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In recent years, efforts have increased to develop quantitative, computer-directed methods for
segmentation of multibeam (MBES) backscatter data. This study utilises MBES backscatter data acquired
at Stanton Banks (UK) and subsequently processed through the QTC-Multiview software environment in
a bid to evaluate the program’s ability to perform unsupervised classification. Statistical comparison with
ground-truth data (grab, stills and video) enabled cross validation of acoustic segmentation and bio-
logical assemblages observed at the site. 132 unspecified variables were extracted from user-specified
rectangular patches of the backscatter image, reduced to three vectors by PCA, then clustered and
classified by the software. Multivariate analyses of ground-truth data were conducted on 75 stills images
and 51 grab samples. Video footage coincident with the stills was divided into 30 s segments and coded
by dominant substrate and species. Cross tabulation determined the interrelationship between software
classifications, multivariate analysis of the biological assemblages and coded video segments. Multiview
optimally identified 19 classes using the automated clustering engine. These were revised to 6 habitats
a posteriori, using combined analysis of ground-truth data and Multiview data products. These habitats
broadly correspond to major physiographic provinces within the region. Multivariate statistical analysis
reveals low levels of assemblage similarity (<35%) for samples occurring within Multiview classes,
irrespective of the mode of acquisition. Coded video data is more spatially appropriate than the other
methods of ground-truthing investigated, although it is less well suited to the extraction of truly
quantitative data. Multivariate analysis indicates assemblages within physiographically distinct Multi-
view classes have a low degree of biological similarity, supporting the notion that abiotic proxies may be
contraindicative of benthic assemblage variations. QTC-Multiview performs well as a mechanism for
computer-assisted segmentation of MBES backscatter imagery into acoustic provinces; however a degree
of caution is required prior to ascribing ecological significance to these classifications.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

1.1. Context

Since the advent of industrialisation, the benthic resource has
been the target of directed and unrelenting pressure from anthro-
pogenic influence. Halpern et al. (2008) estimate that no area of the
world’s oceans remain unaffected by humans; furthermore, that
41% is strongly affected by multiple anthropogenic drivers. The
pertinent task now faced is the sustainable management of benthic
ecosystems, and the provision of adequate protection to valuable,
rare or vulnerable benthic habitats. In order to address this, there is
an urgent need to quantify the extent, scale and condition of the
onigle).

All rights reserved.
seafloor environment (Andréfouët et al., 2008). The efficacy of
current and future marine management of this environment is
therefore dependent on the availability of scientifically credible
baseline data with which to inform stakeholders, policymakers and
managers (Pickrill and Todd, 2003).

Technological developments have transformed the nature of
seabed mapping over the course of the last 30 years (Blondel,
2002). Developments in acoustic data acquisition and processing,
positional accuracy and computing power have led to an unprec-
edented expansion of our understanding of the sub-littoral marine
environment and the processes acting thereupon. Since the 1970s,
multibeam echo sounder (MBES) technologies have broadened in
scope of application to include many non-military marine appli-
cations, with the resultant data and derivative products now widely
available (Mayer, 2006).

Until recently however the main focus in seabed mapping was
characterised by an intensive period of acquisition of increasingly
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higher-resolution products; either for the purposes of small object
detection (Leighton, 2008), or for delineating physical characteris-
tics of bathymetric surfaces, typically shallow biased for navigation
purposes (Calder, 2003). In this regard, it is relatively inexpensive to
produce meaningful results in a short time, in contrast to the
difficulty and cost of ensuring representative coverage of an
appropriate resolution for ground-truth data. This inequity may
have led to a distorted sense of achievement, with large areas
successfully mapped by MBES, but unsubstantiated by sufficient
ground-truth data to confidently extrapolate substrate and/or
biological characteristics. Regardless of the level of coverage,
acquisition and processing of ground-truth data is always cost and
labour intensive, both of which demonstrate the motivation to
reduce its necessity to a minimum.

Due to the large volume of data acquired in MBES surveys,
researchers are increasingly exploring computer-assisted classifi-
cation to achieve statistically valid and objective segmentations
(Hellequin, 1998; Hellequin et al., 2003; Cutter et al., 2003).
Application of image-based classification to sonographs derived
from side-scan sonar (sss) or MBES is a recent development, and
has been the focus of sustained effort to arrive at effective
segmentation (Cutter et al., 2003; Preston et al., 2004). Blondel
(2002) discusses the principal commercial software platforms used
for automated segmentations of these data, whilst recognising that
many organisations have in-house systems performing similar
functions, e.g. Textural Analysis (TexAn) (Blondel et al., 1998),
Angular Range Analysis (ARA) (Fonseca and Mayer, 2007). To date,
one of the main commercial developments (specifically for MBES)
in this field is Quester Tangent Corporation’s Multiview, based on
statistical parameterisation of backscatter amplitudes from MBES
sonographs (Preston et al., 2004).

The discipline of benthic habitat mapping is developing in
tandem with acoustic technologies (Brown et al., 2002; Freitas
et al., 2003). In many respects the discipline’s evolution is a diver-
sification of geologically derived acoustic segmentation. From
a geological perspective, the interrelationship between backscatter
and surficial sediments could reasonably be described as one-to-
one, and is widely reported in the literature (Blondel and Murton,
1994; Blondel et al., 1998; Cutter et al., 2003; Collier and Brown,
2005; Müller et al., 2007; Brown and Collier, 2008). Conversely,
benthic ecologists must attempt to reconcile the strong interrela-
tionship between acoustics and substrate with the addition of
complex environmental factors exerting influence on the distri-
bution of sub-littoral benthic communities, including; nutrient
availability, sub-surface geology, topographic and hydrographic
complexity in addition to the life histories and individual prefer-
ences of specific species (Gray, 1974; Diaz et al., 2004; Brown and
Collier, 2008). These interdisciplinary considerations contribute to
the uniqueness of benthic habitat mapping as an emergent disci-
pline. The resulting relationship between substrate and habitat is
thus many-to-one, where substrate is one (possibly the most
significant) factor contributing to the habitat identity, although
many other factors exist and exert often unknown influences on
habitat extent and condition. Habitat mapping therefore requires
quantitative incorporation of as many of these factors as possible –
the more comprehensive the data coverage, the more valid the end
result (Diaz et al., 2004). In light of this, this paper aspires to test the
efficacy of the QTC method for seabed classification, and evaluate
the role of this technique in the production of a ground-truth
validated benthic habitat map.

1.2. Aims and objectives

The principal hypothesis under investigation is that sub-littoral
benthic habitats can be accurately predicted and mapped over
areas of several square kilometres by commercially available
software packages, using image-based classification techniques on
data generated by acoustic seabed mapping techniques, in a semi
automated manner. Specific research objectives are:

[1] The critical evaluation of the QTC-Multiview method for unsu-
pervised classification of MBES backscatter imagery using
acoustic and ground-truth data from Stanton 4.

[2] An assessment of the relationship between Multiview classifi-
cations and biological assemblage as determined by statistical
analyses of ground-truth data.

[3] To derive a procedurally robust benthic habitat map for Stanton
4 based on the results of the two initial objectives.

2. Methodology

2.1. Study area

The data used in this project originated from the Mapping
European Seabed Habitats (MESH) project (MESH, 2005). Stanton
Banks, located approximately 60 km southwest of Barra Head
(Fig. 1), were selected as a study site due to the complexity of
substrate type and bathymetric conditions, comprising a series of
granitic outcrops surrounded by large tracts of unconsolidated
sediment (Fig. 1). Subsequent to initial research by Eden et al. (1971,
1973), investigation of Stanton Banks resumed in 2003 to validate
claims of the presence of the cold-water coral Lophelia pertusa
(Roberts et al., 2005). Of four sub-areas investigated, Stanton 4 has
the most comprehensive ground-truth data, resultantly becoming
the study area for this project.

