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ABSTRACT 
 

Remote sensing has high potential for the provision of information about the abundance and 

distribution of intertidal macroalgae species. Remote sensing can inform biodiversity 

conservation activities such as those outlined in the European Union’s (EU) Habitats 

Directive. The extent of seaweed habitat around the UK is estimated at 71,000 km2, with 

18,700 km2 of this on rocky shores which can be difficult and dangerous to access (Yesson et 

al. 2015).  In England there is a nationwide monitoring scheme in place run by the Channel 

Coast Observatory (CCO) that acquires very high-resolution imagery of the coastline every 

four years. The extent of the dataset provides the opportunity to develop spatially transferable 

models that reduce the need for ground surveys, creating a feasible and free method for 

intertidal vegetation mapping. 

This study explores the application of false colour infrared (FCIR) aerial photography as a 

resource efficient method for quantifying exposed macroalgae at inaccessible locations using 

machine learning. Four ground surveys were carried out between January 2014 and May 

2015 to acquire information on all cover types and were used for accuracy assessment and 

cross-validation. A support vector machine (SVM) based approach to supervised 

classification is used to determine the transferability of habitat classification between Thanet 

in southeast England, and the Isle of Wight in southern England. An SVM was chosen due to 

its ability to perform well with limited training data. The approach was validated at the local 

level against a dual approach using a minimum noise fraction (MNF) rotation and SVM 

classification and found to provide equal class agreement (Kappa=0.98).  

Spatial transferability was successful when using one site to project into three unseen test 

sites with a total accuracy of 94.23%, with the lowest class accuracy being 70.83% for red 

algae. Three sites to characterise one unseen site increased the accuracy to 94.85%, raising 

the minimum class accuracy to 75.00%. The approach was most effective as a 6-class 

classification, with decreased accuracy when reducing the model to a binary classification for 

species’ of interest. 

Abstract word count: 330 
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1.0 Introduction 
 

1.1. Aim 

The aim of this study is to model habitat distribution of seaweed communities using high-

resolution aerial imagery and support vector machine classification in two protected regions 

of the English coastline, and to test the spatial transferability of the model between these 

regions. 

1.2 Objectives 

1. To explore the use of CCO aerial imagery for mapping macroalgae in regional-scale 

assessments of macroalgae distribution 

2. Investigate the transferability of habitat types between regions through modelling 

3. Discover the discriminatory ability of SVM classification and high-resolution imagery for 

different seaweed species and groups 

4. Determine extent of important coastal habitats in the Isle of Wight and Thanet 
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Context/ Rationale 

Macroalgae, a diverse collection of marine seaweeds, form the base of many marine food 

chains and are integral to primary productivity in the coastal zone. Seaweed communities are 

threatened by rapid climate change in many parts of the world (Simkanin et al. 2005; Lima et 

al. 2007; Brodie et al. 2009; Koch et al. 2013; Jueterbock et al. 2013; Brodie et al. 2014; 

Mineur et al. 2015; Yesson et al. 2015) and there have been increasing reports of declining 

populations (Wahl et al. 2015; Yesson et al. 2015). Habitat loss and environmental change 

have major implications for biodiversity, subsequently, mapping and monitoring species to 

establish baseline distributions is considered a key step in addressing biodiversity loss which 

has significant, and largely unknown economic, biological, and societal implications (Worm 

et al. 2006; Sanchez-Hernandez et al. 2007; Hooper et al. 2012). In Europe a suite of 

responses is in place to address challenges faced by marine biodiversity loss. The European 

Marine Strategy Framework Directive (EU 2008), the European Water Framework Directive 

(EWFD) (European Commission 2000b), the Common Fisheries Policy (CEC 2009), and the 

EU Habitats directive (European Commission 2000a) highlight the importance of accurately 

mapping species distribution for both conservation and resource management (Ledoux et al. 

2000). 

The EU habitat directive recognises both kelp forests and fucoids (brown seaweeds) as key 

habitats. Around the United Kingdom (UK) between 1980 and 2006 there were declines in 7 

of the UK’s brown macroalgae species (Yesson et al, 2015). Simkanin et al. (2005), Lima et 

al. (2007), and Fernandez (2011) have also documented reductions in kelps and fucoids in 

coastal ecosystems near the UK (Ireland, Portugal, and Spain respectively). There is a need 

for spatially explicit studies to establish distribution baselines to inform conservation efforts 

(Yesson et al, 2015; Lauria et al. 2015) and assess biodiversity implications (Turner et al. 

2003). A standardised and repeatable approach to macroalgae monitoring and mapping is 

required to compare coverage through space and time. Despite documented declines in native 

populations, the UK is considered to be a stronghold for seaweed populations in the future 

due to the central locality of the island within species’ latitudinal ranges (Bush et al. 2013), it 

represents a global seaweed biodiversity hotspot with 7% of all known species found around 

the coastline (Bunker et al. 2010). In order to preserve this hotspot, resource and conservation 

management is paramount to stabilise and better understand the rates of decline.  
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Background 

Macroalgae are structurally and functionally important to rocky shore and cold-water coastal 

ecosystems, offering high value ecosystem services, such as habitat provision, production and 

storage of carbon, and coastal protection (Chapman 1995; Boller & Carrington 2006; Dijkstra 

et al. 2011; Harley et al. 2012; Smale et al. 2013; Duarte et al, 2015). Increasing 

anthropogenic activities at the coast and rapid environmental change have already impacted 

seaweed assemblages (Steneck et al. 2002; Brodie et al. 2014). The Intergovernmental Panel 

for Climate Change (IPCC) have confirmed that increasing CO2 emissions are globally 

increasing ocean acidity and initiating pole-ward shifts of sea surface temperature (SST) 

isotherms (IPCC 2013). Globally, seaweed species’ response to warming is characterised by 

range shifts moving distributions pole-ward to cooler habitats (Luning et al. 1990; Parmesan 

et al. 2003; Lima et al. 2007; Berke et al. 2010; Poloczanska et al. 2013; Smale & Wernberg 

2013; Harley et al. 2012; Brodie et al. 2014a; Jueterbock et al. 2013). It is predicted that 

combined threats from acidification and warming will replace structurally diverse seaweed 

canopies with simple habitats (Brodie et al. 2014) with cascading trophic effects (Ingólfsson 

& Hawkins 2008; Schiel & Lilley 2011; Tait & Schiel 2011; Harley et al. 2012). In the 

North-East Atlantic and Europe, range shifts are enhancing rates of species introductions (see 

De Oliveira et al. 2006; Berke et al. 2010;  Sorte et al. 2010; Brodie et al. 2014; Yesson et al, 

2015) which can threaten native biodiversity (Sorte et al. 2010; Kamenos et al. 2013; 

Fabricius et al. 2014; Fietzke et al. 2015).  

Direct methods for assessing macroalgae distribution involve ground-based estimates of 

percentage cover at multiple locations in a region (Nezlin et al. 2007). These methods are 

time and resource intensive, potentially dangerous, and coverage is localised. Resultant 

datasets are generally unable to provide a synoptic view of algal distributions over wider 

areas without an untenable degree of extrapolation (Nezlin et al. 2007; Pauly & De Clerck 

2010). Efficiency and repeatability of data acquisition is a crucial component for quantifying 

distributions of marine ecosystems in which, responses to environmental change are 

characterised by speed and intensity (Helmuth et al. 2006; Sorte et al. 2010; Jueterbock et al. 

2013). Sorte et al (2010) document an average shift of 19 km/year for marine species’ 

migration relating to climate change; compared with just 0.6 km/year for terrestrial species 

(Parmesan et al. 2003). There are various sources of historical data relating to seaweed 

distribution from ecological networks and historical collections, however spatial information 

from historical sources can be: non-existent, unreliable due to error or bias in the data 
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(Yesson et al. 2015), or lacking enough detail to be spatially explicit, additionally data is 

often not comparable due to variability in collection methods.  

‘Spatial transferability’ refers to a models capacity to predict species’ distribution when 

transferred in space or time (Thomas et al, 1993; Altman and Royston, 2000; Vaughan and 

Ormerod, 2005) and is crucial for resource savings and large study areas. Species distribution 

models (SDMs) aim to predict species’ occurrence at un-surveyed locations by quantifying 

species-environment relationships (Lauria et al. 2015). Despite documented declines, some 

distributions have remained largely intact, which may be due to an overriding variable in that 

locality (Rivadeneira & Fernández 2005) Poloczanska et al. 2013). Consequently, drivers of 

change in seaweed communities are not well understood (Yesson et al. 2015). The 

performance of these models relies on relevant input data that are scale appropriate (Guisan 

& Zimmermann 2000; Rushton et al. 2004; Heinänen et al. 2008; Thuiller et al. 2008; 

Planque et al. 2011; Dueri et al. 2014; Verbruggen et al. 2013; Hollenbeck et al. 2014; 

Yesson et al. 2015). Due to the geographic position of the UK, which falls in the middle of 

species’ latitudinal ranges (Bush et al. 2013) there is no clear link between declines and 

temperature; instead topographic parameters are paramount in limiting distributions (Yesson 

et al. 2015). In the absence of quantifiable relationships to environmental predictors, it is 

difficult to model macroalgae distribution when projecting into new areas (Elith & Leathwick 

2009). The spatial resolution of existing sources is often insufficient for ecological 

applications that are highly scale dependent (Planque et al. 2011). Environmental datasets are 

often derived from satellites with resolutions of 100-1000 m, which limits quantification and 

accuracy due to scale mismatch with biological data (e.g. distribution/ occurrence). Whilst 

countrywide distribution assessment is good, these datasets are too coarse to provide an 

accurate local or regional scale estimate, which poses an issue for management that is usually 

practised at these smaller scales.  

Remote sensing (RS) offers an alternative source of land cover information for mapping and 

monitoring intertidal macroalgae and is a robust method for repeatable data acquisition (Boyd 

& Foody 2011). In recent decades the improvements in spectral and spatial resolution of 

sensors have enabled RS datasets to become viable for ecological research (Turner et al. 

2003). Aerial photography, airborne remote sensing, and satellite imagery have all been 

shown to be appropriate for characterising macroalgae and other intertidal vegetation (Aerial 

Photography:  Ekebom & Erkkilä 2003; Bock 2003; Nezlin et al. 2007; Young et al. 2010, 

Airborne Hyperspectral: Bajjouk et al. 1996; Thomson et al. 1999; Melgani & Bruzzone 
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2004; Theriault et al. 2006; Kutser et al. 2011 , Satellite: Sanchez-Hernandez et al. 2007; 

Casal et al. 2011), however cost and availability vary considerably between these datasets. 

