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Abstract

The use of high-resolution imagery (HRI) has the potential to improve the accuracy of kelp
biomass estimates, ensuring the implementation of sustainable harvesting. However, definitive
research on the potential of HRI in this application is lacking in the current literature. An
accurate estimation of kelp biomass is crucial to calculate maximum sustainable yield (MSY)
in South African kelp Concessions. This study seeks to fill the knowledge gap by exploring
the effectiveness of HRI for estimating the biomass of kelp along a specific stretch of coastline.
The study aim is achieved by analysing HRI of Concession Area 6 taken from an aircraft. Maps
quantifying kelp extent are derived from image classification methods applied to the HRI. A
total biomass figure is then determined using the product of the calculated kelp extent and an
average biomass figure of 14.5 kg/m™, taken from the literature. A total biomass of 40527.9
tonnes wet weight was calculated for Concession Area 6. The classification of HRI provided
an overall accuracy of 95%, which is relatively high when compared to Sentinel-2 satellite
imagery which resulted in an overall accuracy of 75%. When compared to the kelp extent
measured in previous studies, HRI-derived maps had consistently less kelp coverage than maps
from other imagery, suggesting that other imagery overestimates kelp extent (likely due to
resolution). However, this was confounded given different imagery used at different times and
so it was not possible to rule out change in kelp coverage over time. The results demonstrate
the value of HRI in the mapping of kelp extent, which can ultimately be used to produce more
accurate MSY assessments and support sustainable harvesting practices. However, before HRI
can be integrated into MSY assessments, it is imperative to calculate more accurate biomass
figures that are specific to the Concession Area, rather than relying on region wide estimates.
Additionally, it's important to acknowledge that while HRI excels in precision, other imagery
may be more suitable for large-scale estimates where accuracy is not a primary concern and

due to its cost-effectiveness.
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1. Introduction

1.1. Kelp forests

Kelp forests are three-dimensional benthic seascape structures formed by seaweeds (Wernberg
& Filbee-Dexter, 2019). The term ‘kelps’ is sometimes used in literature to describe large
brown algae from different orders (Bolton, 2016). To avoid confusion, the term ‘kelp’ is used

in this paper only to describe members of the order Laminariales.

Kelp forests construct their local environment to support distinct subtidal communities of
plants and animals, which would not persist without the seaweed canopy (Wernberg & Filbee-
Dexter, 2019). Kelp forests dominate the temperate nearshore reefs on approximately 25% of
the coastlines globally. They are among Earth’s most productive primary producers, with a
productivity per unit area equivalent to that of tropical rainforests (Blamey & Bolton, 2018).
Kelps rely on photosynthesis for growth; therefore, their distribution and depth are greatly

influenced by the availability of light (Anderson et al., 2006).

Kelp forests provide essential ecological services in shallow subtidal areas and adjacent deep-
sea ecosystems (Blamey & Bolton, 2018; Filbee-Dexter & Wernberg, 2018). These forests are
crucial as nursery grounds and provides a food source for many species (Anderson et al., 2006).
Their large size, structure, physiology, and association with other organisms play a vital role in
constructing the surrounding environment. Consequently, kelps are often referred to as
ecosystem engineers ((Teagle et al., 2017; Miller et al., 2018)). For instance, kelp forests can
modify the chemistry of seawater by taking up carbon and increasing pH and dissolved oxygen
levels. They create physical gradients in carbon content, alkalinity, pH, and oxygen in water in
their proximity, which is sustained by kelp density (Kosek & Kuklinski, 2023). Kelp forests
control water flow and sediment dynamics by reducing turbulence below the canopy. They also

may diminish the wave force by absorbing some of the wave’s energy, reducing its velocity.

10



Therefore, they can act as a coastal buffer, dampening the impact of storms and extreme waves,
thus preventing excessive sedimentation and coastal squeeze (Smale et al., 2013). Additionally,
it's worth noting that kelps are also harvested for commercial use, adding another dimension to

their ecological significance.

The standard structure of kelps consist of a holdfast, flexible stipe, and fronds. These three
structures provide distinct functional habitat types (Teagle et al., 2017). The holdfast usually is
comprised of intertwined haptera which anchor the sporophyte to the substratum (Elston,
Anderson & Price, 2015). This structure provides an intricate temporal habitat for kelp recruits,
other seaweeds, and many invertebrates (Field et al., 1980; Steneck et al., 2002; Teagle et al.,
2017). Amongst kelp species, stipes vary in shape and size, including length, diameter,
plasticity, rigidity, and the presence of branches (Rothman et al., 2015; Teagle et al., 2017).
This structure provides a foundation for secondary habitat-forming species such as epiphytes
and some fauna such as limpets (Anderson et al., 2006). The fronds are the primary
photosynthetic organs and vary in shape and size depending on the species. For instance, some
species have fronds that are categorised into primary blades and secondary blades that grow
from the basal meristem (Rothman et al., 2017). The fronds can be colonised by a range of
epibionts that impact the settlement of the associated biodiversity, i.e., the epiflora and epifauna

(Anderson et al., 2006; Teagle et al., 2017).

1.2.South African kelp

South African kelp forests comprise of four species. These are Ecklonia maxima (Osbeck)
Papenfuss, Laminaria pallida Greville ex J. Agardh, Ecklonia radiata (C. Agardh) J. Agardh
and Macrocystis pyrifera Bory (Anderson et al., 2007; Rothman et al., 2015). The dominant
species, E. maxima grows up to 15m and is commonly termed “sea bamboo” (Bolton et al.,

2012). It has a long hollow stipe with a gas-filled bulb ending in the kelp head which consists
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of a spearhead-shaped primary blade and secondary fronds, that grow laterally from the
primary blade. The gas-filled bulb suspends the kelp head at or near the surface, making it
visible during low tide (Rothman et al., 2010). E. maxima is termed a ‘surface-reaching kelp’
as it typically floats within the upper meter of the water column during high tides, or at (or
above) the surface at low tide.. The presence of a head is dissimilar to some other kelp species,
such as M. pyrifera, which has a continuous canopy of fronds forming a surface canopy

(Gendall et al., 2023).

