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1.0 Executive Summary 

Large brown habitat-forming seaweeds, including fucoids and kelps, are highly productive, 
essential components of marine ecosystems and create conditions for diverse understory 
communities of flora and fauna.  These seaweed habitats are of great economic value, and 
it is estimated that kelps alone provide ecosystem services worth billions of pounds. 

These habitats are increasingly threatened by rising CO2 levels and associated warming.  
However, a lack of knowledge of the distribution and abundance of these seaweed 
communities is a major impediment to understanding the impact of such threats and this is 
compounded by the difficulty of accessing seaweed-dominated areas.  

In order to overcome the practical difficulty and cost of direct data gathering, there is a 
need for indirect methods that can be used for assessment, such as remote sensing and 
distribution modelling. There are a variety of remote sensing options for coastal 
assessments, ranging from multi-spectral satellite sensors through to high resolution aerial 
imagery.  

In order to assess the utility of a variety of satellite and aerial imagery to quantify the 
extent of seaweed habitats, a pilot project was undertaken along the Thanet coast, North 
East Kent.  This coastline has a detailed history of study, a series of conservation zones 
and approximately 1 km2 of Fucus habitat which has remained relatively stable over the 
last decade. 

Four types of imagery were tested: Channel Coastal Observatory (CCO), Bing maps, 
RapidEye and Landsat 8).  Aerial imagery from the CCO produced the best estimate of 
habitat extent.  These images are the highest resolution available and are coastal-specific 
surveys taken at low tide.  Lower quality images produced smaller habitat estimates, partly 
due to the images being taken during sub-optimal tidal conditions. 

It is recognised that there are limitations of what can be achieved with these images.  
Complete habitat recognition cannot be automated fully, as local knowledge of the types of 
expected habitats is required to tune any model to region-specific conditions. However, 
aerial images can be extremely useful for determining distributions of large habitats at 
local scales. 
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2.0 Introduction 
Seaweed habitats have great economic value and provide ecosystem services worth 
billions of pounds annually (Beaumont et al. 2008; Smale et al. 2013). Large brown 
seaweeds (Phaeophyceae) are habitat-forming components of the littoral (fucoids – 
Fucales) and the shallow sub-littoral (kelps – Laminariales) of marine ecosystems (Teneck 
et al. 2002; Smale et al. 2013).  These seaweeds are highly productive primary producers 
and important for carbon capture and transfer in coastal communities (Golléty et al. 2008; 
Brodie et al. 2014). They also protect shorelines by buffering currents and waves, and 
provide shelter for many other organisms (Yesson et al. 2015a).   

Canopy-forming macroalgae, such as kelp and fucoids, can increase the habitable surface 
area fourfold (Boaden 1996; Jueterbock et al. 2013), creating conditions for diverse 
understory communities of flora and fauna (Golléty et al. 2010). 

2.1 Threats to seaweed habitats 

There are many threats to these important and economically valuable seaweed habitats, 
but predominantly from human impacts including rising CO2 levels and associated 
warming (Brodie et al. 2014).  Already there are a number of documented cases of kelp 
and fucoid species decline in abundance or loss attributed to ocean warming and a 
combination of other stressors (Brodie et al. 2014; Yesson et al. 2015b).  

This is potentially compounded by the presence of invasive species, which may be 
facilitated by warming temperatures (Sorte et al. 2010; Brodie et al. 2014). The rate of 
recorded introductions of non-native algae is growing in the northeast Atlantic (Sorte et al. 
2010; Brodie et al. 2014). 

2.2 Knowledge gap 

A lack of knowledge of the distribution and abundance of seaweed communities is a major 
impediment to understanding the impact of threats such as climate change. 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).  

One factor limiting our knowledge is the difficulty of assessing 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 
very impractical (Pauly & De Clerck 2010; Smale et al. 2013).  

Given the difficulty and expense of direct data gathering, there is a need for assessment 
using indirect methods.  This could include remote sensing or modelling distributions. 

2.3 Species distribution models 

Species distribution modelling seeks to utilise limited observations of species occurrence 
in conjunction with environmental datasets to determine the environmental requirements of 
the species.  Models describing environmental requirements (e.g. temperature range, 
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water depth) are used to estimate distributions in areas where no information is available 
for the target species.  Such analyses allow wide-ranging distribution estimates as 
environmental data are often available on global and regional scales, albeit at coarse 
resolution (Pauly & De Clerck 2010). 

