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Abstract
Habitat mapping is an important tool for marine spatial planning and is required for most
ecosystem-based management approaches. The Firth of Lorn Special Area of Conservation
(SAC), west Scotland, was originally designated for its rocky reef habitat but it is also an area
of high importance for the Flapper skate (Dipturus intermedius) and Harbour porpoise
(Phocoena phocoena). Here we present an improved predictive habitat map for the SAC
utilising multibeam backscatter and bathymetry data collected as part of the Ireland, Northern
Ireland and Scotland Hydrographic Survey Project.
Backscatter, bathymetry and bathymetric derivatives were analysed using Principal
Component Analysis (PCA) and acoustic signatures were created from drop-down video
habitat location data. A predictive habitat map was created from Maximum Likelihood
Classification using the PCA. Dominant habitat types identified included; moderate energy
circalittoral rock (CR.MCR), sublittoral mixed sediment (SS.SMx) and sublittoral sand and
muddy sand (SS.SSa). Drop down video showed variable accuracy with 0 to 100% correctly
classified habitats due to the small sample size. The initial validation points were added and
the model was rerun. In areas with no previous sea truthing points, some predictions changed
1
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to SS.SMx at depths >100m and SS.SSa in depths <50m, suggesting that the model can be
improved with a greater depth-range of sea truthing data. Modern acoustic surveys
undertaken for other purposes, such as navigational charting, can thus be used to generate
broad-scale predictive habitat maps in a cost and time effective manner. Such maps have the
potential for a wide range of use by marine stakeholders, in particular, for establishing
environmental baselines for long term monitoring of benthic habitats. Given the high costs of
surveying, such an approach supports the rationale of “Collect once and use many times”.

Key words
Marine predictive habitat mapping, Supervised classification, Ecosystem-based management,
Maximum Likelihood Classification (MLC), Principal Component Analysis (PCA)

1. Introduction
There is an urgent need to develop a standard and accurate method for mapping marine
benthic ecosystems (Brown et al. 2011). It is estimated that only 5 to 10% of the seafloor has
been mapped to a spatial resolution comparable to terrestrial studies (Brown et al. 2011).
However baseline environmental data are required for long-term monitoring of environmental
and biological conditions at an ecosystem level (Lundblad et al. 2006; Bianchi et al. 2012).
Current conservation management and planning aimed to prevent further losses of marine
biodiversity from various threats including pollution, resource extraction and climate change,
as well as reporting on ecosystem health are also hampered by a lack of this information
(Dunn & Halpin 2009; Falace et al. 2015; Cánovas Molina et al. 2016a; Vasallo et al. 2018).
Habitat maps have multiple uses as snapshots of environmental status including biological
biodiversity and seafloor integrity and, when repeated over time, as indicators of changing
pressures and impacts on the benthos (Bianchi et al. 2012; Galparsoro et al. 2012). Habitat
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mapping thus plays a vital role in marine (spatial) planning and in developing ecosystembased approaches to management of marine resources (Connor et al. 2004; Holmes et al.
2008; Parravicini et al. 2012; Costa & Battista 2013). Mapping the extent and status of
protected, vulnerable or rare biotopes and how their distributions are changing over time is
required for population assessments, measuring the effects of multiple pressures and
establishing and monitoring Marine Protected Areas (MPAs) (Connor et al. 2004; Clark et al.
2008; Erdey-Heydorn 2008; Parravicini et al. 2012; European Union 2013; Lucieer et al.
2013). However, in the marine environment not only is collecting such data expensive but the
mapping itself is usually difficult and time consuming suggesting there is a need for an
automated method of classification

that can be produced from merging historical and

contemporary data sets (Degraer et al. 2007; McGonigle et al. 2009). Modern hydrographic
surveys using multi-beam acoustics are often being conducted for other purposes, such as
updating navigational charts. Such contemporary data could also be transformed into
visualised or low dimensional maps that provide a broader picture of the marine habitat
across large areas without the need for extensive additional surveys at sea (Marsh & Brown
2009). In addition to an automated process, as the amount of mapping increases there is an
important need for better standardisation of habitat classification, this increases the efficiency
of habitat mapping and therefore the consistency of classification results (Ierodiaconou et al.