E. maxima dominates the waters on the west coast of South Africa, forming extensive kelp
forests to depths between 5 — 10m (Bolton, 2010). The distribution of this species extends from
just north of Luderitz, Namibia, south along the west coast of South Africa to just beyond the
biogeographical break at Cape Agulhas, South Africa. (Rothman et al., 2020). Its distribution
range is defined by water temperatures. The warmest monthly mean temperatures E. maxima
is exposed to typically range from 13°C to 19°C, while the coldest temperatures range from
11°C to 14°C. Temperatures greater than 22.5°C limit the distribution of this kelp species
(Bolton et al., 2012). On the South Coast of South Africa, E. maxima shifted 73km eastward in
2006 and has since been established in the De Hoop Nature Reserve. Bolton et al. (2012)
hypothesised that this shift is restricted by aspects of the inshore water temperature regime;
contemporary data suggesting that gradual cooling along this coast may have caused the change

in distribution.

1.3.Kelp harvesting
In South Africa, most of the kelp industry focuses on harvesting Ecklonia maxima and
Laminaria pallida (Anderson et al., 2006; Rothman, Anderson & Smit, 2006). Fresh kelp is

harvested along the coastline between Port Nolloth (just south of the Namibian border) and

Bufteljags (just west of Cape Agulhas), with the highest quantities being harvested in the
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Western Cape. This stretch of coastline is divided into 23 Seaweed Rights Concession Areas
(SRCAs) (Figure 1.1), 14 of which contain sufficient kelp for possible utilisation (Rothman et
al., 2020). Currently, rights are allocated for a period of 15 years. In these SRCAs, rightsholders
utilise one of two harvesting methods. The “lethal” technique involves killing the plant as the

entire kelp head is cut off above the bulb at the top of the stipe (Levitt et al., 2002). The “non-
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Figure 1.1. A map indicating the 23 Seaweed Rights Concession Areas on the South African
coast. Areas 5-9, 11-16 and 18—19 contain kelp rights. Taken from Rothman et al. (2020).

lethal” method requires only removing the secondary fronds by cutting them 20cm above their
junction with the primary blade. The non-lethal method keeps the meristems intact, allowing

fronds to re-grow (Rothman et al., 2020).

The exploitation of kelps in South Africa was initially restricted to the collection of beach-cast
kelp, which was exported for alginate production. In the 1970s, the first plant growth stimulant
product was produced from E. maxima (Blamey & Bolton, 2018). Initially, only small amounts
of fresh kelp were harvested commercially from kelp forests in South Africa. However, the

markets for this product continue to expand, increasing the demand for fresh kelp harvesting.
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Since the mid-1990s, there has been a rapid increase in shore-based abalone farming, leading
to a corresponding increase in demand for fresh kelp for abalone feed (Anderson et al., 2007).
Currently, the kelp industry uses 5766 tonnes of fresh kelp fronds for abalone feed, and 5194
tonnes of fresh whole kelp for the manufacturing of liquid fertilisers and stimulants (BSASA,
2023). According to the current trend, kelp harvested for plant growth is expected to overtake

the kelp harvested for abalone feed (Rothman et al., 2020).

To ensure that harvesting remains sustainable, the Department of Forestry, Fisheries, and the
Environment (DFFE) sets limits on the amount of kelp that can be harvested in SRCAs. These
limits, also known as Maximum Sustainable Yield (MSY), allow right holders to harvest 10%
of the estimated kelp biomass of the Concession Area (Rothman et al., 2020). However, setting
an MSY has proven difficult due to unavailable or inaccurate estimates of kelp biomass, often

the result of incomplete kelp forest maps (Anderson et al., 2007).

1.4. Estimating the total biomass of kelp forests

Accurate information on the biomass of kelp beds in a Concession Area is necessary for
determining the MSY (Rothman et al., 2010). This enables better management of the kelp beds
and reduces the potential for over-harvesting. Estimating the total kelp biomass of a Concession
Area relies on two pieces of information. Firstly, a measurement of the average biomass of kelp
specific to the Concession Area (per m?). Secondly, a measurement of the area of the kelp forest
within the Concession Area. The product of these two measurements provides an estimate of
the total biomass of the kelp forest. The only published biomass estimate of surface-reaching

kelp beds on the South African West Coast is greater than 593,000 t (Anderson et al., 2007).

1.5.Average kelp biomass estimation methods

Conventionally, in South Africa, estimating the average kelp biomass relied on sampling kelp

in a series of 1m? bottom quadrats, usually placed along a transect running perpendicular to the

14



shoreline (Field et al., 1980; Levitt et al., 2002; Anderson et al., 2006; Rothman et al., 2010).
The kelp in the quadrats is removed and weighed, a method referred to as destructive bottom
sampling. This method is highly labour-intensive. Using this method Rothman (2006),
estimated the average kelp biomass for the Cape Peninsula and West Coast to be 14.5 kg/m?.
Surface-reaching plants constituted 62% of this kelp biomass figure, with subsurface kelp
accounting for the remaining 38%. However, this average varied between study sites with the
lowest biomass figure of 10 kg/m? at shallower sites and the highest biomass 21.3 kg/m? at

deeper sites.

Subsequently, Rothman et al. (2010) determined a more accessible, quicker technique of
estimating kelp biomass to avert destruction and speed up measurements. They used 1m?
floating quadrats to establish correlations between the density of kelp heads at the water surface
during low spring tides and total kelp biomass below the quadrat. They found a direct
correlation between the number of kelp heads at the surface and kelp biomass. These surface
density measurements are more than eight times quicker than the traditional biomass

determination method, are non-destructive, and are unaffected by water clarity.

1.6. Kelp forest area measurements

Over extensive coastal areas, mapping kelp forests via a boat can be logistically challenging
and resource-intensive due to often remote stretches of coastline and inaccessibility of kelp
beds. Even when resources are available, these ground surveys produce spatially scattered data
that has to be extrapolated over large areas (Bennion et al., 2019). Consequently, remote
sensing (RS) is the only sensible way of estimating the area of kelp forests in Concession Areas
and over large extents of the coast (Anderson et al., 2007). In South Africa, kelp forests have
been previously mapped using RS data such as Landsat Satellite imagery (Anderson et al.,
2007), infrared imagery taken from a plane (Tarr, 1993), and using Sentinel-2 satellite imagery

(Dunga, 2019).
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Remote sensing is the process of using technology to collect data without physical or direct
contact with the object being studied ((Lillesand, Kiefer & Chipman, 2015)). RS employs
various platforms and sensors to capture images and measurements of the Earth’s features
(Lillesand et al. 2015). For instance, RS can capture ocean data through satellites with
multispectral sensors, light detection and ranging (LiDAR) devices, aerial cameras on aircraft
and drones, underwater imagery via autonomous underwater vehicles (AUVs), and by using

sound navigation and ranging SONAR on ships (Bennion et al., 2019).

