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Abstract  
Large brown seaweeds are essential components of marine ecosystems and 

economically important. With rising temperatures and ocean acidification, seaweed 

habitat communities are at risk. Seaweed habitats are greatly understudied, possibly 

due to the fact that dive surveys are often time consuming, hazardous, and expensive. 

Remote sensing data offers an alternative for mapping the distribution of seaweed 

habitats at higher taxonomic levels. This study aimed to determine whether seaweed 

communities could be accurately predicted, mapped, and temporally analysed. Although 

our ground truthed models were unsuccessful, most likely due to the heterogeneity of 

seaweed habitats and the spatial error of the GPS, our remote surveyed models, with 

classifications visually assessed through high-resolution imagery, proved successful. 

Classifications for 2001 and 2013 habitats were predicted for the Thanet coast. We 

conclude that habitat change could be perceived with these models, potentially offering 

a tool for monitoring changes in macroalgal habitats and aiding conservation research. 

 
Introduction 
 
Large brown seaweeds are essential components of marine ecosystems, namely kelp 

forests (Laminariales), which are the primary algal biomass in the subtidal and fucoids 

(Fucales), which dominate the intertidal (Brodie et al. 2014). However, due to the fact 

that temperature significantly affects the survival, recruitment, development, and 

reproduction of seaweeds (Breeman 1988; Jueterbock et al. 2013), increasing global 

temperatures and ocean acidification are initiating widespread ecosystem shifts and 

numerous extinctions (Harley et al. 2012; Jueterbock et al. 2013; Brodie et al. 2014).   

 

The large fucoids, and other fleshy algae in intertidal habitats, are highly productive and 

are integral in carbon capture and transfer in coastal communities (Golléty et al. 2008; 

Brodie et al. 2014). Kelp forests are one of the most productive habitats on Earth and 

are an important source of primary production in coastal zones worldwide (Steneck et 

al. 2002; Reed et al. 2008; Brodie et al. 2014). Studies have reported the primary 

production for Laminariales to be in excess of 1 kg of elemental carbon per square 
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meter of seafloor per year, and more than 0.5 kg for Fucales (Mann 1973, 2000; Vadas 

et al. 2004). These fleshy macroalgae, as well as benthic phototrophs, such as 

seagrasses and microphytobenthos, can fuel entire food webs (Steneck et al. 2002; 

Brodie et al. 2014). Canopy-forming macroalgae (such as kelp, e.g. Laminaria digitata, 

and fucoids, e.g. Scytothalia dorycarpa) are amongst these large brown seaweeds, 

increasing the habitable surface at least by a factor of four (Boaden 1996; Jueterbock et 

al. 2013) and forming a diverse community of understory algae, invertebrates, and 

vertebrates (Golléty et al. 2010). Algal canopies provide these vertebrates and 

invertebrates protection from wave turbulence, desiccation, and predators; alter light 

levels (Wernberg et al. 2005; Smale et al. 2013) and sedimentation rates (Eckman et al. 

1989; Smale et al. 2013); and also reduce severe temperature and salinity fluctuations 

(Jueterbock et al. 2013; Chapman 1995). 

 

Seaweeds and their habitats have great economic value, as well, with kelps alone 

providing humans with ecosystem services worth billions of pounds (Beaumont et al. 

2008; Smale et al. 2013). For coastal marine ecosystems in general, the projected 

direct economic value in 2008 surpassed £15 billion per year, merely in the UK 

(Beaumont et al. 2008; Smale et al. 2013). In 2003, the seaweed industry’s total annual 

value was estimated at US$5.5-6 billion (McHugh 2003). Various brown seaweeds 

contain alginic acid, which is extracted commercially and utilised as a binder, emulsifier, 

and molding material in many products, such as thickening and gelling agents, as well 

as creams and lotions (McHugh 2003; Davoult et al. 2011; Raybaud et al. 2013). Ten 

years ago, the value of alginate production by the extraction from brown seaweeds was 

valued at US$213 million (McHugh 2003). A number of brown seaweeds are edible, 

with food coming mostly from the genera Laminaria, Undaria, and Hizikia (McHugh 

2003). Between the 17th and 19th centuries they were also harvested for soda ash and 

iodine, but recently, their biochemical properties and potential use in medicine has been 

studied (McHugh 2003; Smale et al. 2013). 