2007). Large-scale seabed mapping also strongly depends on having an agreed seabed habitat
classification to ensure consistency throughout the project areas and allow for a stronger
comparison between locations (Galparsoro et al. 2012). The use of a common method of
classification is thus recommended so that habitat maps are comparable (Connor et al. 2004;
Galparsoro et al. 2012). The common European standard for the classification of terrestrial
and marine habitats is EUNIS (European Nature Information System) (Davies et al. 2004;
Anderson et al. 2008; Clark et al. 2008; Foster-Smith et al. 2007; Ellwood 2011; Galparsoro
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et al. 2012). EUNIS provides a reference set of habitat types within a hierarchical
classification for reporting habitat data in a comparable manner throughout European seas
(Galparsoro et al. 2012). EUNIS has been widely adopted both for direct mapping of
observed habitats and for predictive habitat modelling (Galparsoro et al. 2012; Cánovas
Molina et al. 2016a; Vassallo et al. 2018).
Traditional methods of collecting data for seabed habitat mapping include direct
observations using drop-down or towed video and stills cameras. However, acoustic data can
provide the basis for classifying and mapping ocean resources to allow for interpretation of
the nature of the seabed surface over larger spatial areas (Anderson et al. 2008; Coggan et al.
2009). Modern Multibeam Echo Sounders (MBES) collect both direct bathymetry and
backscatter whilst correcting for vessel movement and signal loss due to attenuation (Brown
et al. 2004; Marsh & Brown 2009; Simons & Snellen 2009; Mitchell 2009; Micallef et al.
2012; Calvert et al. 2015). MBES produces high resolution, high coverage data at relatively
low cost, permitting off-the-shelf usability (Le Bas & Huvenne 2009; McGonigle et al. 2009).
The strength of the sonar’s acoustic returns is largely a function of seabed hardness
with high signal strength associated with hard sediments such as gravel and boulders whilst
low signal strength is associated with softer sediments such as sand and mud (Calvert et al.
2015). Thus one of the primary assumptions of acoustic-based habitat mapping is that there
are links between substrate type and the benthic community structure (Brown et al. 2002;
Brown & Blondel 2009; Calvert et al. 2015). Seafloor geology, in particular topography and
composition, are known to influence the benthic community structure and ecological
processes at many spatial scales (Brown et al. 2004; Micallef et al. 2012). Harder substrates
also tend to have higher biodiversity (Dunn & Halpin 2009) but the complexity of the
physical environment is also important as it controls the diversity of habitats for marine
organisms (Degraer et al. 2007; Ierodiaconou et al. 2007; Lucieer et al. 2013). Therefore
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information on the physical nature of the seabed can provide indications about the associated
biological communities.
Predictive habitat mapping using MBES combines the analysis of bathymetry and
associated derivatives (Kostylev et al. 2001), including sediment type, benthic communities
and bathymetric derivatives. Selecting the appropriate set of derivatives is important to
optimise terrain information as their importance can vary depending on the complexity of the
seabed feature (Lecours et al. 2017). Derivatives such as roughness and slope can be used to
define similar areas of seabed morphology (Le Bas & Huvenne 2009). Combined with
backscatter data it assists in classifying the seafloor (Le Bas & Huvenne 2009). Bathymetric
derivatives are selected using Principal Component Analysis (PCA). PCA reduces the
variation in data, therefore reducing dimensionality and allowing for a greater ease of
analysis by removing highly correlated information (Van Lancker & Foster-Smith 2007;
Costa & Battista 2013).
The aim of MBES-based predictive habitat mapping is to produce large spatial
coverage maps of the seabed than has been directly observed i.e. to use the relationships
observed between biological communities and physical seabed structure to interpolate the
most likely habitat in areas lacking direct observations (Brown et al. 2011). The accuracy of
the predictions of seabed habitat is thus reliant on integrating the broad-scale acoustic data
with thorough sea truthing using drop-down video or stills photography, or physical sampling
using grabs or cores. Additional methods for collecting sea-truth data include the use of
imagery from autonomous or remotely operated vehicles and diver observations (Micallef et
al. 2012). The recommended best practice for designing sea truthing surveys for habitat
mapping is available from the development of a framework for Mapping European Seabed
Habitats (MESH) programme, a European Union INRERREG IIIB funded marine habitat
mapping programme (Coggan et al. 2007). It is important that sea truthing covers as wide a
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variety of habitats and biotopes in an area as possible in order that the habitats is mapped
with a moderate to high degree of confidence (Mitchell 2009).
To predict the habitat, characteristics from the sea truth data need to be linked to
distinctive characteristics in the acoustic data (Clark et al. 2008; Brown et al. 2011). A
widely used method of supervised classification is Maximum Likelihood Classification
(MLC) (Lancker & Foster-Smith 2007), which is a pixel-based supervised learning approach
(Brown et al. 2005; Ierodiaconou et al. 2011). MLC calculates the probability that a given
pixel belongs to a specific class and produces a grid of classes in the form of a raster thematic
map (Ierodiaconou et al. 2011; Micallef et al. 2012).