2.2. Data acquisition

2.2.1. Geophysical data
Geophysical data was acquired over a 28-h period between 20th

and 22nd November 2005 by the Irish Marine Institute (MI; survey
CV0502) aboard R.V. Celtic Voyager. Bathymetric and backscatter
data was derived from the MBES survey using a hull-mounted
Kongsberg Simrad EM1002 system operating at 93–95 kHz, with total
angular coverage at 130–136� (Fig. 2; MESH, 2005). Ping rate and
vessel speed varied from 1.0 to 1.3 Hz and from 3.34 to 4.92 m s�1

(1.72–2.53 knots) respectively. Eighteen north-south track lines and
one east-west crossline were acquired. Positional data was provided
by a Kongsberg Seatex Seapath 200 (�0.7 m accuracy), with an
integrated motion referencing unit (MRU5) providing real-time
corrections for vessel attitude, heading and velocity.

2.2.2. Ground-truth data
One hour forty-eight minutes of digital video (w4.75 km) and

89� 35 mm stills were acquired by the Agri-Food and Biosciences
Institute (AFBI) between 14th and 19th June 2006 aboard R.V. Cor-
ystes. Video tows were conducted using a Kongsberg Simrad Osprey
colour video camera, a Photosea 1000A 35 mm camera and 1500S
strobe over seven transects designed to cover the boundaries
between areas of significantly variable backscatter response. The
video unit was mounted in a purpose built drop frame providing
a functional field of view variable between w1 and 10 m2.

Stills photographs with ground coverage approximate to 1 m2

were taken at random intervals during the course of each video
tow, restricted to a maximum of 36 exposures per tow. An IXSEA
Global Acoustic Positioning System (GAPS) ultra-short base line
(USBL) transponder mounted on the drop frame was used for
positional information. Of the 89 stills recorded, only 75 were
suitable for analysis by percentage cover, owing to problems of
exposure, focus, field of view, etc. In addition, a single oblique view
ROV transect (44 min over w1.15 km) was conducted at the site
using a Saab Seaeye Tiger equipped with a Kongsberg Simrad OE14-



Fig. 1. Location map of study site Stanton 4. Major regional bathymetric features are labelled.
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124 3 CCD video camera, OE14- 208 stills camera, OE11- 242 flash
unit and an integrated USBL system.

On 20th August 2006, an additional 3 h and 7 min of video
footage (w3.75 km) and 51 sediment samples were acquired by the
MI aboard R.V Celtic Voyager [CV0603] for the MESH project. Video
data was acquired using a USBL-positioned drop-down frame
mounted with a Kongsberg Simrad OE14-366 PAL colour zoom
camera sampling at a frame rate of seven stills every two seconds in
line with the USBL positioning system. Triplicate grab samples were
attempted over 25 sites using a Shippek grab (0.1 m2) with posi-
tional information derived from the ship dGPS. As with the video
tows, positioning of the grabs was determined by visually evident
differences in backscatter (as greyscale pixel values) across the
extent of the site. The grab returned 51 successful samples across 25
stations, with a bias towards soft sediments.
Fig. 2. Physiographic conditions as derived from CV0502 MBES survey at Stanton 4. a) Bathy
physiographic provinces are accordingly delineated. b) Slope (�), as derived from bathymetr
nearest neighbour algorithm) of backscatter intensity (dB).
2.3. Data processing and analysis

2.3.1. Geophysical data
Data processing was performed in CARIS HIPS and SIPS v5.3

(Universal Systems Ltd.). Bathymetric data was exported as 8-bit
3-band rasters with a cell size of 7 m. The backscatter component of
the data was exported as a greyscale raster with an 7 m-cell size.
Grids of bathymetry, backscatter and slope values were produced at
7 m-cell size in Surfer v.8.0 and imported into ArcMap v.9.2 using
Geospatial Design’s GridConvert freeware (Evans, 2005).

To evaluate the effectiveness of classification with minimum
operator intervention, classification of the backscatter data was
conducted using the QTC-Multiview processing flow with minimum
deviation from the default settings. QTC-Multiview functions by
extracting 132 features from rectangular patches of compensated
metric raster interpolated to a 7 m-cell size using kriging algorithm in Surfer V.8. Major
ic grid (a) in ArcMap v9.2 Spatial Analyst extension. c) Interpolated raster (8 m-cell size,
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MBES backscatter imagery, based on the length, amplitude, shape
and other defining characteristics of each individual dataset (Preston,
in press). Principal components analysis (PCA) reduces these features
to the three most responsible for variance in any given dataset (Q-
values), after which they are plotted in 3-D vector space (Q-space).
These reduced full feature vectors (FFVs) are then statistically clus-
tered into groups with similar identities based on their relative
positions. Optimal clustering of FFVs is determined by user-
controlled application of a simulated k-means algorithm (QTC, 2005).
The resulting classified values are appended to the FFV records, and
can be displayed in geographic space in 3rd party software. Based on
this assumption, ground-truthing a representative proportion of the
segmented classes using traditional ground-truth methodologies
(video, stills and grabs) will allow for extrapolation of class charac-
teristics across the remainder of the area (QTC, 2005).

Subsequent to the derivation of processing parameters from the
initial survey line, batch processing was performed for cleaning,
rectangle and feature generation on all remaining lines. CARIS reject
flags were imported to satisfy data cleaning criteria. A catalogue file
was generated for the merged dataset and the resulting data was
reduced to 3 ‘Q’ values. The Automatic Cluster Engine (ACE) func-
tion within Multiview was applied to the input classification file,
with the number of classes set to test between 3 and 30, at 5 iter-
ations per class, on a subsample of 40 000 randomly selected
records from the merged FFV file. The optimum number of classes
defined by the ACE process was selected to update the catalogue file
for each rectangle dimension tested. Finally, the automated seabed
classification file was written containing class, confidence and
probability values to the ‘Q-Space’ ordination and their respective
positions on the ground. QTC’s independent software platform
Clams (Classification Mapping Suite) was used to create interpo-
lated raster surfaces from the Multiview output, with interpolated
class values based on the most frequently occurring class values in
a user-specified radial distance from each grid node (QTC, 2005). In
this instance, node spacing was set at 20 m, approximately half the
coarsest data resolution (9 pixels along-track/38 m on the ground),
for all but pixel dimensions of 513�17.

The classification considered most spatially appropriate was
re-examined for further analysis. The results of processing at
129� 9 pixels (8.1�38.0 m) were selected and iteratively exam-
ined in the context of the ground-truth data. Owing to the fact that
the position of the ground-truth stations was not based on the
results of the Multiview classification, several of the classes had no
representative coverage by ground-truthing. Coupled with the loss
of identity of several classes through the interpolation process,
these issues necessitated reintegrating several of the classes iden-
tified by Multiview. Classes were thus merged on the basis of their
survival of the interpolation process and their level of spatial
coincidence in 3-D vector space, and with the ground-truth data in
geographic reality. Suspect classes were examined in Q-Space using
3-D analyst extension in ArcScene v9.2 on the basis of proximity to
other clusters, confidence and probability. The spatial relationship
between Multiview classes was interrogated, and unsubstantiated
clusters were merged to their most proximal class with sufficient
ground-truth data to qualify their biological distinction.

