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Abstract

Brown macroalgae habitats provide a range of ecosystem services, offering

coastal protection, supporting and increasing biodiversity, and more recently

have been recognized for their potential role as blue carbon habitats. Conse-

quently, accurate areal estimates of these habitats are vitally important. Satellite

imagery is often utilized for areal estimates of vegetated habitats due to their

ability to capture vast areas but are disadvantaged by their lower resolution. In

contrast, imagery collected by unmanned aerial vehicles (UAV) provide high-

resolution datasets but are unable to cover the necessary spatial scale required

for calculating areal estimates at regional, national or international scales. This

study successfully and accurately corrects the outputs from low-resolution Sen-

tinel 2 imagery to the standard of high-resolution UAV imagery by using a

novel brown algae index and a simple regression model to provide accurate

spatial estimates. This model was applied to rocky shores across Wales, UK to

predict a spatial extent of 6.2 km2 for three fucoid macroalgae species; Asco-

phyllum nodosum, Fucus vesiculosus and F. serratus. The regression model was

validated in two ways. First, the data used to create the regression model was

split to train and test (50:50) the model, with a root mean square error of

~8%–14%. Secondly, spatial estimates of fucoids in independent aerial imagery

were assessed using aerial photography interpretation and compared to that of

the regression model (7% difference). The carbon standing stock of fucoids cal-

culated from the spatial estimate (6.2 km2) was found to be significantly lower

than that of other marine carbon stores, indicating that fucoids do not signifi-

cantly contribute as a blue carbon habitat based on biomass alone. This study

produces a robust and accurate remote sensing technique to estimate spatial

extent of macroalgae at large spatial scales, with possible worldwide

applicability.

Introduction

Large canopy-forming brown macroalgae provide key

ecosystem services which include supporting high levels

of biodiversity, providing suitable nursery habitats for

commercially important fish and crustaceans (Lilley &

Schiel, 2006; Teagle et al., 2017), and providing natural

coastal defence (Duarte et al., 2013). More recently, they

have been recognized for their potential role in sequester-

ing carbon by acting as blue carbon donors (Filbee-

ª 2023 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.
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Dexter & Scheibling, 2012; Krumhansl & Scheibling, 2011,

2012; Pessarrodona et al., 2019). In addition, their bio-

chemical components such as alginates mean they are

commercially valuable and as such are harvested in some

countries (Guiry & Morrison, 2013). The presence or

absence of canopy-forming brown macroalgae can also

act as an important tool to assess coastal belt health

(Orlando-Bonaca et al., 2021). In spite of their ecological

and societal importance these habitats are threatened and

declining due to coastal development (Mangialajo

et al., 2008), climate change (Gorman et al., 2020) and

pollution (Iveša et al., 2016). In order to conserve and

manage these important habitats, we need to understand

their spatial extent in order to monitor change and iden-

tify areas which may benefit from either restoration or

protection. While this is done in the UK via condition

monitoring in protected areas for conservation impor-

tance, more generally we have little understanding of the

habitat extent of these important species.

Estimates of macroalgae areal extent have generally used

environmental variables (light, temperature, habitat and

wave exposure, Burrows, 2012; Duarte & Cebrián, 1996;

Charpy-Roubaud & Sournia, 1990; Gattuso et al., 2006;

Hill et al., 2015; Krause-Jensen & Duarte, 2016; Yesson

et al., 2015) to determine habitat suitability. Even with a

large number of environmental variables, areal estimates

are likely constrained by spatial resolution of the environ-

mental datasets, which are at larger scales than the

fine-scale environmental changes that influence species

presence or absence (Yesson et al., 2015). Remote sensing

applications provide more accurate, time efficient and

cost-effective habitat mapping (Klemas, 2001; Kobryn

et al., 2013), with optical remote sensing allowing the spec-

tral reflectance of features to be captured using sensors.

Photosynthetic pigments within vegetation are responsible

for determining the wavelengths of reflectance, which are

either absorbed or reflected due to their primary role in

photosynthesis. As these pigments vary between vegetative

classes, the type and proportion of wavelength reflected

allow spectral signatures, specific to vegetation, to be iden-

tified in imagery captured (Andréfouët et al., 2003; Rock

et al., 1988).