Here we apply these techniques to a region of an established Marine Protected Area,
in the Firth of Lorn located off the West Coast of Scotland (Figure 1) in order to improve
upon previous predictive benthic mapping undertaken by Scottish Natural Heritage (SNH)
(Davies 1999). This area is characterised by some of the strongest tidal streams in the UK and
is one of the most species rich inshore areas of Western Scotland (Davies 1999). Underlying
geological formations and the retreat of glacial ice following the last ice age (<20 ky) are
responsible for most of the present seabed features (Davies 1999; Howe et al. 2015). Rocky
reefs extend from the shore into considerable water depths, up to 270 m encountered (Davies
1999; Howson et al. 2006). It was designated a Special Area of Conservation (SAC) in 2005
to protect key features of interest; rocky reefs and the communities associated with them
(Viana 2008). As a continuing measure of conservation, in 2007 the area was closed to
commercial scallop dredging until further studies could be performed to assess the potential
impacts on the protected seafloor features (Viana 2008). Since this legislation, studies
conducted to address the recovery of habitat effected by dredging activity have yet to
provide evidence that scallop dredging activities do not impact hard substrates in the SAC
and the epibenthic communities that rely on them (Dale et al. 2011; Boulcott et al. 2014).
6
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Insh

Figure 1. Location of the Firth of Lorn, West Coast, Scotland. The main study area is
indicated by the inset box. Bathymetry from GEBCO 2008, see Figure S.1b for updated
bathymetric data.
2. Material and methods
Insh Island is located in the Firth of Lorn SAC off the coasts of Seil and Easdale islands. It
was chosen as the focus for this study as the surrounding waters contain abundant rocky reef
habitat.
Multibeam bathymetry and backscatter data were collected from a hull mounted
Reson Seabat 7125 dual frequency system using the R.V. Calanus between May and
November 2012 as part of the Ireland, Northern Ireland, and Scotland Hydrographic Survey
7
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(INIS Hydro INTERREG IVA) Project. This project, which ran from January 2011 to
September 2013, was coordinated by the Maritime and Coastguard Agency in association
with the Scottish Association for Marine Science (SAMS). The main aim of the project was
to generate modern multibeam bathymetry data for navigation purposes in priority areas of
UK inshore waters. The multibeam system was operated at both 400 and 200 kHz frequencies
with operations at 400 kHz in water depth of 5 m to 70 m and operation at 200 kHz in depths
of 70 m to 250 m. The individual track lines had been processed and mosaicked using a
combination of Caris HIPS and SIPS software in addition to Processing of Remotely-sensed
Imagery for Seafloor Mapping (PRISM) software.
Previous drop-down photography studies were originally conducted in the area as part
of the SAC-feature search (Davies 1999). These data were supplied as a point shapefile for
Scotland containing the biotope data by SNH. Using the “Select by Location” feature in
ArcGIS, features from the biotope shapefile that fall within the extent area source layer were
selected and exported as a feature class.
The subset biotope data were then classified to Level 3 EUNIS – ‘main habitats’
(version MNCR 04.05).

EUNIS level 3 was chosen as a standard because this was the

lowest level of classification common to all the data points (Table 1). A field was created in
the file and all of the points were verified. Each classification code was assigned a numerical
value for ease of data analysis where tests do not allow for text input.
Since the classification biotope file was a point file, it would create a single cell value.
As a habitat is likely to be representative of a particular area, a buffer was created around the
point file to act as a representative of the habitat which could then be calculated based on an
average of cell values rather than a single point (Davies 1999; Foster-Smith et al. 2000). This
was created using the “Geoprocessing Buffer” tool with a linear distance set to 10 m
(Micallef et al. 2012).
8
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Following the methods of both Calvert et al. (2015) and Micallef et al. (2012) eight
bathymetric derivatives were calculated from the INIS Hydro bathymetry using a
combination of Spatial Analyst Tools (Arc Toolbox), including; slope, aspect as eastness and
northness, curvature and profile curvature, roughness, Bathymetric Position Index and
ruggedness.
Slope was calculated using the “Surface Analysis” extension of “Spatial Analyst” and
the bathymetry raster as the input layer (Lundblad et al. 2006).
Aspect was calculated using the “Aspect” tool in the “Surface” extension of “Spatial
Analyst Tools”. The resulting output was presented in radians and required a conversion to
degrees (Wilson et al. 2007). GIS software has difficulty calculating circular data as the
difference between 360° and 1° is the same as the difference between 1° and 2° (Lucieer et al.
