used a semi-analytical equation to determine the maximum water depth of
shallow waters by calculating an index from known deep water pixels. Similarly, Brando et al.
(2009) used an index measuring the contribution of bottom reflectance to identify optically

deep waters, based on an advanced HOPE model. The former method is reliant on prior
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knowledge of known deep waters while the latter is both based on inversion as well as highly
scene dependent. As such, the former method might be easier to adapt to GEE, without any
consideration of the GEE usage quota for now. While most conventional approaches are more
focussed on using reflectance values to identify optically deep waters (Gege, 2014), a reverse
approach can also be taken by focussing on the attenuation index of each pixel and then
comparing them to the attenuation index values of optically deep pixels. If these values are
highly similar, then it can be easily quantified if these tested pixels are optically deep pixels
too. This method would be highly advantageous in regions with a heterogeneous I0P
throughout the image, as well as address the aforementioned assumption that the water

column is homogeneous and therefore can be subjected to the same IOP models or equations.

5.2.2. Limitations of GEE

While GEE performs very well in bulk geospatial processing (Mutanga & Kumar, 2019;
Shelestov et al., 2017), its power is curbed by anti-abuse or anti-overload measures, namely
the usage quota (Gorelick et al., 2017). The ramifications of this quota extend beyond a simple

adaptation and implementation of any existing scientific methods onto the GEE platform.

Multi-image composition is an approach that is highly recommended in order to manage the
size of the data and its computational demands (Carrasco et al., 2019). The most common
application is to create a multitemporal composite, which is also used to resolve issues such
as noise, cloud cover, cloud shadows, sun glint and even missing data (Amani et al., 2019;
Shelestov et al., 2017; Traganos et al., 2018). Hird et al. (2017) proposed that the statistical
approach of the composite filters out anomalous or extreme values, which are generally
associated with the bright cloud or dark shadow pixels. When working in the frequently
cloudy tropical region of Southeast Asia, Oliphant etal. (2019) relied on interannual
multitemporal images of Moderate-resolution Imaging Spectroradiometer (MODIS) to
remove any cloud pixels from their images. While a similar effect was experienced for many
of the regions in Mozambique, the normalisation of pixels was not as successful in Beira, as
in its final classification product (Figure 18). Perhaps owing to the high turbidity all year round,
the statistical representative of many of the pixels were of the highly turbid waters instead.
Furthermore, cloud shadows were still noted in the composite, likely due to the inconsistency
in the number of cloud-free occurrences over time for each pixel within the area (Carrasco et

al., 2019). Increasing the percentile used for the statistical composition would have led to the
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introduction of sun-glinted waters in other areas. This strongly indicates that the statistical
normalisation of an image composite may not be completely effective in resolving these
issues. A possible solution is to use the image metadata to filter out images with lower solar
and viewing angles, as images with higher solar and viewing angles would be more likely to
have their cloud pixels overlapping their respective shadows. The trade-off for this solution is
the reduction in number of relevant images, which may affect the statistical representative
per pixel (Carrasco et al., 2019). Conventional local server data cubes or other cloud
computing platforms such as Amazon Web Services (AWS) could also be used as an alternative,
although the former would most likely require much local storage and processing memories

while the latter provides its services at a cost (Sugumaran et al., 2018).

There are also two other issues of image composition that are specific to the semi-analytical
approach, namely the lack of a true metadata and the artificial relationship between pixels
spatially and spectrally. The artificial spectral and spatial relationship between pixels is not
the issue per se, as this also occurs during inversion on a lesser scale. The values of each pixel
are tuned after every iteration cycle of the optimisation to fit the provided equations.
Fortunately, the issues of optimisation, such as multiple valid sets of results owing to multiple
local minima or maxima or the need to input valid starting values (Gege, 2014; Klonowski,
2007), does not pertain to the image composition approach. The bottom reflectance formula
in Equation (5) indicates that the solar zenith angle and the sensor look angle are essential
components of the equation. However, after compositing different images with different
metadata together, there are no applicable metadata for the artificial image. It is
compounded by the second issue of GEE executing the statistical reduction separately by
band, so a pixel in one spectral band may originate from an image with different angles as the
“same” pixel in another spectral band. This study followed the assumption of its predecessor
in Greece to assume a nadir sensor angle (Traganos & Reinartz, 2018). Meanwhile, a mean
solar zenith angle of all valid images was used as a substitute. While the alternative is to filter
the images and limit them to a narrower range of angles, this will reduce the number of usable
images and consequently reduce the effectiveness of the image composition approach
(Carrasco et al., 2019). Another implication of the second issue is that the slightly different,
artificial relationship within pixels spectrally may result in overcorrection when applying the