Within the marine environment, the application of

remote sensing techniques has primarily been utilized on

tropical habitats (i.e. seagrass, mangroves and coral reef;

Chauvaud et al., 1998; Garza-Pérez et al., 2004; Mishra

et al., 2006; Mumby et al., 1997). With the exception of

canopy algae such as Macrocystis pyrifera and Nereocystis

luetkeana, which sit on the surface of the ocean, and shal-

low subtidal species exposed at low tide or found in areas

of good visibility (Anderson et al., 2007; Bell et al., 2020;

Casal et al., 2011; Cavanaugh et al., 2021; Finger

et al., 2021; Simms & Dubois, 2001; Uhl et al., 2016), few

studies have attempted to estimate macroalgal areal extent

using remote sensing. For intertidal species, which are

bidaily exposed during low tide, remote imagery tech-

niques are a more viable for estimating areal extent (Brodie

et al., 2018; Rossiter et al., 2020).

The use of a spectral index can identify a specific spe-

cies or group of species. Common marine algal specific

indices include the floating algae index (FAI; Hu, 2009)

green algae, and the seaweed enhancing index (SEI) which

has been applied to all groups of algae (red, green and

brown), both floating and attached (Siddiqui et al., 2019).

A unique threshold level can also be adopted to identify

algae using a more generalized index such as normalized

difference vegetation index (NDVI; Cui et al., 2018),

enhanced vegetation index (EVI; Huovinen et al., 2020;

Siddiqui et al., 2019) and spectral mixture analysis (SMA;

Huovinen et al., 2020). A key advantage of using indices

is their ability to identify one vegetative group of interest

and ignore other vegetative groups. Habitat classification

accuracy for marine environments has been linked with

resolution, where generally, the greater the resolution (i.e.

the smaller the pixel size) the more accurate the classifica-

tion results (Anderson et al., 2007; Brodie et al., 2018;

Cui et al., 2018; Mumby et al., 1997), and therefore con-

sequently the more accurate the estimate of areal extent

for that habitat. Aside from the obvious variations in sen-

sor construction or design, spatial resolution of imagery

is primarily determined by the altitude at which the

images are taken. A popular approach to collecting imag-

ery is unmanned aerial vehicles (UAVs). UAVs can sup-

port a multitude of sensor types, with spatial resolutions

well below 1 m ground sampling distance (GSD). How-

ever, UAVs are generally unsuitable for covering large

areas (>100 ha) in one flight due to constraints in battery

power, regulatory restrictions on maximum range, and

also being heavily reliant on climatic conditions for image

capture. In contrast, satellite imagery can cover large

areas, collecting imagery across the globe in a single day

with regular resampling, and the data are often freely

available for both commercial and research purposes.

These advantages are offset by the spatial resolution of

satellite imagery varying from 6 to 60 m, therefore reduc-

ing the accuracy of estimates of spatial extent (Anderson

et al., 2007), and cloud obscuration being a considerable

hindrance. Higher resolution satellite imagery (<1 m) is

available but is often expensive to purchase.

A number of studies have used both low-resolution sat-

ellite and high-resolution UAV imagery to provide imag-

ery which has both wide coverage and high resolution

without the expense of using finer scale satellite imagery.

In the marine environment such studies have generally

compared classification results across the two types of

imagery (Brodie et al., 2018). In Kotta et al. (2018), a

2 ª 2023 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.
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strong relationship was found between the cover of algae

(determined through quadrat data) and reflectance values

from satellite imagery. This relationship was specifically

for green algae, possibly due to the use of single reflec-

tance bands from satellite imagery. A study by Cui

et al. (2018), detected areas of floating green algal blooms

by using high-resolution imagery to correct satellite imag-

ery outputs through the application of a statistical regres-

sion model. In effect, this correction technique enabled a

similar level of accuracy between the coarser resolution

satellite imagery and the higher resolution imagery when

estimating green algal areal extent, therefore removing

one of the major disadvantages of using satellite imagery.

Despite these promising results, the potential for utilizing

a corrective predictive model has not been developed for

other groups of algae.

Within the north-east Atlantic the three most common

intertidal canopy-forming macroalgal species are the

fucoids: Ascophyllum nodosum, Fucus vesiculosus and F.

serratus. This study aimed to estimate the combined areal

extent of these three species within Wales, UK which has

a coastline of approximately 2500 km. This was achieved

using a combination of high-resolution UAV imagery and

low-resolution satellite imagery by: (1) creating a novel

index to distinguish brown macroalgae from other algal

groups and substrates and; (2) applying this index to pre-

dict the spatial extent of intertidal canopy-forming

macroalgae in Wales using a combination of satellite and

UAV imagery. A secondary objective was to use this

information and field surveys to provide an estimate of

dry weight biomass (tonnes) and carbon standing stock

(tonnes C) for intertidal fucoids in Wales as part of a

study investigating their blue carbon potential.