2013). As a result of this, aspect is better represented by direction, northness and eastness, so
that the deviation is then between 0 and 90 (Lucieer et al. 2013). To calculate the direction,
the “Raster Calculator” tool in the “Map Algebra Extension” of “Spatial Analyst” was used.
For the eastness, the expression used was ‘sin(aspect)’ and for the northness the expression
was ‘cos(aspect)’ (Wilson et al. 2007; Calvert et al. 2015). This converts the output to a value
between -1 and 1 where 1 represents perfect north or east and -1 represents perfect south or
west (Calvert et al. 2015). A low pass filter was used to reduce the influence of small scale
irregularities (Micallef et al. 2012) using the “Filter” tool from the “Neighbourhood”
extension in the “Spatial Analyst Tools” toolbox (Wilson et al. 2007).
Curvature and profile curvature were calculated using the “Curvature” tool in the
“Surface” toolset of the “Spatial Analyst Tools” toolbox using ‘bathymetry’ as the input and
selecting ‘curvature’ and ‘profile curvature’ as the output.
Rugosity was calculated following the methods of Riley et al. (1999). Defined as the
difference between the value of a cell and the mean of an 8 cell neighbourhood of
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surrounding cells. Maximum and minimum rasters were created using the “Focal Statistics”
in the “Neighbourhood” extension in the “Spatial Analyst Tools” toolbox. Input parameters
included; the bathymetry, a rectangle neighbourhood shape, cell units and a 3 x 3 cell size.
The type was set to either minimum or maximum. Once the rasters were created, the
difference was calculated using the equation:
SquareRoot(Abs((Square(“3x3max”) – Square(“3x3min”))))
in the “Raster Calculator” tool in the “Map Algebra” extension of “Spatial Analyst Tools”.
The Benthic Terrain Modeller v3.0 extension of ArcGIS for ArcGIS v10.1 was used
to calculate the Bathymetric Positioning Index (BPI) (Verfaillie et al. 2007; Coggan et al.
2009). The latest version of the Benthic Terrain Modeller is only compatible with ArcGIS
10.1+. When the tool was run, the fine scale BPI was chosen and set to an inner radius of 1 m
and an outer radius of 5 m (Micallef et al. 2012).
The Vector Ruggedness Measure (VRM) is a tool found in the Benthic Terrain
Modeller v3.0. Using the bathymetry as an input, it was calculated with a neighbourhood
size of 5 m.
An overall comparison of the variables is not possible unless the values are
standardised since all of the outputs from derivatives occur on a different scale. In order for
direct comparisons to be made, the data were standardised so that all raster data contained a
value between 0 and 1 (Calvert et al. 2015). This was achieved using the “Geomorphometry
and Gradient Metrics Toolbox” in Version a1.0 (GGMT). Within the “Statistics” tool, a
stretch transformation was applied to the bathymetry, backscatter and each of the bathymetric
derivatives. The minimum value was set to 0 and the maximum value was set to 1.
Principal Component Analysis (PCA) was performed on bathymetry, backscatter,
slope, eastness, northness, curvature, and profile curvature, Terrain Ruggedness Index, BPI
and VRM. The “Multivariate” extension of the “Spatial Analyst Tools” toolbox was used
10
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with each standardised dataset entered as an input band. A resulting output raster was created
in addition to a statistical output file calculating the influence of each band on the variation in
the data.
A classification signature file was created to relate the resulting output from the PCA
and determine a signature to correspond to the reflectance of a particular point. The
classification data using a 10 m buffer around the points was used as the input feature to
develop the acoustic signatures (Brown et al. 2005; Micallef et al. 2012). The signature file
was created using the “Create Signature” tool in the “Multivariate” toolset of the “Spatial
Analysis Tools” toolbox.
The Maximum Likelihood Classification (MLC) was then calculated using the
“Maximum Likelihood Classification” tool in the “Multivariate” toolset in the “Spatial
Analyst Tools” toolbox. The input bands consisted of the output from the PCA and the
signature file created from the classification data.
The output table was then joined to the classification buffer file using the “Value”
field in the MLC and the habitat code in the classification biotope file. The data was then
exported to create a raster with the associated classification data which allowed the raster to
be classified based on the classification codes, not simply the value assigned to the particular
codes.
The methods for creating an estimate of habitat prediction were recorded in a
geospatial model using the “ModelBuilder” application in ArcGIS (Erdey-Heydorn 2008).
Each step from calculating bathymetric derivatives and calculating the PCA and MLC were
added to a model in an attempt to automate the function of the model. The individual tools
and calculations were added to the model from ArcToolbox.