The use of RS has enabled the capture of comprehensive and accurate information, most
notably from regions that are difficult to access (Chen et al., 2022). Additionally, the imagery
captured can be reacquired at a later stage, thus allowing users to conduct future surveys with
minimal spatial variation (Lillesand et al. 2015). This enables researchers to collect seasonal to
multi-decadal time-series data over large spatial scales (Bell, Cavanaugh & Siegel, 2015).
Consequently, RS provides a practical instrument for the long-term monitoring of spatially

extensive kelp forests (Sagawa et al., 2012; Mishra & Gould, 2016).

Environmental variables such as tidal height, wave power and ocean current can alter the
amount of kelp visible on the days of data capture. Several studies have shown that the extent
of kelp forests mapped is highly sensitive to tides and currents (Stekoll, Deysher & Hess, 2006;
Nijland, Reshitnyk & Rubidge, 2019; Cavanaugh, Cavanaugh, et al., 2021). For example,
Cavanaugh et al. (2021) estimated a 32% decrease in canopy area associated with a 0.1 m/s
increase in current velocity. Additionally, Nijland et al. (2019) found that with a 2m increase
in tide, there was a 40% decrease in kelp canopy mapped from satellite imagery. For surface-
reaching kelps that are visible at the surface during low tides, such as Ecklonia maxima,
mapping is usually based on satellite or aerial imagery taken at low spring tides (Anderson et

al., 2007; Dunga, 2019).
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1.7.Satellite imagery

Earth Observation satellites offer continuous worldwide coverage from several multispectral
sensors (Bennion et al., 2019). These multispectral sensors can capture data across multiple
parts of the electromagnetic spectrum. This includes visible (red, green and blue), near infrared,
and shortwave infrared wavelengths, thus enabling the unique spectral signatures associated
with chlorophyll absorption in photosynthetic organisms to be captured (Lillesand, Kiefer &
Chipman, 2015). These multispectral sensors can be used to monitor kelp canopy dynamics
across extensive areas. However, the type of satellite imagery used governs the imagery’s
temporal coverage and pixel resolution (Cavanaugh, Bell, et al., 2021). Often, freely available
satellite imagery has a low resolution, which is often insufficient for accurate mapping of kelp
beds. For instance, Deysher (1993) found that Satellite Pour 1'Observation de la Terre (SPOT)
satellite imagery with a spatial resolution of 20m was inadequate to map Californian
Macrocystis beds accurately. Similarly, Stekoll et al. (2006) noted that Landsat imagery with a
15m resolution overestimated the size of kelp canopies in Alaska. Consequently, very high-
resolution imagery, such as imagery with a pixel resolution less than 3m, is desirable when

mapping intertidal kelps.

Hyperspectral imagery has been used previously to estimate kelp biomass and physiological
conditions (Bell, Cavanaugh & Siegel, 2015). It has also been used to successfully map
submerged seaweeds in Germany down to a depth of 6m (Uhl, Bartsch & Oppelt, 2016). The
depth to which kelp can be mapped depends on the water clarity (Cavanaugh, Bell, et al., 2021).
However, satellites that produce multispectral images with a resolution of up to 4m are often
unaffordable for mapping large areas. Additionally, images must be captured at low tides,
without cloud cover, and during good sea conditions, which is hard to align with the

predetermined satellite path (Anderson et al., 2007).
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An excellent example of freely available satellite imagery previously used by Dunga (2019) to
map South African kelp beds is Sentinel-2 (S-2). S-2 is a satellite operation conducted by the
European Space Agency (ESA). This operation consists of two identical satellites, S-2 A and
2B, equipped with a multispectral imaging system designed to capture high-resolution (up to
10m) optical images of the Earth’s surface in different spectral bands (see Appendix A for a
summary of the S-2 multispectral imagery spectral bands). The S-2 satellites provide global
coverage with a revisit time of 5 days. This satellite imagery is open-access and designed for a
wide range of applications, such as land cover mapping and monitoring, environmental

management, and disaster response.

1.8.Aerial imagery

Aerial imagery captured by aircraft or unmanned aerial vehicles (UAVs) is the most adaptable
method for controlling flight times and environmental variables (Cavanaugh, Bell, et al., 2021).
Additionally, depending on the altitude of the flight, high-resolution imagery (HRI) can be
captured, allowing for discrimination between species (Murfitt et al., 2017; Nahirnick et al.,
2019). Cavanaugh et al. (2021) used UAVs to map and estimate the biomass canopies of
Macrocystis pyrifera in California. However, this method is limited to areas of small spatial

coverage, especially when using UAVs due to battery and flight time constraints.

1.9. Image classification

Once the satellite or aerial imagery has been collected, it can be analysed using image
classification. Supervised image classification involves classifying an image into several
predefined classes. The aim is to train a machine learning algorithm to recognise features in an
image that distinguish one class from another. These classes can represent objects or pixels
(Lillesand, Kiefer & Chipman, 2015). This method allows the classification algorithm to

distinguish and classify vegetation in an image, such as kelp, from other elements, such as
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water or rocks (Al-doski et al., 2013). The classification of kelp can then be used to derive
information such as biomass, spatial trends, and temporal change (St-Pierre & Gagnon, 2020).
Although aerial imagery has been successfully implemented in detecting and mapping floating
seaweed communities, sun glare, clouds, crashing waves, shadows, and spectral noise can

hinder image classification (Cavanaugh et al., 2021).

1.10. Previous studies of remote sensing in South Africa

In South Africa, only a few studies have focused on mapping and monitoring kelp forest
ecosystems. These studies include the Master of Science theses of Tarr (1993), Rand (2006),
and Dunga (2019). Additionally, studies were done by Anderson et al. (2007), which included
Rand’s remote sensing data (2006), and by CSIR (2022) to study the feasibility of kelp

cultivation.

To quantify abalone habitat, Tarr (1993) created hard copy maps illustrating the distribution of
kelp across Concession Areas 5, 6, 7, 8, and Dyer Island using infrared aerial photography.
Subsequently, Anderson et al. (2007) digitised Tarr’s maps and used Landsat 7 ETM+ satellite
imagery and physical mapping with a GPS to map kelp beds. They estimated the biomass of
these beds using the product of the average kelp biomass per m? (14.5 + 1.33 kg/m? determined
by Rothman (2006)) and the area of the kelp bed. Consequently, Anderson et al. (2007)
established a coastal kelp resource database for the South African Coastline. More recently,
Dunga (2019) aimed to update the South African kelp forest maps using Sentinel-2 satellite
imagery. A total of 1300 km of kelp forest was mapped, distinguishing three biogeographical
subtypes: the Namaqua, Cape, and Agulhas Kelp Forests. This new map was then used to
facilitate the first ecosystem threat status assessment for South African kelp forests. In 2022,
CSIR conducted a GIS study between Alexander Bay and Cape Agulhas on the West Coast to

assess the potential offshore areas for kelp cultivation (CSIR, 2022). The study focused on
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analysing GIS datasets of essential environmental requirements for kelp growth to distinguish

regions where kelp farming is biologically viable from those where it is not feasible.