Materials and Methods

UAV imagery collection and processing

UAV flights were conducted on three rocky shores in mid

Wales (Fig. 1B). These sites were chosen as they sup-

ported seven different algal species, and algal coverage dif-

fered between sites. Site UAV1 was visually estimated to

have >80% algal coverage of F. vesiculosus, A. nodosum

and F. serratus. Whilst UAV2 and UAV3 were estimated

to have sparse to superabundant (0–80%) algal coverage

of F. vesiculosus and F. serratus with A. nodosum rarely

present at these sites.

A DJI Phantom 3 pro UAV (DJI, Shenzen, China),

with a Parrot® sequoia multispectral camera (Parrot®,

Paris, France) (1 × RGB sensor and 4 × individual bands;

Green [G], Red [R], Red Edge [RE], Near Infrared

[NIR]) was used to carry out the flights. Sites were flown

at an altitude of 10 m, with a 75% overlap, speed of 2 m/s

and image capture time-lapse set to 1 s. PIX4D capture

(Pix4D, Lausanne, Switzerland) was used for flight plan-

ning. Due to the battery time of DJI Phantom pro not

being sufficient to capture the entire rocky shore area in

one mission, three missions were required for site UAV1

and UAV3, whilst two missions were required for UAV2.

For each site, the images from multiple missions were

merged into one for processing. Tide times and date cap-

ture for all imagery can be found within the Table S1.

Image stitching was undertaken using Pix4Dmapper

(Pix4D). Processing steps included: (1) initial processing

(keypoint extraction, keypoint matching, camera model

optimization and GPS geolocation); (2) point cloud con-

struction (point densification) and (3) Digital Surface

Model, orthomosaic, reflectance map and index construc-

tion. In order to ensure precise overlay of UAV and satel-

lite imagery outputs, differential-GPS (D-GPS) correction

using ground control points (GCPs) was applied after the

initial processing step of each image stitch. Up to 10

points were collected at each site using a Leica CS25

high-accuracy tablet computer with Leica AS10 geodetic

antenna on a GNSS PRO 1000 pole (Leica Geosystems,

Heerbrugg, Switzerland), as well as Trimble Geo7X series

(Trimble, Inc., Westminster, CO, USA). The accuracy of

the GCPs was ~30 cm.

The main outputs required for this study were

5 × reflectance maps (one for each spectral band—G, R,

RE, NIR and one for the combined RGB sensor). The

reflectance map represents a calibrated form of the ortho-

mosaic, where the value of each pixel is adjusted to faith-

fully indicate the reflectance of the object. This

calibration was achieved through using camera informa-

tion (vignetting, dark current ISO, etc.), and irradiance

data from the DLS, as well as the calibration panel. At

UAV1, for all multispectral bands, the total area covered

was 1.07 ha, and the GSD 1.13 cm. For the RGB sensor,

the total area covered was 0.85 ha and the GSD was

0.29 cm. At UAV2, the total area covered by the final

stitch of all multispectral bands was 0.60 ha, with a GSD

of 1.32 cm. For the RGB maps, the total area was 0.47 ha

and GSD 0.34 cm. At UAV3, for all multispectral bands,

the total area covered was 1.24 ha, and the GSD 1.15 cm.

For the RGB sensor map the total area was 1.10 ha and

the GSD 0.30 cm. The coordinate reference system for all

outputs was WGS 84/UTM zone 30 N.

Satellite imagery, collection, and processing

To acquire multispectral imagery capturing the full cover-

age of the coastline in Wales, satellite imagery from

Sentinel-2 Level-1C (S2A) was used. S2A is developed by

the European Space Agency (ESA) with tile sizes of

100 × 100 km frequently captured and freely available

ª 2023 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 3
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(https://scihub.copernicus.eu/dhus/#/home). S2A captures

multispectral bands: Blue (B), G, R and NIR colour bands

with a resolution of 100 m2 (10 m GSD). This dataset

contains modified Copernicus Sentinel data from 2019.

Products acquired from ESA were atmospherically

corrected using Sen2Cor v2.5.5. Data was reprojected into

OSGB 1936/British National Grid and masked with a cus-

tom cloud detection routine based on the Sen2Cor scene

classification and a ‘clear sky’ filter from RSGISLib with

additional processing from GDAL v2.4 and RSGISLib v3.