2.3.2. Ground-truth data
2.3.2.1. Video data. Approximately five and a half hours of video
footage were classified into 30 s segments of common substrate
and biota and assigned independent codes. This segment length
was determined as appropriate for classification as analysis of drop
video transects showed a mean distance over ground of 15.1 m,
approximating to the 20 m-cell size from the Clams interpolated
grid. The closest positional fix to the temporal centre of each video
tow was extracted and coded on the basis of relative abundance of
substrate; A (mud), B (sand [increasing grain size is indicated by
þ]), C (pebbles), D (cobbles), E (boulders) and F (bedrock). The
biotic and/or abiotic indicator components were included as
a suffix to the substrate, where [p] represents (Porifera), [c]
(Crinoid), [q] (Pennatulencea), [o] (Bioturbated sediment) and [s]
(Shell sand). Combinations of these coded components were
included where appropriate, e.g. code (BþþCp) is indicative of
coarse grained sand with pebbles and Porifera sp. Justification for
this broad differentiation is that these were based on characteristic
species evident across all platforms that could be confidently
extracted from all video footage. Positional information for the
video data was extracted from the gridded raster outputs from QTC-
Clams, based on temporal centres of each 30 s segment. Results
were subsequently analysed in SPSS v.11.5 by cross tabulation with
the previously described habitat coded video segments. Finally, on
the basis of the observed biology in each acoustic class, the most
approximate JNCC biotope was included to facilitate integration
with existing classification schema (Connor et al., 2004).

2.3.2.2. Grab samples. Sediment samples, initially preserved in
a 20–30% Formalin solution, were washed over a 0.5 mm square
mesh sieve. Subsequently, samples were sorted and specimens
identified to the highest taxonomic level possible using standard
keys. The number of individuals for each species was recorded,
whilst colonial species were recorded as present or absent. Similarly
to the video data (Section 2.3.2.1), classification values were
extracted from the geo-spatial positions of the sampling stations.
This facilitated the inclusion of the categorical data from Multiview
and Clams in the multivariate analytical environment of Primer 6,
where class values could be included as a factor. Multivariate anal-
ysis was conducted on the results of the grab samples. Direct count
biological information was used to construct non-transformed Bray-
Curtis similarity indexes, which provided the basis for percentage
similarity [SIMPER] comparisons (Clarke and Gorley, 2006) between
groups of grabs that occur in different Multiview classes. The results
of SIMPER analyses were also used to determine the percentage
contribution to group similarity of individual species.

SIMPER analysis with variable percentage cut-off for low
contributions (90% for grabs and stills) was used to determine the
average similarities within (and dissimilarities between) Multiview
classes. Furthermore, these analyses enabled generation of lists of
the individual species (and abiotic proxies) contributing to the
similarity within each class. Representative images from each of
the respective habitats were included to further describe the
composition.

2.3.2.3. Stills data. Photographic data was prepared from scanned
35 mm slides for further analysis in ImageJ (Rasband, 2005). Each
image was reduced to a standardised area of view and percentage
cover for species and ground type was determined as a proportion
of the image. In contrast to the direct count data from the grab
samples, this percentage cover data was used as the basis for
multivariate analyses in Primer. Additional factors considered for
the stills imagery were percentage cover substrate, which was
analysed using a Euclidian distance similarity matrix for non-bio-
logical information. The extraction of Multiview and Clams values
from the categorical rasters was performed in the manner previ-
ously described.

2.4. Production of a benthic habitat map

The production of a benthic habitat map represents the synthesis
and integration of all the biological and acoustic data, culminating in
the production of an integrated table and geo-spatial plot. Video
codes were re-analysed by percentage agreement against Multiview
class by cross tabulation in SPSS, and where appropriate, integrated
based on this agreement. The results of the video analysis inform
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the majority of the ground-truth validation, as it represents the
most abundant and spatially complete coverage of the classified
area. The merged video codes were compiled in a synoptic table,
with the proportional composition of the original video codes (%)
and original ACE-derived optimum Multiview classes (%).

3. Results

3.1. Geophysical data

3.1.1. Geo-spatial analysis
Surfaces derived from geo-spatial analysis of the MBES data

(CV0502) facilitate production of floating point raster datasets for
bathymetry, slope and backscatter (Fig. 2). Physiographic analysis
of these data indicates that Stanton 4 is broadly divisible into four
areas: summit, escarpment, transitional zone and flat (Fig. 2a).
Summit pinnacles are bisected with fissures on the peaks. Slopes
are highest around the sides of the pinnacles, before variation levels
out on the crest of the features. The escarpment (the area imme-
diately surrounding the summit) gives way to the transitional zone,
characterised by slope values of w1�, with bed forms locally
developed. The flat is a topographically uniform area in deeper
water typified by �1� slope.

3.1.2. QTC-Multiview ACE optimum classification data analysis
The MBES data was initially classified using nine representative

settings (max, min and median XY) from those available through
the software. Based on this, three settings were selected for further
analyses in the ranges displaying the most promising results;
513� 9, 129� 9 and 33� 9 pixels ((Fig. 3a–c). Rectangular dimen-
sions which produced classifications based on larger patches of the
backscatter image were examined, but were too coarse in the
along-track domain for effective segmentation. The range of
dimensions presented in Fig. 3 highlights the principle character of
these detailed classifications and documents the effects of adjust-
ing the across-track rectangle dimensions.

Qualitative comparison between Figs. 2 and 3 demonstrates that
all Multiview classifications have a number of well-represented
classes which spatially correlate with physiographic features. Fig. 3a
shows the classification results of 513� 9 pixels (32.1�38.0 m),
accepting the ACE optimum of 18 classes. The histogram accom-
panying Fig. 3a shows the frequency distribution of raster cells post-
interpolation in Clams. With the exception of class 8, all classes were
retained through interpolation, although the frequencies were
significantly altered. Visual comparison shows the broad level of
agreement between the flat and Multiview class 2. Fig. 3a further
identifies boundaries and transitions occurring within the summit,
although several unique classes occur in isolation within the
transitional areas between class 1 (transitional) and 2. Class 5 is
coincident with the escarpment, and the summit is uniquely clas-
sified class 6. Fig. 3b shows similar results for 129� 9 pixels
(8.1�38.0 m). In this instance, ACE identified 19 optimal clusters.
Three of the original 19 classes were lost through interpolation (5, 7
and 11). The main differences between this and the previous clas-
sification are: the reduction of the area of the class spatially coin-
cident with the summit (class 12), and the emergence of this class
value in small patches in other areas of the reef. Additional changes
include the extension of the escarpment (class 10), encroaching
onto areas previously defined coincident with the summit, and
further extending its range off the eastern edge of the feature.
Where these linear features extend into the flat, they are inter-
preted as depth-dependent artefacts, as their presence only occurs
in depths >180 m concurrent with areas of low backscatter
(��30 dB). Fig. 3c presents the results at 33� 9 pixels
(2.1�38.0 m). In this case, ACE identified 16 classes. Interpolation
reduced these to 14, with the vast majority of FFVs belonging to
class 7 (escarpment) or 9 (flat). The most significant difference
between this classification and the previous two is that the
escarpment (class 7) extends to incorporate the transitional zone,
resulting in a direct boundary between the escarpment and the
surrounding flat. In addition, the summit (class 12) is substantially
reduced in extent, although class 1 retains a similar frequency to its
proxy from the 129� 9 classification (class 14: Fig. 3b).