Spatial resolution is a particularly important consideration as heterogeneity of macroalgae 

assemblages is apparent at even sub-metre scales, this makes the issue of sub-pixel scale 

heterogeneity (processes or features only apparent at scales smaller than the pixel size of the 

imagery) a key attribute of imagery for intertidal zones that determines the ability to extract 

ecologically meaningful information (Rahman et al. 2003). 

Satellite imagery can be limited in application as sites characterised by overcast conditions 

make tidally co-ordinated observations unreliable, and patchy distributions of intertidal 

vegetation requires higher resolution than what is usually freely available (Uhl et al. 2013). 

Satellite imagery is however, more cost effective than other methods and there are several 

examples in the literature of its application. Guillaumont (1993) used low tide Spot1 imagery 

to map Fucus along the western coast of France, but resolution was coarse (20m). Previous 

studies by Bajjouk et al. (1996) have shown that it is possible to construct spectral profiles of 

main seaweed groups using airborne Compact Airborne Spectrographic Imager (CASI) at 5-

metre resolution but even at this scale they were not able to resolve main seaweed belts that 

can be narrower than this (Nezlin et al. 2007; Silva et al. 2008). See Table 1 (overleaf) for a 

comparison of sensors and respective spatial resolutions. Aerial photography, which usually 

has high resolution, is therefore desirable for quantitative analyses of intertidal vegetation as 

resolution is usually high (Theriault et al. 2006; Gagnon et al. 2008; Young et al, 2010). 

Aerial photography has been used to assess intertidal macrophytes including seagrass 

meadows (Saunders et al. 2015), eelgrass (Young et al. 2010), and macroalgae blooms in an 

estuarine environment (Nezlin et al. 2007).  

Remote sensing in the optical domain (0.4-0.7 µm) can be limited for submerged macroalgae 

assemblages due to attenuation of light in the water column (O’Neill et al. 1988). However in 

the intertidal, opportunistic and tidally coordinated sampling minimises water presence, 

which dramatically increases data quality in areas with large tidal ranges. A programme for 

coastal monitoring is in place for the English coastline that collects tidally coordinated aerial 

imagery on a four-year cycle. For areas with large tidal ranges this exposes significant 

intertidal habitats. This data is freely available online in both orthorectified and geo-rectified 

forms through the channel coast observatory (CCO) and is of very high-resolution with 0.1m 

x 0.1m ground sampling resolution. The imagery from 2013- onwards is supplemented with a 

near infrared (NIR; 0.75–1.4 µm) band giving greater discriminatory power (Bajjouk et al. 
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1996). NIR is particularly advantageous to marcoalgae RS as reflectance spectra of intertidal 

vegetation are similar to that of terrestrial vegetation whereby reflectance increases 

significantly in the infrared. 

Sensor/ Provider Platform Spatial Resolution Temporal Resolution 

Channel Coastal 
Observatory (CCO) Aerial Imagery  0.1 x 0.1m 4 years 

Environment 
Agency 

CASI 
Hyperspectral 

(Airborne) 
0.5 x 0.5m Very Patchy 

ETM+ Landsat 7 (Space-
borne) 

Bands 1-7, 9: 30m. 
Panchromatic band 8: 15m. 

16 days (8 when combined 
with Landsat 8) 

OLI/ TIRS Landsat 8 (Space-
borne) 

OLI 

16 days (8 when combined 
with Landsat 7) 

Bands 1-7, 9: 30m. 
Panchromatic band 8: 15m. 

TIRS 

Band 10,11 collected at 
100m resampled to 30m. 

CHRIS PROBA (Space-
borne) 17m 7 days 

 

In contrast to optical (RGB) photography, false colour infrared (FCIR) photography 

maximises the contrast between vegetated and non-vegetated surfaces in intertidal 

environments as FCIR images comprise of the NIR, green, and red wavebands in place of 

red, green, and blue respectively. FCIR photography has been used successfully in 

classification of marine intertidal vegetation; Young et al (2010) successfully distinguished 

intertidal eelgrass using FCIR photography and found high classification accuracies when 

evaluated from ground survey data, and Nezlin et al (2007) successfully characterised 

macroalgae in a eutrophic estuary in California.  

Macroalgae habitats can be classified into three main groups: green (Cholrophyta), brown 

(Phaeophyceae), and red (Rhodophyta) algae. The grouping of these is based on colouration 

thus the reflectance spectra are theoretically separable, which is essential for successful 

image classification (Green et al. 1996). Bajjouk et al (1996) investigated the ability to 

describe principal seaweed components using hyperspectral data from CASI, concluding that 

Table 1 A comparison of sensors and the respective spatial and temporal resolutions . 
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the visible wavelengths (R,G,B) provide adequate discrimination between green, red, and 

brown algae, and the addition of the NIR band allowed separation of the dominant brown 

species; Fucus and Sargassum. The UK EA Geomatics Group has been developing the use of 

CASI data in the UK. The resolution of the CASI hyperspectral imagery is 0.5m x 0.5m and 

is collected in the 400-1000 µm portion of the electromagnetic spectrum, but coverage is very 

patchy both spatially and temporally. 

While in theory, remote sensing overcomes limitation of ground surveys for studies covering 

large areas; these methods are inherently indirect and still require some ground data for 

validation. To derive meaningful information from RS data, appropriate classification 

techniques are essential. There are a variety of methods used for image classification; 

algorithms including K-means, ISODATA, maximum likelihood (ML), and minimum 

distance, and advanced techniques including artificial neural networks (ANN), support vector 

machines (SVM), and decision trees (Otukei & Blaschke 2010). The use of advanced 

classification techniques is seeing the quantity of ground data needed for accurate 

classification of RS images reduce (Foody & Mathur, 2004). Artificial neural networks have 

been used for a variety of image classification tasks but encounter issues with generalisation 

as increasing network complexity reduces the capacity to correctly identify unseen pixels (see 

Foody & Arora (1997) for a full discussion), other issues identified with using ANN for RS 

data include the need for complexity in network architecture and influence of training set size 

on accuracy. Decision tree classifiers are less commonly used in RS (Foody & Mathur 2004) 

but have been shown to be computationally efficient and relatively quick to train (Pal & 

Mather 2003). However, they still require a fairly substantial amount of training data to 

provide reasonable descriptions of land cover (300 pixels per class (Foody & Mathur 

2004b)).   

Support Vector Machines (SVM) are a class of learning algorithm driven by statistical 

learning theory (Cortes & Vapnik 1995), and are frequently used for supervised image 

classification tasks (Mountrakis et al. 2011). SVMs were initially developed for binary 

classification by Cortes and Vapnik (1995) but can be extended to handle multiclass 

classification by applying the one-against-one voting mechanism to all binary sub-classifiers 

(Foody & Mathur 2004a). The SVM training algorithm determines ‘decision boundaries’ that 

produce optimal separation of classes in a vector space defined by the training data (Cortes & 

Vapnik 1995). This process defines a hyper-plane that is then used for generalisation to 

unseen data without any further training. SVM algorithms can also generalise well with small 



	   16	  

training data sets (Mountrakis et al. 2011). This is beneficial for the intertidal zone where 

ground surveying is tidally restricted. For a full discussion on SVMs see Bennett and 

Campbell (2000), and for SVM multiclass-classification see Foody and Mathur (2004a). 

SVM machine learning has been shown to achieve higher classification accuracy than 

discriminant analysis, decision tree, multilayer perceptron neural network, ML, and ANN 

methods (Melgani & Bruzzone 2004b; Foody & Mathur 2004a; Sanchez-Hernandez et al. 

2007). Sanchez-Hernandez et al (2007) compared an ML and an SVM approach to supervised 

classification for mapping coastal saltmarsh habitats and found a significantly higher 

classification accuracy of 92% in comparison with 64.8% for ML methods and advocate the 

use of SVM adoption for remotely sensed image classification in conservation studies.  

The goal of this study is to assess the application of very high-resolution aerial photography 

and SVM classification to determine the transferability of coastal habitat classification as an 

alternative for ground-based methods, or as a method for reduction of direct sampling efforts. 

The methodology is consistent and transferable to permit comparisons of regional change. An 

objective is to ascertain if English macroalgae populations can be adequately and accurately 

assessed through these methods. If successful, this classification could greatly reduce the 

amount of in-situ data points needed for mapping England’s intertidal vegetation distributions 

as well as define a substratum invariant approach for single-species detection.  
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2.0 Study Sites 
 

The study regions (shown in Figure 1, overleaf) have been chosen because they are extremely 

well studied, dominated by chalk habitats, and have similar characteristics in terms of 

intertidal flora and substratum. These chalk habitats and associated communities are 

uncommon in Europe and are of interest for conservation and mapping (Natural England 

2014).  

The Thanet coastline in Kent is a chalk rock outcrop in the East of England and has a wide 

rocky shore (Figure 1). Under the EU Habitats Directive (2000) Natural England have 

identified this outcrop as a Special Area of Conservation (SAC), a Site of Special Scientific 

Interest (SSSI), and it is inside a marine conservation zone (MCZ) extending 64 km2 around 

the outcrop. (England & Report 2015). The site has also been awarded Ramsar Status as the 

chalk and reef features are of national and international conservation importance (Joint 

Nature Conservation Committee 2015b). The area supports ‘unusually rich’ littoral algal 

flora, and in the sea caves specialised algal communities are found (Natural England, 2014) 

several biotopes are classified for this area in which different community composition occurs, 

representing a diverse range of algal communities from turfs to kelps. This area also supports 

a diverse range of commercial fishing and recreational activities. 

The Isle of Wight is an island off the South Coast of England, and its coastal waters are 

protected on both the North and South, in two SACs (Joint Nature Conservation Committee 

2015a). The two study regions; Bembridge and Steephill Cove fall within the proposed 

‘South Wight Maritime’ SAC (Joint Nature Conservation Committee 2015a) along the South 

coast. Algal communities are present on limestone and chalk bedrock and large boulders and 

rocky shore communities support a diverse algae and invertebrate fauna (English Nature 

2001). 

Bembridge is the most easterly example of extensive hard shores in the English channel 

(Collins, 1990) and is known as the ‘Bembridge Ledges’. Bembridge and other sites in this 

SAC support a number of rare and unusual seaweeds such as the shepherd’s purse seaweed 

Gracilaria bursa-pastoris. Extensive mats of Fucus serratus with patches of Fucus 

vesiculosus dominate the limestone bedrock and boulders of the area. 
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The three study sites are illustrated in Figure 1 that also displays ground survey locations: 

<advised to remove due to file size limit of submission> 

Figure 1 A map of the British Isles and subsequent ground survey locations. The shaded areas in A 
and B correspond to the intertidal zone. The large blue dots indicate the sampling locations.  
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3.0 Methods 
	  

The process for predicting species distributions using aerial imagery is briefly outlined in 
figure 2. 