Figure 1. (A) Six tiles from Sentinel-2 covering different portions of the Welsh coastline, with locations of subset (B) and (C) shown by red and

green coastline respectively. (B) Six sites used for estimating carbon standing stock in Wales (C1–C6). Red circles = exposed, orange

circles = moderately exposed and blue circles = sheltered rocky shores. (C) Locations of UAV flights of rocky shores (Site UAV1–3). (D) Sites where

validation imagery for the regression model was collected throughout Wales is denoted (Sites VI1–VI6). Wave exposure was determined using the

NOAA wave exposure model (WeMO v4) following Malhotra and Fonseca (2007). UAV, unmanned aerial vehicles.

4 ª 2023 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.
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S2A imagery is captured at ~11.30 AM (GMT + 1)

within the UK, with new imagery captured every 3–
4 days. Due to regional differences in the time when low

tide occurs across Wales and to ensure minimum cloud

coverage, two different dates of capture of S2A imagery

was required to capture all regions at low tide. S2A imag-

ery tiles T30UUE, T30UVE and T30UUD were captured

on 27 June 2019 and S2A tiles T30UVD, T30UVC and

T30UUC captured on 5 May 2019 (Fig. 1A).

Intertidal areas within Wales were extracted from S2A

imagery using the normalized difference water index

(NDWI) and the vectorized Intertidal Phase1 Habitat Sur-

vey layer for Wales (Natural Resource Wales; https://lle.

gov.wales/home?lang=en). First, the NDWI index (Equa-

tion 1) was applied to the low tide S2A imagery to mask

out the ocean and determine the low intertidal region.

Water was deemed as NDWI values >0.

NDWI ¼ Green�NIR

Greenþ NIR
(1)

Once water had been masked out, the high tide of the

intertidal region was determined by using the Intertidal

Phase 1 Habitat Survey vectorized layer, available from

the geo-portal website, for Wales, Lle (https://lle.gov.

wales/home). After the intertidal region had been success-

fully extracted, the substrate layer within the Intertidal

Phase 1 Habitat Survey was used to extract rocky shore

habitats. Extracted rocky substrata included bedrock,

boulder and large shingle substrata. Only rocky shores on

the open coastline and not within estuaries were

extracted.

Creation and application of brown algae
index

Using the multispectral bands from the processed UAV

imagery, spectral curves were evaluated over different

macroalgae and substrate types to define a brown algae

index (BAI) (Equation 2) (see Figures S1 and S2). A

threshold value of 4.0 was derived, where values >4.0
were classified as brown macroalgae, and values <4.0 were

classified as ‘other’ (other macroalgae and substrata). This

threshold value was defined using a visual assessment of

the index using the QGIS plugin profile tool.

BAI ¼ NIR

Green
(2)

In order to test the accuracy of the BAI, the index was

applied to four 100 m2 areas for UAV1 (~885 123 pixels),

and UAV2 (~57 506 pixels) using the processed UAV

imagery. Due to the close proximity of UAV2 and UAV3,

it was decided that only one site was required to validate

the index. UAV2 was chosen due to the greater range of

different macroalgae and substrate types present. The per-

centage area of brown algae identified by the BAI for each

100 m2 area were compared to the ‘true’ percentage cov-

erage. True brown algae coverage was determined by

manually digitizing brown algae using the RGB output of

that same area. Accuracy assessments were performed,

where omission, commission and agreement areas were

compared and used to calculate total accuracy (Equa-

tion 3), producers accuracy (Equation 4) and users accu-

racy (Equation 5).

Total Accuracy %ð Þ ¼ Agreement

Omissionþ Commissionþ Agreement
� 100

(3)

Producers Accuracy %ð Þ ¼ Agreement

AgreementþOmissions
� 100

(4)

Users Accuracy %ð Þ ¼ Agreement

Agreementþ Commissions
� 100

(5)

Agreement is the area that was determined as brown

algae by both the index and the manual classification.

Omission is where the BAI failed to identify brown algae

where the manual classification did, and commission is

where the BAI falsely identified brown algae, which was

not present according to the manual classification. Once

the BAI was successfully developed and assessed, the

index was applied to all UAV site imagery and vectorized.