On the basis of the results presented, the classification at
129� 9 pixels (Fig. 3b) was determined to be the smallest effective
across-track dimensions that led to meaningful classifications. The
decision to progress at these settings was made on consideration of
the available data, where the original file was subjected to more
detailed examination in Q-space in conjunction with the frequency
histogram (Fig. 4a and b). The distribution of clusters in the Q-space
point cloud (Fig. 4b) show that class 10 and 13 are most frequently
observed, although classes 4, 8, 12, 14, 16 and 19 are also relatively
well represented. It is worth noting that the majority of classes
which have a relatively low frequency and broad geo-spatial distri-
bution (i.e. 19) tend to diminish through the interpolation process,
whereas low-frequency classes that spatially aggregate retain their
identities (i.e. 14). This condition is evidenced by the interpolated
surface after processing in Clams (Fig. 4c). One of the most significant
changes following interpolation is that the frequency of class 13
(flat) increases in its overall contribution (Fig. 4d). Class 10 remains
the second most frequent and increases in terms of its overall
contribution, and class 14 increases significantly. All remaining class
values diminish in number. Additionally, from the original ordina-
tion of FFVs, the removal of classes 5, 7, and 11 occurs as a result of
the data smoothing from the interpolation process.

3.2. Ground-truth data analysis

3.2.1. Video data
Analysis of the video footage is based on 658� 30 s segments of

footage. 36 habitat codes, derived from collective comparison of the
video segments, are presented as cross tabulation against ACE-
derived Multiview class in Table 1. As documented by Table 2,
Multiview class 13 has the highest degree of representation by video
data. Table 1 shows the largest represented code [Ao: Bioturbated
muds] is highly coincident with class 13. This class is additionally
populated by habitat codes Aoq: (bioturbated muds with Pennatu-
lencea) and other fine grained sediments (B [sand], BþþC [coarse
grained sand with pebbles]). Class 16 has the second highest
concentration of data (Table 2). Codes coincident with class 16
occur more evenly over a broader range of habitat codes (Table 1).
Class 10 has the second highest number of video segments coin-
cident with a single habitat code DEp (mixed boulders and cobbles
with Porifera), although this code shares a strong agreement with
class 16 (Table 1). Multiview class 12 is the fourth most represented
by video data. It has 64.18% agreement with code FEp (bedrock and
boulders with Porifera) based on 43 segments, which is seconded
by a strong match against class 16 (Table 1). Class 14 has a much
lower number of video segments than the previous four classes
(Table 2) and is dominated by 12 video segments occurring coin-
cident with habitat code B (sand) and other coarse grained sedi-
ments (Bþo: coarse grained bioturbated sands and Bþþc: Coarse
grained sand with Crinoids). The remaining four classes containing
video footage individually represent less than 1.25% of the total
video data, and belong to single habitat codes (Table 1).

3.2.2. Grab data
Direct count observation revealed 1694 individual organisms

belonging to 220 different taxa. The species distribution across
Phyla is 70.37% attributable to Annelida. The remaining composition
is: Mollusca (13.75%), Echinodermata (6.08%), Crustacea (3.07%),
Nematoda (2.83%) and Nemertea (2.01%). All remaining Phyla



Fig. 3. Output classifications from QTC-Multiview interpolated through QTC-CLAMS at a selection of the analysed rectangle dimensions. Class frequencies are indicated by the
histograms accompanying each surface. a) 513� 9 pixels (32.1�38.0 m) with interpolation parameters of 250 m search radius weighted by the nearest 250 FFVs to the centre of
each grid node, b) 129� 9 pixels (8.1�38.0 m) using a 350 m search radius weighted by the 100 nearest neighbouring points to the grid node centre, and c) 33� 9 pixels
(2.1�38.0 m) interpolated with a 250 m search radius influenced by 250 closest FFVs to each grid node. Grid node spacing for all grids is 20 m.
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identified individually contributed >1% of the total (Bryozoa
[0.59%], Cnidaria [0.53%], Sipuncula [0.35%], Brachiopoda [0.18%],
Phoronidia [0.18%] and Porifera [0.06%]).

The distribution of grab samples was skewed in favour of
unconsolidated substrata, coinciding with 6 of the 19 ACE-derived
acoustic classes (Table 2). The vast majority of the samples occurred
in class 13 (21 grabs), with the remaining samples coinciding with
classes 14 and 15 (3 samples each), 16 and 17 (4), class 12 (7) and
class 10 (9). Multivariate statistical analysis revealed little clus-
tering of samples based on infaunal assemblage structure, sug-
gesting high variability of infaunal assemblage structure at the site.
SIMPER analysis was performed using ACE-derived optimum Mul-
tiview class as a factor (Table 3). Overall, comparison of grabs from
within each acoustic class revealed a low level of similarity.
3.2.3. Stills data
The drop frame mounted 35 mm camera produced 75 images of

sufficient quality for the extraction of biological assemblage data.
Analysis using ImageJ identified 65 distinct taxa across 7 Phyla.
Porifera was the most common Phylum, contributing to 67.09% of all
digitised percentage cover, followed by; Cnidaria (11.27%), Bryozoa
(5.64%), Echinodermata (3.49%), Chordata (1.75%), Annelida (1.02%)
and Crustacea (0.55%). Percentage cover of bioturbated surface as an
abiotic proxy for infaunal species contributed 9.19% to the overall
total.
The distribution of stills images across five of the 19 Multiview
classes is presented in Table 2. Three Multiview classes are well rep-
resented: 10,12 and 13. Multiview classes 14 and 4 are represented by
2 and 6 stills images respectively. Analysis of the stills imagery by
SIMPER (using ACE-derived Multiview class as a factor) shows that in
common with the grab samples, the low levels of similarity appear
indicative of highly variable epifaunal cover (Table 3).

SIMPER analysis of ground type by Euclidian distance reveals
the similarity by substrate within each Multiview class (Table 3). In
this respect, the lower the value of the squared distances (i.e. closer
to zero), the higher the level of substrate similarity within group
samples. Samples within class 4 had an average squared distance of
1949.95, while those within class 10 had an internal similarity of
4403.70. Average squared distance within class 12 represents the
most dissimilar substrate characteristic with a value of 4675.77.
Substrate within class 13 is represented by a value of 3897.31. Class
14 is the minimum value, showing zero Euclidian distance for all
records as the percentage cover for substrate in all associated stills
were composed of 100% sand.
3.3. Habitat map production

3.3.1. Re-integration of QTC-Multiview ACE optimum classification
Statistical examination of the ground-truth data with Multiview

classes suggested that the MBES data had been over-segmented,



Fig. 4. Composite showing the results of classification process. a) FFVs derived from classification at rectangular dimensions of 129� 9 pixels (8.1�38.0 m) in Q-Space ordination.
Automatic Clustering Engine (ACE) defined 19 classes as the optimum number. An inversion of the point cloud is included to facilitate viewing of obscured classes from the
underside of the point cloud b) Histogram displays the relative frequencies of each class in the Q-space point cloud (a), c) The classification results after interpolation displayed in
geographic space. The categorical raster was produced in CLAMS using a 350 m search radius weighted by the nearest 100 FFVs, and d) Histogram detailing frequencies of classes
represented by 20 m raster cells (c) post-interpolation in CLAMS.
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Table 1
Cross tabulation of video coded 30 s segments against ACE optimum 19 Multiview classes (Frequency [% contribution]). Video codes are described by alphabetic labels where
the first letter denotes dominant substrate: A¼mud, B¼ sand, C¼ pebbles, D¼ cobbles, E¼ boulders and F¼ bedrock. Thereafter, denoting abiotic characteristics;
þ¼ increasing grain size, s¼ presence of shell and o¼ evidence of bioturbation. Biological distinctions were included at levels discernable across all platforms; c¼ presence of
Crinoids, p¼ presence of Porifera and q¼ Pennatulacea. Sum of video codes within-class frequencies are presented in Table 2.

