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Highlights 

 

• Adapted pre-existing public RGB photographic record for new purpose 

• SVM modelling able to separate different habitat classes using RGB DN values 

• Isle of Wight intertidal macroalgae abundance has increased in the 21st century 

 

Abstract 

 

 Intertidal macroalgae are indicator species whose population changes could be used to 

track environmental changes, including climate change. Information about their distribution is 

however difficulty to obtain, as traditional survey methods perform poorly in intertidal 

environments, necessitating alternatives such as remote sensing. This study assessed intertidal 

macroalgae abundance over time through analysis of a publically available red-green-blue 

(RGB) photographic record of the Isle of Wight taken by the Channel Coast Observatory 

(CCO). The CCO records contain georeferenced aerial surveys from 2001, 2005, 2008, and 

2013. A support vector machine model that distinguished between macroalgae classes based 

on pixel digital number values was trained through the linking of habitat identifications made 

during ground-truthing to specific pixels in the 2013 CCO images. Four macroalgae classes 

were included in the model: green algae, red algae, Fucus, and Sargassum. This model was 

then applied to the entire island for all four surveyed years. Macroalgae abundance increased 

over the surveyed period, suggesting climate change has not yet detrimentally impacted Isle of 

Wight macroalgae populations. Fucus abundance increased between 2005 and 2008, while red 

macroalgae abundance increased linearly with time from 2001 to 2013. Analysis of aerial RGB 

photography of intertidal macroalgae provides a viable tool to monitor spatial and temporal 

environmental change. 
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1. Introduction 

 

 Intertidal macroalgae are keystone species, presenting up to a fourfold increase in 

habitable surface for other species (Boaden, 1996), forming a support base for highly diverse 

communities (Schiel & Lilley, 2007; Duarte et al., 2015). They are locally important as 

indicator species for environmental health (Juanes et al., 2008), and globally important as 

carbon sinks (Chung et al., 2011). These roles are coming under threat due to human activities, 

which are causing transformations in macroalgal assemblages (Brodie et al., 2014). Of 

particular issue is the global increase in atmospheric CO2, which affects macroalgae not only 

through changes in temperature, but also through increased ocean acidification due to increased 

levels of dissolved CO2 (Harley et al., 2012). These and other impacts mean climate change 

will result in massive changes to marine ecosystems (Hoegh-Guldberg & Bruno, 2010 and 

references therein). 

 The long-term effects changes in temperature and acidification will have on macroalgae, 

as well as the interaction between the two, are not well understood (Harley et al., 2012). 

Changes in oceanic temperature and acidity will affect macroalgal photosynthetic efficiency 

(Graiff et al., 2015), growth rates (Koch et al., 2013), and disease tolerance (G. Campbell, 

2011). Macroalgae species’ responses will depend on their thermal tolerances and initial 

distributions (Harley et al., 2012). Macroalgal ranges are often globally defined by latitudinal 

thermal limits (Sunday et al., 2012), with intertidal species’ local distributions also limited by 

thermal tolerance (Somero, 2010), putting many populations at risk as sea temperatures change. 

Extreme weather events have already caused extirpations at the extremities of some macroalgal 

ranges (Smale & Wernberg, 2013; Gao et al., 2015). Conversely, increased ocean acidification 

may increase some species’ growth rates in the short-term. Carbon is a critical ingredient in 

macroalgal growth, and many species are not at carbon saturation (Harley et al., 2012; Koch et 

al., 2013). Applying regional trends to predict local effects in the intertidal zone is difficult as 

strong local temperature variations can have far greater impact than latitude alone (Helmuth et 

al., 2002). 

 A global trend of poleward migration of marine organisms correlates with increases in 

sea-surface temperature (Poloczanska et al., 2013) with an estimated speed of 19 km year-1 

(Sorte et al., 2010), much faster than the 0.6 km year-1 of terrestrial species (Parmesan & Yohe, 

2003). Such shifts have already been observed in macroalgae species (Mieszkowska et al., 

2006; Wernberg et al., 2011; Jueterbock et al., 2013; Duarte et al., 2015; Gao et al., 2015).  

Increased migration means even if native species adapt to environmental changes they may 
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still face competition from invasive species. Optimal temperatures of macroalgae species that 

are invasive the Mediterranean vary as much as 4ºC (Samperio-Ramos et al., 2015), so local 

temperature variation may not provide refuges from competition. Invasive macroalgae which 

show a greater tolerance of temperature change are well-poised to exploit the resulting empty 

niches (Zanolla et al., 2015). 

 The British Isles is an important area for macroalgae science, containing large and long-

studied communities (Brodie et al., 2014). These communities contain over 650 species, 

representing 50% of North Atlantic species and 7% of global species (Yesson et al., 2015b). 