Combining UAV and S2A imagery

Two regression models were created due to the two dif-

ferent dates of capture of S2A imagery. These regressions

were calculated using 50% of the data with the other 50%

used to validate the models (see below). A regression

model was created by first clipping S2A imagery across

UAV1–UAV3. The BAI equation was then performed on

the clipped S2A imagery, providing a BAI value for each

100 m2 pixel. Finally, each S2A 100 m2 pixel was assigned

the percentage cover of brown algae determined from the

classification of brown algae using the BAI in UAV imag-

ery at UAV1–UAV3. A regression was carried out between

an accurate percentage cover of brown algae determined

from the UAV imagery within the 100 m2 S2A pixel and

the BAI value calculated from S2A imagery for that same

pixel. The polynomial regression equation produced for

both models was used to predict the percentage coverage

of brown algae using the BAI value calculated from S2A.

Validation of these models was performed in two ways.

First, 50% of the data not used to create the regression

models was used to validate the model by testing the

equation’s ability to predict percentage cover using S2A

ª 2023 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 5
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BAI values. This predicted percentage cover was com-

pared against the ‘true’ percentage cover derived from the

UAV maps. The root mean square error (RMSE) was cal-

culated on the difference between the true percentage

coverage and predicted percentage coverage.

The second validation was applied using the intertidal

RGB aerial imagery collected independently of this project

from five sites (VI2–VI6) in north Wales and one site

(VI1) in south Wales in 2019 (Fig. 1D). Extracted inter-

tidal regions from S2A imagery was aligned with the

aerial imagery and brown canopy-algae cover was deter-

mined using the regression equation. This independent

imagery was obtained using a TopCon Falcon™ 8 Octo-

copter with Sony A7R RGB camera. Sites were flown at

an altitude of 50 m and had a horizontal overlap of 80%.

Image stitching was undertaken using Agisoft Photoscan

(Agisoft LLC). In order to ensure precise overlay of aerial

imagery and Sentinal-2A outputs, D-GPS correction using

GCPs was applied.

Aerial photography interpretation (API) was used to

provide an estimate of the percentage cover of brown algae

present for up to four S2A 100 m2 pixels at each of the six

sites (VI1–VI6) of rocky shore aerial imagery. In this study,

API involved a single person choosing at random four ×
100 m2 S2 pixels for each location and manually digitizing

the percentage cover of brown algae using the intertidal

RGB aerial imagery by visual estimation. This API percent-

age coverage estimate was compared to the predicted per-

centage coverage of the same S2 pixels using the regression

equation and the difference calculated.

Determination of brown canopy-forming
algal total and carbon standing stock

In April–May 2019, eight quadrats (0.25 m2) were ran-

domly placed at three shore heights dominated by F. ser-

ratus, F. vesiculosus and A. nodosum at each of two

sheltered, moderately exposed and exposed shores in

north Wales (Fig. 1B). Density was quantified as the

number of canopy-forming individuals arising from a sin-

gle holdfast within the quadrat. Within the mid-shore,

quadrats were rarely monospecific but often contained a

mixture of all three species of interest. However, within

the low shore, only F. serratus was present within quad-

rats. Three of the largest canopy-forming individuals,

from each quadrat, were removed to determine wet

weight (WW) using a spring scale (�5 g). To convert

WW to dry weight (DW), 10 canopy forming individuals

of each species were taken from UAV1, weighed and

dried at 60°C for 72 h. The amount of carbon (g C) was

calculated using the conversion rate of 0.37 (Bordeyne

et al., 2015; Ilvessalo & Tuomi, 1989; Wilson et al., 2015).

Carbon values were scaled to 1 m2.

Dry weight (DW) biomass (g m−2) was calculated

using Equation (6):

DW ¼ w � dð Þ � x (6)

The carbon standing stock (g C m−2) was calculated

for each quadrat following Equation (7):

SS ¼ w � dð Þ � x � c (7)

where SS = standing stock, w = mean weight of three

individuals, d = density, x = WW:DW conversion factor,

and c = carbon conversion factor. The mean SS was cal-

culated from the eight quadrats.

Preliminary analysis found that macroalgae biomass

did not vary between species, wave exposure, or site.

Therefore, an overall mean of all quadrats was used to

calculate dry weight (g m−2) and carbon (g C m−2)

standing stock.

Statistical analysis

QGIS (vers 3.4.15) was used for all orthomosaics after

pre-processing of UAV and S2A imagery. Polynomial

regressions were analysed using R (vers 1.25033). To

avoid collinearity in the polynomial regression, the inde-

pendent variable was re-centred (subtracting the mean

from all values before fitting the model) (Kraemer &

Blasey, 2004). Independent variables produced by S2A

which were lower than those used to produce the regres-

sion analysis (<−3.03 for Regression A and <−4.41 for

Regression B) were automatically classified as having 0%

brown algae, while those higher (>3.76 for Regression A

and >6.01 for Regression B) were classified as having

100% brown algae coverage. Normality of data was

assessed using Q–Q plots of residuals and histogram

plots.