 

Rising CO2 levels and human activity are the primary threats to these important and 

economically valuable seaweed habitats (Brodie et al. 2014). Ocean acidification, with 
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surface waters becoming more caustic to the skeletons of high-latitude calcifying algae 

(Kamenos et al. 2013; Brodie et al. 2014), and warming pose the largest dangers and 

primary drivers of change (Harley et al. 2012; Brodie et al. 2014). In fact, marine 

ecosystems, and particularly the intertidal where species frequently live at their upper 

temperature tolerance limits (Somero 2010; Jueterbock et al. 2013), respond to climate 

change especially fast and intensely (Sorte et al. 2010; Jueterbock et al. 2013). The 

ranges of many species have been shifting polewards due to surface water warming 

(Parmesan & Yohe 2003; Jueterbock et al. 2013; Wernberg et al. 2011; Smale & 

Wernberg 2013). Such distribution shifts of dominant macroalgal species could have 

immeasurable effects on the associated communities around the world. For instance, 

Hormosira banksii, a canopy-forming fucoid, was experimentally removed from the 

southern intertidal shores of New Zealand (Schiel & Lilley 2011). After 8 years, there 

were still numerous community effects, including reduced plant density and biomass of 

the dominant fucoid, decreased biodiversity, and increased turfing coralline algae 

(Schiel & Lilley 2011).  In fact, there have already been documented losses of at least 6 

species of kelp attributed to ocean warming and a combination of other stressors 

(Brodie et al. 2014).  With the range of CO2 levels soon exceeding concentrations only 

experienced tens of millions of years ago (Harley et al. 2012), it is urgent to research 

these shifts and their consequences further.  

 

With warming temperatures, comes the increased spread of invasive algal species 

(Sorte et al. 2010; Brodie et al. 2014). The rate of recorded introductions of non-native 

algae is growing in the northeast Atlantic, as well (Sorte et al. 2010; Brodie et al. 2014). 

The invasive algae that are tolerant of warm temperatures and low carbonate saturation 

will most likely take advantage of increased carbon availability (Weltzin et al. 2003; 

Brodie et al. 2014). New invasion corridors, through the melting of polar icecaps, will aid 

in the natural dispersion of these species, as well as provide more opportunities to 

travel via polar shipping routes (Reid et al. 2007; Brodie et al. 2014). Other risks related 

to human activity include increased coastline pressures due to population growth and 

urbanisation, higher rates of the depletion of limited resources, and overfishing (Steneck 

et al. 2002; Giakoumi et al. 2012). An example can be seen in the heavy fishing of sea 
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urchin (Echinoidea) predators, creating ‘urchin barrens’ (Giakoumi et al. 2012). Sea 

urchins destructively graze kelp beds and forests and do not die after the kelp 

disappears, making it very difficult for habitat recovery (Giakoumi et al. 2012).      

 

Despite the clear advantages, various fundamental roles, and numerous looming 

threats of diverse seaweed habitats, they remain largely unstudied and unprotected, 

with Marine Protected Areas only covering 16 % of the UK’s waters (JNCC). The 

impacts of current and impending anthropogenic climate change in seaweed 

communities, and even fundamental information on species ranges, kelp forest 

biodiversity, and species interactions are included in this lack of knowledge (Harley et 

al. 2012; Smale et al. 2013; Raybaud et al. 2013). This could be due to the accessibility 

of many seaweed-dominated areas. Many locations are remote or submerged, making 

sampling difficult and even dangerous (Pauly & De Clerck 2010). Aside from large time 

requirements, increased costs of training, personnel, and equipment make scientific 

diving to submerged macroalgal communities vey impractical (Pauly & De Clerck 2010; 

Smale et al. 2013).     

 

Documenting changes in marine benthic macroalgal habitats can be done utilising 

geographic techniques, such as remote sensing and applications based on geographic 

information systems (GIS), which are tools that enable the management and analysis of 

spatial data (Pauly & De Clerck 2010). As it is less time consuming, generally more 

cost-effective, and requires less manpower (Pauly & De Clerck 2010), it presents a 

more suitable survey method for higher taxonomic groups when compared to diving. 

Quantitative analysis of coastal seaweed habitats also allows for an encompassing view 

of the area and provides more and clearer evidence for environmental change (Kuster 

et al. 2006).   