An initial investigation to estimate distribution of 15 commercially important, habitat 
forming, kelp and fucoid species was conducted by the authors for The Crown Estate.  
This study focussed on using the techniques of species distribution modelling to estimate 
distributions of commercially important, habitat forming species around the UK (Yesson et 
al. 2015).  This project utilised environmental GIS layers including water depth, sea 
surface temperature and tidal energy to develop models of habitat suitability for each 
species, which were projected onto environmental datasets to produce distribution 
estimates covering the entire coastline of the British Isles.  However, these distribution 
estimates were limited by the resolution of the environmental data and could only provide 
coarse predictions on a 3 x 3 km grid.  To discover distributions remotely on finer 
geographic scales it is necessary to examine aerial imagery. 

2.4 Remote sensing images 

Ground surveys are normally expensive, time-consuming and sometimes dangerous.  
Remote sensing, by comparison, does not require the physical presence of the surveyor 
and is often less time consuming, generally more cost-effective, and requires less 
manpower (Pauly & De Clerck 2010).  The data acquired from such surveys cover larger 
areas than can be seen in the same time spent on the ground, permitting quantitative 
analysis of coastal habitats in large areas which can be the foundation for studies of 
environmental change (Kuster et al. 2006).  

Macroalgal mapping surveys are typically undertaken from light aircraft using cameras to 
collect aerial images (Theriault et al. 2006, Gagnon et al. 2008).  The use of piloted aircraft 
can be costly, although cheaper, remotely operated aircraft (drones) are becoming more 
widely available.  Surveys are affected by bad weather, low cloud, rain and high winds 
(Pauly & De Clerck 2010), and are therefore normally conducted on clear days at low tide. 

The capabilities of remote sensing improved halfway into the 20th century with the 
development of satellites for Earth observation, expanding ground coverage. Satellites are 
valuable monitoring resources due to their ability to cover large area with moderately to 
very high resolutions. An array of data covering different parts of the electromagnetic 
spectrum are recorded by modern remote sensing platforms, and typically include red, 
green and blue parts of the spectrum, permitting the reconstitution of photograph-type 
images (Pauly & De Clerck 2010). 

2.5 Resolution and sensors 

Remote sense data are typically GIS layers in a raster (gridded) format.  An important 
factor for consideration is the dimension of each pixel in the grid. Smaller pixel size gives a 
more resolved image, permitting a more detailed analysis, but increases processing time 
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and data storage requirements.  Typically, aerial photography is of higher resolution than 
data from satellite-based sensors.  For example, the Landsat 8 project produces remote 
sensing layers of 30 m x 30 m in dimension (Figure 1). Commercial products are available 
in the 2-6 m range and the latest sensors such as worldview 3 produce multispectral 
images at 1.24 m resolution (http://worldview3.digitalglobe.com/). In contrast, aerial 
images are sub-metre resolution in their pixel dimensions.  Table 1 summarises the 
resolution of layers tested in this study. 

Table 1. Satellite/Aerial imagery considered for pilot study.  RGB = Red, Green, Blue 
colour bands. NIR = Near Infra-Red.  SWIR = Short Wave Infra-Red. 

 

Aerial images from aircraft are typically photography-based surveys taken with optical 
cameras, although such surveys can employ other sensors such as lidar or infra-red.  
Typically satellite-based sensors are multi-spectral, covering the visible spectrum and 
other bands such as near infra-red.  Examining spectra outside of the visible range can be 
useful for vegetation surveys as photosynthetic process are detectable on invisible 
wavelengths.  For example, infra-red bands are a key component of the Normalized 
Difference Vegetation Index, while other spectral bands are useful for detecting the 
presence of clouds and water masses (Pettorelli, 2013). 

Few sweeps of standard satellite sensors are targeted at coastal regions, and 
consequently tidal state is not a consideration during data acquisition. Consequently, few 
of the datasets available for our study area of North East Kent are from low tides.  For 
example, the RapidEye tile shown in Figure 1c represents the lowest tide from 20 images 
taken between 2010 and 2013, although this shows around half of the coastal area seen in 
the CCO image (Fig 1a). 