The British Isles fall in the middle of many species’ latitudinal ranges (Bush et al., 2013), so 

macroalgal distribution tends to be limited by topography rather than climate (Yesson et al., 

2015b). The intertidal macroalgal community is dominated by fucoids (Brodie et al., 2014), 

canopy-forming species important for supporting their communities (Boaden, 1996; Jueterbock 

et al., 2013; Duarte et al., 2015). While the extinction of any macroalgae species from the 

British Isles in the near future is very unlikely, some declines have already been observed 

(Yesson et al., 2015a). Fucus serratus has lost genetic diversity in its southern bounds (Bush 

et al., 2013), while Alaria esculenta has become locally extinct in some southern locales 

(Mieszkowska et al., 2006). Laminaria digitata may disappear from southern Great Britain by 

2100 (Raybaud et al., 2013). Of 14 important brown species in the British Isles studied by 

Yesson et al. (2015a), 10 have undergone abundance changes in correlation with temperature 

changes. Invasive species are establishing themselves even where native macroalgae remain 

(Brodie et al., 2014), and continue to migrate northwards at a faster rate than contractions at 

the southern limits of native macroalgal species’ ranges (Mieszkowska et al., 2006; Lima et al., 

2007). 

 Predicting changes in intertidal zones is important, but current predictions—however 

well modelled—suffer from a lack of input data (Holman & Haller, 2013). Spatial data is often 

lacking; for example many British historical macroalgal location records place them only to 

the nearest 100 m, or even 1000 m (Yesson et al., 2013). Traditional static sensors that 

passively record environmental data perform poorly in the ever-changing intertidal 

environment. Intertidal regions are simultaneously inaccessible to marine sensors and entirely 

different to neighbouring terrestrial environments. Remote sensing presents an advantageous 

solution, providing a larger volume of data for a relatively low cost and with easy access (Green 

et al., 1996; Hennig et al., 2007; Holman & Haller, 2013). Remote sensing can be very 

powerful: multispectral satellites are able to distinguish shallowly submerged green, red, and 

brown algae from each other and from underlying sand (Kutser et al., 2006). Hyperspectral 
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imaging has been used to map intertidal sediment grain size distributions (Rainey et al., 2003) 

and assess water quality (A.H. Campbell et al., 2011). While red-green-blue (RGB) 

photography of marine environments is limited to shallow areas (Komatsu et al., 2002), it has 

been used to examine marine (Fletcher et al., 2009), estuarine (Nezlin et al., 2007), and fluvial 

(Anker et al., 2014) vegetation distribution. Macroalgae exposed on dry land are more 

reflective than submerged individuals (Silva et al., 2007), so such methods should be even 

more effective in the intertidal. As intertidal macroalgae are necessarily benthic, changes in 

distribution should proxy changes in abundance. The more flexible aerial photography has a 

longer history of use than satellite photography; Orth & Moore (1984) were able to use 

historical photos going back to the 1930s to assess the presence of macroalgae. Aerial 

photography can often provide higher resolution images than satellites, and is superior in 

examining small features such as narrow bands of vegetation (Nezlin et al., 2007). The growing 

utility of autonomous aerial vehicles will make aerial sensing techniques cheaper and more 

accessible. 

 This study aims to investigate changes in macroalgae abundance using pre-existing 

photographic records, determining trends in macroalgal distribution, assessing the usefulness 

of aerial surveys in quantifying abundance, and identifying potential for long-term utilisation 

of this tool. A high-resolution aerial imagery time-series is used to quantify and track changes 

in intertidal macroalgal abundance on the Isle of Wight. Using a ground-based survey in 

tandem with aerial images of said area, a model was created that can distinguish between 

various macroalgae classes and surrounding substratum, which is then applied to images of the 

Isle of Wight’s intertidal region, taken during aerial coastal surveys of the low tide from 2001, 

2005, 2008, and 2013. 
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2. Materials and Methods 

 

2.1. Study Area 

 

 The Isle of Wight (Figure 1) provides a useful, easily defined location to examine 

changes in macroalgae abundance. The island holds great conservation significance, with a 

collection of biologically important chalk habitats, recognised heritage areas, and over 41 sites 

of special scientific interest (Natural England, 2014). Much of its coastal waters are protected 

as Special Areas of Conservation (Joint Nature Conservation Committee, 2015a). Waters off 

the north of the island are part of the Solent Maritime SAC (Joint Nature Conservation 

Committee, 2015b), while waters off the south constitute the South Wight Maritime SAC (Joint 

Nature Conservation Committee, 2015c). Parts of the coast also fall under the Solent and Isle 

of Wight Lagoons SAC (Joint Nature Conservation Committee, 2015d) and the Briddlesford 

Copses SAC (Joint Nature Conservation Committee, 2015e). Much of the coastal area in the 

north of the island is also protected as wetlands as part of the Solent and Southampton Water 

region under both UK law as a Special Protected Area (Joint Nature Conservation Committee, 

2005) and under the RAMSAR convention (Ramsar Sites Information Service, 2007).  