1.11. Study aim

Kelp rightsholders rely on accurate estimates of kelp biomass within their Concession Areas to
ensure the implementation of sustainable business practices (Anderson et al., 2007). High-
resolution imagery (HRI) has the potential to provide such estimates as an efficient means of
capturing this information. Current literature is lacking in definitive research on the potential
of HRI in this application. This study seeks to fill this knowledge gap by determining the
effectiveness of HRI for the purpose of determining the maximum sustainable yield in South
African SRCAs. This study’s aim is achieved by analysing aerial imagery of Concession Area

6 (see Figure 1.1).

The following research questions are addressed:

(1) Can high-resolution imagery taken from a plane provide a more accurate estimate

of kelp forest area compared to satellite imagery?

(2) What is the current biomass of the kelp forest within Concession Area 6?

(3) How does the current kelp forest map from this study area compare to those

produced in previous studies?
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2. Methods
2.1.Study site

The study took place along the Gansbaai coastline (Figure 2.1), which was explicitly chosen
due to SAEON’s provision of high-resolution imagery (HRI) for this location. The imagery
was taken from a plane and captured the coastline around Danger Point Peninsula from 34° 33’
017, 19°22°03” E to 34°36°24” S, 19° 24° 36” E as well as Dyer Island. Within this broader

region lies Concession Area 6 (Figure 2.1).
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Figure 1.1. The study area indicating the area that was captured by SAEON's aerial imagery
and Concession Area 6

Concession Area 6 stands as the southeasternmost harvested SRCA in South Africa (see Figure
1.1). Its biogeographical significance is highlighted by its proximity to the limits of Ecklonia
maxima kelp forests and being the southeasternmost point for subtidal populations of
Laminaria pallida. Concession Area 6 is situated approximately 68 km from the former

easternmost Ecklonia maxima kelp forests. Consequently, Concession Area 6 falls within a
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marine environment situated in close proximity to the limits of inshore E. maxima forests. This
observed limit in the distribution of west coast kelp species suggests a gradient in

environmental conditions within this region.

Taurus Chemicals Cape Kelp (Pty) Ltd holds the kelp harvesting rights for Concession Area 6
and harvests Ecklonia maxima. The Concession Area runs along the Gansbaai Coastline from
the Western bank of the Uilenkraal River (34° 36”24 S, 19° 24’ 36” E to the eastern bank of
the Mossel River (34° 24”307 S, 19° 16’ 24 E) and includes Dyer Island and its neighbouring
reefs (Figure 2.1). To create kelp reserves within this Concession, no kelp harvesting is
permitted in the following areas: From Stanford’s Cove (34° 34’ 06” S, 19° 21’ 20” E) to
Voorsteklip (34° 31”007 S, 19° 22° 20” E; from Blousloep (34° 36’ 50” S, 19°23” 18” E) to the

western bank of the Uilenkraal River; and within 500m of Dyer Island.

The term ‘kelp forest’ is used in this study as a singular noun to describe all of the kelp
contained within the study area; the term ‘kelp beds’ describes discrete patches of kelp

delineated by Taurus Chemicals Cape Kelp (Pty) Ltd within the larger singular kelp forest.
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2.2 .Procedure diagram

To answer the research questions in this study, the following processes (Figure 2.2) were
followed: The S-2 satellite imagery and HRI (aerial) imagery underwent masking to remove
land features. Next, the masked S-2 imagery was used to create a NDVI imagery. The masked
HRI and NDVI map underwent image classification to identify kelp, water, and rocks. The
classified data was then assessed for accuracy and refined and post-processed to generate a
detailed kelp map. From this kelp map, the kelp canopy and total kelp biomass were calculated.
Finally, the results were compared to previous studies' kelp maps, and differences were

investigated to provide insights into the kelp bed characteristics and changes over time.
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Figure 2.2. Simplified workflow of this study indicating the input data in blue, processes in
grey, and the provisional outputs in green.
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2.3. Input data

2.3.1. High-resolution imagery

High-resolution imagery (HRI) of the study was provided by the South African Environmental
Observation Network (SAEON). The HRI was captured during low tide (0.30m above Chart
Datum at 10h45) on the 6™ of June 2023 from 09h44 to 12h09. The survey was done at a height
of 19001t with 100 images taken. Dyer Island was surveyed during low tide (0.37m above Chart
Datum at 11h35) on the 7 of June 2023 from 11h36 to 12h18, and 142 images were taken. The
equipment used for this study can be found in Table 2.1. During the survey, ground-truthing
points were taken to validate the presence of kelp (see more information regarding ground-

truthing in Appendix B).

Table 1.1. The equipment used by SAEON to survey the Gansbaai Coast and Dyer Island.

Equipment Description
Aircraft Glasair Sportsman GS2 aircraft.
Lidar ELMAP 15V Airborne Lidar.

Camera Nikon D850 DSLR with 24mm lens.
Global Navigation Satellite System Novatel PwrPak7 SPAN (Synchronous Position,

(GNSS) Attitude and Navigation) Receiver.
Inertial Measurement Unit (IMU)  Sensonor STIM300 IMU (Inertial Measurement

Unit).

SAEON processed the imagery from the survey to produce LiDAR imagery as well as
orthophotos with a pixel size of 13cm on the ground. The orthophotos produced contained
artefacts such as blank spots and warping. Therefore, the LIDAR imagery provided by SAEON

was used to fill in the data gaps in these areas.

To facilitate the analysis of the HRI, the orthophoto was divided into eight smaller photos
because the original size (13 GB) was too large to process in a single instance. This division

facilitates more manageable and efficient processing. The eight orthophotos underwent a land

24



masking process to remove land from the imagery and simplify the classification. This was
done to specifically focus on kelp classification, as terrestrial vegetation had the potential to be

confused with kelp.

2.3.2. Sentinel-2 satellite imagery

Sentinel-2A (S-2A) imagery was chosen as atmospheric corrections have already been applied;
therefore, it excludes the effect of light reflected off of the earth’s surface into the sensor. S-2A
imagery was acquired freely from the Copernicus Browser
(https://dataspace.copernicus.eu/browser), an online hub provided by the European Space
Agency (ESA) for Sentinel-2 products. This browser allows users to download raw band layers

from B1 to B12 (see Table 1.1).