semi-analytical equations. For example, the correction from R, to R, relies on using the
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SWIR band to remove the influence of the atmosphere from the signal. If the return pixel for
the SWIR band happens to be slightly higher than the other bands, then an overcorrection
would occur, causing issues with the subsequent calculations. Currently, a counter-correction
was done by rescaling the values in a standardised manner, which reduces the amount of

subjectivity introduced during the choice of scaling.

In order to successfully perform a classification in GEE, the total number of training data
should not exceed 1 million pixels (Amani et al., 2019). This study found that GEE converts
polygon training data into points per pixel in the polygon, thereby inflating any training data
based on polygons. In turn, this would increase the chances of exceeding the usage quota.
Therefore, any polygons in the training data should be similar in size as well as small, in order
to both balance the training data per class as well as ensure that the usage quota is not
exceeded. Alternatively, as done by this study, training points can be taken. However, the
selection of training points is more delicate than of polygons, as representation of both edges
and centre might need to be done, depending on classifier (Millard & Richardson, 2015).
While mapping Canadian wetlands on a national level, Amani etal. (2019) have also
discovered that the certain classifiers as well as certain tuning parameters of the classifiers in
GEE are more computationally demanding, which in turn lowers the size threshold for the
training data. The lowered number of training data would definitely impact the overall
classification accuracy (Millard & Richardson, 2015). Shelestov et al. (2017) observed that the
GEE classifiers did not perform as well as other software, while other studies have pointed
out the inadequacy of GEE classifiers (Anchang et al., 2020; Hird et al., 2017). All these indicate

that the classification procedure in GEE still requires further improvement.

5.3. Future work

Many studies are starting to exploit the processing power of GEE performing their study
end-to-end on the platform GEE (Amani et al., 2019; Koskinen et al., 2019; Oliphant et al.,
2019). Still, there are other studies that rely on GEE only as a very powerful image
pre-processor before exporting the data (Anchang et al., 2020; Hird et al., 2017). Despite its
limitations, GEE is generally user-friendly to both geospatial specialists and non-specialists,
save for a low coding barrier of entry (Alonso et al., 2016; Koskinen et al., 2019; Oliphant et
al., 2019). It hosts a wide catalogue of datasets which can be combined in many different ways
(Carrasco et al., 2019; Wu et al., 2019). Its end-to-end service from data to analysis
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circumvents issues with huge data download and management when processing geospatial
information on larger spatial and temporal scales (Anchang et al., 2020; Gorelick et al., 2017).
Furthermore, once a procedure is set up in GEE, it is highly automated and can be transferred
and scaled to other regions, depending on the design (Anchang et al., 2020; Wu et al., 2019).
Since GEE is under continuous development and will further improve, it has great potential to
bridge geospatial applications with other scientific fields. The development of the various
global habitat maps for use by the wider scientific and management audience further

supports this (Hansen et al., 2013; Murray et al., 2019; Pekel et al., 2016).

Moving forward, while the results of this study are acceptable for a pilot study for the region,
there is still a need for improvement in order to achieve its long-term aims. An inaccurate
monitoring system is worse than not having a monitoring system, as it would provide false
security with its inaccurate information (Schultz et al., 2015). This false security is highly
damaging, both on a scientific and management front, as managers and policy makers would
not have the correct information and thus focus other on critical issues instead. Therefore, it
is highly recommended to further improve the semi-analytical model for seagrass detection

and increase its accuracy.