 Being located at the southern end of the British Isles, the Isle of Wight may provide a 

prediction of future environmental changes in more northerly regions. The English Channel 

has seen an increase in sea-surface temperatures higher than the global average. The rate of 

change has varied, with rises estimated to be as much as 0.6-0.8ºC per decade from the 1980s 

until the end of the 2000s (Hughes et al., 2010), while 2010-2012 were cooler than the 

preceding decade (Dye et al., 2013). Sea-surface pH has decreased due to a 16% decrease in 

carbonate ion concentration since pre-industrial times (Williamson et al., 2013). Jueterbock et 

al. (2013)’s study on Fucus serratus, Fucus vesiculosus, and Ascophyllum nodosum predicts 

that while both Fucus species may continue to inhabit the island by 2100, A. nodosum’s 

southern range limit may have moved north of the Isle by that time.  
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Figure 1 Ground-truthing locations on the Isle of Wight. The grey shaded areas are the intertidal zone. Solid black 
dots represent targeted samples, whereas solid white dots represent transect samples. a and b are the coast of the 
town of Bembridge, and c’s two clusters of sites are located southwest of the town of Ventnor; Steephill Cove is 
the western c cluster, and Castle Cove is the eastern one. Map projection: Ordnance Survey of Great Britain 1936 
epsg:27700. (Ordnance Survey 2015). 
 
 
  
 
 
 
 

a 

a 

b 

b 

c 

c 
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2.2. Photographic records 

 

 The Channel Coast Observatory (Channel Coast Observatory, 2015a) is a coordination 

centre for coastal monitoring in England. As part of their role, they collect aerial photography 

surveys of most of the English coastline at low tide. The Isle of Wight has been surveyed four 

times: 6-7 May 2001 with a LEICA RC30 camera, 23-24 June 2005 with a LEICA RC30 

camera, 9-21 May 2008 with a Z/I Imaging Digital Mapping Camera, and 20-22 August 2013 

with a Microsoft Eagle camera. The 2001 survey had a 20×20 cm pixel resolution, while the 

2005, 2008, and 2013 surveys had resolutions of 10×10cm pixel-1. The first three of these 

surveys were made using RGB photography and are stored as 0.25 km2 images, while the 2013 

survey saw the introduction of a near-infrared (NIR) band of data and is stored as 1 km2 images. 

All images are orthorectified and georeferenced to Ordnance Survey of Great Britain 1936 

epsg:27700, and stored in enhanced compression wavelet (.ecw) format. Image brightness in 

each band are recorded as digital number (DN) values ranging from 0 to 255. 

 
 

2.3. Ground-truthing 

 

 Ground-truthing was undertaken to identify macroalgae species and bare substratum, 

linking them with GPS co-ordinates which could be paired with pixels in the CCO images. 

Sampling was carried out on beaches near the towns of Bembridge and Ventnor (Figure 1) 

during spring tides. Bembridge was sampled from 16:30-20:00 on 18 May 2015 and from 

05:30-08:30 on 19 May 2015. Samples near Ventnor were taken from 16:00-18:00 on 19 May 

2015. All sampled areas lie within the South Wight Maritime SAC, while the Bembridge 

samples also lie within the Solent and Southampton Water SPA. Sampling involved recording 

the GPS location and habitat at each point (see Figure 2 for habitat class designations). Due to 

a spatial uncertainty of 3 m in GPS recordings, notes were taken of the environment in the 

surrounding 3 m radius. 

 Surveys were done through two methods. The first was targeted sampling, where 

regions that appeared by eye to be a mostly homogenous visible habitat class were sampled. 

These regions were chosen if they extended or almost extended to a 3 m radius circle, to 

account for GPS uncertainty. For each of the two sample sites, at least five discrete areas of 

each habitat class observed were sampled if this many were identified, with additional samples 

being taken as time allowed, to account for as much natural variation in macroalgal colour as 



Thomas Ēn Míng Bell  Remote sensing of Isle of Wight macroalgae 

8 

 

possible. 76 samples were taken using this method. The second method was transect sampling, 

which was faster and less influenced by human bias in determining habitat class. These 

transects extended from the high tide line down to the waterline. Samples were taken at the 

start of each transect, and then every 20 m from that point. 149 samples were taken along 

transects. 

 

2.4. Model building and analysis 

  

 Model creation and application was implemented using the R statistics program (R Core 

Development Team 2014). Downloaded CCO images were converted from .ecw format to 

GeoTIFF format (.tif) through lossless compression (LZW) using the gdalUtils R package 

(Greenberg & Mattiuzzi, 2015). The ground-truthed sample points were located on the 2013 

survey photos, as they were the most recent, and pixel RGB DN values from each sample GPS 

location were extracted using the raster R package (Hijmans et al., 2015). Due to GPS 

uncertainty, determining the value for each point required looking at all pixels in a 3 m radius 

around the central point. The mode pixel RGB DN values were taken as representative for that 

site, and if there were multiple modes, the one closest to the mean was chosen. These DN 

values were then linked to the habitat class identified during ground-truthing. 