To create an NDVI (Figure 2.3A) and a RGB map (Figure 2.3B), bands B2, B3, B4, and B8
were acquired in June 2023. Due to tidal height and cloud coverage affecting kelp visibility,
days with the highest kelp visibility were prioritised. Before the supervised image classification
could take place, the raw band rasters were masked to remove land. Additionally, bands B2,

B3, and B4 were combined to make a RGB map (Figure 2.3B).

e
Figure 2.3. Sentinel-2 band compositions of Dyer Island shown as a NDVI map and RGB.
NDVI Map (A) with vegetation shown in green and a true-colour image (RGB) (B) with kelps
appearing as dark brown patches.
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2.4. Normalised Difference Vegetation Index (NDVI)
The spectral bands from the S-2 imagery can be used to create NDVI maps. NDVI is a widely
implemented remote-sensing metric for quantifying vegetation health and density based on the

reflectance of near-infrared (NIR) and red light. NDVI is calculated using the formula:

(NIR-Red)

NDVI = (NIR+Red)

(1.1)

This formula results in values that range from -1 to 1. High positive values indicate dense
vegetation, while low or negative values indicate non-vegetated surfaces such as water or rocks
(Bell, Cavanaugh & Siegel, 2015; Lillesand, Kiefer & Chipman, 2015; Gendall et al., 2023).
The inclusion of the NIR band is particularly crucial in mapping kelp, as it enables the
discrimination between rock and kelp. Kelps, being photosynthetic organisms, contain
chlorophyll which predominately absorbs light in the visible spectrum and absorbs less in the
NIR range. Consequently, they have a high reflectance in the NIR range. By analysing the
NDVI values derived from satellite imagery, researchers can effectively distinguish kelp from
water and rocks, therefore allowing for the extent of kelp forests to be mapped (Rand, 2006;

Uhl, Bartsch & Oppelt, 2016).

Using a raster calculator tool in ArcGIS Pro 3.1.0 (Esri, 2023), the NDVI equation was applied
to bands B4 and B8 to produce an NDVI map (Figure 2.3). The NIR and red bands capture
distinct spectral properties of water, rock, and kelp. Leveraging these differences, NDVI
thresholds can be derived. These thresholds facilitate the effective separation of kelp from
water and rocks, allowing for the classification of these elements. The spectral values
corresponding to these classes were extracted from the NDVI map for supervised image

classification.
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2.5. Supervised image classification

Supervised image classification is the process in which a computer algorithm is trained to
categorise digital images into predefined classes (Sibaruddin et al., 2018). The algorithm learns
to identify patterns and features within the training data that are indicative of the different
classes, and it uses this knowledge to make predictions about the classes within the study area
(Lillesand, Kiefer & Chipman, 2015; St-Pierre & Gagnon, 2020). Pixel classification, the
method used in this study, is an image-processing technique used to categorise individual pixels
in an image into predefined classes or categories. This method was chosen as it is commonly

used in kelp bed mapping studies (Bennion et al., 2019)

Supervised Maximum Likelihood Classification (MLC) of the HRI and the NDVI map was
done using ArcGIS Pro 3.1.0. In the process of MLC, the likelihood of pixels being associated
with each of the trained classes is computed (Lillesand, Kiefer & Chipman, 2015). For the
MLC, training polygons were created based on ground-truthing points taken during the
SAEON survey and areas where kelp could be clearly visualised in the HRI. These training
polygons were used to categorise the pixels within the imagery into three classes, namely class
1 (kelp), class 2 (water), and class 3 (rock/land). The output of this process was a classified
raster indicating areas of kelp, water, and rock/land. The output rasters were converted
shapefiles containing polygons for better visualisation and accurate calculations of geometric

attributes such as area.

2.6. Accuracy assessment
To investigate and compare the accuracy of the supervised image classification of the S-2A
imagery to the high-resolution imagery, both a visual assessment and confusion matrix were

conducted.
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2.6.1 Visual assessment
The visual validation process entailed panning the entire extent covered by the new kelp
polygons map to check for areas incorrectly classified. The ground-truthing points were also

compared to the classified rasters to further verify the classification.

2.6.2 Confusion matrix

A confusion matrix was constructed in ArcGIS Pro 3.1.0 using accuracy assessment points.
Accuracy assessment points are used to evaluate the performance of a supervised image
classification algorithm by comparing the class assigned by the algorithm to known reference
data. For this study, the classes assigned were compared to the HRI as the resolution was
sufficiently high to provide clear visibility and a detailed depiction of the contents within the
image. These assessment points were used to create a confusion matrix computing the User’s
Accuracy, Producer’s Accuracy, overall accuracy and kappa coefficient. This matrix provides
a clear and quantitative representation of the supervised classification algorithm’s performance,

highlighting areas of strength and improvement.

2.7. Post-processing

To improve the accuracy of the kelp maps before proceeding with biomass estimations and
comparisons to previous studies, the maps were cleaned by manually removing areas
incorrectly classified as kelp. Additionally, the high-resolution imagery contained some
artefacts such as distortions and blank regions that arose during the orthorectification of the
imagery. To overcome this, in areas in which kelp was distorted and classified incorrectly, the

features were removed and reclassified manually using the LiDAR imagery.

2.8. Current kelp biomass estimation
Once the kelp within the study area was mapped from the high-resolution imagery, the overall

area of the kelp forest (m?) was calculated. The second piece of information required to
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calculate the total biomass of the kelp forest is an average kelp biomass figure (per m?).
Currently, the only available kelp biomass figure that is applicable to Concession Area 6 is that
determined in Rothman (2006). Rothman (2006) calculated an average Ecklonia maxima
biomass figure (per m?) for the Cape Peninsula and West Coast of South Africa. This was

achieved by cutting and weighing kelp from 1m? quadrats.

Using this figure of 14.5 + 1.33 kg/m? (Rothman, 2006), the overall biomass of the study area

could be calculated using this equation, also from Rothman (2006):
b=w Xa, (2.1)

where b is the biomass of the entire study area, w is the average biomass per m? (kg/m?), and a
is the area of the kelp bed (m?). It must be noted that this is an average kelp biomass
measurement. The biomass measurements by Rothman (2006) varied between study sites with
the lowest biomass figure of 10 kg/m? at shallower sites and the highest biomass 21.3 kg/m? at

deeper sites.