	  

	  

Figure 2 A flow chart summarising the image classification method for estimation of macroalgae distribution. 

 

High-resolution aerial imagery and ground surveys were used to determine the extent of 

exposed intertidal macroalgae distributions in four spatially discrete areas. The imagery was 

acquired prior to fieldwork to ensure areas with significant exposed intertidal habitats were 

sampled and to determine likely classes. The imagery is tidally co-ordinated, minimising 

water presence and exposing large intertidal areas at a resolution of 0.1 x 0.1 m. The images 

are orthorectified meaning they are geometrically corrected for topographic effects as well as 
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image perspective distortion caused by the movement of the aircraft. The orthorectified 

imagery is created using photogrammetric techniques and allows a plan position accuracy of 

+/-1m (CCO, 2015). For the Isle of Wight, the data was obtained with a Microsoft Eagle 

camera and was downloaded for the year 2013 (most current). Data collection took place 

between 27/06/2013 and 22/08/2013. For Thanet the data was collected using a Vexel 

Ultracam camera between 27/05/2013 and 21/09/2013. The dataset is made up of multi-

temporal and multi-sensor data, which requires radiometric adjustment. The images have 

been adjusted in line with CCO specifications and atmospheric correction was carried out 

using the dark pixel subtraction method in ENVI 5.2. A total of 983 images were downloaded 

from www.channelcoast.org. The data was downloaded in enhanced compression wavelet 

(.ECW) and was then converted to GeoTIFF format using gdalTranslate() from the gdalUtils 

package in R (Greenberg and Mattiuzzi, 2015) using lossless compression (LZW). The R G B 

and NIR values were then extracted from a virtual raster file (.vrt) of the imagery to create 

training and test datasets using the R package ‘raster’ (Hijmans et al, 2015). 

Areas not relevant to analysis were removed from each image using a mask downloaded from 

the Ordnance Survey (Ordnance Survey 2015). The mask was altered to further remove 

terrestrial and submerged areas of the scene in ESRIs ArcGIS and was applied using the 

‘raster’ R package and the ‘rgdal’ R package (Bivand et al. 2015). The basis for the OS 

Foreshore shapefile is the mean high water mark (MHWM) and the mean low water mark 

(MLWM), which is what we defined as the intertidal zone in this study. After masking, a 

total of 103 images for Thanet and 161 images for the Isle of Wight were used for processing.  

A further 400 FCIR images were downloaded as the NIR layer was missing from the RGB 

imagery for Thanet. The NIR data was appended to the images in R.  

SVM Image Classification  

The research was carried out using a supervised classification via an SVM in R (R Core 

Development Team 2014) using the ‘e1701’ package (Meyer et al. 2015). The package e1071 

offers an interface to libsvm, the C++ implementation by Chih-Chung Chang and Chih-Jen 

Lin (2011). SVMs can handle nonlinear decision surfaces by choosing a user-defined kernel 

function to project the data into a high-dimensional feature space (Boser et al. 1992). One of 

the key factors for SVM performance is an optimal kernel. As the problem is non-linear and 

already in a three dimensional space, a Gaussian radial basis function (RBF) kernel is used 
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that is popular for image processing (Melgani & Bruzzone 2004b), mapping the data into 

Hilbert space (infinite dimensions) of the form: 

𝐾 𝑥, 𝑥! =   exp  (−𝛾| 𝑥 − 𝑥! |!) 

This SVM requires two user-defined inputs: cost (C), which is a regularisation parameter 

representing the classification error and the size of the margin between classes, as it increases 

so does the error on the training set and the width of the margin decreases, and the gamma (γ) 

defines the influence of each training point. C and γ were assigned the recommended range of 

values from the R package (Chang & Lin 2011).The goal is to minimise the sum of the slack 

variables whilst maximising the margin, to accurately classify as many points correctly as 

possible. 

To assess spatial transferability, the four spatially distinct areas were treated as independent 

datasets to iteratively evaluate model performance with unseen data. A ‘one against the rest’ 

approach was used to cycle through the data sets to test their ability to predict the other sites 

in turn, holding the independent dataset for accuracy evaluation. Overall accuracy was 

assessed using both a confusion matrix and Cohen’s Kappa statistic. Optimisation was 

evaluated using Cohen’s Kappa statistic as a measure of class agreement, and the C and γ 

values of the model. Suitability of the Kappa statistic for model optimisation was evaluated 

on the selected values for C and γ through manual adjustment. Total accuracy was then 

assessed via fourfold cross validation.  

Minimum Noise Fraction and Principal Components Analysis 

For estimates of local scale algal coverage in Bembridge, the main approach was then 

compared to SVM classification on images that had a minimum noise fraction (MNF) 

rotation applied, to assess this method for local assessments. An MNF transformation was 

carried out on five mosaicked images from Bembridge, which had sufficient class sizes to 

split data for training and testing. MNF transforms data to determine the inherent 

dimensionality of image data, to segregate noise, and to reduce the computational 

requirements for subsequent processing (Green et al. 1988).  

MNF rotation was implemented in ENVI 5.2 and is modified from Green et al (1988). The 

rotation comprises two cascaded Principal Component’s transformations (Nezlin et al. 2007). 

The first transformation is based on an estimated noise covariance matrix that decorrelates 

and rescales the noise in the data, producing a transformed image in which the noise has unit 
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variance and no band-to-band correlations (ENVI). The second rotation uses the principal 

components derived from the original image data after they have been noise whitened by the 

first rotation. SVM classification is then applied to the transformed image in order to evaluate 

the effectiveness of the technique for local estimates of ground cover using 

photointerpretation and SVM classification. 

Accuracy Assessment 

Accuracy assessment is a contentious subject of thematic map production, with no 

standardised method agreed upon in the literature (Foody 2002). There are limitations with 

each measure and so it is often recommended that more than one measure is used (Arbia et al. 

1998). 

This study bases quantification of accuracy on a raw (non-normalised) confusion matrix, 

Cohen’s Kappa statistic, and cross-validation of the model. The confusion matrix represents 

the errors of omission (underestimation of habitat) through row accuracy, and the errors of 

commission (overestimation of habitat) through column accuracy, termed ‘producer’ and 

‘user’ accuracies, respectively. See Foody (2002) for a clear example of the matrix. The 

matrix also offers insight into misclassification and confusion of classes, allowing 

interpretation of the ground data in turn, and can provide guidance for sourcing ancillary data. 

The confusion matrix supplies an overall accuracy’, which is the combined percentage of 

correctly classified pixels from all classes; various thresholds have been specified (e.g. 

Thomlinson et al, 1999). Thomlinson et al (1999) recommended an 85% overall accuracy, 

with no class less than 70% which is adopted for guidance in this study. 

Evaluation using Cohen’s Kappa statistic alongside the confusion matrix aims to compensate 

for the chance of random correct allocations, and cross-validation to assess the potential for 

achieving a spatially transferable model. 
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Field Methods and Photointerpretation 

Ground survey data was collected to validate the aerial photographs. Chris Yesson from ZSL 

provided secondary data from Thanet that was collected on 22nd January and 18th June 2014. 

The data from the Isle of Wight was collected during spring tides on the 18th (between 1630-

2000hrs) and 19th May (Bembridge between 0530-0830hrs, Steephill Cove between 1600-

1800hrs) 2015.  

The objectives were to collect data that represents the full range of relevant habitats to ensure 

adequate classification and also represent the full range of environmental conditions for each 

habitat. Two methods were followed, one involved walking transects from the high water 

mark to the waters’ edge to collect data representative of heterogeneity at the sites that often 

characterises the intertidal domain (Holman & Haller 2011). A total of 18 transects were 

walked between two sites at the Isle of Wight, and 11 transects at all Thanet locations. The 

second method was to find areas that were larger than the positional accuracy of the GPS (+/- 

3m) that were covered by one habitat type (>90%) and is recommended in Nezlin et al 

(2007).  

Habitat classes chosen represent the major habitats of the regions and were defined based on 

the major taxonomic groups observed in the area, and are shown in Table 2. 

 

Class Description 
Green All green algae species 
Red All red algae species 

Fucus Fucus species (Fucus serratus and 
Fucus vesiculosus) 

Sand Sand 
Bedrock Chalk/ Weathered Bedrock 

Water Submerged areas (inc. rock pools) 
Table 2 Major taxonomic groups and large scene components 
and general description of what is included within each class. 
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From L-R ,top-bottom: 
A.Weathered bedrock 
B. Rippled Sand 
C. Fucus serratus 
D. Fucus vesiculosus 
E. Green Algae 
F. Red Algae 
G. Sargassum 
 

Table 3 Homogeneous patches of major taxonomic groups and base materials found in the Isle of 
Wight (Bembridge). From R-L: Bedrock, Sand, Fucus serratus, Fucus vesiculosus, Green Algae, 
Red Algae. C and D represent the two major Fucus species found at the location, but were not 
separable in the imagery so were carried forward as a combined class. 

 

Due to the dynamic nature of the intertidal environment it is realistic to assume that some of 

the points will not correlate due to the separation between the imagery and the ground survey. 

On-screen spatial adjustment of training data was required to maintain adequate class sizes 

and reduce errors caused by mislocated data. ESRIs ArcGIS software and site knowledge 

were used to create supplementary classes that were significant components of the scene in 

the aerial imagery, but were not present in one or more of the spatial replicates.  
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4.0 Results  
	  

Spatial Replicates 

To maintain adequate class size and avoid over fitting for one region, the data was divided in 

two sites per region and class sizes were as shown in Figure 3. A water class was added 

retrospectively owing to standing water being present throughout many scenes leading to 

overestimation and large uncertainty in macroalgae characterisation. A total of 485 ground 

points were used in the classification process: 180 from the Isle of Wight, 102 from Thanet, 

and an additional 203 points were added remotely using ESRIs ArcGIS 10.2 software.  

	  
Figure 3 Ground data points collected represented as percentage of total 
collected points when split into the major taxonomic groups and base materials 
throughout the spatial replicates. Water is excluded here as it was added 
retrospectively. 

Table 4 shows the total of collected points per location and class. 

 

 
Thanet Isle of Wight 

Fucus 45 47 
Green 14 30 
Red 26 22 
Sand 17 47 
Bedrock 12 34 
Total 102 180 

Table 4 Ground data points collected represented as class 
sizes when split into the major taxonomic groups and base 
materials in the two regions. 
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Final class representation when divided into four spatial replicates is shown in Table 5. 