For the sea- truthing validation a field-survey was undertaken in the summer of 2013.
Drop-down video drift samples were collected using a Bowtech BP-L3C-HR at a total of 11
11
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sites selected within the Firth of Lorn SAC in areas identified from MBES data as having
interesting acoustic signatures, and where SNH habitat classification data were not available.
At each site, the Bowtech system was lowered until the seabed was visible and the camera
was then allowed to drift for a short period of time. Drift distances ranged from 48-318 m and
were dependent on wind speed and tidal movement. Video was recorded using a Sony
Digital Video Recorder (DCR-HC40e) and transferred to digital files using iMovie on a Mac
Computer. Habitat types were determined by visual examination of the recorded videos and
classified using the attributes listed on the JNCC Habitat Classification website (JNCC,
2013). The data was added to ArcGIS for sea-truthing validation of the model using the
“Tabulate Area” tool in the “Zonal Toolset” of the “Spatial Analyst Tools” toolbox. (Calvert
et al. 2015). The input feature data set was set to the sea-truthing shapefile with the class field
of the classification code used. The input raster was set to the output from the habitat model
using the classification code for the zonal field. A file was then created for the output table.
In the output file, a column was added to calculate the total number of pixels in each field. A
conversion was used to change the values from numbers to percentages for easier
understanding of the output table.
The equation: INT((([Values]/[Total])*100)+0.5), was used in “Field Calculator” for
each of the classes. Since the values are in integer form, the 0.5 is added to grid values in
order to avoid truncation when converting to integer numbers (Erdey-Heydorn 2008). The
resulting output created a confusion matrix (Table 2) showing the percentage of pixels
classified correctly.
Based on the results of the model, the new sea-truth data was also converted into
habitat classification data and the model was re run combining the new information with the
original classification data from SNH.
3. Predictive habitat map
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Applying the methodology described above, a broad-scale predictive habitat map for the area
was produced (Figure 2). The dominant broad scale habitat types included moderate energy
circalittoral rock (CR.MCR), sublittoral mixed sediment (SS.SMx) and sublittoral sand and
muddy sand (SS.SSa). When compared with the backscatter, bathymetry and slope (S.1a,
S.1b and S.1c) there were clear correlations visible in the maps where changes in sediment
type were evident. Most notably along the geological fault (‘the Insh Fault’) occurring off
the west coast of Insh Island in a Southwest to Northeast direction (Howe et al., 2015),
evidenced by the steep bathymetry, slope and aspect values (S.2). The predicted seabed map
correctly identifies this area as predominantly circalittoral rock (CR.MCR). However,
obvious errors are identified where the acoustic signal from the older survey’s single-beam
system is lost (S.1a). These fits and errors are visually evident throughout the calculated
bathymetric derivatives (S1-S4) and the predictive map. The profile curvature (S.3b) displays
a slightly more distinct pattern that appears to follow the shape of the slope (S.1c).
The results of the PCA show that the first three principal components accounted for 79.7% of
the variation in the data. The bands that accounted for the most variation include the
bathymetry (44.5%), backscatter (20%) and slope (15.2%). As a result, these first three
principal components were used for further habitat classification.
Nine broad scale habitats were identified from the MLC (Table 1). The most
prominent habitats present included circalittoral rock (CR.MCR), sublittoral mixed sediment
(SS.SMx) and sublittoral sand and muddy sand (SS.SSa). Error estimates using data obtained
from the drop down video footage calculated that 43% of SS.SMx and 100% of CR.MCR
was classified correctly but 0% of sublittoral cohesive mud and sandy mud (SS.SMu) was
classified correctly. All the pixels of SS.SMu were classified as SS.SMx and 33% of the
pixels of SS.SMx were classified as SS.SSa (Table 2). The model was then re-run with the
additional data collected for the sea truth validation. This resulted in a change in the predicted
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outcome from moderate energy circalittoral rock to sublittoral mixed sediment. In the shallow
water areas (<50 m) just off of the coast of the island of Seil, the predicted output changed
from sublittoral mixed sediment to sublittoral sand and muddy sand.
Areas classified as moderate energy circalittoral rock generally followed the pattern
of slope and bathymetry and appear to be found at the deeper depths (>100m). Sublittoral
mixed sediment and sublittoral sand and muddy sand appears much more mixed through the
shallow depths (<100m). The largest areas of habitat associated with high biodiversity thus
correspond to regions of high rugosity. Habitats such as CR.HCR, CR.LCR, IR.HIR, IR.MIR,
SS.SCS and SS.SMu appear much more mixed in areas of high rugosity and ruggedness.