2.9 Comparison of current kelp area to previous years

elp forest calculated in this study was compared to those made in previous studies (Table 2.2).
Shapefiles of the kelp forest created by (Rand, 2006) and published in Anderson et al. (2007)
were provided. Additionally, shapefiles were provided from Dunga (2019) and Taurus
Chemicals Cape Kelp (Pty) Ltd. The data used by Anderson et al. (2007) covers Concession
Area 6 but excludes Dyer Island. Consequently, changes in kelp extent were only compared

around Danger Point Peninsula (see Figure 2.4).
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Table 2.2 The input data used to investigate the changes in kelp extent and kelp beds within
Concession Area 6 with tidal heights referenced to Mean Lower Low Water (MLLW). Pixel
resolution refers to the Ground Sampling Distance at the equator.

Input Mapping Description Dates of Pixel Tidal Height
Data acquisition  resolution
Anderson et al. Digitised Tarr (1993)
1993 2m 0.13m
(2007) Infrared maps
Sentinel L2C Satellite
Dunga (2019) 2016 20m 1.74m
data
Sentinel L2A Satellite
This study 2023 20m 0.6m
data
) High-resolution 0.30 (Coastline)
This study 2023 13cm
imagery 0.37 (Dyer Island)
3. Results

3.1. Supervised image classification

The supervised image classification resulted in maps indicating the area and extent of kelp

around Danger Point Peninsula and Dyer Island. The output polygons of the HRI are much

more detailed than the polygons created from the S-2A imagery (Figure 3.1).
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Figure 3.1. Maps showing the area classified by the supervised image classification as kelp
around Danger Point (Top) and Dyer Island (bottom). The output kelp polygons of the of the
S-2A imagery can be viewed on the right and the output of the HRI on the left.

3.2 Accuracy assessment

To assess the accuracy of the MLC in Figure 3.1, confusion matrices were produced for the
output of the S-2A imagery as well as the HRI. Table 3.1 shows the results of the accuracy
assessment of the kelp classification using high-resolution imagery as input. The matrix shows
that 45 of the 50 validation points for kelp were classified correctly as kelp (90%). All 50
validation points of water were classified correctly, and of the 50 validation points for rock, 47
points were classified correctly (94%). This led to an overall producers’ accuracy (Type 1 error)
of 94% and a general users’ accuracy (Type 2 error) of 95%. The overall accuracy is 95%. The
kappa coefficient, which provides a comprehensive evaluation of the accuracy of the
classification, is very high (0.92 from a possible range of -1 (no agreement) to 1 (full

agreement).
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Table 2.1 Confusion matrix for the supervised image classification of the HRI of the Gansbaai

Coastline.
Class Kelp Water Rock Total
Kelp 45 3 2 50
Water 0 50 0 50
Rock 3 0 47 50
Total 48 53 49 150
Producer’s Accuracy (%) 0,93 0,94 0,95 0,94
User’s Accuracy (%) 0,9 1 0,94 0,95
Overall accuracy (%) 0,95
Kappa statistics 0,92

Table 3.2 shows the results of the accuracy assessment of the MLC using the S-2A imagery as
input. The matrix shows that 36 of the 50 validation points for kelp were classified correctly as
kelp (72%). Of the 50 validation points for water, 49 were classified correctly (98%), and of
the 50 validation points for rock, 27 points were classified correctly (54%). This leads to an
overall producers’ accuracy (Type 1 error) of 79% and an overall users’ accuracy (Type 2 error)
of 76%. This results in an overall accuracy of 75%. The kappa coefficient still substantial (0.62

from a possible range of -1 (no agreement) to 1 (full agreement)).

Table 3.2 Confusion matrix for the supervised image classification of Sentinel-2A imagery.

Class Kelp Water Rock Total
Kelp 36 12 2 50
Water 1 49 0 50
Rock 8 15 27 50
Total 45 76 29 150
Producer’s Accuracy 0,80 0,65 0,93 0,79
User’s Accuracy 0,72 0,98 0,54 0,76
Overall accuracy (%) 75
Kappa statistics 0,62
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The overall accuracy and kappa coefficient of the HRI’s classification was greater than that of
the S-2A satellite data. The visual comparisons (Figure 3.2) provide additional support to these
findings, as they revealed instances where the classification failed to identify certain areas of
kelp. for example, water gullies between the kelp were erroneously classified as kelp, and areas
sparse in kelp were often not identified. Additionally, the S-2A imagery had more cases in

which rocks were incorrectly classified as kelp (Table 3.2).
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Figure 2.2. Comparison of the raw HRI (A) to the raw S-2A imagery(C). Comparison of the
kelp polygons produced from HRI (B) and S-2A imagery (D) overlayed onto the raw HRI.
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3.3. Kelp biomass estimation

The coupling of HRI and MLC produced a highly accurate kelp forest map. Consequently, this
map was used to calculate the kelp forest area and biomass (Table 3.3).

Table 3.3. The total area and biomass of kelp within Concession Area 6. This was calculated
using the product of the area of kelp (determined from the HRI) and Rothman’s kelp biomass
figure with standard error (2006), see section 2.8.

Area of Interest Area of kelp (m?) Biomass kelp (tonnes)

Concession Area 6 2795 025.3 405279+ 37174

3.4. Comparison of this study to previous studies

The kelp area measurements of this study and previous studies (see Table 2.2) around Danger
Point indicate that the maps of previous studies estimated the extent of kelp to be greater by a
maximum of 161.27% compared to the kelp estimations done using HRI (Figure 3.4). The kelp
extent in 1993 produced from Anderson et al. (2007) data estimated the greatest kelp extent,
whereas the kelp extent produced from the high-resolution imagery had the smallest estimate.
The difference between the 1993 kelp map by Anderson et al. (2007) and the 2023 HRI is

263.94ha (a difference of 61.71%).
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Figure 3.3. The kelp forests maps of Danger Point Peninsula. (A) Kelp extent mapped from
high-resolution imagery, (B) kelp extent mapped from S-2A 2023 imagery, (C) Kelp extent

mapped by Dunga (2019) and (D) kelp extent mapped by Anderson et al. (2007).
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Figure 3.4. The extent of kelp area (ha) around Danger Point Peninsula of current and past
studies.
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Visual comparisons of the kelp maps indicate that the classification of the HRI performed better
in delineating the extent of the kelp forest around Danger Point Peninsula (Figure 3.6; see more
in Appendix C). The classification of S-2A showed many instances where rock and water were
incorrectly classified as kelp. The kelp extent mapped by Anderson et al. (2007) indicated many
instances of kelp where it was not actually present while simultaneously overlooking
significant kelp beds. The maps made by Dunga (2019) also failed to identify some areas of

kelp accurately, and mistakenly classified some sections of rock as kelp.
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Figure 3.6. A zoomed in comparison of the kelp maps. With the kelp extent mapped from the
high-resolution imagery (A). S2-A kelp extent from this study (B), Dunga (2019) kelp extent
(C) and Anderson et al. (2007) kelp extent (D).
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4. Discussion
4.1. Comparative accuracy of high-resolution imagery versus Sentinel-2 satellite imagery.