 

 
Thanet N Thanet S Bembridge Steephill Cove 

Fucus 22 23 45 2 
Green 3 11 21 9 
Red 15 11 10 12 
Sand 9 8 33 14 
Bedrock 5 7 32 14 
Total 54 60 141 51 
Table 5 Ground data points collected represented as class sizes when split into the major 
taxonomic groups and base materials throughout the spatial replicates 

 

Principal Components Analysis (PCA) and Spectral Sub-setting 

Feature reduction is not required for SVM approaches to classification but its application can 

increase classification accuracy and reduce the dimensionality of data, which can increase 

efficiency of the classification (Sanchez-Hernandez et al. 2007). The results of the PCA show 

that the R and G wavebands provided 99% of unique information for the data as shown in 

Table 6. 

 

  R G B NIR 
Standard Deviation 67.25 28.60 5.84 4.16 

Proportion of Variance 0.84 0.15 0.006 0.003 
Cumulative Proportion 0.84 0.99 0.996 1 

Table 6 Results of PCA indicating the proportions of unique information held in each of the four bands (R,G,B, 
NIR) of the aerial imagery. 

	  

When both the blue and NIR bands were removed, the classification accuracy dropped. As 

previously discussed, NIR is advantageous to macroalgae RS methods due to increased 

reflectance in this portion which should give higher discrimination against abiotic materials. 

R, G, and B bands were highly correlated and therefore the blue band was removed reducing 

the dimensionality of the data leaving a false colour infrared (FCIR) classification.  

 

Spectral Profile Analysis of Target Classes and Local MNF Transformation 

 

The results of the MNF transformation show that the band-to-band correlations have been 

completely removed and there is greater clustering in the classes as shown in Figure 4. This 
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process requires a lot of processing time, and therefore a local assessment was carried out 

first to test if it improved the method.  

 

	  

Figure 4 The clustering of the training data from Bembridge in the Isle of Wight. The legend indicates the 
classes corresponding to the points. The top column L-R represents the untransformed images (X and Y units 
are DN values); bottom column L-R represents the MNF transformed images and the X and Y units are 
dimensionless. 

	  

	  

	  

	  

	  

	  

	  

	  

	  

 Figure 5 A subset of the Isle of Wight (Bembridge) (L-R) as FCIR photography before, and 
after the MNF transformation was applied using ENVI 5.2. highlighting the increased 
separability of abiotic and biotic materials, but abiotic materials are still close. 
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Training data was visualised to assess the separability of the target classes between the four 

bands available (Figure 6) testing the assumption that the major groups of seaweeds (red, 

green, and brown) are separable. The aim was to assess the spectral differences to between 

targets before spectral sub-setting (Figure 6). 

Figure 6 Spectral profiles in the R, G, and NIR portions of the electromagnetic spectrum for the target 
classes: Bedrock, Fucus, Green, Red, Sand, and Water as derived from the training data from the 
aerial photography (L) normal, (R) after MNF transformation with the B band removed. 

The increase in total accuracy achieved when applying SVM classification after an MNF 

transformation was insignificant (p=1) when tested using McNemar’s test (see Foody, 2004). 

Model performance, however, was positively impacted. For this small dataset, the SVM-only 

approach had a much higher value for the C parameter when optimised by the Kappa statistic; 

which makes the model more of a ‘hard margin’ SVM reducing the ability to generalise. The 

C parameter reduced in the dual approach for the same class accuracy agreement (Cohen’s 

Kappa) of 0.98.  

 
MNF and SVM Σ 

SVM Only Correct Incorrect 
 Correct 182 1 183 

Incorrect 0 2 2 
Σ 182 3 185 

Table 7 McNemars test of the significance in classification when using 
an SVM only and an MNF and SVM approach. 
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Table 8 Confusion matrix for the 6-class classification (Fucus, Green, Red, Bedrock, Sand, Water) SVM- only 
model showing both omission (Prediction Accuracy) and commission (User Accuracy) errors of the 
classification. The Kappa represents Cohen’s Kappa, and the total accuracy is as measured by cross-validation 
with individual spatial replicate accuracies specified. 

	  

Confusion matrix for 6-class SVM and MNF trained on pixels (Bembridge- Local) 

Actual 
Predicted Produced 

Accuracy (%) Bedrock Fucus Green Red Sand Water 
Bedrock 32 0 0 0 0 0 100.00 

Fucus 0 44 0 0 1 0 97.78 
Green 0 0 21 0 0 0 100.00 
Red 0 1 0 9 0 0 90.00 
Sand 0 0 0 0 41 0 100.00 
Water 0 0 0 0 0 36 100.00 

User 
Accuracy 

(%) 
100.00 97.78 100.00 100.00 95.35 100.00 

Overall 
Accuracy (%) 

98.91 
Kappa: 0.98 

Total Accuracy: 93.51% (92.39%,93.63%) 

Table 9 Confusion matix for 6-class classification (Fucus, Green, Red, Bedrock, Sand, Water) SVM and MNF 
model showing both omission (Prediction Accuracy) and commission (User Accuravy) errors of the 
classification. The Kappa represents Cohen’s Kappa, and the total accuracy is as measured by cross-validation 
with individual spatial replicate accuracies specified. 

  

Confusion matrix for 6-class SVM-only trained on pixels (Bembridge- Local) 

Actual Predicted Produced 
Accuracy (%) Bedrock Fucus Green Red Sand Water 

Bedrock 31 0 0 0 0 0 96.88 
Fucus 0 44 0 0 1 0 97.78 
Green 0 0 21 0 0 0 100.00 
Red 0 1 0 9 0 0 90.00 
Sand 0 0 0 0 41 0 100.00 
Water 0 0 0 0 0 36 100.00 

User 
Accuracy 

(%) 
100.00 97.78 100.00 100.00 95.35 100.00 

Overall 
Accuracy (%) 

98.38 
Kappa: 0.98 

Total Accuracy: 91.98%(91.31%, 92.47%) 
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Classification Accuracy 

Spatial transferability was tested in two ways: firstly the ability of the individual datasets to 

predict all other locations in turn, and then the effect on model performance when using more 

than one site as training data.  

The confusion matrix below demonstrates the overall accuracy of the classification was 

94.23% when applying the best local model to predict three other unseen locations. The 

omission errors (underestimation of habitat) were as high as 30.17% and the commission 

errors (the probabilities of each class pixels to be wrongly classified) were as high as 19%. 

These results were produced with a C value of 64 suggesting adequate generalisation 

potential. 

Table 10 Confusion matrix for the 6-class classification (Fucus, Green, Red, Bedrock, Sand, Water) SVM 
model through the four spatial replicates (Bembridge, Steephill Cove, Thanet N, and Thanet S) when using one 
site for training the model, and all others for testing. The Kappa represents Cohen’s Kappa, and the total 
accuracy is as measured by cross-validation with individual spatial replicate accuracies specified. 

	  

When using three sites to predict one unseen area, the overall accuracy of the classification 

was 94.43% (Table 11). The omission errors did not exceed 5% in most cases, and the 

commission errors did not exceed 15%. Red was an exception with the lowest accuracy class 

with 25% commission error. The C and γ parameters shown in Table 12 and suggest this 

model has higher potential for transferability. 

	  

 

Confusion matrix for 6-class SVM trained on 95 pixels (1 location) 

Actual Predicted Produced 
Accuracy (%) Bedrock Fucus Green Red Sand Water 

Bedrock 55 0 0 0 3 0 94.83 
Fucus 0 89 1 2 1 0 95.70 
Green 1 0 43 1 0 0 95.45 
Red 0 4 0 34 6 4 70.83 
Sand 1 0 0 5 90 0 93.75 
Water 0 0 0 0 0 146 100.00 

User 
Accuracy 

(%) 
96.49 

 
96.74 

 
97.67 

 
81.40 

 
90.00 

 
97.33 

 

Overall 
Accuracy (%) 

94.23 
Kappa: 0.94 

Total Accuracy: 92.78 % (90.08%, 96.69%, 92.56%, 91.80%) 
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Confusion matrix for 6-class SVM through 4 locations, trained on 390 pixels 

Actual 
Predicted Produced 

Accuracy (%) 

Bedrock Fucus Green Red Sand Water 
94.83 Bedrock 55 0 0 0 3 0 

Fucus 0 90 0 2 1 0 96.77 
Green 1 0 43 0 0 0 97.73 
Red 0 2 0 36 6 4 75.00 
Sand 2 0 0 4 90 0 93.75 
Water 0 0 0 0 0 146 100 

User 
Accuracy (%) 

94.83 97.83 100 85.71 90.00 97.33 
Overall 

Accuracy (%) 
94.85 

Kappa: 0.93 

Total Accuracy: 92.37% (90.01%, 95.04%, 90.90%, 93.44%) 

 
Table 11 Confusion matrix for the 6 class classification  (Fucus, Green, Red, Bedrock, Sand, Water) SVM 
model through the four spatial replicates (Bembridge, Steephill Cove, Thanet N and Thanet S). The Kappa 
represents Cohen’s Kappa, and the total accuracy is as measured by cross-validation with individual spatial 
replicate accuracies specified. 

The possibility of improving the classification by reducing the SVM to a binary classification 

targeting the species of interest was explored. The binary classification accuracies are shown 

in Table 12 alongside the 6-class model. Binary classification achieves greater accuracy for 

Fucus and Green, but is much lower in terms of class accuracy (the class of interest) for red 

algae. 

 

Kappa 
Total 

Accuracy 
(%) 

Class 
Accuracy 

(%) 

Support 
Vectors Cost γ 

2 Class Classification 
Fucus/Other 0.93 97.31 96.77 44 64 0.125 
Green/Other 0.99 98.35 97.73 24 64 1 

Red/Other 0.72 95.05 70.83 62 64 0.5 
6 Class Classification 
Fucus/Green/Red/ 

Bedrock/Sand/ 
Water 

0.94 94.85 n/a 108 64 0.625 

SVM and MNF approach 
Fucus/Green/Red/ 

Bedrock/Sand/ 
Water 

0.98 98.91 n/a 34 64 0.5 

Table 12 Results from binary classifications and accuracy results from the multiclass classification. 
Kappa represents Cohen’s Kappa, Total accuracy represents the accuracy derived from cross validation, 
and where appropriate the class accuracy represents the accuracy of the class of interest.  
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Final Maps 

The map of the modelled vegetation distribution is illustrated by example in Figure 7. 