Sublittoral cohesive mud and sandy mud (SS.SMu) appear to closely follow the pattern of
slope, occurring in areas of high rate of change of bathymetry. Both models are displayed for
comparison (Figure 3).
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Figure 2. The habitat prediction for the SAC in the Firth of Lorn. The dominant habitats
include moderate energy circalittoral rock (CR.MCR), sublittoral mixed sediment (SS.SMx)
and sublittoral sand and muddy sand (SS.SSa).
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Table 1. Habitat code definitions and occurrence in the Firth of Lorn Special Area of
Conservation.
Habitat
Code
CR.HCR
CR.LCR
CR.MCR
IR.MIR
IR.HIR
SS.SCS
SS.SMu
SS.SMx
SS.SSa

Percentage
Cover (%)
3.3
3.0
21.8
1.1
0.2
18.3
7.5
21.1
23.7

Description
Circalittoral rock, high energy circalittoral rock
Circalittoral rock, low energy circalittoral rock
Circalittoral rock, moderate energy circalittoral rock
Infralittoral rock, moderate energy infralittoral rock
Infralittoral rock, high energy infralittoral rock
Sublittoral sediments, sublittoral coarse sediment
Sublittoral sediments, sublittoral cohesive mud and sandy mud
Sublittoral sediments, sublittoral mixed sediment
Sublittoral sediments, sand and muddy sands

Table 2: Error matrix-percentage of correctly classified pixels from the original predictive
habitat map compared with the observed habitats at the additional 11 sea-truthing drift video
stations
Habitat code
CR.HCR
CR.MCR
SS.SCS
SS.SMu
SS.SMx
SS.SSa
1
16
7
1
43
33
SS.SMx
0
0
0
0
100
0
SS.SMu
0
100
0
0
0
0
CR.MCR
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A

B

Figure 3. A comparison of habitat predictions from a) the original model containing only the
classification data provided by SNH and b) the re-run new model which includes
classification data from the 11 additional drift video stations.

Slope and rugosity, being bathymetric derivatives, both follow a very similar pattern to the
bathymetry. The highest rate of change of slope appears to occur at the same location along
the fault extending off the coast of Insh Island, which is also the area of the largest change in
depth from the bathymetry (S.1c). The terrain ruggedness index (S.4a) displays a similar
pattern, as areas of highest rugosity occur in the areas of the greatest slope and change in
17
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depth of bathymetry. This follows a pattern similar to that found by Mitchell (2009) where
slope angle and rugosity followed similar patterns with highest values occurring at the edges
or walls of bedrock outcrops.
Areas with a high value of ruggedness appear less pronounced than the areas for
roughness (S.4b). This could indicate that there is less of an impact of slope in this
calculation since, from a visual perspective, there appears to be less correlation.
The additional data points refined some of the areas of high rugosity with the areas
displaying reduced diversity (Figure 3b).
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4. Discussion
By combining high resolution acoustic data with sea-truthing data it was possible to
automatically generate a predictive habitat map for part of the seabed within the Firth of
Lorn. Compared with the previous predictive habitat map, which was based on interpolated
single beam acoustic data, diver and video transects, the new predictive habitat map displays
improved resolution and spatial detail. This updated predictive habitat map identifies the
presence of rocky reef habitat and supports the initial habitat map produced by Davies 1999,
which led to the designation of the SAC and closure of commercial scallop dredging. High
resolution, full coverage acoustic data has produced a broad-scale predictive habitat map that
displays the visual complexity of the habitats and geological features within the SAC which
can be useful to policy and marine managers. This new map identifies the importance of
utilising improved techniques and equipment to produce predictive habitat maps of the
highest accuracy for monitoring site quality over time. However, there are a number of
methodological and analytical factors that should be considered, which potentially influence
the predictive model output.