 

Although airborne remote sensing may seem best suited for macroalgal mapping 

(Theriault et al. 2006, Gagnon et al. 2008), light aircrafts are normally unequipped with 

advanced autopilot functions and easily affected by instability and winds (Pauly & De 

Clerck 2010). The capabilities of remote sensing improved halfway into the 20th century 
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with the development of satellites for Earth observation, expanding ground coverage 

(Pauly & De Clerck 2010). Satellites, by comparison, are ideal monitoring resources due 

to their ability to cover much more area with moderately to very high resolutions (Pauly 

& De Clerck 2010).  An array of bands, or different parts of the incident electromagnetic 

spectrum, is often recorded in modern remote sensing platforms, and the subsequent 

image consists of several raster layers, each resulting from a different sensor (Pauly & 

De Clerck 2010).   

 

 
Table 1. The comparison of features of the imagery options considered for the project 

(Pauly & De Clerck 2010; CCO). 

	  
Platform	   DigitalGlobe	  

Quickbird	  
DigitalGlobe	  
WorldView-‐1	  

DigitalGlobe	  
WorldView-‐2	  

Coastal	  Channel	  
Observatory	  

Landsat	  7	  

Type	   Satellite	   Satellite	   Satellite	   Aerial	  survey	   Satellite	  

Availability	   2001-‐	   2007-‐	   2009-‐	   2002-‐	   1999-‐	  

Spatial	  
Resolution	  

0.61	  m	  pan	  
2.44	  m	  multi	  

0.5	  m	  pan	   0.46	  m	  pan	  
1.85	  m	  multi	  

0.10	  m	  multi	   15	  m	  pan	  
30	  m	  multi	  

Bands	   4	  multispec	  
(RGB+NIR)	  +	  
1	  pan	  

1	  pan	   8	  multispec	  +	  
1	  pan	  

3	  multispec	  
(RGB)	  

7	  multispec	  +	  
1	  pan	  

Price	   $$$	   $$$	   $$$	   Free	   Free	  

 

 

For the purposes of this project, a few different imagery options were considered. These 

included aerial imagery from DigitalGlobe, Google and Bing, Landsat7, and Coastal 

Channel Observatory (CCO). Features, such as spatial resolution, number of 

multispectral (multispec) and panchromatic (pan) bands, and price (Table 1), were 

taken into consideration, as well as tide, cloud cover, and global availability. Landsat7 

had imagery with multiple bands and fairly low tide, however, cloud cover posed an 

issue in certain images, and the 30 m spatial resolution was deemed to coarse. 

DigitalGlobe had high-resolution images with multiple bands, however, they were not 
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free, they took time to be obtained, and the tidal condition of the study area was 

unknown. Google and Bing acquire their aerial images through DigitalGlobe, are freely 

downloadable, are worldwide, and have the same number of bands (RGB). Google 

images had a better spatial resolution (0.2985 m versus 0.597 m for Bing), however, the 

images were not taken during low tide, so Bing was selected. Since the CCO imagery 

were specifically taken for coastal surveys, all of its images are on sunny days with low 

tide, freely downloadable, have very fine resolution (0.10 m), and date back to 2001, 

allowing for habitat comparison spanning 10 years. These features made the CCO 

images ideal. Having only 3 bands for the images was not an issue since water-

penetration bands, e.g. Near-Infrared (N-IR), were not required due to the fact that low-

tide imagery was used.  

 

Even with the multitude and variety of remote sensing and GIS options, the lack of 

research in the marine and coastal fields is astounding and can be revealed through 

publications and records. Out of approximately 98,500 remote sensing records in ISI 

Web of Knowledge on 1 July 2008, fewer than 8,500 (0.08%) relate to coastal or marine 

subjects (Pauly & De Clerck 2010). The same study showed that out of 30,000 GIS-

related publications starting from 1972, only 2,257 (0.08%) related to coastal or marine 

habitats, and only 0.5-1% of those publications mentioned seaweeds or macroalgae 

(Pauly & De Clerck 2010).  

 

GIS has been used recently to try and determine the effects of climate change on 

seaweed species (Jueterbock et al. 2013; Raybaud et al. 2013). Mapping of three 

macroalgal species was attempted (Kutser et al. 2006) in the Baltic Sea, but it had 

issues with water penetration. Additionally, there have been new remote sensing 

studies that have identified and counted species (Fretwell et al. 2014), as well as have 

tracked the distribution and abundance of species (Stapleton et al. 2014), using high-

resolution satellite imagery. However, to our knowledge, no study predicting general 

seaweed habitat classification through aerial imaging has been conducted.  
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Aims 