 A support vector machine (SVM) model associating pixel DN values with habitat was 

built using the e1071 R package (Meyer et al., 2015). SVMs are learning algorithms that 

classify clusters of points into separate classes. They use the outlying data points from each 

class to create linear hyperplanes in hyper-dimensional space that separate classes by the 

maximum possible margin (Cortes & Vapnik, 1995). Developed as binary classifiers, SVM 

models account for more than two classes by applying one-against-one voting mechanisms to 

a series of binary sub-classifiers (Foody & Mathur, 2004). Models are shaped by two 

parameters, a “cost” parameter representing the trade-off between minimising the loss of 

outlying points from the appropriate cluster while maximising separation between clusters, and 

a “gamma” parameter that defines a kernel function which affects how the hyper-dimensional 

points are transformed so as to be separable linearly (Bennett & Campbell, 2000). The e1071 

R package tested a range of values for each, before returning its preferred model.  

 Optimising SVM models requires two sets of data, a training set and a testing set, the 

first to build the model and the second to assess its accuracy. The classes used to build the 

model were the habitats identified in ground-truthing. The training set used was the 

homogenous targeted samples, as recommended by Nezlin et al. (2007), for which there was a 
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higher chance the DN values identified would be from the determined habitat. Samples with a 

heterogeneous mix of habitats were not used in either training or testing data, leaving 70 

targeted samples and 124 transect samples. The transect dataset was used as testing data. Two 

alternative SVM models were also created for comparison. 

 The results of the SVM models are shown in confusion matrices. These matrices present 

the prediction accuracy for each model class, quantifying how many samples from that class 

were accurately assigned, and the user accuracy of each class, representing how many of the 

samples identified as being members of a class were actually of that class. The overall accuracy 

is quantified as the diagonal accuracy, which is then transformed into a Cohen’s kappa 

coefficient by accounting for the expected correct answers that would be provided through 

random assignments of samples to classes (Foody, 2004). 

 A vector map representing the intertidal zone was sourced from the Ordnance Survey 

(Ordnance Survey, 2015). This map was used to identify images which contained intertidal 

areas, and crop those images so only the intertidal zone remained, using the raster R package 

and the rgdal R package (Bivand et al., 2015). There were 314 qualifying images from 2001, 

316 from 2005, 390 from 2008, and 161 from 2013. The final model was used to predict the 

class of each intertidal pixel based on its RGB DN values. The areas of each habitat as described 

by the model were calculated by counting the pixels assigned to each class and multiplying by 

pixel area. Changes in the area of macroalgal cover through time were analysed using general 

linear models. 
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3. Results 

 

3.1. Habitat classes 

 

 Ground-truthing samples were divided into seven habitat classes, three abiotic classes 

and four macroalgae classes, each of which had at least five testing and training samples 

(Figure 2). Further division of the macroalgae classes was not possible due to a lack of distinct 

samples. Green and red macroalgae were often found in mixed communities, and some were 

only able to be identified to the genus level. Fucus serratus and Fucus vesiculosus also often 

grew in the same area, and not enough discrete F. vesiculosus samples were found to create a 

separate class.  

 

   

   

  

Habitat class Description ☼  ǂ 
a) Rock Exposed slabs or large boulders 11 14 

b) Sand Fine grained sediment 8 28 

c) Pebbles Small rocks, predominantly <10 cm 8 14 

d) Green algae All green algae species, mainly Cladophora and Ulva 18 12 

e) Red Algae All red algae species 7 15 

f) Sargassum Sargassum muticum, a well-established invasive species 5 7 

ga)    F. serratus 
The two Fucus species found during ground-truthing 13 34 

gb)   F. vesiculosus 

Figure 2 The seven habitat classes used in the model and general descriptions, along with the number of targeted 
(☼) and transect ( ǂ ) samples. ga and gb are both included to illustrated the colour difference visible to the eye 
during ground-truthing, however they are combined into a single habitat class. The coloured rectangles are
numbered cards used to identify sample points, and are the size of standard playing cards. 
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 The four macroalgal classes showed distinct means in their DN value spectral profiles 

(Figure 3a). The clustering of the samples (Figure 3b) shows correlation between changes in 

the R, G, and B DN values. While each of the four macroalgal classes do appear to cluster, 

these clusters seem to overlap. 

 
 

 
 
Figure 3 a) The mean DN values for the four macroalgae classes show similar profiles but are separated from 
each other. b) The individual samples show some clustering, but there are overlaps and anomalous extremes. 
 
3.2. 7-class SVM model 

 

 The recommended SVM model for all seven habitat classes produced by the e1071 R 

package (Table 1) had a “cost” value of 4 and a “gamma” value of 8. This model has a diagonal 

accuracy of 0.753 and Cohen’s kappa value of 0.700. Of the four macroalgae classes, all had a 

prediction accuracy above 70% except for Sargassum, which was only 25% accurate. The user 

accuracy was lowest for sand at 61.8%. The lowest macroalgae class user accuracy was that of 

green, at 69.7%. 