	  

Figure 7 A subset of the Isle of Wight (Bembridge) 
illustrating (top to bottom) (a) the original FCIR imagery, 
(b) after masking, and (c) classified using the SVM only 
model. 

Coordinate System: OSGB 1936 Transverse Mercator

Projection: Transverse Mercator

Datum: OSGB 1936

false easting: 400,000.0000

false northing: -100,000.0000

central meridian: -2.0000

scale factor: 0.9996

latitude of origin: 49.0000

Units: Meter

Ü
0 0.350.175Miles

No Data

Bedrock

Fucus

Green

Red

Sand

Water



	   33	  

The extent of the intertidal habitat modelled was 13.58 km2 in Thanet, and 13.48 km2 in the 

Isle of Wight. Habitat percent cover is shown in Table 13. A Chi-Squared test revealed that 

there was no significant difference in habitat composition between these locations using 95% 

confidence limits. 

 

Thanet 
(Km2) 

Thanet  
(%) 

Isle of Wight 
(Km2) 

Isle of Wight 
(%) 

Bedrock 0.42051 3.10 0.58764 4.36 
Fucus 1.34706 9.92 0.75756 5.63 
Green 0.69131 5.09 1.43727 10.66 
Red 1.35193 9.96 2.28586 16.96 
Sand 6.49960 47.87 6.12851 45.47 
Water 3.26755 24.07 2.8263 16.93 
Total Area 13.578 100.00 13.479 100 

Table 13 Species' area coverage in both Km2 and as percentage cover for the 5 classes 
identified in the imagery 
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5.0 Discussion 
 

The recommended accuracy thresholds for RS classification techniques are around 85%, with 

no individual class less than 70% (Thomlinson et al. 1999). This study achieves an accuracy 

of 94.85% using an SVM-only multiclass approach when classifying an unseen location 

based on the confusion matrix (Table 11). When using one location to predict three others, the 

total accuracy is still 94.32% without adverse affects on the model despite small class size in 

the training data (Table 9). This is comparable and often higher than results achieved in other 

studies using only within site data. Macroalgae in an estuarine environment in California 

were mapped to 38.2-88% accuracy Nezlin et al. (2007) and Young et al (2010) achieved 

accuracies of 83-97% mapping eelgrass in the Pacific Northwest USA. Using Landsat TM 

images of North Carolina, Ferguson & Korfmacher (1997) mapped eelgrass meadows in 

California achieving 72.6% accuracy, highlighting the difference in accuracy achieved by 

aerial photography. These results suggest that it is possible to classify species’ at unseen 

locations using high-resolution aerial imagery and SVM classification with respective 

accuracies of each location from fourfold cross validation: 90.91%, 94.21%, 95.04%, and 

94.26%. The binary classification approach for mapping a specific taxonomic group or land-

cover type was explored (Table 12) and found to have higher accuracy when identifying Fucus 

and green classes, with 96.77% and 97.73% predicted accuracy for the class of interest, but 

was much lower when classifying red algae (70.83%) based on ‘producers’ accuracy, 

reflecting the underestimation of these habitats (Foody 2002). When predicting distributions 

in unseen locations this could be an ideal approach irrespective of substratum/ base materials 

with adequate class sizes. 	  

These initial figures are promising; and for high-level classification this method appears very 

effective. Species have been successfully identified in both binary and multiclass 

classifications using a very small dataset. Fourfold cross validation for each of the spatial 

replicates yielded accuracies no less than 90.91%, which is still higher than some 

aforementioned studies. The addition of an MNF transformation did not increase the 

classification accuracy greatly in this study, but model performance was generally better as 

the optimal Kappa value was found with a lower parameter C. This method, however, is 

computationally intensive and requires relevant software so is really only effective for local 

assessments. The training stage had a large impact on classification accuracy and model 

performance is dependent on the training dataset and so trials were made with adequate class 
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representation and sensible geographic delimitation. Disproportionality of the class sizes per 

location had adverse effects on model performance and spatial transferability, so weights 

were assigned per point to give equal weighting to all classes. Steephill Cove had the least 

data points overall (Table 5) and also the lowest classification accuracy (90.91%), similarly 

this is reflected with the red class.  

 

The discriminatory ability of the photography is such that it can differentiate the two main 

brown seaweed genera, Fucus and Sargassum, which were identified as the species Fucus 

vesiculosis and serratus, and Sargassum muticum. The presence of Sargassum in the training 

data means it would be possible to predict its’ occurrence throughout other locations, it would 

not be possible to quantify the accuracy of these predictions because of the absence of any 

Sargassum in the other ground surveys. These omissions mean classes are overestimated due 

to commission, and analyses of predicted distributions highlight that Sargassum has been 

misclassified as red algae. Sargassum is invasive seaweed that was introduced to the British 

Isles in 1971 (JNCC, 2015), this offers a cost effective method for tracking the invasive. 

Presently, other studies achieve the same, or lower levels of distinction between macroalgae 

groups (e.g. Hennig et al. 2007; Nezlin et al. 2007) or are limited to presence/ absence only 

(Fletcher et al. 2015). For mapping distribution baselines, high-level classification accuracy is 

appropriate. 

There are two main caveats: firstly, the model is highly generalised, distinguishing only 

between the three major taxonomic seaweed groups (reds, greens, browns) and whilst the 

model is able to distinguish between brown seaweeds at the species level, it is not possible to 

conclude whether this is the case between green and red classes or further brown species 

owing to limitations of the ground survey data. Secondly, classes are also likely both over- 

and under-estimated because of commission, terrain effects, shadows in the imagery, and the 

inability to quantify the extensive algae communities in submerged sub tidal areas.  For 

understanding of habitat composition this study is insufficient due to limitations of ground 

survey data and temporal alignment. The extents of the habitats for the study areas are shown 

in Table 13.  

Although the use of Cohen’s Kappa statistic has been widely used for assessing classification 

accuracy, it has also been heavily criticised because alone it is inadequate and offers no 

information on the source of error. Alternative methods for assessment of classification 

accuracy are cross-validation and independent evaluation, which were both undertaken to 
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assess model performance. Model set up was initially designed to judge the ‘best model’ 

based on the highest Kappa statistic, which is an indication of class agreement. This was 

found to consistently lean towards an over fitted model, which is an issue with quantitative 

evaluation whereby suboptimal (overfitted) C values were obtained (Hastie et al, 2001), so 

instead the model was optimised through a grid search of parameters resulting in manual 

adjustment of the C parameter to allow for adequate generalisation as the focus on this study 

was on spatial transferability as well as accuracy. 

Sample design has had a definite impact on the resultant accuracy of the classification, 

leading to higher accuracies for Fucus due to the relatively disproportionately high class 

representation increasing a fuller range of values, and accordingly lower accuracies with less 

sampled classes. The disproportionality in class sizes within ground surveys may also be 

representative of the different proportions of the major habitats in these areas. Assuming that 

the data collected when carrying out the ground survey is representative of habitat cover in 

that locality, analyses of the aerial images suggest that these areas were not representative of 

the rest of the region (Figure 3, Table 12). At the time of data collection, Thanet N, Thanet S, 

and Bembridge were Fucus dominated areas (40.74%, 38.33%, 31.91%) with the exception 

of Steephill Cove, which had just 5.12% of ground survey points allocated to the Fucus class, 

whereas throughout the entire region, Fucus made up just 9.92% of Thanet habitat, and 

5.63% in the Isle of Wight. This goes some way to explain the underrepresentation of other 

classes such as red and green algae. The ground survey locations were chosen due to the 

extensive nature of the rocky shores however this caused a bias towards areas dominated by 

Fucus species.  

 

In this study, where class sizes drop below 20, accuracy and transferability are compromised 

(Table 11). Lower classification accuracy in the red and green classes is to be expected for two 

reasons. Firstly, the class sizes are lower than those recommended due to tidally restricted 

data collection and difficult terrain. As shown in Table 5, the red class has the lowest 

classification accuracy of 70.83% when trained on 33 points. Binary classification for red 

algae is also much lower in accuracy, which is likely attributable due to the small class sizes 

throughout the spatial replicates (Table 5, Table 11) and density of vegetation cover. The 

recommended class size of training sets of 10-30p cases per class as suggested by Piper 

(1992), Foody & Mathur (2004b), and Van Niel et al. (2005)where p is the number of 

wavebands used (Sanchez-Hernandez et al. 2007), was not always achievable due to the 
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limitations of the environmental conditions. This study suggests that the minimum sample 

size per class should not drop below 20 pixels in the training data for >90% accuracy and to 

avoid over fitting. The number of support vectors was 87, meaning that a further 54 provided 

no contribution to the classification, which indicates a more focused approach to ground 

survey collection could be adopted, allowing for further resource savings. The second factor 

known to affect classification accuracy is density of vegetated cover (Nezlin et al. 2007). For 

the red and green vegetation classes this was highly variable and the cover was often a 

relatively thin layer. The results of this classification suggest it breaks down at lower 

vegetation density coverage, introducing confusion with sand as shown in the confusion 

matrix (Table 11). Although green has high classification accuracy (97.73%), analyses of the 

predicted thematic map highlights that the dense turf has been classified correctly, but other 

areas where green algae coverage was thin have been classified as sand/ bedrock causing 

underestimation. 

The wide range in optical properties of abiotic materials (sand, bedrock) was not captured in 

the ground survey data. Whilst SVMs perform well with small training classes, they rely on 

the extreme characteristics of a class to characterise points correctly. Moisture content in the 

sediment throughout both regions generated a very wide range of brightness values in each 

waveband. This has also been observed by Van der Wal et al. (2014) when classifying high-

frequency multispectral digital images of intertidal macroalgae. These wide ranging optical 

properties lead to the misclassification of wet sand and sediments as red algae, causing a 

massive overestimation of this class. Initial models suggested 40% of the entire coastline of 

the Isle of Wight was occupied by red algae, sensible considerations led to exploration of the 

dataset to discover this. To remedy the situation, a class for wet sediments was generated 

using ESRIs ArcGIS. These areas tended to be wide and very easy to characterise remotely, 

which led to a more successful model and more accurate estimations of percent cover of red 

algae. 

The ability to accurately register the ground truth data with classes was a key constraint in 

this study, as the imagery was secondary data. Initial poor model performance was partially 

explained by the positional accuracy of the GPS (±6m horizontal). An attempt was made to 

rectify this by finding the median pixel value through the four bands within the uncertainty 

area and selecting the one closest to the overall mean if no single set of values was found. 