Although the heterogeneity of macroalgal ecosystems have presented a challenge to 

remote sensing studies in the past (Kutser et al. 2006; Pauly & De Clerck 2010), the aim 

of this paper is to determine whether seaweed habitats can accurately be differentiated 

through high resolution satellite aerial imaging.  This was accomplished in the following 

ways: i) by comparing 2 different types of satellite images; ii) comparing two different 

time frames of satellite images (from the years 2001 and 2013); iii) ground truthing 

seaweed habitats on the Thanet coast in Kent, England; iv) creating two maps of 

predicted habitat classifications of the Thanet Marine Conservation Zone for 2001 and 

2013. Most importantly, this should be considered as a pilot study in order to guide 

further conservation and research efforts in this field. It has the potential to determine 

change in seaweed communities (including tracking the ranges of invasive species with 

different color palettes; e.g. Sargassum) and determine the extent of specific macroalgal 

habitats within conservation zones. Further extensive research could potentially 

increase the likelihood of mitigating the detrimental effects of anthropogenic forces on 

these invaluable ecosystems.     
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Methods 

 
Figure 1. A map of the study area of Thanet with survey sites denoted with triangles 
 

Study Area 

The Isle of Thanet, a chalk rock outcrop at the east of (Fig. 1), has a coastline 

characterised by vertical rocky cliffs (Tittley et al. 2011). The Thanet coast is a Special 

Area of Conservation (SAC) and holds Site of Special Scientific Interest (SSSI), Special 

Protection Area (SPA), and Ramsar status due to its chalk sea-caves and reefs (Tittley 

et al. 2011). It is also a Marine Conservation Zone (MCZ), which is a statutory Marine 

Protected Area designated under the UK’s Marine and Coastal Access Act of 2009, for 

its “moderate energy infralittoral rock,” extending along the entire coastline from 

Canterbury (approximately 5 km west of Epple Bay) to Pegwell 

(http://jncc.defra.gov.uk). The study area encompassed six regions on the Thanet 

coastline (Fig. 1) and within the Thanet MCZ.  
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Image data 

Three different sets of imagery were downloaded for the purpose of this project: Bing 

imagery with images taken in 2011 and Coastal Channel Observatory (CCO) imagery 

taken in May from the years 2001 and 2013. They were chosen due to their low tide 

images, high spatial resolution, and the fact that were freely available (Table 1).  

 

Bing tiles are aerial images purchased from DigitalGlobe with a WGS 84 / Pseudo-

Mercator CRS (epsg:3857) and spatial resolution of 0.597 m. Multiple Bing tiles of the 

Thanet coast, of dimension 640x640 pixels covering c. 382 x 382 m, were downloaded 

from (http://dev.virtualearth.net/). These tiles were later stitched together to form a 

single virtual raster layer, using gdalbuildvrt from GDAL v1.11.0 (http://www.gdal.org/).  

 

Coastal Channel Observatory tiles are aerial images specifically designed for coastal 

surveys and taken at low tide with a British National Grid CRS (epsg:27700) and spatial 

resolution of 0.10 m. Tiles of the Thanet coast from 2001 and 2013 were downloaded 

from (http://www.channelcoast.org). These tiles are 1000x1000 pixels covering c. 1 x 1 

km. A virtual raster layer was constructed to stitch these tiles together. 

 

Fieldwork  

Once we had obtained the aerial imagery and could discern different habitat 

communities, ground truthing surveys could be conducted on various locations of the 

Thanet coast. The first survey was conducted at low tide by Juliet Brodie, Chris Yesson, 

and Ian Tittley on 22 January 2014. The sample area included Epple Bay, Fulsam Rock, 

Kingsgate/Whiteness, and North Foreland (Fig. 1) with a total of 5 transects and 72 

quadrats. The final survey was conducted by Juliet Brodie, Ian Tittley, and myself on 18 

June 2014 at low tide, sampling Pegwell/Ramsgate and Dumpton Gap (Fig. 1) with a 

total of 4 transects and 43 quadrats. Data collected from surveys conducted in 

September 2011 (Tittley et al. 2011) provided an additional 40 quadrats.  
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For each survey, transects chosen haphazardly were walked from either the sea wall to 

the water’s edge or vice versa during low tide. Every approximately 20 m, depending on 

the substratum and whether the quadrat seemed representative of the area, the GPS 

coordinates were noted, 1 m2 quadrats were estimated, and the seaweed species within 

the quadrat were identified and their percentage cover recorded.  

 

Table 2. A summary of the classification of common dominant species in seaweed 

habitats surveyed 

	  
Class	   Fucus	   Reds	   Greens	   Sand	   Chalk	  
	  
	  
Common	  
Dominant	  
Species/	  
Description	  

Fucus	  
vesiculosus	  
	  

Rhodothamniella	  
floridula	  

Ulva	  
(Enteromorpha)	  
spp.	  