 

 

 

 

 

a) b) 
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Table 1 Confusion matrix of the recommended seven-habitat SVM model. The Cohen’s kappa value is 0.700. 
  Habitat identified by SVM model Prediction 

A
ct

ua
l h

ab
it

at
 

 Bedrock Fucus Green Pebbles Red Sand Sargassum accuracy (%) 
Bedrock 15 1 4  1 4  60.0 
Fucus 1 41 1   4  87.2 
Green   23  1 6  76.7 
Pebbles 2  2 14 2 2  63.6 
Red  2 1  16 3  72.7 
Sand  1 1   34  94.4 
Sargassum  5 1  1 2 3 25.0 

User accuracy 
(%) 

83.3 82.0 69.7 100.0 76.2 61.8 100.0 Diagonal  
75.3% 

 
 
 
 

a) Original image b) Isolated masked area with LZW compression 

  
c) Modelled image  

 

 
 

 

 
Figure 4 Example image illustrating the process of 
image transformation and model application for a 
1×1 km image from the 2013 survey. The large 
amounts of green in the bottom-left of the picture 
demonstrates a high misclassification of green, 
reflecting its low user accuracy (Table 1). 
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Table 2 The areas (km2) of the Isle of Wight intertidal made up of each habitat as determined by the SVM model. 
Differences in the total are due to variations in the total area photographed. 

Year Bedrock Fucus Green Pebbles Red Sand Sargassum All algae Total 
2001 1.211 0.462 0.774 7.853 0.261 1.036 0.038 1.536 11.637 
2005 3.813 0.137 2.654 3.220 0.668 1.147 0.006 3.465 11.645 
2008 2.051 2.715 0.825 4.674 0.996 2.692 0.187 4.722 14.140 
2013 1.407 2.156 2.606 2.054 1.189 3.943 0.176 6.127 13.530 

 
 

 The 7-habitat SVM model was applied to slightly different areas each year, due to minor 

variations in the areas within the Ordnance Survey mask that was imaged (Table 2). The 2008 

and 2013 surveys are larger as they include some estuarine areas not included in the earlier two 

surveys. An example of model application is shown in Figure 4. Overall macroalgae showed a 

linear increase of 0.38179 km2 year-1 (p < 0.01). Despite this, of the four macroalgae classes 

only red showed a linear change (p < 0.05) in area covered (Figure 5), increasing 0.0783 km2 

year-1. 

 

   

Figure 5 Of the area covered by the four different macroalgal habitats (a), only red macroalgae (b) showed a 
significant linear trend, although Fucus also appears to have increased between 2005 and 2008. The red line 
represents the linear trend, while the blue shaded area represent this trend’s conditional mean. 
 
 
 
 
 
 
 
 

a) b) 



Thomas Ēn Míng Bell  Remote sensing of Isle of Wight macroalgae 

14 

 

3.3. Alternative SVM models 

 

 Much of the prediction error of Sargassum comes from its misidentification as Fucus 

(Table 1). However, an SVM model which eliminated the weak class Sargassum by combining 

it with Fucus (Table 3) was not much stronger (diagonal = 0.789, Cohen’s kappa = 0.737) than 

the original model (Table 1). While user accuracies in the six-class model are higher due to the 

lack of the inclusion of Sargassum, predictions accuracies are unchanged except for that of 

Fucus, whose 87.2% (Table 1) accuracy is higher than brown’s 86.4% (Table 3). As this minor 

improvement comes at the cost of losing information concerning distinctions between the 

native Fucus species and the invasive Sargassum muticum, both of which have very different 

ecological roles, the seven-class model is more informative overall. 

 
Table 3 Confusion matrix for an alternative six-habitat SVM model (cost = 4, gamma = 8), which has a diagonal 
value of 0.789 and a Cohen’s kappa value of 0.737. 
  Habitat identified by SVM model Prediction 

A
ct

ua
l h

ab
it

at
  Bedrock Brown Green Pebbles Red Sand accuracy (%) 

Bedrock 15 2 4  1 3 60.0 
Brown 1 51 1   6 86.4 
Green   23  1 6 76.7 
Pebbles 2  2 14 2 2 63.6 
Red  3 1  16 2 72.7 
Sand  1 1   34 94.4 

User accuracy (%) 83.3 89.5 71.9 100.0 80.0 64.2 Diagonal  
78.9% 

 
 Creating an SVM model using the same parameters but with the inclusion of the NIR 

band produces a much stronger model, with a Cohen’s kappa value of 0.913 (Table 4), possibly 

strengthened due to increased distinction between the green class and other macroalgae classes 

(Figure 6). However, this model is over-fitted. When testing a range of possible cost values, 

the e1071 R package suggests a cost value of 8192, which is the upper limit of cost values 

tested, and the low gamma value 0.00781, for which the resulting model’s Cohen’s kappa 

coefficient is 0.476. 

 
Table 4 Confusion matrix for a seven-habitat SVM model (cost=4, gamma=8). The Cohen’s kappa value 0.913. 
  Habitat identified by SVM model Prediction 

A
ct

ua
l h

ab
it

at
 

 Bedrock Fucus Green Pebbles Red Sand Sargassum accuracy (%) 
Bedrock 21 1 1  1 1  84.0 
Fucus 1 46      97.9 
Green  1 29     96.7 
Pebbles  1  20  1  90.9 
Red   1  20 1  90.9 
Sand   2   34  94.4 
Sargassum  2     10 83.3 

User accuracy 
(%) 

95.5 90.2 87.9 100.0 95.2 91.9 100.0 Diagonal  
92.8% 
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Figure 6 The DN values of the ground-truth macroalgae samples for R, G, B, and NIR bands. The blue band is 
not represented on the 3d-scatterplot (b). 
 