4 6 8 10 12 13 14 15 16 17 Total

Ao – 8 [5.76] 7 [5.04] 3 [2.16] – 121 [87.05] – – – – 139 [100]
Aoq – – – – – 29 [96.67] 1 [3.33] – – – 30 [100]
B – – – 3 [9.68] – 16 [51.61] 12 [38.71] – – – 31 [100]
BDD – – – – – – – – 4 [100] – 4 [100]
BDDc – – – – – – 5 [100] – – – 5 [100]
BDDC – – – 7 [41.18] 2 [11.77] 8 [47.06] – – – – 17 [100]
BDDCDc – – – – 2 [100] – – – – – 2 [100]
BDDCp – – – 16 [100] – – – – – – 16 [100]
BDDD – – – 1 [100] – – – – – – 1 [100]
BDDDp – – – 2 [100] – – – – – – 2 [100]
BDDs – – – – – – – – 1 [100] – 1 [100]
BDDsC – – – – – – – – 23 [100] – 23 [100]
BDDsCD – – – – 6 [20.70] – – – 23 [79.31] – 29 [100]
BDC – – – – – 6 [100] – – – – 6 [100]
BDo – – – – – 30 [75.00] 6 [15.00] – – 4 [10.00] 40 [100]
BDs – – – – 14 [42.42] – – – 19 [57.58] – 33 [100]
BDsc – – – – – – – – 1 [100] – 1 [100]
BC – – – 9 [69.23] 1 [7.69] 2 [15.39] 1 [7.69] – – – 13 [100]
BCD – – – 4 [100] – – – – – – 4 [100]
BCDp – – – 11 [33.33] 1 [3.03] – – – 21 [63.64] – 33 [100]
BCp – – – – 10 [90.90] 1 [9.09] – – – – 11 [100]
Bo – – – – – 10 [100] – – – – 10 [100]
CD – – – 1 [100] – – – – – – 1 [100]
CDp – – – 6 [100] – – – – – – 6 [100]
DEc – – – – – – – – 1 [100] – 1 [100]
DEFp – – – – 2 [100] – – – – – 2 [100]
DEp – – – 62 [62.00] 9 [9.00] – – – 29 [29.00] – 100 [100]
Dp – – – 2 [100] – – – – – – 2 [100]
Ep – – – – 3 [100] – – – – – 3 [100]
Fc – – – – 6 [75] – – – 2 [25.00] – 8 [100]
FE – – – 2 [100] – – – – – – 2 [100]
Fec – – – – – – – – 1 [100] – 1 [100]
FEc – – – – – – – – 2 [100] – 2 [100]
FEcp – – – – 1 [100] – – – – – 1 [100]
FEp 3 [4.48] – – 6 [8.96] 43 [64.18] – – – 15 [22.39] – 67 [100]
Fp – – – 3 [27.27] 6 [54.55] – – – 2 [18.18] – 11 [100]
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evidenced by the fact that distinctive video codes often coincided
with more than one acoustic class (Table 1). To address this issue,
and improve the match between the dataset classes, several of the
classes were merged.
Table 2
Overall frequency distribution and percentage contribution of all acoustic and
ground-truth data occurring within ACE-derived optimum of 19 Multiview classes
(Frequency [% contribution]).

# FFVs [%] # Grabs [%] # Stills [%] # 30 s Video [%] # Clams cells [%]

1 722 [0.37] – – – 16 [0.01]
2 736 [0.38] – – – 185 [0.12]
3 2001 [1.04] – – – 1316 [0.85]
4 7121 [3.68] – 2 [2.67] 3 [0.46] 155 [0.10]
5 724 [0.37] – – – –
6 2186 [1.13] – – 8 [1.22] 387 [0.25]
7 672 [0.35] – – – –
8 12 797 [6.62] – – 7 [1.06] 1198 [0.77]
9 1987 [1.03] – – – 119 [0.08]
10 47 549 [24.60] 9 [17.65] 32 [42.67] 138 [20.97] 42 592 [27.48]
11 933 [0.48] – – – –
12 18 065 [9.34] 7 [13.73] 18 [24.00] 106 [16.11] 12 373 [7.98]
13 51438 [26.61] 21 [41.18] 17 [22.67] 223 [33.89] 65 901 [42.51]
14 8670 [4.48] 3 [5.88] 6 [8.00] 25 [3.8] 9486 [6.12]
15 4357 [2.25] 3 [5.88] – – 2199 [1.42]
16 20 669 [10.69] 4 [7.84] – 144 [21.89] 15 011 [9.68]
17 1870 [0.97] 4 [7.84] – 4 [0.61] 670 [0.43]
18 3808 [1.97] – – – 2160 [1.39]
19 7010 [3.63] – – – 1244 [0.80]

Total 193 315 [100] 51 [100] 75 [100] 658 [100] 155 012 [100]
Analysis of Q-space ordination in the geo-spatial domain facil-
itates evaluation of the significance of any lost classes, and the
proximity between clusters in the 3-D vector point cloud and on
the ground. Examination of the confidence and probability values
in conjunction with the results of the ground-truth data allowed
class merging into a smaller number of more meaningful clusters.
This resulted in the acceptance of the five most populous classes
from the categorically interpolated raster, and with the exception of
classes 15, 17 and 18 the incorporation of the remaining classes into
their most proximal clusters in Q-space. The excepted class values
were amalgamated into a separate class on the basis of their
Q-spatial distinction. Finally, using the Q-space ordination (cluster
Table 3
SIMPER derived internal group similarities occurring within the ACE-derived
optimum 19 Multiview classes. Values expressed as percentages [%] accompanied by
mean and standard deviation within ground truth by common mode of acquisition.

Grab biology [%] Stills biology [%] Stills substrate [%]

4 – 22.79 1949.95
10 9.76 23.21 4403.70
12 14.91 16.75 4675.77
13 25.17 32.29 3897.31
14 7.83 19.95 0.00
15 31.57 – –
16 19.77 – –
17 29.68 – –

Mean 19.81 22.99 2995.35

Std. Dv. 9.42 5.80 1980.23
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proximity, confidence and probability values), the geo-spatial plots
and the ground-truth data, 6 merged classes (bold) were prepared
from the original 19 (italics) classes; 1 (1, 8, 12 and 19); 2 (15, 17 and
18); 3 (4 and 10); 4 (6 and 13); 5 (2, 3, 9 and 16) and 6 (14). Changes
to the composition of each class are demonstrated by the
comparison of the pre- and post-merge FFVs and Clams cells
frequencies presented in Tables 2 and 4. Q-space and geographic
plots of the merged classes, and their associated histograms are
displayed in Fig. 5a–d.

Examination of the effects of this process on the SIMPER results
may suggest other potential class merges (Tables 3 and 6). However,
for the purpose of examining the efficacy of the software at
determining a biologically meaningful classification, the results
were merged primarily by their acoustic (as opposed to biological)
similarities. This situation is exacerbated by the low representative
coverage by all forms of ground-truthing outside the dominant 4
Multiview classes (bold); 13, 10, 16 and 12.