Regular	  
sand	  

Bare	  
chalk	  

Fucus	  
serratus	  

Palmaria	  palmata	   Ulva	  lactua	   Muddy	  
sand	  

Sand	  over	  
chalk	  

-‐	   Gelidium	  pusillum	   Ulva	  linza	   -‐	   -‐	  

-‐	   Corallina	  officinalis	   -‐	   -‐	   -‐	  

 

Data Analysis 

The data points acquired from the ground truthed surveys were plotted over each of the 

three aerial imagery layers. Points that appeared to be in shadowed areas or in the sea 

(due to the tidal condition when the images were taken) were removed from the dataset. 

Due to the fact that the CCO imagery was specifically taken at low tide, the CCO data 

were left with more points compared to Bing’s (115 versus 79 quadrats, respectively).  

 

Each of the points was assigned a class, depending on the dominant species within the 

quadrat, of either Fucus (brown species – Phaeophyceae), red species (Rhodophyta), 

green species (Chlorophyta), chalk, or sand. Table 2 specifies the common species that 

were frequently dominant among the classifications.   
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The GIS software, QGIS (v2.2), was used to interrogate each of the aerial imagery data 

at the locations of the surveys. The pixel values of the red, green, and blue bands 

(RGB) at each point were determined, using the Point Sampling Tool, extracted using 

the statistical software R (R Core Team, 2014) and used to obtain a colour profile for 

each class of the survey sites.  

 

A classification was constructed using a Support Vector Machine (SVM) model, using 

the “e1071” package (Meyer et al. 2014; http://CRAN.R-project.org/package=e1071) in 

R. SVM models are specifically used for classification and have algorithms that analyse 

data and recognise patterns. To train the model, the best gamma and cost parameters 

were chosen (Table 3) through the tune.svm function, given a cost range of 0.03125 to 

8192 and gamma range of 0.000122 to 8. Using the svm function, these parameters 

along with a ‘c-classification’ model type were used to create the training model. Groups 

of transects (given an area value) were used as the testing and training data, with 

certain areas training and others used as an independent dataset to evaluate the model. 

The best combination of cost, gamma, and areas used as test data were looped through 

in R, resulting in the best kappa and diagonal (Table 3). The kappa statistic, a value 

between 0 and 1, is a measure of the inter-rater agreement, taking into account the 

agreement occurring by coincidence, and was used as an indicator of the best model fit. 

The diagonal value is the same measure of agreement without adjusting for the amount 

expected due to chance. 

 

Post-ground truthed modeling 

The 2013 CCO aerial image layer was rescaled to 6m x 6m pixel size using the 

gdalwarp utility (GDAL v1.11.0) to determine whether coarser resolution had any effect 

on model statistics. When no satisfactory results were obtained, new data points were 

collected through a remote survey. For both the 2001 and 2013 CCO imagery layers, an 

average of 20 points were selected in 5 areas along the coast. These were classified 

based on visual inspection of the habitat where the points were located. After creating 

the RGB profiles and producing acceptable models and modeling statistics (Table 3) as 

described above, this remote survey data was used to create maps of predicted 
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seaweed habitat classifications in 2001 and 2013. The maps were produced using the 

“raster” package v.2.2-31 (Hijmans 2014; http://CRAN.R-project.org/package=raster) in 

R. The predict function projected the model onto the RGB values of the imagery, 

extracted using the raster function, and gave each pixel a value of 1 to 5, with the value 

corresponding to a classification. The raster layers created were then opened in QGIS, 

and the classifications were assigned colors. In order to conduct a temporal analysis, a 

new raster layer, indicating classification change, was created in QGIS, utilising the 

raster calculator on the 2001 and 2013 CCO images.  

 

Results 
Model Statistics 

In order to determine if seaweed habitat could be accurately predicted and classified, 

models were evaluated using the kappa and diagonal statistics. The kappa statistic, 

similar to the AUC value, bases the accuracy of the model on a value, with 1 being the 

complete agreement between the trained and predicted classifications. The aim of our 

modeling was to obtain a kappa value of over 0.75, which would indicate an average 

model with reasonable predictions. All three of the ground truthed models and the 

coarser resolution CCO model did not provide satisfactory statistics (Table 3).     