 
4. Discussion 

 

4.1. Habitat class selection and utility 

 

 RGB aerial imagery analysis was able to discriminate between macroalgae classes and 

quantify their abundance. It was useful for distinguishing between larger groupings such as the 

three primary macroalgae groups, and between macroalgae and their surrounding environment. 

The broadness of the classes used means this technique could not by itself tell a detailed story 

of changes within macroalgal communities, such as shifts in species composition within habitat 

classes. 

 Other studies of aquatic species using aerial photography seem to be limited to similar 

broad classes (Nezlin et al., 2007; Hennig et al., 2007), or further restricted to determining 

macroalgae presence or absence (Ackleson & Klemas, 1987; Fletcher et al., 2009). Hennig et 

al. (2007) had a noise class to encompass areas with off-colouring due to situations such as 

being shadowed. Such a class would improve the user accuracy, but would result in lost 

information, and underestimate macroalgae abundance. For some ecological applications, 

having broad classes may not matter. Invasive species are likely to fill the niches of species 

they replace (Brodie et al., 2014), and if in the same habitat classes may provide similar 

a) b) 
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ecological functions. Some may have no an impact at all. Sargassum muticum, first found in 

the British Isles in Bembridge in 1973 (Farnham et al., 1973), has since spread northwards 

(Boaden, 1995; Harries et al., 2007). Despite its spread, it seems to have limited to no impact 

on native intertidal algae (Sánchez & Fernández, 2006; Olabarria et al., 2009), and sometimes 

native species outcompete it (Strong & Dring, 2011; Vaz-Pintoa et al., 2014). There is some 

evidence that it negatively affects other species in sub-tidal environments, possibly due to 

blocking sunlight (Britton-Simmons, 2004; Salvaterra et al., 2013), but in the intertidal this 

would be less important as it would not be able to block sunlight continuously due to the 

changing tides. 

 The increase in red macroalgae abundance in this study (Figure 5b) may be due to red 

macroalgae benefitting disproportionately from ocean acidification compared to green and 

brown macroalgae. Red macroalgae have a greater percentage of species who rely on passive 

CO2 absorption than other macroalgae groups (Cornwall et al., 2015; Kübler & Dudgeon, 

2015). Some red macroalgae species in Brittany, southwest of the Isle of Wight, such as those 

in calcareous genus Corallina, are moving north in correlation with changes in sea-surface 

temperature (Gallon et al., 2014). Sun et al. (2010) also documented calcareous species 

dominating an intertidal zone. Other studies predicted an increase in fleshy macroalgae at the 

expense of calcifying algae, as many fleshy algae are not at carbon saturation (Koch et al., 

2013; Brodie et al., 2014). Fucus does appear to have increased (Figure 5a), but not at the 

expense of other macroalgae. Koch et al. (2013) and Brodie et al. (2014) examined overall 

expected macroalgae changes, not simply changes in the intertidal, and so increases in 

calcareous macroalgae may be a unique feature of intertidal macroalgae communities. The 

increase in Fucus abundance reflects trends elsewhere where temperature plays less of a role 

in population changes than other environmental factors (Martínez et al., 2012). F. serratus can 

tolerate temperatures up to 24ºC (Jueterbock et al., 2014), while F. vesiculosus can tolerate 

26ºC (Graiff et al., 2015), so for the present, the Isle of Wight likely remains well within the 

habitable area of both. 

 The weakest habitat class in the model, Sargassum, was also the least sampled. The 

ability to discriminate Fucus from Sargassum, despite both being brown, is likely to be due to 

their preferred environments and differing morphology. Both Fucus species are able to 

establish themselves on land that becomes completely dry, whereas Sargassum tends to inhabit 

areas that stay submerged, such as rock pools. Sargassum is unique out of the studied 

macroalgae not only in this apparent greater need for submersion, but also in that it forms long 

thin strings, rather than the shorter wider fronds of other macroalgae. As a results, its colours 
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may often be averaged out with surrounding water and visible underwater substrate within the 

same pixel. The weakness of their separation was unidirectional: while no test-data Fucus was 

misidentified as Sargassum, Sargassum was misidentified as Fucus more than it was identified 

as Sargassum. The Fucus abundance obtained is thus likely slightly over-stated, an important 

consideration given its role as a foundational species. Sargassum abundance is likely 

understated, but, due to the limited ecological effect Sargassum appears to have, this is of less 

consequence.  

 The sand and green macroalgae classes had the weakest user accuracy, below 70% for 

both (Table 1). Both had samples from every other class mis-identified as members of their 

class, with resulting predictions for both likely to have been inflated. Sand likely shows such a 

cosmopolitan acceptance because of its inherent colour variance. Green may be such a broad 

class because it is so distinct from the other classes, being the most separable of the macroalgae 

classes (Figure 3a), picking up outliers from the other classes as other macroalgae cluster at 

lower reflectances (Figure 3b). In this study the green macroalgae class is also likely to be less 

useful than the other macroalgae classes, as green genera such as Ulva are highly ephemeral, 

making the significance of variation here hard to assess (Van der Wal et al., 2014). The 

southwest region of Figure 4c shows an example of sand being confused for other classes, 

especially green macroalgae.  