The influence of data collection on the predictive model
Determining seabed characteristics based on backscatter is limited by the quality of the
acoustic data (Brown & Blondel 2009). Acoustic imagery can contain reflections, acoustic
shadows and backscatter from seabed irregularities (Collier & Brown 2005). Pixel based
classifications that use algorithms to classify each individual pixel are sensitive to noise
contained in imagery (Costa & Battista 2013). Object Based Image Analysis (OBIA)
however segments and classifies acoustic data into meaningful objects of variable size based
on spectral and spatial characteristics, producing features which can be classified based on
user-specified combinations of image object features (Diesling et al. 2014) therefore
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decreasing the impact of noise sensitivity in the model output. The nadir region is the hardest
place to acquire reliable estimates of backscatter strength as the acoustic signal is dominated
by side lobe interference (Marsh & Brown 2009). PCA identified backscatter as one of the
three principal components, therefore the data supplied by the backscatter significantly
impacts the final output. Therefore the errors present in this data are likely to influence the
overall patterns of classification. This could be addressed by ensuring a full coverage MBES
survey with optimal line overlap during acquisition, and refined processing of backscatter
data to reduce noise and nadir effect. Davies (1999) utilised a single beam Roxann acoustic
ground discrimination at 50 m resolution whilst this study utilised a multibeam Reson Seabat
system at 1 m resolution. The former required extensive interpolation of the acoustic data to
fill in data gaps, whilst the latter MBES system produced a full coverage survey. Although
this improves the coverage and resolution of data available for producing a predictive habitat
map, it makes the products of the two acoustic systems difficult to statistically compare.
The approach to collecting sea truth data also has the potential to influence the final
predictions. Davies (1999) used a combination of diver and towed video transects. Diver
surveys are the most accurate method of describing and identifying benthic communities
(Bianchi et al. 2004), however they are limited by operational time and depth (Parravicini et
al. 2010). Video and camera transects conducted by divers enable fast underwater work
covering larger areas however taxonomic precision is decreased (Bianchi et al. 2004). Towed
video transects offer an effective method of surveying large areas of deeper water (>30m)
with unrestricted bottom time and for identifying larger epibenthic species (Spencer et al.
2005; Thorngren et al. 2017). However, spatial coverage is often low and the analysis of
footage can be time consuming (Sheehan et al. 2014; Spencer et al. 2005). Therefore a
combination of diver and video transects is often used (Sheehan et al. 2014).
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The influence of data interpretation on the predictive model
The EUNIS classification system is widely used in European seas (Cánovas Molina et al.
2016a; Vassallo et al. 2018) providing industry and scientists a unified framework for
management and conservation (Bianchi et al. 2018). However, internal inconsistencies can
occur in maps containing rock and sediment habitats as level 3 discriminates biological zones
for rock habitat but not sediment (Coggan et al. 2011; Galparsoro et al. 2012). This method of
classification is also not as accurate in deeper waters, as research has depended largely on
shallow water and diver surveys, therefore the use of EUNIS in predictive mapping of deeper
waters should be evaluated to identify further needs (Galparsoro et al. 2012; Cánovas-Molina
et al. 2016a). Coggan et al (2011) suggest that whilst policy makers request habitat maps
classified to Level 3, a modified EUNIS system is preferable in mixed energy environments
to discriminate between rock habitat covered in a sediment veneer and sediment habitats
(James et al. 2011).
The seabed shapefile provided by SNH was classified to Level 3 ‘main-scale habitat’. Level 3
was chosen as a standard to produce a broad–scale predictive map, and as only some of the
SNH biotope data had been classified further. Therefore no attempt was made to produce a
higher level classification as the available observational data does not support it. The
drawbacks of this are that the resulting predictive habitat map was restricted to a very broad
scale when a finer scale classification is more desirable (Cánovas-Molina et al. 2016b;
Vassallo et al. 2018). This could be improved by conducting further video transects and grab
sampling to determine sediment composition. Visual interpretation of video data can be
highly subjective with species identification and habitat allocation based upon the experience
of the user (Bianchi et al. 2004). Whilst the user consulted online JNCC guidelines, this has
now been superseded and further users should refer to the guidance of Parry et al. (2015) on
assigning benthic biotopes using the EUNIS classification scheme.
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The influence of interpreting sea-truthing on the predictive model
The collection of sea truthing data in this study was dependent on wind speed and tidal
movements, with a variable drift distance ranging from 48 m to 318 m. Despite this, the video
footage did not display large changes in habitat types suggesting that a larger buffer size
could have been used. A larger buffer may have incorporated more habitat variety since it
would be accounting for a larger area. However, as there is potential for community structure
to vary over very short distances (Degraer et al. 2007), the buffer size of 10 m was
maintained (Micallef et al. 2012) to not overestimate the habitat type (Degraer et al. 2007).
Resolution is also an important factor in determination of habitat classification and the
addition of a single observational data point significantly changed the predicted outcome. The
number of additional sea-truthing data (11 stations) was too small to determine any relevant
statistics, resulting in a very low percentage of correctly classified sea-truthing points.