 

Table 3. A summary of the best model statistics obtained 
	  
Data	   gamma	   cost	   kappa	   diagonal	  
Bing	  ground	  truthed	   0.25	   0.25	   0.284	   0.521	  

2001	  CCO	  ground	  truthed	   0.0625	   64	   0.214	   0.483	  

2013	  CCO	  ground	  truthed	   0.5	   0.5	   0.227	   0.530	  

2013	  CCO	  with	  6m	  resolution	   0.25	   256	   0.234	   0.518	  

2001	  CCO	  remote	  surveyed	   0.125	   32	   0.831	   0.869	  

2013	  COO	  remote	  surveyed	   0.25	   128	   0.890	   0.917	  
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After remote surveying the 2001 and 2013 CCO imagery, the models produced high 

kappa values (Table 3). These values indicate that there was over 80% of agreement 

between the points classified and the points predicted.  

 

RGB Profiles 

The RGB profiles of the classes in the ground truthed and remote surveyed CCO data 

were created into boxplots (Fig. 2) for visual comparison, revealing whether the pixel 

distributions varied between the successful and unsuccessful models (Fig. 1).          

 
Figure 2. A comparison in the Fucus RGB profiles between (a) 2001 and (b) 2013 

ground truthed models and (c) 2001 and (d) 2013 remote survey models 
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Map Predictions 

In order to visually perceive the contrast between the tile images and model predictions, 

maps of the predicted seaweed habitats were created. A map predicting the 2013 

seaweed habitat distribution for the majority of the Thanet coastline was constructed 

(Fig. 3). Due to the heterogeneity of seaweed communities the full impact of the map is 

lost, unless it’s concentrated on a confined extent. The specific area was chosen with 

the purpose of demonstrating the accuracy of the models compared to their respective 

imagery and showing a change in habitat distribution from 2001 to 2013 (Fig. 4). 

 

 
Figure 3. Map of predicted seaweed habitats on the Thanet coast based on CCO data 

and imagery from 2013 
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Figure 4. The same seaweed habitat on the Thanet Coast (see Fig. 3 for location 

reference) for years 2001 and 2013. The predicted seaweed habitat maps generated 

using the remote surveyed models are set next to the CCO imagery for comparison. 

 
Discussion 
 

This study has indicated that seaweed habitats can be modeled and mapped using data 

points chosen through solely imagery, although not by the method of using the imagery 

and ground truthing. With a more ‘human-trained’ approach, in which certain pixels were 

chosen from the imagery and classified according to visual inspection, the 2013 model 

demonstrated more accuracy, with a kappa of 0.89 compared to the 2013 ground 

truthed model kappa of 0.227 (Table 3). The models created with the Bing and CCO 

data and imagery, however, did not generate satisfactory kappa or diagonal values 

(Table 3), indicating that habitats could not be correctly predicted, and the model could 

not project onto other areas accurately.   
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Ground Truthing 

Surveying the study area on foot seemed a natural step in the modeling process, in 

order to verify the accuracy of the predictions. However, when the exactness of the 

ground truthing is questionable, it poses a large problem. The locations of all the points 

in the survey data used to create the model were determined by operating a GPS with a 

spatial error of c. 6 m. If the GPS could identify the survey point sites more precisely, 

with a spatial error of a metre or less, for example, a functional model could be created. 

This is shown in the success of the two remote surveyed models. By selecting points in 

well-defined habitats, it essentially simulates what the outcome of the ground truthing 

models would have been if the ground truthing itself had been more accurate.    

 

Modeling Challenges 

Developing a model based on the RGB profiles of particular points in seaweed habitats 

seemed simple in theory, however the heterogeneity of the communities introduced a 

significant complexity and challenge. Combining the aforementioned inaccuracy of the 

ground truthing with the naturally blended seaweed habitat boundaries led to models 

that could not accurately predict community classifications.  

 

Although we attempted to reduce confusion by not including points in which multiple 

species shared co-dominance in the habitat, the models based on ground truthing were 

still unsuccessful. Our original theory attributed these model inadequacies to the 

disparity between the resolution of the imagery and the spatial error of the ground 

truthing. The CCO imagery had a spatial resolution of 0.1 m, while the GPS spatial error 

used for ground truthing averaged at about 6 m. Since the model using Bing data and 

imagery, which had a slightly coarser resolution of 0.597 m, showed a slight 

improvement over the CCO models (Table 3), the coarser CCO imagery, with a 

resolution of 6 m, was produced. Unexpectedly, the model with the 6 m resolution CCO 

imagery did not show significant improvement over the others (Table 3), demonstrating 

that the difference between resolution and spatial error, although perhaps a contributing 

factor, is not the only issue with the models.  
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We can only speculate at this time, but the contributing factors could be a combination 

of the tremendous heterogeneity of seaweed habitat, the inaccuracy of ground truthing, 

and other various other unknown factors. Our ground truthing (and seaweed 

communities in general) can span many habitat types in one small area, leading to too 

many “boundary” pixels, or pixels that represent more than one habitat. Perhaps, if we 

could have had a more precise method of determining the sample point’s location, other 

than the GPS, our models may have given results as decent as our human-trained one. 