 

4.2. Modelling accuracy 

 

 The accuracy this study’s SVM model compares well with accuracies found in similar 

studies. SVMs are advantageous compared to other models when faced with small ground-

truth samples due to their reliance on samples from the edge of class clusters in hyper-

dimensional space, as a smaller training and testing set can be built if ground-truth samples are 

focused on these extremes (Foody & Mathur, 2004; Sanchez-Hernandez et al., 2007). Both 

Henning et al. (2007) and Nezlin et al. (2007) used minimum noise-fraction transformation 

followed by spectral angle mapper classification to model their data. Nezlin et al. (2007) used 

red, green, and infrared bands to identify three classes: green algae, red algae, and un-vegetated 

areas. The accuracies of their surveys ranged from 38.2% to 88.0%, similar to this study despite 

having fewer classes to distinguish. Hennig et al. (2007) used hyperspectral equipment with 

115 unique bands, and had broadly similar classes to this study’s, grouping all red algae and 

green algae into single classes, plus classes for “brown algae”, “dense brown algae”, “kelp”, 
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and “vegetated channels”. Their final diagonal accuracy was 75.9%, barely higher than the 

75.3% obtained here, despite their numerous discrete spectral bands.  

 This study used far fewer ground-truth points for each habitat class than the number 

used to train SVMs in Sanchez-Hernandez et al. (2007) and Mathur & Foody (2008). 

Macroalgae reflectance can vary within certain bands due to factors such as plant health, water 

status, and canopy density (Fyfe & Dekker, 2001), while abiotic classes such as sand can vary 

in appearance due to weather and moisture levels (Van der Wal et al., 2014). These factors can 

be taken into account by deliberately picking known extremes if time available for ground-

truthing is limited and information about the environment is available. This will be very 

relevant for intertidal studies, necessarily time-inhibited by tidal cycles, but a lack of pre-

knowledge of the sites prevented its use in this study. The limited ground-truth samples are 

therefore as likely to represent middling points in classes as they are extremes, a weakness of 

this model. Mathur & Foody (2008) recommend having 30× the number of training samples 

per class as there are discriminatory wavelengths. Our model lacks this, but perhaps due to the 

apparent correlation in changes in R, G, and B DN values (Figure 3), it nonetheless was 

produced with a small cost value. 

 

4.3. Spectral bands 

 

 Multispectral imagery such as that used here has a wide range of applications, able to 

map changes as small as alterations in phytoplankton biomass (Harding et al., 1994). Deysher 

(1993) used multispectral satellite imaging to identify the presence of kelp canopies in the 

ocean, and determined that it was unable to distinguish kelp from surrounding water in some 

cases where handheld infrared photography could. The inclusion of NIR in this study appears 

to strengthen the model (Table 4), at the very least increasing green separation (Figure 6). 

However, the addition of the NIR band exacerbated issues relating to small sample size (Table 

4). By increasing information for each point, it also increases each point’s influence, making it 

hard to discern between a core cluster and its outliers. The e1071 R package’s suggestion of a 

very high cost value of 8192 coupled with a low gamma of 0.00781 means each training point 

is having a huge influence on the hyperplane. More ground-truth samples would strengthen the 

inclusion of the NIR band. Sanchez-Hernandez et al. (2007) achieved 92% diagonal accuracy 

by applying SVM modelling to six spectral bands from Landsat to identify coastal marshes, in 

which the coastal marsh class and the other environment class had 75 training 50 testing 

samples each. Mathur & Foody (2008) used SVM modelling on red, near-infrared, and middle-
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infrared bands from an Indian Remote Sensing Satellite (IRS-1D) to identify multiple crops, 

and with 90 training and 90 testing pixel samples per class obtained a diagonal accuracy of 

92%. 

 If desired, more refined classes could be distinguished by using hyperspectral 

equipment. Hyperspectral imaging using 5–10 nm bands can distinguish between macroalgae 

species (Fyfe & Dekker, 2001). It is even possible to isolate spectral signatures for plankton 

species (Hunter et al., 2008). Using hyperspectral imaging in a freshwater system, Anker et al. 

(2014) managed to distinguish between the light green Nasturtium officinale and the dark green 

Cladophora glomerata, and determine if N. officinale was submerged. 

 

4.4. Image quality 

 

 This study’s use of a pre-existing photographic record presented some limitations. The 

photos were taken in different month, the 2013 in August, the other years in May and June. 

Macroalgae respond to high summer temperatures differently than they do to high winter 

temperatures (Yesson et al., 2015a), so the photographic record will be affected by seasonal 

variations. Possible differences in colour sensitivities in the camera used for each survey, and 

colour changes due to variation in weather and time of day, would also have added variability. 