Platform Landsat 8 RapidEye
Type Satellite Satellite Satellite Satellite Aerial Aerial Aerial
Availability 2013‐Present 2009‐Present 2009‐Present 2014‐Present 2013 2011 2001‐Present

30 m 5 m 1.85 m 1.24 m 0.3‐1 m 0.5‐1 m 0.10 m

Cost Free $$$ $$$ Free Free Free

Coverage Global Global Global Global Global Global England
Bands

RGB 3 3 3 3 3 3 3
NIR 1 1 2 2 1‐limited
SWIR 2 8

Other Red Edge

DigitalGlobe
WorldView‐2

DigitalGlobe
WorldView 3

Google (from 
DigitalGlobe)

Bing (from 
DigitalGlobe)

Coastal 
Channel 

Observatory

Multispectral 
Spatial 
Resolution

Limited free 
access for 
research

Red Edge + 
Yellow

Red Edge + 
Yellow
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Figure 1: Example of aerial imagery data available for Westgate in North Kent.  CCO – 
Coastal Channel Observatory is high resolution aerial imagery taken from a plane at low 
tide.  Bing and Google (the latter not shown) imagery were both purchased from Digital 
Globe.  Tidal condition for the Bing images is not as low as CCO images.  RapidEye image 
has 5 m x 5 m pixel size and is from mid-tide. Landsat 8 image is taken from satellite and 
has 30 m x 30 m pixel size; tidal position is unclear from image. 

 

2.6 Aims 

The aim of this study was to examine remote sensing images for the North East Kent 
coastline in order to assess the utility of these images for coastal habitat assessment.  To 
achieve this, we determined whether such images could distinguish habitat types, with a 
particular emphasis on large brown seaweeds, and if it was possible to detect change over 
time. 

3.0 Modelling example 
The Kent coastline between Herne Bay in the north and Folkestone in the south (Figure 2) 
incorporates a range of habitats from sandy beaches to a small amount of rocky shores.  
There are three Marine Conservation Zones (MCZs) covering the coastline of these areas, 
Thanet coast on the northern shore, which was designated an MCZ, and two proposed 
MCZs in the south “Dover to Deal” and “Dover to Folkestone” (Balanced Seas Regional 
Stakeholder Group, 2012).  This area has been well documented by the Kent Wildlife Trust 
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and the habitats are well understood, making it a good area for a pilot study (Tittley et al. 
2012 and references therein). 

A selection of remote sensing data was considered for use by this project, each with 
different characteristics that impact potential analyses (Table 1). Example images from a 
selection of these data are shown in Figure 1.  We have chosen to analyse remote 
imagery from the Coastal Channel Observatory (CCO), Bing webmaps and satellite data 
from RapidEye. 

 

 The Channel Coastal Observatory (http://www.channelcoast.org/) is an England-
wide project to collect coastal monitoring data, including regular aerial surveys 
conducted at low tides.  These images represent the highest resolution colour 
images with the best tidal conditions for assessment of coastal habitats. 

 Bing maps (http://www.bing.com/maps/) provide free access to aerial image data 
collected by Digital Globe.  These are relatively high resolution and available for the 
whole world, but are not designed with coastal surveys in mind, so often the tide 
condition is suboptimal.  A similar product is available from Google 
(https://www.google.co.uk/maps/), but for the Kent coast we found that all the 
Google imagery was at high tide, making the image unsuitable for a coastal survey.   

 The RapidEye project has 5 satellite sensors collecting earth observations since 
2009.  These are commercial products with limited (free) access to academic 
researchers.  Although these are relatively high resolution multi-spectral datasets, 
including layers outside the visible spectrum, they are an order of magnitude 
coarser than aerial images. 
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Figure 2: Ground truth survey locations on the Kent coast.  Inset images are examples of 
photographs taken at nearby sites. 

 

 

Two ground surveys were undertaken by Juliet Brodie, Ian Tittley, Chris Yesson and 
Lauren Ash in early 2014 to assess coastal habitats to serve as a foundation for a 
predictive modelling study (Figure 2).  Habitats were photographed and recorded along 
with GPS coordinates of the locations. These data were used to develop spectral profiles 
for coastal habitats (example in Figure 3).  These habitat specific spectral profiles were 
used to classify coastal images into habitat classes.  A local-scale example of a multi-class 
model is presented in Figure 4.   
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Figure 3: Analysing the spectral signature of Fucus habitat using the Red, Green and Blue 
components of a colour image.  We can distinguish Fucus habitat by combining 
information from all three colour bands. 