Possibly combining the older technique of triangulation with the new high-resolution 

imagery would have yielded better results. Having complications with the ground truthed 

survey led us to explore remote surveying and visual classification. If we had had 

average success with our ground truthed data, we may never have explored this more 

successful option. Other recent studies have had success with a ‘human-trained’ remote 

surveyed models, as well (Fretwell et al. 2014; Stapleton et al. 2014). 

 

It is of note to observe the differences in the RGB profiles between the different imagery 

(Fig. 2). The ground truthed models had a much wider range of pixel values, suggesting 

that a narrower span is preferable and leads to a more accurate model. With wider 

ranges, more confusion of class assignment is expected, which was confirmed with the 

poor ground truthed model statistics. Fucus species in both imagery were generally dark 

colors, agreeing with the remote surveys’ low pixel values. Additionally, the variance in 

the RGB patterns is more clearly visible between the remote surveyed models. This 

could be attributed to the difference in the colour palettes of the 2001 and 2013 images 

(Fig. 4). The 2001 imagery looked brighter and slightly reddish compared to the darker, 

greenish tones of the 2013 imagery. This variance in colour could also explain the slight 

difference in the remote survey models’ kappa values (0.831 for the 2001 data and 

0.890 for the 2013 data) and suggests that classification could be more difficult 

according to the image colour and how the habitat types appear on it. Choosing 

different pixel values for each model, through the random selection of a point within a 

defined habitat, could also further explain the discrepancy in statistics.  
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Map Predictions 

The 2013 remote survey model was projected onto its CCO imagery in order to create a 

map of expected predicted habitat classifications encompassing most of the Thanet 

MCZ (Fig. 3). The 2001 model was also projected onto its imagery on a smaller scale 

and used for comparison (Fig. 4). A combination of ‘Fucus,’ ‘Reds,’ and ‘Sand’ habitat 

types is seen from the landscape scale, with ‘Greens’ and ‘Chalk’ being more obvious 

on a smaller scale (Fig. 4). Rough masks covering the land and sea were created to 

avoid confusion, since the model assigned a classification to every pixel on the image. 

Notably, for the 2013 model, the water was given a classification of ‘Greens,’ explaining 

the green border between the edge of the coast and water (Fig. 3). The 2001 model 

seemed to have difficulty classifying sand, mistaking it for ‘Reds’ due to its reddish hue 

(Fig. 4), and wave action (white) was given a ‘Chalk’ classification for both models. The 

accuracy and heterogeneity of the classification predictions can be demonstrated by 

comparing the raster layers with their respective imagery tiles (Fig. 4). Even without the 

model statistics, it can be seen that the predictions mirror the tiles well, noting the 

inconsistencies.  

 

The landscape view of the classification predictions is useful for determining broad and 

general habitat distribution across the Thanet MCZ. For example, from observing Figure 

3, it can be stated that Fucus-dominated habitat may be more prominent on the 

northern coast. Obviously, there are advantages to viewing the predictions on a smaller 

scale, including being able to distinguish smaller habitats (such as green species and 

chalk) and see the heterogeneity of the community. Something to note is the habitat in 

Figure 4 changes from green algal species (most likely Ulva) dominance to fucoid 

dominance. The section shown is located near North Foreland, indicated by the 

rectangle above the area in Figure 4. Unfortunately, the surrounding regions in the 2013 

imagery are covered by water, so it is unknown whether these areas’ predictions are 

accurate or if they showed a similar trend on the tiles. Since both the 2001 and 2013 

images were taken in May, when they normally exhibit peak growth (Firth & Hawkins 

2011), the shift most likely isn’t affected by seasonal differences. Without knowing 

whether this is an isolated location shifting its habitat dominance or wider spread, it is 
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difficult to determine the reasons as to why the area is showing a change. The important 

message to identify is that with the predictive modeling and mapping of two separate 

years, habitat change could be detected in certain areas. Using remote sensing as a 

tool for monitoring seaweed habitat could aid in current and future conservation efforts, 

as further discussed below. 