With advances in remote sensing technology, opportunities to map and monitor important
seascapes over large extents are increasing (Gendall et al., 2023). This study has shown that

HRI offers a great tool to map kelp forests in South African SRCAs.

The confusion matrix for the S-2A classification indicated a relatively high producer’s accuracy
for kelp classification (0.8), demonstrating that when the classifier predicted instances of kelp
it was frequently correct (Table 3.2). However, the user’s accuracy suggests that it did not
capture all actual instances of kelp. This discrepancy is likely due to false positives where
instances of water or rock were incorrectly classified as kelp (as seen in Figure 3.6). These
false positives contribute to an overestimation of kelp area and an inaccurate map of the extent

of kelp.

The high user and producer accuracy measures of the HRI classification indicate that the model
is effective in distinguishing between kelp, rock, and water. Consequently, the use of HRI
results in a robust classifier, ensuring reliable estimation of kelp extent. These results are
similar to several studies which found that higher resolution imagery resulted in higher
confidence in kelp detection (Berry & Crowdrey, 2021; Cavanaugh, Bell, et al., 2021;

Cavanaugh, Cavanaugh, et al., 2021; Chen et al., 2022).

There are several reasons why the high-resolution imagery contributes to a more accurate
classification. First, it provides finer details allowing the classifier to make more precise
distinctions between the classes (Bennion et al., 2019). For instance, it can capture fine-scale
landscape characteristics such as water gullies within the kelp forest. Second, the colour
variations between the classes are better distinguished, enabling the classification algorithm to

make more refined decisions. Third, higher-resolution imagery reduces the occurrence of
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mixed pixels, where a single pixel contains a combination of different classes (more common
in lower-resolution imagery). The reduction in mixed pixels makes it easier for the classifier to
assign accurate labels to the individual pixels (Lillesand, Kiefer & Chipman, 2015; Schroeder

etal., 2019).

In contrast, the lower resolution of satellite imagery has been demonstrated to produce less
accurate kelp maps (Deysher, 1993; Stekoll, Deysher & Hess, 2006). A study done in California
by Deysher (1993) shows that SPOT satellite imagery (20m resolution) is insufficient for
smaller beds in this region. Additionally, Stekoll et al. (2006) found that Landsat 7 satellite
imagery (15m resolution) overestimated the area of the kelp canopy of Nereocystis luetkeana,
a kelp with a morphology similar to that of £. maxima. The overestimation of kelp extent, due
to a lower resolution, indicates that S-2A imagery is insufficient to create highly accurate maps,

such as those needed for biomass estimates of Concession Areas.

Although high-resolution imagery can yield a very accurate kelp map, employing it to assess
kelp coverage across an extensive area would be impractical due to the expenses associated
with flying a plane over such large regions. Studies conducted over larger extents, which do
not aim to calculate MSY, do not require high levels of accuracy. Therefore, freely available
satellite imagery, such as Sentinel-2 imagery, with its broader coverage is a more practical
option for producing kelp distribution maps. Although it doesn't produce extremely accurate
kelp maps, Sentinel-2 imagery proved ideal in Dunga (2019), which aimed at mapping kelp for
conservation purposes, focusing on identifying the locations of kelp forests rather than

determining biomass.

4.2. Comparison of kelp forest maps around Danger Point Peninsula

The comparison of kelp maps around Danger Point Peninsula reveals notable discrepancies in

kelp extent estimates among the studies. The findings suggest that earlier studies had a greater
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kelp extent compared to the high-resolution imagery used in the current investigation. As the
classification of the high-resolution imagery has shown to be very accurate, this divergence
prompts questions about the accuracy and reliability of methodologies employed in earlier
studies. The difference of 263.94ha in kelp extent between the 1993 map by Anderson et al.

(2007) and the 2023 HRI highlights this point.

The visual analysis of the kelp maps highlighted many instances where the previous studies
misclassified water and rock as kelp. The misclassifications observed in the S-2A imagery
(2023) and in Dunga (2019) are likely due to the low pixel resolution. In Figure 3.4, it is evident
that Anderson et al. (2007) classified areas of kelp that are not visible in the high-resolution
imagery. This inconsistency may be attributed to the lower tides, which was 17cm lower during
image acquisition in Anderson et al. (2007). Additionally, Anderson et al. (2007) used Infrared
maps from Tarr (1993) which had a lower resolution and a limited spectral resolution, making
it challenging to accurately distinguish kelp from other features or environmental conditions

(Lillesand, Kiefer & Chipman, 2015).

It is evident that the difference in measured kelp extent from 1993 to 2023 (Figure 3.3) is likely
not the result of overharvesting. Rather, it is the result of recent shifts toward more accurate
methods of measurement that are less likely to overestimate kelp extent. Further supporting
this is the decrease in the measured extent of non-harvested kelp beds from 1993 to 2023.
Accurate conclusions about the impact of harvesting cannot be made using measurements
drawn from imagery of varying quality (for example, high resolution compared to lower

resolution).

Drawing conclusions about the differences between kelp maps becomes challenging when
considering variations in tidal height during imagery capture across different studies (see Table

3). Specifically, a lower tide reveals more E. maxima heads, making them more visible; this is
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due to the gas-filled bulbs at the top of the stipe suspending the fronds near the sea surface
(Rothman et al., 2010). Consequently, higher tides, as observed in the satellite image capture
during Dunga (2019), may substantially diminish the visible extent of kelp forests. This
limitation underscores another drawback of utilizing satellite imagery for continuous
monitoring of kelp forests in Concession Areas, as aligning image capture with low tidal

heights is difficult (Cavanaugh, Bell, et al., 2021).

The results underscore the value of utilising HRI for accurate and reliable kelp mapping, as it
provides finer details crucial for accurate estimations and can be planned to coincide with low
spring tides as done in this study. Inaccuracies in mapping could have ecological implications,
as misidentifying kelp beds or neglecting their presence may impact ecosystem assessments
and conservation efforts. Furthermore, accurate biomass estimates are crucial for enhancing
the quality of MSY assessments, thus providing a reliable basis for optimizing sustainable

harvesting practices.