 Differing pixel resolution between surveys result in different levels of distinctiveness 

for each habitat class, with pixels of lower resolution more likely to be averaging colour from 

a mixed environment, reducing separation between classes. This is especially relevant in 

environments such as the intertidal where habitats form thin bands. This model was created 

using the 2013 data of 10×10 cm pixels, the same resolution as 2005 and 2008. The 2001 survey 

with its 20×20 cm pixels is likely to be less accurate than the subsequent years, and be less 

accurately comparable than the other surveys are with each other. However, the CCO’s aerial 

images are still of much higher resolution than those used in similar studies. Satellite data can 

create SVM models from pixels as large as 24×24 m (Mathur & Foody, 2008) or 30×30 m 

(Sanchez-Hernandez et al., 2007). Harding et al. (1994) used 5.2×5.2 m aerial imaging to 

estimate phytoplankton biomass. Rainey et al. (2009)’s sand grain size study was conducted 

with a 175×175 cm pixel resolution. Hennig et al. (2007)’s hyperspectral study had 84×84 cm 

pixels, while still achieving almost the same accuracy as this study. Nezlin et al. (2007)’s was 

a close 23×23 cm pixel-1, while Young et al. (2008) used 25×25 cm pixels and merely detected 

macroalgae presence and absence rather than distinguishing between different classes. Higher 
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resolution is found in Anker et al. (2014), whose RGB aerial photography used a 4×4 cm pixel 

resolution, a likely contributor to its ability to distinguish between species of green vegetation.  

 While high resolution has benefits, it comes with the caveat of potentially splitting 

species of heterogeneous colouration between classes. F. vesiculosus is distinguishable to the 

eye primarily because of its vesicle colouration (Figure 2gb), and small resolutions may 

separate vesicle spectral signatures from other organs. Preferred pixel size is possibly no 

smaller than the mode size of the macroalgae species you are analysing. 

 

4.5. Implications 

 

 The intertidal areas of the Isle of Wight look set to undergo further change. Sea levels 

are expected to rise around 0.7 mm year-1 in the near future (Horsburgh & Lowe, 2013), 

although longer-term changes remain highly uncertain (Palter, 2015). Increasing sea levels will 

shift the intertidal region inland, increasing the wave exposure of currently inhabited areas 

(Woolf & Wolf, 2013). Along with the effects of climate change, increasing urbanisation will 

also negatively affect macroalgal populations (Wernberg et al., 2011). 

 However, conclusions should be drawn with caution. Local environmental changes may 

not reflect wider regional changes, and water temperatures in intertidal regions may not be 

strongly linked to latitude (Helmuth et al., 2002). Red macroalgae abundances are closely 

correlated with local temperature ranges rather latitudinal averages (Gallon et al., 2014); other 

macroalgae are likely similar. A partial alteration in macroalgae abundance does not 

necessarily signal similar changes in the communities they support, as supported taxa respond 

to macroalgae abundance at threshold levels as well as linearly (Shiel & Lilley 2007). The 

increase in macroalgae seen in this study, while perhaps creating greater resilience to 

perturbations, may not be creating richer communities. 

 Extirpation in the intertidal may not represent an overall extirpation from the area. The 

intertidal is linked to the sub-tidal regions, which while not studied in this paper, share many 

macroalgae species. The increase in red macroalgae despite predictions for the dominance of 

fleshy macroalgae may indicate that the intertidal region provides a refugium for some sub-

tidal species, which could also apply in reverse to any species outcompeted in the intertidal 

regions. Such effects are likely to be limited however, as similar changes are expected in both 

regions. Sub-tidal brown kelps are declining in their southern ranges, while simultaneously 

expanding their ranges north (Yesson et al., 2015a). 
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Once macroalgae are lost due to local extirpation, they may take a while to re-establish 

themselves. Many macroalgal zygotes do not travel far; Sargassum muticum offspring, for 

example, establish themselves only a few metres from their parent plants (Harries et al., 2007). 

Dispersion is limited to drifting adults and so colonisation is infrequent and limited by ocean 

currents (Gaylord & Gaines, 2000; Jueterbock et al., 2013).  

 

5. Conclusions 

 

 Macroalgal populations on the Isle of Wight do not appear to have suffered in the 12 

years following 2001, instead they appear to be expanding, supporting the idea that populations 

in the British Isles will survive throughout the near-future.  SVM modelling using RGB images 

is a viable way to monitor this macroalgal abundance. Applications of this model, or future 

models supported by more extensive ground-truthing, present the possibility of cheaply 

expanding monitoring of intertidal macroalgae abundance for the entirety of the southern 

English coastline. Similar models could be built for other regions where suitable images are 

available. 

 This study was only possible as the CCO freely releases its survey results, which have 

already been used for multiple academic studies (Channel Coast Observatory 2015b). The 

public release of information like this is of great value, and should be encouraged. RGB 

photography is extremely widespread, and will prove a useful tool for many surveying purposes. 

The proliferation of new remote sensing tools such as inexpensive autonomous aerial vehicles 

means remote sensing will become more accessible to both scientists and the general public. 

The ready availability of this data will improve monitoring and prediction of environmental 

changes, while helping publicise its impact and implications. 
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