Due to partial cloud obscuration in imagery, approxi-

mately 1.2 km2 of rocky shore was masked out. Polyno-

mial regression A (based on S2A data captured on 5 May

2019) was applied to tile T30UVD, T30UVC and

T30UUC and polynomial regression B (based on S2A

data captured on 27 June 2019) equation was applied to

tile T30UUE, T30UVE and T30UUD.

Results

Identification and accuracy of brown algal
index from UAV imagery

UAV1 had a higher total accuracy than UAV2 (89.0%

and 70.4% respectively) (Table S2). Both the user and

producer accuracy were high (>80%) for both sites,

although again accuracies for UAV1 was higher (>90%)

6 ª 2023 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.

A Spatial Estimate of Brown Macroalgae for Wales Lewis et al.

 20563485, 0, D
ow

nloaded from
 https://zslpublications.onlinelibrary.w

iley.com
/doi/10.1002/rse2.327 by W

elsh A
ssem

bly G
overnm

ent, W
iley O

nline Library on [13/03/2023]. See the Term
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline Library for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons License



(Table S2). Overall, the average accuracy assessment of

both sites found that the BAI total accuracy was 79.7%,

and producer and user accuracy >85%, suggesting that

this index could be used with high confidence for detect-

ing brown algae.

Regression models

Regression B data did not meet the assumption of a nor-

mal distribution, therefore statistical analysis should be

interpreted with caution. Notwithstanding this, there was

a strong significant polynomial relationship between S2A

BAI values and the corresponding percentage cover of

brown algae for each S2A pixel derived from UAV imag-

ery for both regressions (Regression A: R2 0.88,

P < 0.001; Regression B: R2 0.81, P < 0.00; See Table S3;

Fig. 2).

Method validation

The first model validation, using a 50% subsample of the

S2A BAI data, found a RMSE of 8.32% for regression A

and 14.26% for regression B. Both regression equations

were more likely to overestimate brown algal coverage for

S2A pixels when brown algal coverage was greater than

60%. Values below 60% cover tended to be underesti-

mated (Fig. 3). For regression A, values were typically

inaccurately estimated by ~10–20%, whereas in regression

B, values were inaccurately estimated by up to ~30%.

The second validation using the independent ariel

imagery showed a mean difference of 7% (�SEM 5.3%)

between predicted and true percentage cover of brown

macroalgae.

Areal extent and standing stock estimates
of canopy-forming intertidal algae in Wales

Based on the approach used in this study (Figs. 4 and 5),

the estimated combined areal extent of F. vesiculosus, F.

serratus and A. nodosum in Wales is 6.2 km2. Based on

our biomass estimates we suggest that intertidal rocky

shores of Wales support 4383.1 g m−2 DW of brown

canopy-forming algae or 1621.8 g C m−2. Extrapolated

across the areal extent of canopy-forming brown algae a

total DW biomass of 27 228.3 t and a total carbon stand-

ing stock of 10 074.5 t C is estimated for Wales. The

average percentage coverage of algae per S2A pixel (i.e.

100 m2) was 30.5%, leading to an average carbon stand-

ing stock of 494.6 t C km2.

Discussion

While previous studies have highlighted the difference in

spectral signatures for red, green and brown algae (Kotta

et al., 2014), indices specific to one algae group have only

recently been developed for use in remote sensing

(Hu, 2009; Siddiqui et al., 2019). Here, for the first time,

we produced an accurate index specifically to identify

Figure 2. Polynomial regression of BAI values assigned to S2A pixels (re-centred to avoid collinearity) and percentage coverage of brown algae ascer-

tained from unmanned aerial vehicles imagery. Data points are a taken from UAV 1–3. Plot (A) uses S2A data captured on the 15/05/2019 and Plot

(B) uses S2A data captured on the 27/06/2019. Solid black lines represent line of fit predicted using a polynomial curve. BAI, brown algae index.

ª 2023 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 7
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brown algae. Our index is similar in accuracy to that of

the SMA (79%), but higher than NDVI, EVI and FAI

(73–76% accurate) assessments used for kelp by

Huovinen et al. (2020), and SEI (62.5%) applied on float-

ing algal groups (Siddiqui et al., 2019). The success of the

BAI as an index is due to the combination of NIR and

Figure 3. The difference between the predicted % coverage using Sentinel-2 data and the true % coverage as determined unmanned aerial vehi-

cles imagery. Plot A is using Sentinel-2A data captured on the 15/05/2019 and plot B uses Sentinel-2 data captured on the 27/06/2019.