4.3, Limitations and Recommendations

One limitation of this study is the utilization of an average kelp biomass figure for the Cape
Peninsula and West coast to estimate the total biomass of Concession Area 6. Kelp biomass
estimates have shown to significantly vary between sites (Rothman, 2006; Anderson et al.,
2007).While using an average figure of 14.5 kg/m? provides a baseline, it may fail to consider
the changes in kelp biomass in deeper or more dense sites in Concession Area 6 and result in
an overestimation or underestimation of the total biomass. To enhance the accuracy of the total
kelp biomass estimation, it is recommended that kelp biomass measurements be conducted
within the Concession Area of interest prior to mapping (Table 3). Additionally, these biomass
estimates should account for depth and density variations. Ecklonia maxima has been observed
to decrease in density with an increase in depth (Rothman, 2006). In deeper waters, kelp

exhibits longer, heavier stipes with greater frond biomass compared to shallower kelp.
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To support accurate MSY measurements, it is advisable to employ a framework that considers

these variables. The recommendations for future kelp biomass estimates in South African

Concession Areas include: establishing a biomass estimation specific to the Concession Area,

developing quality criteria for image capture (e.g. tidal heights, sun angles, and sensor

specifications), using pixel-based image classification to identify kelp, collecting in-situ

ground-truthing data for accuracy assessment, and utilizing high-resolution imagery for more

accurate kelp extent measurements and biomass estimations (see Table 3).

Table 3. Recommendations for future kelp biomass estimates in South African Concession

Areas.

Parameters

Concession Area kelp biomass estimation framework
recommendations

Biomass estimation figure

Should be done in Concession Area of interest prior to image capture.
Data such as bathymetry and kelp bed density should be taken into
consideration for biomass estimations.

Quality Criteria for image capture

Have a set of quality criteria for adapted for the specific Concession
Area.

Things to consider in the development of the criteria:

Aim for spring low tidal heights;

Minimise low sun angles and shadows;

Minimise haze and cloud cover.

Include NIR or red-edge wave band when selecting the sensor to assist
with distinguishing between rock and kelp and reduce potential of
overestimation.

Classification To classify kelp, use a pixel-based image classification.

Accuracy Assessment In situ, ground-truthing data should be collected on the day of each
survey. Where this is not possible, other data can be used to validate
the classification such as expert knowledge, and past surveys which
show the location of the kelp forests.

Resolution High-resolution (<Im) is recommended when estimating the kelp

biomass for a maximum sustainable yield. A higher resolution results
in more accurate kelp extent measurements, ultimately allowing for a
more accurate biomass estimation

The potential influence of climate change on total kelp biomass cannot be definitively ruled

out, even though there is currently no evidence to support this assertion. Considering

42




Concession Area 6’s proximity to the limits of Ecklonia maxima distribution and that FE.
maxima’s distribution range is hypothesised to be defined by water temperatures limits (Bolton
et al., 2012; Rothman et al., 2017), it is strongly recommended that continuous monitoring of

kelp populations be conducted, accompanied by regular temperature measurements.

Conclusions

It is apparent that over the last 20 years, harvesting in Concession Area 6 was conducted based
on an overestimation of the inshore kelp standing stock. However, monitoring by the DFFE
indicated that these harvesting practices had a negligible impact on the resource, affirming the
sustainability of harvesting at the current MSY (DFFE, 2024; Dr Mark Rothman, pers. comm).
Two potential explanations for this finding are considered: first, the average biomass figure
used for calculating the standing stock may be too low for the area; second, the conservative
notion that only 10% of the standing stock can be harvested may be overly cautious. However,
it is crucial to recognize the variability in kelp forest density at different sites, emphasizing the

need for a site-specific assessment.

This study highlights the potential role of HRI in accurately mapping and monitoring kelp
forests in South African Concession Areas. The limitations of S-2A imagery, particularly its
lower resolution and susceptibility to misclassifications, were evident in the study, emphasizing
its inadequacy for mapping an accurate kelp extent needed for MSY. While HRI delivers
accurate results, its feasibility diminishes over extremely large areas, making S-2 satellite
imagery a more practical option for broader coverage studies. The comparison of kelp forest
maps around Danger Point Peninsula revealed substantial discrepancies between earlier studies
and the high-resolution imagery used in this investigation. The overestimation in earlier studies
raises questions about the accuracy of methodologies employed, further emphasizing the need

for reliable and comparable mapping techniques.
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It is essential to acknowledge that different species of kelp may require slightly different
methods. While the methods in this study have proven successful for Ecklonia maxima, they
may not be applicable to Macrocystis pyrifera which has continuous canopy of fronds forming
a surface canopy. In summary, the utilization of HRI emerges as an excellent tool for accurate
kelp mapping, with profound implications for ecological assessments and conservation efforts.
The study contributes valuable insights and recommendations, emphasizing the need for
methodological consistency and site-specific considerations in future kelp monitoring and
biomass estimation endeavours. In the context of South Africa Concession Areas, where
accurate kelp canopy classification is fundamental, the use of higher-resolution imagery
becomes especially important. Accurate classification not only ensures a comprehensive
understanding of the landscape but also facilitates better estimations of maximum sustainable

yields, thereby allowing for more effective resource management.
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Appendix A.

A.1 The spectral bands of the S-2 multispectral imagery.

Band Number Central Wavelength (nm) Band Name

1 443 Coastal aerosol

2 490 Blue

3 560 Green

4 665 Red

5 705 Vegetation Red Edge
6 740 Vegetation Red Edge
7 783 Vegetation Red Edge
8 842 NIR

8a 865 Narrow NIR

9 945 Water Vapour

10 1380 SWIR — Cirrus

11 1610 SWIR

12 2190 SWIR
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Appendix B

B.1 Location of the Ecklonia maxima ground truthing points done on the same day as the
SAEON HRI capture. The ground-truthing was done by boat by members of Taurus Pty Ltd.

At the points viewed in the imagery below, the presence of kelp was confirmed.
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Appendix C

C.1 A zoomed in comparison of the kelp maps at the point of Danger Point Peninsula. With the
kelp extent mapped from the high-resolution imagery (A). S2-A kelp extent from this study
(B), Dunga (2019) kelp extent (C) Anderson et al. (2007) kelp extent (D), and the raw HRI (E).

;
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C.2 A zoomed in comparison of the kelp maps North of Gansbaai Harbour. With the kelp extent

mapped from the high-resolution imagery (A). S2-A kelp extent from this study (B), Dunga

(2019) kelp extent (C) Anderson et al. (2007) kelp extent (D), and the raw HRI (E).
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