3.3.2. Habitat map
Supplementary to 3-D analysis of Q-values in ArcScene, agree-

ment between merged Multiview output and habitat coded video
segments was analysed and used to merge the video habitat codes
on the basis of the dominant merged Multiview class in which they
occur. This method was consistent with the exception of instances
in which a number of uniquely coded segments occurred across 2
ranges, as was the case with code (Bþo) in Multiview class 2, and
between class 6 and habitat code (B). By this process of diminution,
the 36 original video habitat codes were reduced to six: A, A*, A**, B,
C and D (Table 5). For each of the six merged habitat codes, their
relative composition based on the original 36 video codes and 19
ACE optimally derived Multiview classes are also presented for
consideration (Table 6). Similarly, reanalysing the ground-truth
data for the grab and stills samples using SIMPER for the merged
acoustic classes identified characterising infaunal and epifaunal
species for each of the six habitat types/acoustic classes (Table 6).
Resultantly, on the basis of the merged video codes and summary
analysis presented in Table 6, the following descriptions are
mutually applicable to Multiview class and the dominant habitat
classification that occurs coincident with them.

The final habitat map is presented in Fig. 6. The true 3-D geo-
spatial distribution of the original 19 classes as FFVs is documented
in Fig. 6a, prior to the interpolation process in Clams. The extent of
the range-dependent artefacts is evident in the nadir (class 13), as
are the higher density of FFVs in regions of overlapping track lines.
The geographic positions of classified ground-truth data are high-
lighted in Fig. 6b. Grab samples inherited the class values of the
Clams surface based on the percentage agreement between merged
video codes and merged Multiview classes. The final classified
interpolated raster is presented where depth-dependent
(��180 m) range artefacts have been removed (Fig. 6c). The habitat
codes and information are applied to the best-fit merged Multiview
class, based on the results presented in Table 6.
Table 4
Overall frequency distribution and percentage contribution of all acoustic and
ground truth data occurring in post-analysis merged Multiview classes (Frequency
[% contribution]).

# FFVs [%] # Grabs [%] # Stills [%] # 30s Video [%] # Clams cells [%]

1 38 594 [19.96] 7 [13.73] 18 [24.00] 116 [17.63] 14 831 [9.57]
2 10 035 [5.19] 7 [13.73] – 4 [0.61] 5029 [3.24]
3 54 670 [28.28] 9 [17.65] 34 [45.33] 141 [21.43] 42 747 [27.58]
4 53 624 [27.74] 21 [41.18] 17 [22.67] 228 [34.65] 66 288 [42.76]
5 25 393 [13.14] 4 [7.84] – 144 [21.88] 16 631 [10.73]
6 8670 [4.48] 3 [5.88] 6 [8.00] 25 [3.80] 9486 [6.12]

Total 193 315 [100] 51 [100] 75 [100] 658 [100] 155 012 [100]
Habitat A is characterised by bioturbated muddy substrata
containing burrowing megafauna, primarily Nephrops norvegicus,
Goneplax rhombroides and the sea pen Pennatula phosphorea. Using
the JNCC Marine Habitat Classification 04.05 (Connor et al., 2004)
the most similar biotope is ‘sea pens and burrowing megafauna in
circalittoral fine mud’ (SS.SMU.CFi.SpnMeg). Video codes for habitat
A have a 90.09% agreement with merged Multiview class 4, and are
composed of fine grained mud and sand based on SIMPER analysis
of the substrate percentage cover. The principal species defined for
the similarity within the grab samples occurring in this habitat is
Galathowenia oculata. Percentage cover bioturbated surface digi-
tised from the stills made a significant contribution to the group
similarity.

Habitat A* is typified by a higher sand content than A, although
the two have similar faunal assemblage structures. The JNCC clas-
sification (Connor et al., 2004) most similar in terms of substrate
and described species is ‘Abra alba and Nucula nitidosa in circalit-
toral muddy sand or slightly mixed sediment’ (SS.SSA.Cmu-
Sa.AalbNuc). Based on the coded video segments, Habitat A* is only
10.00% coincident with merged Multiview class 2, however, this low
percentage is justifiable due to the occurrence of a unique substrate
type and infaunal assemblage observed in the grab samples. This
habitat had a stronger agreement with Multiview class 4, although
this class merge was not undertaken due to the persistence of
a spatial equivalent for this class across all rectangle dimensions.
Resultantly, it is taken to be a coarser grade of sediment with
a characteristically different infaunal community. In terms of
representation by ground-truthing, irrespective of the lack of
photographic stills, 7 grab samples were recovered and 4� 30 s
video segments occurred coincident with this habitat. SIMPER
analysis of the grab samples revealed an average within group
similarity principally defined by species Yoldiella philippiana and
Galathowenia oculata.

Habitat A** is coarser grade of unconsolidated sediment than
the two previously described, and it supports characteristically
different infaunal assemblages. The biotope most representative of
this habitat in JNCC (Connor et al., 2004) classification system is
‘Echinocyamus pusillus, Ophelia borealis and Abra prismatica in cir-
calittoral fine sand’ (SS.SSA.CfiSa.EpusOborApri). This region was
isolated on the basis concurrence with merged class 6. This habitat
is represented by 6 photographic stills, 3 grab samples and
36� 30 s video segments. SIMPER analysis of the grab samples
showed the significance of contribution for Ophiura sp. and E.
pusillus to the group similarity (Table 6). Results of SIMPER analysis
on the stills imagery the internal group similarity is due to 100%
contribution of bioturbated surface as an abiotic proxy. Euclidian
distance by SIMPER between substrates of these samples was zero
– all samples occurred on 100% sand.

Habitat B is mixed substrate, dominated by soft sediment
interspersed with pebbles and cobbles and occasional boulders and
bedrock outcrops. Where hard substrates are located, similarities
are found between habitat B’s epifaunal assemblages and those of
the predominantly hard substrate habitats (C and D), typified by the
presence of deep sponge communities. The JNCC biotope (Connor
et al., 2004) determined to be the closest match for this class is
‘Glycera lapidum, Thyasira Spp. and Amythasides macroglossus in
offshore gravely sand’ (SS.SCS.OCS.GlapThyAmy). This province is
largely coincident with merged Multiview class 5 as observed from
cross tabulation with the coded video (Table 5), and similarly to A*
has no representative photographic stills images suitable for
percentage cover estimates. On the basis of SIMPER analysis from
the grab samples, the internal group similarity was based on equal
contributions from Pseudopolydora paucibranchiata and Gal-
athowenia oculata.

Habitat C is characterised by the predominance of bedrock and
boulders with associated epifaunal community assemblages, most



Fig. 5. Composite figure detailing the results in Fig. 4 following the process of merging classes. a) FFVs derived from the original classification file were merged by virtue of their
surviving the interpolation process. The class identities (and colours) thereafter were based on those of the most numerically influential class contributing to the merging. Smaller
fragmented classes were merged into their most proximal clusters in Q-Space, although class 6 was composed of smaller fragments which were Q-spatially distinct from the
dominant clusters. Frequencies of original FFV classes lost through the interpolation process are represented by black symbols, b) Histogram of frequencies of FFVs described in
Fig. 5a. c) Results of the 6 merged classes in geographic space. d) Histogram showing relative frequencies of merged classes as represented by 20 m raster cells.
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notably deep sponge communities dominated by Phakalia ventila-
brum. Although bedrock dominates this substrate type (Table 6),
a significant proportion of this province comprises a soft sediment
component, reflected in the relative success of the grab sampling
efforts. In terms of biological characteristics of this class, the pres-
ence of Crinoids in habitat C distinguishes it from habitat D. As with
the previous codes, the most similar JNCC biotope was identified
(Connor et al., 2004), in this case ‘P. ventilabrum and Axinellid



Table 5
Cross tabulation of video coded 30 s segments against post-analysis merged Multi-
view classes (Frequency [% contribution]).