Figure 4. Plot (A) shows the % cover of algae per S2A pixel based on the polynomial regression (heatmap) overlaid with the brown algae

vectorized layer extracted using UAV imagery (grey patches) from UAV2. Plot (B) shows aerial imagery obtained from validation UAV imagery at

UAV2, and plot (C) the overlaid S2A raster layer of estimated percentage coverage using the polynomial regression. UAV, unmanned aerial

vehicles.

8 ª 2023 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.
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green bands used as a ratio. During the spectral indices

evaluating process, NIR reflectance values were notably

higher in brown algae compared to red or green algae

and other substrates, with the green band additionally

helping in differentiating green algae. Thorhaug

et al. (2007) found a similar pattern in spectral signatures

of Fucus spp. and attributed it to the difference in chloro-

phyll and accessory pigments found within brown macro-

algae. Disagreement in the defined boundary of brown

macroalgae area by the BAI compared to the manual digi-

tization was the main contribution towards reduced accu-

racy for this index. This disagreement was primarily due

to two main reasons. First that decision of a boundary is

always difficult, especially within biological classes, as

clear, simple borders do not occur often naturally. Sec-

ondly, as common in most UAV imagery, the alignment

between the RGB and MS data were affected by localized

warping in the orthomosaics. As the RGB data were used

to produce the ‘true’ brown algae percentage coverage

and BAI was applied to the MS imagery, any misalign-

ment between the two types will have affected the accu-

racy value of the BAI.

More importantly, we have developed a method of

combining coarse-scale remote sensing data, such as that

collected by S2A, with fine-scale UAV imagery to create a

regression model allowing for the prediction of brown

algae spatial coverage. To date the coarseness of resolu-

tion of products such as S2A has precluded its use on

habitats where spatial coverage can change at scales of

centimetres to metres (Anderson et al., 2007; Brodie

et al., 2018; Cui et al., 2018; Mumby et al., 1997). Our

results demonstrate that S2A data can produce areal esti-

mates at a similar standard to high-resolution UAV imag-

ery. This is an important contribution to the application

of remote sensing over large spatial scales in marine and

coastal environments.

We used two validation techniques to determine the

accuracy of our combination approach. For the first vali-

dation method, half of the data was used to validate the

model while the other half was used to create the regres-

sion, model. Within this first validation, regression A had

a lower RMSE error than regression B. This difference

between the two regressions is likely a result of the vari-

ability in atmospheric conditions affecting S2A imagery

collected for these different dates. The second validation

method, using all of the available data with independent

rocky shore imagery could be considered a more realistic

estimation of the error. This second validation method

Figure 5. Area (m2) of intertidal fucoid algae throughout Wales using the regression model method.

ª 2023 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 9

Lewis et al. A Spatial Estimate of Brown Macroalgae for Wales

 20563485, 0, D
ow

nloaded from
 https://zslpublications.onlinelibrary.w

iley.com
/doi/10.1002/rse2.327 by W

elsh A
ssem

bly G
overnm

ent, W
iley O

nline Library on [13/03/2023]. See the Term
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline Library for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons License



found <10% difference between the predicted percentage

coverage using the regression and ‘true’ percentage cover-

age using API of aerial imagery. Though demonstrating a

high level of accuracy, collection of more UAV imagery,

which better represents the diversity of rocky shores

throughout Wales, could validate and potentially improve

the model further. Furthermore, though the use of a 4.0

BAI threshold was used for delineating brown macroalgae

in this study, different cameras and sites will likely result

in differing scales for the BAI. It will therefore be neces-

sary for future users of the index to assess whether 4.0 is

also optimal for them, or whether it should be altered

slightly to better fit their data.