Beyond Mozambique, tropical regions such as Southeast Asia are rich in seagrass diversity
(Fortes et al., 2018) and have a high cloud frequency and cover (Oliphant et al., 2019).
Although radar remote sensing can penetrate clouds to provide a surface image (Carrasco et
al., 2019), its lack of penetrative ability through the water surface limits its application here
(DeVries et al., 2020). The higher temporal resolution MODIS could be used to cover the issue
of cloud cover at a trade-off to spatial resolution (Alonso et al., 2016), which also suggests the
possibility of using Landsat optical imagery as an alternative. Per as previous global land cover
maps in GEE, the availability of many satellite imagery archives allows for retroactive
monitoring, as well as up-to-date with the continued ingestion of the most recent images
onto the GEE platform (Murray et al., 2019; Pekel et al., 2016), including analyses such as
real-time change detection (Koskinen et al., 2019). Pertaining to aquatic remote sensing,
other analytical models could be explored to further improve the detection of seagrasses,
such as the more advanced Bottom Reflectance Unmixing Computation of the Environment
(BRUCE) and Semi-analytical Model for Bathymetry, Unmixing, and Concentration

Assessment (SAMBUCA) models that are built on HOPE or the various look up table
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approaches (Dekker et al., 2011), provided that these methods are able to fit within the GEE
usage quota. Alternative approaches could also be investigated, such as using the spectral
reflectance profile of water to estimate another coastal aerosol band BO for Sentinel-2 for
more classification features (Wei et al., 2019). All these will contribute to the larger goal of

mapping the global distribution of subtidal seagrass meadows.

Discussion 54



6. Conclusion

This study implemented the semi-analytical HOPE model onto GEE to map seagrasses in
Mozambique successfully. It was able to produce an area estimate of seagrasses in
Mozambique, as well as the SDB and IOP products. However, there are new challenges to

overcome.

The best estimate of the seagrass area in Mozambique is 3518.37 km?, based on a seagrass
producer’s accuracy of 51.02%, a seagrass user’s accuracy of 65.79% and an overall
classification accuracy of 60.27% by the scaled R,.;-derived SVM classification map, which is
relatively good for a regional scale classification. It is highly likely that the areal estimate is an
overestimate due to commissioning. The SVM classifier had the best overall accuracy while
the RF classifier had a more consistent performance. SVM classification maps were also less
noisy than RF classification maps, but seemed to be less sensitive to finer changes between
neighbouring pixels. Classification using different intermediate and final images of the
semi-analytical model also shed more light to the importance of each processing step, such
as the black pixel assumption and the need to scale the 7,2 reflectance values before
performing an SVM classification. The most direct approach to improve the classification

accuracies is to supplement more ground truth data.

The SDB and IOP estimates were side products of this modelling. Despite the limited amount
of ground truth data available, the best SDB estimate was based on the R,,,, and able to
achieve an R? of 0.68. SDB estimates were qualitatively satisfactory at QNP and Maputo, but
bad in Beira due to the highly turbid waters. The upcoming ICESat-2 bathymetry product
might also be potentially useful as ground truth data for the SDB estimation. Meanwhile,
there is current no internal validation for the IOP. However, external validation suggested that
the approximation equations are a sufficient substitute for the more complex C2RCC

processing algorithm.

Regardless of products, the general effects of turbidity, misidentification of deep water class
with other classes, as well as the GEE usage quota applied to all. Turbidity is a major issue at
Beira, owing to the large reliance of the HOPE model, the SDB estimation and the IOP
approximation on optical imagery processing. Furthermore, many of the aquatic remote

sensing equations are designed based on clear waters rather than turbid waters, thus these
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processes are not sufficiently suited for highly turbid waters. Meanwhile, for the deep water
pixels, their low signal returns or dark pixels cause them to be easily misidentified as
seagrasses or other dark pixel classes. Nonetheless, there exist possible solutions to resolve
these issues of turbid waters and deep waters, which need to be further investigated and
adapted for this study. For the usage quota, it is a restriction that needs to be accounted for
when selecting GEE as the geospatial processing platform of choice. Despite its enforced
limitations, GEE has proven to be a very powerful platform for large scale geospatial data
management, processing and analysis. Should the usage quota of GEE pose a big deterrent,
other data cubes as well as cloud computing services such as AWS could serve as possible

alternatives.

While more work is required to refine the seagrass detection algorithm using a semi-analytical
model, its semi-analytical approach has shown potential to detect seagrass meadows,
especially for remote or understudied regions with few prior data available. The
transferability of this approach is also shown as it was originally implemented in Greece and
its Mediterranean waters. This is highly advantageous since the approach could easily be
implemented in another region of the world, albeit with some adaptation to the local climate
and hydrology. The results of this study will contribute to producing a global seagrass
classification map, which is highly relevant and much needed to the fields of seagrass science

and conservation management.
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