This approach partially improved model performance owing to the heterogeneity of the 

environment within the uncertainty area. Mahalanobois distance was tested as an approach 
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for outlier detection and removal in each of the classes that were large enough to remove 

points that did not correspond to their class. This reduced the accuracy of the classification to 

<50% total accuracy. Reasons for accuracy reduction are fourfold; firstly, plotting the data 

revealed that the classes did not conform to the assumptions of spherical distribution – they 

were ellipsoidal (Figure 4); secondly, it is the peripheral ‘support vector’ data points in each 

class that optimise separation to define the hyperplane and reduce the C parameter to prevent 

over fitting; thirdly, class size was not adequate to justify elimination of points, and lastly, 

over 50% of points did not correlate with the imagery due to the dynamic nature of the 

intertidal and the 12-24 months between sampling and field visits. As a result, 

photointerpretation was the most successful method to adjust points and to ensure relevant 

classes were represented. 

Spatial adjustment or ‘photointerpretation’ has been successfully used in many other studies 

of thematic mapping (Fuller et al, 1994; Husak et al, 1999; Young et al, 2010) and helps 

address the issue of misregistration of ground data. Further advantages of using 

photointerpretation skills to validate the ground truth data include the ability to exploit spatial 

information such as tone, shape, locality, and association; the ability to overlay the GPS 

training data; and the ability to digitally enlarge the image (Young et al. 2010). High-

resolution aerial imagery is often used as a surrogate for ground surveys (Sanchez-Hernandez 

et al. 2007) so spatial adjustment is a justifiable approach with small training sets. These 

adjustments allow us to more certainly attribute errors of classification to the sample design 

(namely class size and underrepresentation) and limitations of applying SVM classification in 

these areas. Hard classifiers, i.e. ones that assume pixel purity by attributing its coverage to 

one class alone give rise to error if ground survey data accounts for heterogeneity at a finer 

scale than the minimum mapping unit by, for example, classifying a zone as ‘mixed’. The 

sample design in this study aimed to avoid optimistic bias (Zhu et al. 2000) by not only 

sampling large homogeneous patches of habitat, but by also sampling marginal and transition 

zones. This study excluded mixed zones from the classification because a hard classifier was 

used, and so confusion was introduced. Transition and mixed zones were identified in areas 

of ground surveys, and representation broadly agreed with observations, with the exception of 

the green class, which seems underrepresented by the classifier in these areas. This is likely 

due to the transient nature of these habitats in summer, the spatial adjustment method 

adopted, and the difficulty in characterising patchy distributions on wet sediments, meaning 
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they were adjusted to areas of green algae that were substantially more distinct than in mixed 

zones. 

The two spatial replicates from the Isle of Wight were familiar to the author of this study so 

the selection of habitats via photointerpretation was likely more successful and the 

classification accuracy increased to 98.28% with 0.97 Kappa when classified separately. The 

author did not visit Thanet locations, and so photointerpretation was less accurate. Overall 

classification dropped to 90.88% between Thanet sites and errors of commission were more 

frequent, this reduction in accuracy advocates the value of site knowledge and potential for 

remote survey approaches in new geographical regions as concluded by Hennig et al. (2007). 

This also suggests that the habitat of the ground survey locations in the Isle of Wight is more 

comparable. An improvement to field methods would have been to carry out an unsupervised 

classification of the area in advance of the field visit using CCO data in order to more 

efficiently pick up all elements detected by the sensor and to then include these as target areas 

within the survey.  

A recommended course of action for further ground surveying would be to carry out an 

unsupervised classification in GIS software using a few representative images in order to 

assure that classes can be sampled sufficiently. According to this study, a drawback to this is 

that the intertidal is a highly dynamic environment and the images have just 50% chance of 

corresponding to the ground data after 12+ months so classes may be more difficult to locate. 

The percentage of points moved in the photointerpretation process suggest that large-scale, 

lower elevation zones of brown seaweeds seem to be more stable than seaweeds found at 

higher elevations.  

Throughout the littoral zone, communities and species are aligned to different combinations 

of abiotic and biotic factors and strong environmental gradients create a distinct zonation 

pattern of macroalgae communities (Ballesteros & Romero 1988). These environmental 

gradients tend to be most extreme in the upper elevations of the littoral zone (Chappuis et al. 

2014) which is where the green and to a lesser extent, red algae was found. These classes 

represented the highest proportion of points that needed to be moved (53% and 21% 

respectively) and were most frequently replaced by sand suggesting that bands at higher 

elevations vary on shorter timescales. The distinctive bands of Fucus did not require much 

readjustment and are generally more stable features due to anchorage.  
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Recent work by Van der Wal et al. (2014) shows that the day-to-day variability of 

distributions of filamentous green algae in the Netherlands is of the same order of magnitude 

as seasonal variations, meaning these communities undergo substantial daily change in the 

growing season. This suggests that even if ground survey data was collected 24 hours later 

than the aerial imagery, significant differences could be expected in the distribution of green 

algae. This suggests that if used for monitoring, the temporal frequency of the aerial 

photography used here (4 years) might capture nothing more than a daily high or low in 

distribution, and likely does not allow us to decouple the signal and the noise.  

Further ground surveys would be needed to determine the true discriminatory power of this 

aerial photography, which could be achieved by flight coordinated field visits with the use of 

a differential GPS with a positional accuracy of < 1 m. Van der Wal et al. (2014) used high-

frequency multispectral camera images for monitoring filamentous green algae, which 

provided interesting insight in distribution variability and spectral discrimination, which was 

best in the growing season. This set up is ideal for highly localised studies, but not for 

regional scale assessments due to the extensive data processing required, and the exposed 

nature of experimental set up increases chance of vandalism, or sensor destruction in the 

environmentally harsh intertidal zone. However, it does point to the fact that a higher 

temporal resolution is required to distinguish meaningful information regarding macroalgae 

abundance around the British Isles. The aerial imagery used here is useful however, to 

demonstrate the broad spatial distribution and associations of the habitats. 

The dual approach of MNF and SVM methodology offers a higher overall accuracy measured 

on a confusion matrix (97.87%) and the omission errors did not exceed 3.5%. In this 

approach, the SVM was trained on just 49 pixels with no adverse effects on the model. The C 

and γ values were also optimised suggesting an appropriate proportion of support vectors and 

allowing generalisation. In the SVM only approach, class clusters overlapped significantly in 

an ellipsoidal manner, and the R and G bands were highly correlated (Figure 4). After the 

MNF rotation, the separability of the classes was increased and the brightness of the bands 

was completely uncorrelated (Figure 4) aiding significant improvement over an SVM-only 

approach.  

Before the MNF transformation, there were substantial terrain effects evident in the imagery, 

which were removed in the transformation. Both Hennig et al (2007) and Nezlin et al (2007) 

used an MNF transformation accompanied by spectral angle mapper (SAM) classification in 
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ENVI, achieving 88% and 75.9%, which indicated that an MNF and SVM approach could be 

an improvement. This model was not tested for spatial transferability (see auto critique), and 

exploration into the feasibility of this method over larger areas is recommended for future 

work in this area. When comparing this with the SVM-only approach, the McNemar statistic 

revealed that the difference in percent cover of macroalgae was not statistically significant 

(p=1), they performed almost equally, however both the testing and training datasets were too 

small for any real conclusion to be drawn on the effectiveness of this approach.  

The two main limitations of FCIR and aerial photography for macroalgae assessments is that 

it is only useful for exposed intertidal macroalgae due to the effects of water on the optical 

signature (O’Neill et al. 1988), and can only assess the spatial extent of these habitats and not 

the density or depth. In the field it was noted that the thickness of algae bands is highly 

variable and therefore percent cover is the only reasonable metric to determine from aerial 

photography (Nezlin et al. 2007). For a full assessment of macroalgae distribution and 

biomass estimates, a more comprehensive RS survey is required. Acoustic techniques would 

complement this approach (Holman & Haller 2011) although in areas of high turbidity such 

as these sites, even these would be limited. Arguably, over larger areas there is also a third 

limitation in that this kind of data collection relies heavily on two principles: good weather 

and low tides which can mean data is collected over several months rather than in one day 

which increases processing required for the imagery. 

6.0 Conclusions 
 

This study shows that FCIR imagery is preferential to RGB imagery for classification of 

macroalgae and potentially other intertidal vegetation around the coast of England. The 

imagery is freely available and temporal coverage is gradually increasing, providing an 

excellent data source for similar studies around the coast of England where imagery is 

available. FCIR photography can provide a comprehensive assessment of areas of interest 

covering up to, and likely over 200 km of coastline. Aerial photography is an effective tool 

for assessing intertidal macroalgae distribution with significant advantages from direct field 

based methods for regional scale assessments of macroalgae distribution. It is possible to 

characterise the habitats at unseen locations via SVM learning and also to differentiate 

between the three major taxonomic groups of seaweed (red, green, browns). Higher accuracy 

is achieved when using a dual MNF and SVM approach, but spatial transferability remains 

untested. For local assessments, model performance was generally better and this approach 
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would be best due to the removal of terrain effects. For discrimination between the major 

taxonomic groups of macroalgae, higher spectral resolution is not required. The photography 

is successfully able to differentiate between major taxonomic components of brown algae 

species: Fucus and Sargassum although more data is required to test if this holds when 

predicting data from unseen locations. This represents a powerful and cost effective tool for 

establishing macroalgae abundance distributions.  

 

7.0 Future Work 
	  

UAV technology is declining in price and increasing in quality. This makes UAV mapping an 

attractive and economically feasible future for coastal seaweed mapping at regional scales. 

This would also address the issues of temporal resolution that are encountered with 

nationwide imperatives such as the CCO and the mismatch this creates from ground truth 

data. However, UAVs are not generally useful in areas with strong and persistent winds, 

which often characterise intertidal zones. Terrestrial Laser Scanning (TLS) has been used 

infrequently in the intertidal but might offer a way to model biomass of seaweeds when used 

alongside advanced digital elevation model techniques. 
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8.0 Auto Critique 
	  

Original Proposal 

Title: Assessing the transferability of coastal habitat classification based on aerial images. 

This project would develop habitat classification models for the Isle of Wight and Thanet and 

compare the models over the regions.  The objectives would be to test how well models 

calibrated for one region can predict habitats in other areas and then use the models to 

compare the extent of habitats over the regions. These models would use the latest CCO 

aerial imagery. 

Ground truth data for Thanet was collected in 2014.  Ground truth data for IoW will be 

collected during a field trip at the start of the project, and Plymouth data could be collected 

during the ID course in March. Major habitat classes will be identified for the regions (for 

example red, green and brown seaweed zones) and multi-class classification models will be 

constructed using support vector machine models in R. Models will be developed for each 

region and projected into other regions, where local ground-truth data will be used to test the 

efficiency of these models over regional scales. 