Rerunning the model by adding these validation points to the original classification data
resulted in a change in habitat classification. An area classified as moderate energy
circalittoral rock was reclassified as sublittoral mixed sediment. In the original dataset there
had been no data for this location or depth and, as a result, this new single data point ended
up representing the acoustic signal for that entire section. Similarly in the area between Seil
and Insh Island, the original prediction was formed from where there were no data points
collected for that location, and the signals were being estimated from data points much
further away. As described by Degraer et al. (2007) the drawback of spatial interpolation is
that the resulting map is highly dependent on the density of the sea-truthing samples.
Including a greater number of points from a variety of locations within the sampling site will
provide greater coverage and is likely to increase the accuracy of the predictions, further seatruthing would then be required to increase the predictive power of the model. MESH
guidelines recommend conducting specific sea-truth surveys based upon the analysis of
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acoustic data to identify further suitable sea-truthing sites. Historical observation data can
impact a resulting predictive habitat map by potentially missing out important bathymetric or
habitat features, especially in dynamic environments such as those exposed to strong tidal
currents. Therefore not only is the collection of new and specific drop down video for
validation an important factor in determining the effectiveness of the predictive model, the
distance of classification data from each other point also has an effect on the model accuracy.
In the present study, the addition of new drift video data increased habitat complexity in some
areas of the predicted habitat map but further sea- truthing is required in order to test whether
the predictive power of the map has been improved. The accuracy of the sea-truthing stations
can have the potential to cause positional uncertainties, as the deeper a video is dropped, the
further away it is from the boat. This can cause uncertainty when determining seabed
classifications and when assigning buffers around classified habitats.
The influence of prediction methods on the predictive model
The original habitat map created by Davies (1999) used an Inverse Distance Weighting
approach, which has the potential to bias results as it assigns a particular weight to individual
points. This bias is reduced by using MLC, which calculates the cell value based on the
surrounding cells (Calvert et al. 2015). This has potential for showing the influence of cells
located close to each other which is based on the theory that neighbouring cells are more
likely to be of the same biotope type. The addition of data obtained from bathymetric
derivatives further influenced habitat assemblages whereas previous methods relied on the
classification of a single image. The addition of this extra dimensional data assisted in
building a more accurate picture of the interactions between habitat type and substrate
5. Conclusions
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As shown here with methods of underwater data collection, by improving it, it is possible to
generate maps with higher spatial resolution than previously attainable. Acoustic data
collected to 1 m resolution or less is thus able to assist in the management of SACs, such as
the Firth of Lorn, by further defining suitable habitats for species of interest. Knowing where
particular habitats exist enables these defining features to be included in management plans,
and ensures that MPA and SAC boundaries are suitably placed to provide adequate protection
for the species and habitats of concern (Vassallo 2018). The ability to define habitats to a
precise level could help identify areas, for example that are suitable for sustainable scallop
fisheries. It has been found that predominantly sandy or gravel substrates have better
recovery rates than areas such as biogenic reefs or substrates (Beukers-Stewart & BeukersStewart 2009). By being able to precisely identify these types of sediments and substrates it
could assist in promoting selective reopening in areas of favourable habitat. Creating precise
maps can also aid in the establishment of a baseline for comparison, resulting in the
continued monitoring of these areas to negate for the potential effects that fisheries may have
on seabed habitats. In dynamic environments such as the Firth of Lorn, periodically utilising
and updating broad scale habitat maps is imperative to assessing change in seabed habitats on
a temporal scale, ensuring that the continuation of the SAC designation is justified.
Amalgamating historical data collected for purposes other than producing seabed maps and
combining it with contemporary data, to produce broad-scale predictive habitat maps enables
the progression of a research field where cost and time are major drawbacks to advancement
and promotes the ethos of “Collect once and use many times”.
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Supplementary Figures
Figure S.1a) The original backscatter data from the INIS Hydro survey b) Bathymetry from
INIS Hydro c) the slope calculated from bathymetry.
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Figure S.2 The output of orientation in the form of a) aspect b) eastness, calculated from the
aspect, and c) northness, calculated from the aspect. The calculation has removed the circular
data and assigned a value to represent the data based on direction.
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Figure S.3 The output showing a) Curvature b) Profile Curvature and c) Bathymetric Position
Index.
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Figure S.4 The output for terrain variability a) Terrain Ruggedness Index representing the
roughness or rugosity of the bathymetry b) Vector Ruggedness Measure.
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Highlights







An improved predictive habitat map is presented for Firth of Lorn, Scotland.
Dominant habitat types identified included; CR.MCR, SS.SMx and SS.SSa.
Sea-truthing displayed variable accuracy with 0 to 100% correctly classified habitats.
Predictive mapping can be improved with a greater depth-range of sea-truthing data.
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