 

Future Improvements 

Given more than 4 months, further steps would be taken to further explore the extent, 

limitations, and success of these models. For example, time did not permit us to send in 

a proposal for DigitalGlobe images. With these images, we could have explored the 

effects of more bands on the models. We were not able to delve more into the 

explanations of why the ground truthed models did not work. Other methods of 

determining location, such as triangulation, could have been employed in further 

surveys, as well as in more areas, with different sized quadrats, etc.  Expanding on the 

successful remote surveyed model would also be an additional step and further 

evaluation could assure it was not biased or too tightly fitted. Choosing pixels that look 

well defined and not on habitat boundaries could inadvertently bias a model and a high 

cost parameter could lead to model overfitting, but more time would be needed to 

ascertain if this applies to our models. On the other hand, with more selected points 

given additional time, we could have potentially increased the accuracy of the model.  

 

Future Research 

For future research, it would be interesting to determine whether seaweed habitats in 

other countries can be predicted and with which seaweed habitat types.  The 2006 

study, which attempted to map three macroalgal species in the Baltic Sea, had limited 

success due to water clarity and penetration, but it would be interesting to know if high-

resolution low tide imagery would improve results. Incorporating more bands, e.g. N-IR, 

and colors, such as coastal, yellow, and red edge, available on DigitalGlobe’s 

WorldView-2 satellite would most likely aid in modeling. Their new satellite, WorldView-

3, was just launched this month, August 2014, and will have 8 SWIR, 12 CAVIS bands, 

and all of the bands WV-2 has. The satellite will soon upgrade Google’s Earth images 
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(2015), although whether they will be freely downloadable from Google will have to be 

determined (http://digitalglobe.com). It will be very exciting to see what new research 

opportunities become available with this new remote sensing data. It could possibly 

open the door to more experimentation with kelp habitat mapping by utilising new water 

penetrating bands. 

 

Currently, there is a zooniverse project underway, called Floating Forests 

(http://floatingforests.org), which is trying to identify kelp through Landsat aerial images 

with the help of the public. Their definitive goal is to obtain global coverage of kelp 

canopy from 1984-present (the Landsat time series) and the public’s task is to identify 

clusters of green pixels fringing the coastline. Due to the fact that the ‘human-trained,’ 

remote surveyed models were more successful, crowd sourcing could be an option in 

the future. It would be ideal to expand obtaining global coverage of kelp canopies to 

other important seaweed habitats, as well. Having very recent data in all parts of the 

world would greatly aid in conservation efforts of seaweed habitats.  

 

Although not by the original method intended, it was determined that habitat change 

could be observed through predictive modeling and mapping. Using this successful 

remote survey method of seaweed habitat prediction could be valuable for conservation 

research purposes. MCZs (or any region) could theoretically keep track of different 

habitat types and their size through the years using this survey method and modeling 

technique. A system could conceivably be authorized to better monitor seaweed 

communities in certain areas. The importance of difference habitat types and the level 

of change amongst the communities that would call closer monitoring or action (and 

determining the appropriate action) would need to be assessed. With climate change 

and ocean acidification increasing rapidly (Brodie et al. 2014), tools for the temporal 

analysis of important seaweed habitats may be indispensible in order to protect and 

sustain these unique marine ecosystems and their goods and services (Smale et al. 

2013), as well as acting as an indicator for climate change itself (Jeuterbock et al. 

2013). Evaluations using remote sensing methods, whether it is with remote surveys or 
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more precise ground truthing, could be an important instrument for the future of 

seaweed habitat monitoring.  

 

Conclusions 

• It is possible to accurately predict seaweed habitat classification. 

• Remote surveying the communities, by classifying points in well defined habitat 

types through visual inspection of aerial imagery and creating a model with their 

RGB profiles, was the method that provided successful results.  

• Our original method of using ground truthed survey points, obtaining their RGB 

profiles from high-resolution imagery, and using the values to create a model proved 

unsuccessful. This could be due to the discrepancy between the GPS spatial error 

and the high-resolution imagery (coarser data may have fared better) and the 

heterogeneity of seaweed habitats in general. 

• Habitat change could be perceived through the classification mapping of 2001 and 

2013 imagery with the remote survey model.  

• With the increasing pressures of anthropogenic forces, detecting future seaweed 

community changes in certain areas is imperative. Remote sensing and aerial 

imaging could provide us with the tools we need to monitor the effects on these 

biodiverse ecosystems. 
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