The best local models will be used to estimate the extent of habitats and a comparison of the 

relative scale and importance of each habitat will be examined over the study areas. 

Limitations and Auto-Critique 

This study was chosen because of an interest in applying Remote Sensing to the field of 

conservation, and the authors’ general interest in the marine/ coastal environment. It was also 

an opportunity to learn R programming and image analysis software (ENVI). 

In this study, limitations arose because of the ground survey data. If done again, it would be 

ideal to ensure equal and adequate class representation per class per location. This was 

accounted for by weighting each point within the SVM but class sizes were often very small, 

due to tidal restrictions on data collection. It would have been interesting to test the use of a 

UAV for this study to address the issues of temporal agreement between the aerial images 

and the ground surveys, as well as to see how well UAVs can be applied in the intertidal 

zone, which tends to be relatively windy and exposed. It would have benefitted from DGPS 

(Differential GPS) for more accurate positioning. 



	   44	  

The ENVI 5.2 license was only made available two weeks before the hand in date for this 

project, which was then available for two weeks as a trial version. A substantial amount of 

time was then spent applying the atmospheric correction and reprocessing data at a very late 

stage.  MNF transformation methods could then only be applied to local regions because of 

this, but given more time this would have been extended to be able to test the spatial 

transferability using this approach, as model performance was generally better. 
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9.0 Appendices 
1.	  Data	  Preparation	  Code	  
	  

1

CONVERT	  FILE	  FORMAT	  AND	  BUILD	  VRT	  
	  
install.packages("gdalUtils")	  
require(gdalUtils)	  
	  
#	  set	  working	  directory	  to	  the	  one	  with	  all	  the	  CCO	  tiles	  
mydir<-‐("/Volumes/RACHAEL2/Dissertation/CCO_IoW_2013/data")	  
setwd(mydir)	  
#	  make	  a	  list	  of	  all	  ECW	  files	  
tif.list<-‐dir(mydir,"*.tif$")	  
#	  loop	  through	  and	  convert	  ecw	  to	  another	  format	  
for(f	  in	  ecw.list){	  
	  	   #	  strip	  ecw	  suffix	  and	  put	  in	  new	  one	  

f.new<-‐paste(strsplit(f,"\\.",perl=T)[[1]][1],"tif",sep=".")	  
#	  convert	  to	  a	  new	  format	  (geotiff)	  -‐	  using	  jpeg	  compression	  
gdal_translate(f,f.new,	  of	  =	  "GTiff",	  co="compress=LZW")	  
print(f)	  
print("done")	  

}	  
	  
print(tif.list)	  
	  
EXTRACT	  R	  G	  B	  NIR	  VALUES	  
	  
library(raster)	  
require(gdalUtils)	  
#	  make	  a	  list	  of	  all	  files	  
tif.list<-‐dir(mydir,"*.tif$")	  
	  
#	  create	  a	  virtual	  raster	  file	  that	  stitches	  all	  the	  tiles	  together	  
gdalbuildvrt(tif.list,"ThanetFCIR.vrt")	  
	  
#	  read	  in	  ground	  points	  
d<-‐read.csv("/Users/rachaelholmes/Desktop/ThanetWater.csv",	  	  
	  	  	  	  	  	  	  	  	  	  	  	  numerals=	  c("no.loss")	  )	  
	  
#	  load	  rasters	  
f<-‐"/Volumes/Samsung	  HDD/MNF1500SubsetBembridge/bembridge_forward.tif"	  
#	  Note:	  check	  band	  ordering,	  not	  always	  Red	  =	  1	  
#	  for	  FCIR	  bands	  are:	  4	  =	  ,	  3=	  ,	  2=	  	  
RGA<-‐stack(list(R=raster(f,1),G=raster(f,2),A=raster(f,3)))	  
	  
themask<-‐readOGR("/Volumes/RACHAEL2/Dissertation/OSOpenMapLocalSZ/data	  

/SZ_Foreshore.shp","SZ_Foreshore")	  
themaskCRS<-‐themask@proj4string	  
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proj4string(RGA)<-‐themaskCRS	  
	  
#	  simple	  extraction	  of	  values	  at	  given	  locations	  
ext<-‐extract(RGA,d[c("Xnew","Ynew")])	  
	  
#	  assign	  extracted	  values	  to	  the	  ground-‐truth	  data	  
d$R<-‐ext[1]	  
d$G<-‐ext[2]	  
d$B<-‐ext[3]	  
d$A<-‐ext[4]	  
	  
MASKING	  
require(raster)	  
require(rgdal)	  
require(gdalUtils)	  
mydir<-‐"/Volumes/RACHAEL2/Dissertation/2013FCIRThanet/data/2001/aerial"	  
setwd(mydir)	  
#	  open	  spatial	  object	  (shapefile)	  defining	  mask	  area	  
themask<-‐
readOGR("/Volumes/RACHAEL2/Dissertation/OSOpenMapLocalTR/data/TR_Foreshore.shp","T
R_Foreshore")	  
	  
#	  list	  of	  tiles	  
A2013tiles<-‐dir("/Volumes/RACHAEL2/Dissertation/CCO_IoW_2013/data","*.tif$")	  
T2013tiles<-‐dir("/Volumes/RACHAEL2/Dissertation/2013FCIRThanet/data/2001/aerial",".tif$")	  
	  
print(A2013tiles)	  
myIOWtiles<-‐A2013tiles	  
myThatiles<-‐T2013tiles	  
themaskCRS<-‐themask@proj4string	  
help(proj4string)	  
	  
mydir<-‐"/Volumes/RACHAEL2/Dissertation/CCO_IoW_2013/data"	  
setwd(mydir)	  
#	  directory	  for	  output	  
myout<-‐"/Volumes/RACHAEL2/Dissertation/CCO_IoW_2013/data"	  
	  
for(t	  in	  myIOWtiles){	  

print(t)	  
r<-‐stack(list(R=raster(t,1),G=raster(t,2),B=raster(t,3),A=raster(t,4)))	   	  

	   	  proj4string(r)<-‐themaskCRS	  
r.m<-‐mask(r,themask,invert=T)	  
summary(r.m)	  
print(Sys.time())	  
#min(r.m)	  #Doesn't	  work	  with	  stacks	  of	  NAs	  

	  	   if(!is.infinite(min(r.m[1],na.rm=T))){	  
	  writeRaster(r.m,paste(myout,t,sep="/"),format="GTiff",	  

	  	  	  	  #	  	  	  	  	  	  	  	  	  	  	  	  options=c("compress=LZW"))	  
	  	  }	  
}	  
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APPEND	  NIR	  LAYER	  
	  
u<-‐"/Volumes/RACHAEL2/Dissertation/2013FCIRThanet/data/aerial"	  
m<-‐"/Volumes/RACHAEL2/Dissertation/CCO_Thanet_2013"	  
filenamesthanet<-‐dir(m,"*.tif$")	  
FCIRfilesthanet<-‐dir(u,"*.tif$")	  
#rootIoW	  =	  "/Volumes/RACHAEL2/Dissertation/CCO_IoW_2013/"	  
print(filenamesthanet[1:10])	  
print(FCIRfilesthanet[1:10])	  	  
setwd("/Volumes/RACHAEL2/Dissertation/2013FCIRThanet/data/aerial")	  
	  
rootThanet<-‐("/Volumes/RACHAEL2/Dissertation/CCO_Thanet_2013/")	  
rootFCIR<-‐("/Volumes/RACHAEL2/Dissertation/2013FCIRThanet/data/aerial/")	  
#	  In	  FCIR	  it	  is:	  1:	  NIR,	  2:	  Blue,	  3:	  Green	  	  
df<-‐	  data.frame(NameCCO=filenamesthanet,	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  NameFCIR=FCIRfilesthanet)	  
print(df$NameCCO)	  
print(df$NameFCIR)	  
	  
name<-‐(df$NameCCO)	  
f.new<-‐character(0)	  
n.new<-‐character(0)	  
	  
for(i	  in	  1:length(name)){	  
	   	   #name[i]<-‐(df$NameCCO[i])	  
	   	   #print(name[i])	  
	   	  f.new[i]<-‐paste(rootFCIR,name[i])	  
	   	   	  n.new[i]<-‐gsub("	  ",	  "",f.new[i],	  fixed	  =	  TRUE)	  
}	  
	  
print(n.new)	  
	  
nameFCIR<-‐(df$NameFCIR)	  
f.newFCIR<-‐character(0)	  
n.newFCIR<-‐character(0)	  
	  
for(i	  in	  1:length(nameFCIR)){	  
	   	   #nameFCIR[i]<-‐(df$NameFCIR[i])	  
	   	   #print(nameFCIR[i])	  
	   	   f.newFCIR[i]<-‐paste(rootFCIR,nameFCIR[i])	  
	   	   n.newFCIR[i]<-‐gsub("	  ",	  "",f.newFCIR[i],	  fixed	  =	  TRUE)	  
}	  
	  
print(n.newFCIR)	  
	  