This study provides the first estimate of fucoid areal

extent in Wales of 6.2 km2. This estimate excludes estua-

rine habitats, as standing stock and biomass quadrat esti-

mates were not representative of such habitats. Our study

is also limited in the occurrence of low tide and cloud

free S2A imagery availability, resulting in some regions of

Wales where the lowest tides could not be captured,

therefore our estimation is likely an under-estimate of the

true value. Despite these limitations, our S2A imagery

was able to capture a significant proportion (81.6%) of

the rocky shore. Furthermore, given the areas missed will

be on the lowest part of the shore, the proportion of

intertidal macroalgae in these areas is likely to be mini-

mal. However, within the context of UK estimates, our

fucoid areal estimate for Wales is still considerably lower

than the estimation of 11 000 km2 within the British Isles

by Yesson et al. (2015). The Welsh coastline forms a con-

siderable part of the British coastline, therefore making it

unlikely that the remaining 10 993.8 km2 (99.94%) is

represented by the rest of the British Isles, indicating this

predicted value by Yesson et al. (2015) is a significant

overestimation. Their use of low-resolution environmental

datasets, and methodological focus of mapping areas suit-

able for fucoids (through habitat suitability modelling) as

opposed to direct observation through remote sensing (as

in our study) is likely to be the cause of such difference.

However, in order provide a more comprehensive com-

parison of results, the approach outlined in this study

would need to be extended to the rest of the British Isles.

A secondary aim of this research was to determine the

carbon standing stock of fucoid algae in Wales, which we

have determined to be ~500 t C km2 (~10 000 t C). This

is slightly more than the ~400 t C km2 estimated for

Laminaria digitata in England (Gevaert et al., 2008).

These figures are, however, small compared to other ter-

restrial and marine carbon sinks within Wales. Broadleaf

and coniferous woodland cover 3090 km2 (Forestry Com-

mission, 2019), store 7000 t C km2 (Alonso et al., 2012)

and have a carbon standing stock of 22 million t C within

vegetative biomass alone (Forestry Commission, 2014).

While Welsh saltmarsh are capable of storing up to 5000 t

C km2 and >260 000 t C (Ford et al., 2019). However,

the importance of macroalgae as a blue carbon habitat is

not the standing stock of carbon held within living bio-

mass, instead it is via the release of detrital material

(Krause-Jensen et al., 2018; Krause-Jensen & Duarte, 2016;

Smale et al., 2018), which can be transferred and seques-

tered in deep sea and offshore environments (Hill

et al., 2015; Krause-Jensen & Duarte, 2016; Smale

et al., 2018). Recent research on the same species and in

the same geographical area has estimated that fucoids

release ~765 g C m−2 year−1 of detritus (based on dis-

lodgement rates and receptacle senescence; Lewis, 2020).

The amount of fucoid detritus which is successfully

sequestered in offshore sediments within Wales needs to

be calculated in order to determine the carbon potential

of this habitat through carbon donation.

However, it should be noted that seasonal and yearly

changes in biomass in brown fucoids has been documen-

ted in previous studies, generally reaching peak biomass

in summer (Lamela-Silvarrey et al., 2012; Munda &

Markham, 1982; Vadas Sr et al., 2004). To our knowl-

edge, the long-term stability of fucoid biomass in Wales

is not yet fully explored, and therefore caution should be

observed in treating the carbon standing stock estimate in

this study as a fixed figure, and instead should be viewed

as a single point in time until future research can demon-

strate how stable Welsh biomass fucoids are.

This study shows for the first time, a successful and

accurate method to correct imagery from low- to high-

resolution within intertidal habitats. Due to the relative

simplicity and universal application of this method, there

is no reason why it could not be applied to other coastal

habitats as well as terrestrial environments. In conclusion,

this study has identified a new index capable of specifi-

cally identifying brown algae and the use of a novel

technique for standardizing low-resolution data to high-

resolution accuracy providing an accurate method for

estimating brown algal spatial coverage.
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Supporting Information

Additional supporting information may be found online

in the Supporting Information section at the end of the

article.

Table S1. UAV imagery was captured as close as possible

to the low tide time for that day. As Sentinel tiles covers

a large area, the tidal height represents a single shore

point (co-ordinates in parentheses) in the centre of this

coastline that this tile covers.

Table S2. Producer, user, and total accuracy (%) assess-

ments of BAI within UAV imagery.

Table S3. Regression for S2A data collected on [date]

(Regression A) and on [date] (Regression B).

BAI = Brown algae index.

Figure S1. Reflectance values for different algal groups

and substrate for UAV site 1 (A), UAV site 2 (B) and

UAV site 3 (C). Multispectral imagery for each site was

used to determine reflectance value for each algae and

substrate group present on the shore represented on the x

axis. The QGIS terrain tool plugin was used to detect

reflectance values.

Figure S2. A section of the RGB imagery taken from

UAV Site 2 (A). Image B is the same region as image A,

but brown algae has been classified using the BAI (with

>4.0 threshold = brown algae). The areas classified as

brown algae is shown using purple shading.
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