1 2 3 4 5 6 Total

A 9 [4.46] – 10 [4.95] 182 [90.09] – 1 [0.50] 202 [100]
A* – 4 [10.00] – 30 [75.00] – 6 [15.00] 40 [100]
A** 3 [8.33] – 3 [8.33] 13 [36.11] – 17 [47.22] 36 [100]
B 21 [16.41] – 11 [8.59] – 96 [75.00] – 128 [100]
C 73 [69.52] – 12 [11.43] 1 [0.95] 19 [18.10] – 105 [100]
D 10 [6.80] – 105 [71.43] 2 [1.36] 29 [19.73] 1 [0.68] 147 [100]
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sponges on deep, wave-exposed circalittoral rock’ (CR.HCR.DpSp.
PhaAxi.). Based on the merged video codes (Table 5), merged
Multiview Class 1 is predominantly coincident with habitat
C. SIMPER analysis of the contents of the grab samples revealed
Scleractinia as the dominant contributor to the group similarity in
addition to Ananpagrus chiroacanthus. The group similarity as
described by SIMPER analysis of the epifaunal percentage cover was
due to the presence of P. ventilabrum and Quasillina brevis. Euclidian
distance based SIMPER based on the substrate derived from the
stills described contribution to group similarity as being attribut-
able to bedrock, sand, and cobbles.

Habitat D is typified by hard substrates dominated by mixed
boulders and cobbles, with assemblage diversity dominated by deep
sponge communities similar to habitat C. In common with habitat C,
video data from this province contains some component of soft
sediment, accounting for the relative success of grab sampling.
However, it has a much less significant representation of bedrock
dominated video codes than the previous habitat (Table 6). Habitat D
was a strong match for merged Multiview class 3 based on the cross
tabulation with the habitat coded video (Table 6). The group simi-
larity based on biotic percentage cover was based on P. ventilabrum,
Hymedesmia paupertus and Axinella infundibuliformis. Similar results
from analysis of the grab contents describe a group similarity based
on contributions from Bryozoans, Spiophanes kroyeri and Sabellides
octocirrata. Analysis of the substrate by SIMPER based on Euclidian
distance showed group similarity within the stills ground-truth data
composed of; bedrock, sand, boulders and cobbles. Similar to habitat
C, the JNCC biotope (Connor et al., 2004) matched most closely to this
habitat was ‘P. ventilabrum and A. sponges on deep, wave-exposed
circalittoral rock’ (CR.HCR.DpSp.PhaAxi.).

4. Discussion

The most elusive objective of benthic habitat mapping is the
development of a statistically robust method to direct ground-
truth effort for unsupervised classification. While the necessity for
ground-truth data is undisputed, the acquisition of these data is
often expensive and time-consuming. Allied to this, increased
resolving capacity of acquisition sensors and associated increases
in acquired data volumes is further driving the necessity for
a means of automating the classification of sonar data (Lurton and
Pouliquen, 1992; Mitchell and Hughes-Clarke, 1994; Blondel et al.,
1998; Calder, 2003).

More traditional methods of habitat mapping involve manual
segmentation of slant-range corrected backscatter mosaics (e.g.
Reed and Hussong, 1989; Brown et al., 2002; Cochrane and Lafferty,
2002). The automation of this segmentation, moving towards
a meaningful provincial classification is thus an attractive and
potentially labour-saving prospect (Blondel, 2002). However, in
order for the classification to have real world significance, it must
be substantiated by geo-spatially and temporally relevant ground-
truth data, of comparable resolution to the scale of the features
being mapped. In the context of this study, it is plausible to consider
the ground-truth data as occurring at a spatially disparate range of
resolutions. In the following discussion, the results of the Multiview
classifications are examined in the context of the three ground-
truthing methods (video, stills and grab samples), to demonstrate
the most relevant scale at which a valid comparison is possible.

4.1. Evaluation of QTC-Multiview

This study demonstrates a robust method for objective
segmentation of MBES data of relevance to habitat mapping. Using
QTC-Multiview, the selected scale for classification produced
a meaningful, fully replicable and objective segmentation of the
Stanton 4 study area. The level of classified detail defined by the
ACE mechanism was not able to be fully tested owing to a lack of
representative ground-truth data in each segmented zone. Using
the ground-truth data available, only a finite number of the defined
classes were able to be qualified, and some of these had low
numbers of replicates (Table 2). Nonetheless, the merging of classes
based on the position of their cluster in 3-D vector space helped to
increase the validity of the biological agreements in the ground-
truth data (Table 6). In order to fully test the biological validity of
the ACE-derived classification, the ground-truth data would have to
be obtained on the basis of Multiview segmented backscatter
imagery. QTC-Multiview represents a significant move towards
computer-assisted segmentation of MBES data. However, although
the process of ground-truthing an acoustic segmentation may be
acceptable for the production of sediment classification maps, it is
a gross oversimplification of the complex nature of benthic habitats
(Diaz et al., 2004). The validity of imposing acoustically derived
provincial boundaries on biological assemblages is acknowledged,
as certain types of habitats do lend themselves more readily to
being resolved by acoustics, although tend to be over-represented
in the literature, e.g. biogenic reef structures, kelp habitats (Wildish
et al., 1998; Fosså et al., 2002; Franklin et al., 2003; White et al.,
2003; Kostylev et al., 2003; Roberts et al., 2005). Irrespective,
habitats may not correlate well with benthic structural elements as
suggested by the few studies which have used abiotic features as
habitat proxies (Stevens and Connolly, 2004; Zajac, 2008).

In terms of errors associated with data acquisition and condi-
tioning, the low ping rate (1 Hz) and relatively high speeds
(4.1 m s�1) of the MBES survey used in this study potentially
compromised the effectiveness of the Multiview classification, as it
restricted the minimum extent of the along-track rectangle
dimension to 38.0 m. In hindsight, it would be preferable to
increase the ping rate or reduce the vessel speed to ensure more
equivalent data resolutions in both track dimensions.

The interpolation process in Clams lost much of the validity of
the original classified file (Fig. 6c). Stricter interpolation parameters
could have been employed if the image compensation had been
more effective at removing range-dependent artefacts or if
ineffectively compensated ranges had been excluded from the
classification process.

4.2. Comparison of the ground-truth methods

Retrospective comparison with multivariate analyses of ground-
truth data determined that the biological validity of these
segmentations may be less valid. On the whole, the results of
SIMPER analysis of the stills imagery were low within merged
Multiview classes represented by this form of ground-truthing.
These results demonstrate that the most similar within-class
identities observed were those of merged class 4 (Table 6). However,
this similarity was based on the use of abiotic proxies for compar-
ison of infaunal assemblage structures. Additionally, in order for
these results to form the basis for a fair and valid comparison, an
equal number of replicates would have to be obtained for each
respective Multiview class. Percentage similarity (SIMPER) of
within-class substrate had potentially misleading values, as there



Table 6
Synthesis of results. This table describes the dominance and occurrence of Multiview classes and video codes occurring in each of the final habitat classifications. Summary results of SIMPER analysis of grab samples and stills
photographs are also included. A representative image from each habitat classified is included for both the grabs (upon recovery) and the stills images. The closest approximation of JNCC biotope is suggested for each of the
classifications.