CRS<-‐readOGR("/Volumes/RACHAEL2/Dissertation/IoWCoast/IoWCoastBNG.shp","IoWCoastBNG")	  
themaskCRS<-‐CRS@proj4string	  
print(themaskCRS)	  
Need	  a	  new	  working	  directory.	  Need	  to	  be	  able	  to	  	  
NIR<-‐"NIR"	  
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myout<-‐("/Volumes/RACHAEL2/Dissertation/2013FCIRThanet/data/NIRappended/")	  
for(i	  in	  (n.new)){	  
	  	  for	  (x	  in	  (n.newFCIR)){	  
	  	  	  	  #print(i)	  
	  	  	  	  #print(x)	  
	  	  	  	  if(x!=i){	  
	  	  	  	  	  	  RGB<-‐stack(list(R=raster(i,1),G=raster(i,2),B=raster(i,3)))	  
	  	  	  	  	  	  FCIR<-‐stack(list(NIR=raster(x,1)))	  
	  	  	  	  	  	  extentCCO<-‐extent(RGB)	  
	  	  	  	  	  	  #print(extentCCO)	  
	  	  	  	  	  	  extentFCIR<-‐extent(FCIR)	  
	  	  	  	  	  	  #print(extentFCIR)	  
	  	  	  	  	  	  if(extentCCO==extentFCIR){	  
	  	  	  	  	  	  	  	  #print(i)	  
	  	  	  	  	  	  	  	  RGB<-‐stack(list(R=raster(i,1),G=raster(i,2),B=raster(i,3)))	  
	  	  	  	  	  	  	  	  #print(x)	  
	  	  	  	  	  	  	  	  FCIR<-‐stack(list(NIR=raster(x,1)))	  
	  	  	  	  	  	  	  	  RGBA<-‐addLayer(RGB,FCIR)	  
	  	  	  	  	  	  	  	  RGBQ<-‐stack(list(R=raster(RGBA,1),G=raster(RGBA,2),B=raster(RGBA,3),ALPHA=raster(RGBA,4)))	  
	  	  	  	  	  	  	  	  print(i)	  
	  	  	  	  	  	  	  	  print(x)	  
	  	  	  	  	  	  	  	  print("paired")	  
	  	  	  	  	  	  	  	  filename<-‐paste(strsplit(i,"\\/",perl=T)[[1]][8])	  
	  	  	  	  	  	  	  	  print(filename)	  
	  	  	  	  	  	  	  	  writeRaster(RGBQ,filename=paste(myout,filename,sep=""),format="GTiff",	  
options=c("compress=NONE"),	  overwrite=TRUE)	  
	  	  	  	  	  	  	  	  print("RasterWrittenOKAY")	  
	  	  	  	  	  	  }	  
	  	  	  	  }	  
	  	  }	  
}	  
	  
	  
help(writeRaster)	  
for	  (x	  in	  (n.newFCIR[,1])){	  
	  	  print(x)	  
	  	  FCIR<-‐stack(list(NIR=raster(x,1)))	  
}	  
	  
	  
RGB[i]<-‐stack(list(R=raster(i,1),G=raster(i,2),B=raster(i,3)))	  
	  
RGB[i]<-‐stack(list(R=raster(i,1),G=raster(i,2),B=raster(i,3)))	  
&	  (x	  in	  1:length(n.newFCIR))	  
FCIR[x]<-‐stack(list(NIR=raster(x,1)))	  	  	  
RGBA<-‐addLayer(RGB,FCIR)	  
	  
}	  	  
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2. SVM code  

1

#	  Adapted	  from	  a	  version	  supplied	  by	  Chris	  Yesson	  (ZSL)	  
#	  library	  with	  svm	  model	  
install.packages("e1071")	  
require(e1071)	  
ls("package:e1071")	  
	  
#	  Read	  in	  data	  
data<-‐read.csv("/Users/rachaelholmes/Desktop/20150806NewIOW.csv")	  
	  
#	  Make	  dataframes	  
d<-‐data[c("R1","G1","A1","Class","Site1")]	  
	  
#	  put	  simpler	  names	  on	  headers	  
names(d)<-‐c("R","G","NIR",	  "Class","Region")	  
	  
#	  list	  of	  unique	  areas	  
areas<-‐unique(d$Region)	  
print(areas)	  
#methods<-‐unique(d$Method)	  
ev<-‐areas	  
#ev<-‐methods	  
	  
#	  Test	  values	  of	  cost	  and	  gamma	  parameters	  
#	  Create	  a	  list	  of	  values	  to	  test	  
#	  Really	  high	  cost	  means	  that	  hte	  model	  is	  overfitting	  
cost.range<-‐2^seq(-‐5,13)	  
gamma.range<-‐2^seq(-‐13,3)	  
#	  remember	  the	  best	  kappa	  and	  store	  results	  in	  a	  list	  
k.max<-‐0	  
k.max.list<-‐0	  
	  
#	  loop	  through	  cost	  and	  gamma	  values	  
for(i	  in	  cost.range){	  

	  for(j	  in	  gamma.range){	  
#	  list	  for	  kappa	  values	  
kappa.list<-‐c()	  
#	  loop	  through	  areas	  
for(k	  in	  1:length(areas)){	  
#	  keep	  this	  area	  as	  the	  test	  set	  
test<-‐d[d$Region==ev[k],]	  
#print(test)	  
#	  all	  other	  areas	  are	  training	  data	  
train<-‐d[d$Region!=ev[k],]	  
#	  create	  a	  model	  
s<-‐svm(Class~R+G+NIR,data=train,cross=k,scale=TRUE,	  

type="C-‐classification",kernel="radial",gamma=j,cost=i,	  epsilon=0.1,	  
weights=d$Weight)	  
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#	  predict	  classes	  in	  the	  test	  data	  
pr<-‐predict(s,test[c("R","G","NIR")])	  
#	  evaluate	  the	  predictions	  
t<-‐table(test$Class,pr)	  
#	  store	  kappa	  evaluation	  in	  a	  list	  
kappa.list<-‐c(kappa.list,classAgreement(t)$kappa)	  
}	  
#	  the	  best	  model	  will	  have	  the	  highest	  mean	  kappa	  	  

if(mean(kappa.list)>k.max){	  
#	  keep	  this	  new	  best	  kappa	  
	  	  k.max<-‐mean(kappa.list)	  
k.max.list<-‐kappa.list	  
#	  keep	  this	  best	  gamma	  and	  cost	  values	  
gamma.best<-‐j	  
cost.best<-‐i	  
#	  loops	  to	  optimise	  the	  cost	  and	  gamma	  values	  together	  
print("found	  better	  kappa")	  
print(paste("gamma=",gamma.best,"cost=",cost.best,	  "kappa=",	  k.max))	  
}	  

}	  
}	  
	  
#	  best	  model	  
#	  lowest	  cost/	  lowest	  gamma	  trial	  
s<-‐svm(Class~R+G+NIR,data=d,	  cross=k,	  scale=TRUE,type="C-‐classification",	  
	  	  	  	  	  	  	  kernel="radial",gamma=gamma.best,cost=cost.best,	  epsilon=0.1,	  
	  	  	  	  	  	  	  weights=d$Weight)	  
	  
#	  full	  stats	  for	  best	  model	  
t<-‐table(d$Class,	  s$fitted)	  
	  
summary(s)	  
	  
#	  Identify	  what	  has	  been	  classified	  as	  what	  
mcnemar4<-‐predict(s)	  
View(mcnemar4)	  
	  
#	  Test	  the	  Model	  by	  projecting	  it	  
t<-‐("/Volumes/Samsung	  HDD/MNF1500SubsetBembridge/Predict/qgisrgbmasked.tif")	  
b<-‐"FinalSVM"	  
	  
test<-‐stack(list(R=raster(t,1),G=raster(t,2),NIR=raster(t,4)))	  
projected<-‐predict(test,s)	  
my2013out<-‐"/Volumes/Samsung	  HDD/MNF1500SubsetBembridge/Predict/projected"	  
writeRaster(projected,paste(my2013out,b,sep="/"),format="GTiff",options=c("compress=LZW"))	  
print("Raster	  Written")	  
	  
#	  Grid	  search	  for	  optimal	  parameters	  
tuned<-‐tune.svm(Class~R+G+NIR,data=d,	  cross=k,	  scale=TRUE,type="C-‐classification",	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  kernel="radial",gamma=gamma.range,cost=cost.range,	  epsilon=0.1)	  
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3

A	  P	  P	  L	  Y	  	  	  S	  V	  M	  	  	  T	  O	  	  	  I	  M	  A	  G	  E	  S	  
require("raster")	  
mydir<-‐"/Volumes/RACHAEL2/Dissertation/CCO_IoW_2013/masked"	  
setwd(mydir)	  
masked2013tiles<-‐dir("/Volumes/RACHAEL2/Dissertation/CCO_IoW_2013/masked","*.tif$")	  
print(masked2013tiles)	  
my2013out<-‐"/Volumes/RACHAEL2/Dissertation/CCO_IoW_2013/projected2"	  
for(t	  in	  masked2013tiles){	  

outputfile<-‐paste(my2013out,t,sep="/")	  
if(file.exists(outputfile)){	  

	  	   print("Not	  Bugged")	  
	  	   }	  else	  {	  

print(t)	  
RGB<-‐stack(list(R=raster(t,1),G=raster(t,2),B=raster(t,3),NIR=raster(t,4)))	  
print("Stacked")	  
projectedtile<-‐predict(RGB,s)	  
print("Predicted")	  
#plot(projectedtile)	  
writeRaster(projectedtile,paste(my2013out,t,sep="/"),format="GTiff",options=c("compress

=LZW"))	  
print("Raster	  Written")	  

	  	   print(Sys.time())	  
}	  
}	  
print("Finished")	  
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3. Masking and Pixel Counts 

M	  A	  S	  K	  I	  N	  G	  	  	  
	  
mydir<-‐"/Volumes/RACHAEL2/Dissertation/2013FCIRThanet/data/projected2"	  
setwd(mydir)	  
m2005<-‐dir("/Volumes/RACHAEL2/Dissertation/2013FCIRThanet/data/projected2","*.tif$")	  
library(raster)	  
#	  seed	  an	  empty	  table	  
m2013Table<-‐table(1:6)*0	  
	  
for(t	  in	  m2005){	  
	  	  #	  read	  in	  the	  raster	  tile	  
	  	  r<-‐raster(t)	  
	  	  print("rasterdone")	  
	  	  #	  count	  the	  number	  of	  pixels	  in	  each	  class	  
	  	  t<-‐table(as.vector(r))	  
	  	  print("tabled")	  
	  	  #	  tally	  classes	  one	  at	  a	  time	  
	  	  for(p	  in	  names(t)){m2013Table[[p]]<-‐m2013Table[[p]]+t[[p]]}	  
	  	  print(Sys.time())	  
}	  
	  
#	  show	  the	  results	  
print(m2013Table)	  
	  
P	  I	  X	  E	  L	  	  	  	  	  	  	  C	  O	  U	  N	  T	  
	  
mydir<-‐"/Volumes/RACHAEL2/Dissertation/2013FCIRThanet/data/projected2"	  
setwd(mydir)	  
m2005<-‐dir("/Volumes/RACHAEL2/Dissertation/2013FCIRThanet/data/projected2","*.tif$")	  
library(raster)	  
#	  seed	  an	  empty	  table	  
m2013Table<-‐table(1:6)*0	  
	  
for(t	  in	  m2005){	  

#	  read	  in	  the	  raster	  tile	  
r<-‐raster(t)	  
print("rasterdone")	  
#	  count	  the	  number	  of	  pixels	  in	  each	  class	  
t<-‐table(as.vector(r))	  
print("tabled")	  
#	  tally	  classes	  one	  at	  a	  time	  

	  	   for(p	  in	  names(t)){m2013Table[[p]]<-‐m2013Table[[p]]+t[[p]]}	  
print(Sys.time())	  

}	  
	  
#	  show	  the	  results	  
print(m2013Table)	  
	  