 

Model evaluation criteria, indicated a poor performance for models attempting to classify 
many classes simultaneously (red, brown and green algae, sand, chalk and sea – see 
Figure 4).  However, a simplified model seeking to distinguish only Fucus habitats proved 
more successful (Table 2, Figure 5, Figure 6). 

 

Table 2: Area statistics for models based on different image datasets.  R=Red, G=Green, 
B=Blue, NIR=Near Infra Red, RE=Red Edge.  Evaluation statistics are based on class 
assignment of training data.  Diagonal=proportion of training data correctly assigned by 
model.  Kappa=proportion assigned correctly after correction for chance assignments. 
%Fucus = proportion of data correctly assigned into Fucus or not-Fucus classes. 

Image data Evaluation
Source Bands Year Month Total Fucus % Fucus Diagonal Kappa % Fucus
CCO R,G,B 2001 May 12.258 0.929 7.58% 0.89 0.87 0.96
CCO R,G,B 2013 May 12.478 0.924 7.40% 0.78 0.74 0.99
Bing R,G,B 2011 July 9.704 0.647 6.67% 0.90 0.87 0.95
RapidEye R,G,B 2013 Sept 11.178 0.336 3.00% 0.95 0.93 0.96
RapidEye NIR,RE,R,G,B 2013 Sept 11.178 0.281 2.52% 0.99 0.99 0.99

Predicted areas (km2)
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Figure 4: Provisional multi-class classification using 5 categories.  There is significant 
change between 2001 and 2013.  Note the misclassification of some areas of darker sand 
as red algae.  These non-target organism misclassifications were excluded from the main 
analysis, which focussed on detecting Fucus habitats. 

 

 

The best models of Fucus habitat extent were projected onto high resolution aerial 
imagery from CCO, Bing and RapidEye layers to assess differences in modelled habitat 
extent (Figures 5&6).  The extent of Fucus habitat is inferred to be much smaller 
examining the Bing and RapidEye images than for the CCO.  This is partly due to the 
higher tides at the time these images were gathered, although clearly this does not 
account for all differences.   

Furthermore, models were projected into CCO data for 2001 and 2013 to assess change 
over this time (Figure 6). There is limited variation evident in the extent and location of 
Fucus habitat between 2001 and 2013. These differences are significantly smaller than 
differences in habitat extent predicted using different types of remote sensing imagery. 

We estimate from these data that there is almost 1 km2 of Fucus habitat along the Kent 
coastline of the study are (Figure 5).  This habitat has remained relatively stable for the 
past decade.  Estimates of the habitat extent are dependent on the quality of the imagery 
data.  The choice of dataset leads to very different estimates of habitat extent. High 
resolution images taken at the low tide provide the most robust analysis. 
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Figure 5: Predictions of Fucus distribution along the Kent coastline, based on imagery from CCO (left), Bing (centre) and RapidEye 
(right). 
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Figure 6: Close up on model predictions for a 10 km stretch of North Kent within the 
Thanet Coast MCZ. Aerial imagery is shown below predictions for reference. Note the 
higher tides for Bing and RapidEye images. 
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4.0 Conclusions 

High resolution images of the coastline are becoming more widely accessible, either from 
aerial photography or satellite-based sensors.  There remain technical and practical issues 
to be resolved such as tidal states during image capture and accessibility to the latest 
sensors.  Given the recent progress, it seems likely that both quality and accessibility will 
improve rapidly.   

It is important to recognise the limitations of what can be achieved with these images.  
Species level identifications will not be possible, but broad scale habitats (dominated by 
one or more species) can be distinguished. Complete habitat recognition cannot be 
automated fully, as local knowledge of the types of expected habitats is required to tune 
any model to region-specific conditions. However, aerial images can be extremely useful 
for determining distributions of large habitats at local scales. 

There is great potential to present views on locations that may not be practical to survey in 
person. Semi-automated modelling can assess large areas, and produce metre-scale 
classifications that permit the quantification of habitat area at unprecedented scales.  This 
has important implications for measuring the extent of coastal habitats and monitoring 
change. 
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