C.M
cG

onigle
et

al./
Estuarine,Coastal

and
Shelf

Science
81

(2009)
423–437

434



Fig. 6. Final classification. a) Merged Multiview classification results contributing to interpolation draped over a 7 m grid size bathymetric DTM [�5 vertical exaggeration]. b)
Classified ground-truth data by habitat coded video segments, merged using the Multiview results. Each video transect is surrounded by 100 m buffer to facilitate visual identi-
fication. Grabs have been coded by values extracted from the acoustic classification. c) Final habitat map for Stanton 4. Habitat codes correspond to values in Table 2. Depth-
dependent artefacts have been manually removed from portion of this area (Habitat D only).
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was no means of weighting the significance of individual values to
benefit physically similar substrates. Resultantly, the Euclidian
distinction between sand and bedrock was as numerically valid as
that between pebbles and cobbles. With the exception of merged
Multiview class 6, all classes and resultant habitats were composed
of mixed substrates, which all had uniformly high distances, while
homogeneous substrates (merged class 6) returned values of zero,
indicating 100% internal similarity. A similar situation was evident
from comparison of the results of the grab samples (Table 6). The
overall trend was for a lower level of similarity than the stills
component of the ground-truth data. The highest and lowest
similarity values based on the grab samples result from the merged
Multiview classes with the highest and lowest numbers of replicates
(Table 6). The grab samples did, however, help to clarify some of the
ambiguity caused by the use of abiotic proxies from the image data.
Comparison between the ground-truth methods showed that the
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relatively high similarity observed in the stills images for merged
Multiview class 4 (Habitat A) was validated by the contents of the
grab samples from the same acoustic unit (Table 6). Therefore, the
results of these analyses support the retention of merged classes 2
and 6 (Habitats A* and A** respectively [Table 6]), although the
within merged class similarity for habitat A** was based a markedly
lesser number of replicates (3 samples).

In any habitat mapping study, the pertinent task is to find
a means of ground-truthing acoustic data at a scale appropriate to
the segmentation in order to result in a meaningful classification.
This introduces the question of the scale, shape and positional
accuracy of the features to be resolved. Using the interpolation
parameters at the processed settings, features <20 m2 in size will
not be recognised in the analyses, in addition to the loss of small,
spatially heterogeneous aggregations of classified cells.

Although the spatial scale of the grab samples (0.1 m2) repre-
sents the most discrete point sampling method, the positional
accuracy of the sampling station (w10 m) was low relative to the
instrument footprint. Although this margin for error may mean less
when sampling from the centre of features identified by Multiview
as acoustically homogeneous areas (QTC, 2005), it is worth
remembering that the ground-truth component of this survey was
conducted independent of the Multiview analysis, directed by
a manual segmentation of the backscatter mosaic (Fig. 2c). In terms
of assemblage composition, the grab samples had a low level of
similarity when clustered according to individual Multiview classes.
The strength of this agreement was improved by the merging
process which resulted in the amalgamation of those classes whose
samples had weakest biological similarities on the basis of their Q-
spatial proximity (Tables 3 and 6). The stills imagery derived from
the plan view 35 mm transparencies are comparatively high-reso-
lution point sampling in terms of the total image footprint (w1 m2),
with individual digitised pixels on the order of 0.35 mm. The
benefits of this resolution are partially compromised by positional
inaccuracies in terms of the sampling locations related to the stills
data. As ground-truthing was conducted independently of Multi-
vew analysis, several classes identified by the software are poorly
represented. Multivariate analysis of the biological assemblages
derived from the stills imagery revealed low overall similarities
within Multiview classes (Table 3).

Video footage collected concurrently with the 35 mm stills
functioned as an additional context between the photographic
point samples. The field and angle of view were largely constant,
but this was heavily dependent on sea state and the rate of change
in bottom topography. The ROV footage collected was excellent
quality with high spatial accuracy, although as a single transect
with variable altitude and field of view, it was of limited use for the
purposes of quantifiable data extraction. Video data from MI on RV
Celtic Voyager was adequate for broad-scale descriptions of
substrate and large epifaunal species, but lacked comparable
resolution to the stills data. The trends evident in the video data
strongly support the results of the SIMPER analysis of the stills
imagery (Table 6), irrespective of the fact that >50% of the total
video data have no corresponding stills imagery. In spite of these
issues, the video data collected was the most useful of all the data
formats from the point of comparison with the acoustics, particu-
larly with respect to the level of class representation and issues of
appropriate scale. Video data was collected at a speed determined
by that of the drifting vessel (0.5 m s�1 avg.), divided into 30 s
segments on the basis of the ground covered and field of view
(15.1�w1 m avg.). This provided the best approximation to the
rectangular dimensions of the FFV (38� 8.1 m), and ultimately the
raster cells representing those rectangles (20� 20 m).

Generally, the complexity of infaunal and epifaunal assemblage
structures at the study site is not particularly well represented by
any of the ground-truthing methods. Furthermore, it is difficult to
confidently substantiate this variance due to the irregular distri-
bution of the samples across merged Multiview classes. However,
this does not invalidate the level of detail described by grab and
stills data. In contrast, it serves to demonstrate their validity, and
the necessity for an integrated method of ground-truthing acoustic
data. It may be that these data are of too fine-a-scale for appropriate
comparison with the acoustics, and that broad-scale coverage by
plan-view video survey may be the most valid way of bridging that
gap. Video data collected in this manner may be more useful at
providing a spatially and scale-appropriate classification which can
be supplemented by additional higher-resolution imagery from
point sampling methods such as stills imagery, and grab sampling
for softer sediments. This broadly concurs with recent similar
studies (e.g. Brown and Collier, 2008). It additionally supports the
hypothesis that biological assemblages may not pay heed to
acoustically derived segmentations, and furthermore that an
acoustically valid segmentation may actually support similar
benthic assemblages. Therefore, the approach presented in this
study represents a robust way to determine the biological validity
of acoustic segmentations. This is achieved using a multi-technique
approach, which takes into account physiographic differences in
benthos, with the mode of acquisition being determined by the
physical properties of the seafloor environment; grab sampling
(infauna), stills imagery (epifauna) and video data (broad-scale
division of habitat characteristics). Using this approach, the final
objective of the production of a benthic habitat map has been
achieved through the synthesis of results presented in Fig. 6 and
Table 6, based on the results discussed above.

5. Conclusions

QTC-Multiview has been critically evaluated as a result of this
research. At the settings tested, the software performed an effective
segmentation of a topographically and texturally complex area. The
software therefore represents a move towards the achievement of
a repeatable, objective and most importantly meaningful method
for the segmentation of MBES data. In terms of substantiating the
results of the QTC analysis, video data was determined as the most
appropriate method of biologically ground-truthing the acoustic
data, as the level of distinction supported by more refined methods
of ground-truthing resulted in largely similar observations. Spec-
ulatively, if the ground-truth component of the survey had been
carried out on a targeted Multiview classification, the agreement
observed may have been more conclusive. However, on the basis of
the comparisons with existing ground-truth data, the processing of
MBES data collected at Stanton 4 using QTC-Multiview has
produced encouraging results. Using the method described, QTC-
Multiview performs a vital function in this study. The achievement
of the final result is however the product of a cumulative effort
drawing on a range of platforms using a variety of different tech-
niques. This study highlights one such technique focussing on the
application of multidisciplinary skills to arrive at a working solu-
tion. It is envisaged that this work will be of benefit to other QTC-
Multiview users or other researchers classifying acoustic imagery
for validation by comparison with ground-truth data for the
production of seafloor habitat maps.
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