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Abstract The establishment of multibeam echosounders
(MBES) as a mainstream tool in ocean mapping has facili-
tated integrative approaches towards nautical charting, ben-
thic habitat mapping, and seafloor geotechnical surveys.
The bathymetric and backscatter information generated by
MBES enables marine scientists to present highly accurate
bathymetric data with a spatial resolution closely match-
ing that of terrestrial mapping, and can generate customized
thematic seafloor maps to meet multiple ocean management
needs. However, when a variety of MBES systems are used,
the creation of objective habitat maps can be hindered by
the lack of backscatter calibration, due for example, to sys-
tem-specific settings, yielding relative rather than absolute
values. Here, we describe an approach using object-based
image analysis to combine 4 non-overlapping and uncali-
brated (backscatter) MBES coverages to form a seamless
habitat map on St. Anns Bank (Atlantic Canada), a marine
protected area hosting a diversity of benthic habitats. The
benthoscape map was produced by analysing each cover-
age independently with supervised classification (k-nearest
neighbor) of image-objects based on a common suite of 7
benthoscapes (determined with 4214 ground-truthing pho-
tographs at 61 stations, and characterized with backscat-
ter, bathymetry, and bathymetric position index). Manual
re-classification based on uncertainty in membership values
to individual classes—especially at the boundaries between
coverages—was used to build the final benthoscape map.
Given the costs and scarcity of MBES surveys in offshore
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marine ecosystems—particularly in large ecosystems in
need of adequate conservation strategies, such as in Cana-
dian waters—developing approaches to synthesize multiple
datasets to meet management needs is warranted.

Keywords Multibeam echosounder - Backscatter -
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Introduction

Marine benthic habitat mapping aims to identify homogene-
ous and typically discrete regions of the seafloor based on
biophysical characteristics, such as topography, sediment
types, and the presence of biological structures (Roff et al.
2003; Brown et al. 2011). This approach relies on continuous
environmental data, which are now commonly available with
the development of acoustic remote sensing technologies—
e.g. sidescan sonars and multibeam echosounders (Kenny
et al. 2003)—collecting information on the geomorpholog-
ical features and reflectivity (backscatter) of the seafloor,
sometimes at very fine scales (<1 m) over broad areas. Ben-
thic habitat maps are increasingly used in marine spatial
planning, since they facilitate the management of marine
resources (Pickrill and Todd 2003; Brown et al. 2012), and
the development of conservation strategies (Jordan et al.
2005; Copeland et al. 2013; Neves et al. 2014; Young and
Carr 2015).

Backscatter intensity is most commonly collected using
multibeam echosounders (MBES), the latter being most
commonly used to build habitat maps covering wide por-
tions of the seafloor. With swath systems, backscatter inten-
sity depends on the characteristics of the seabed and on the
grazing angle of the beams. However, calculating the target
strength (backscatter) of the seafloor from swath acoustic
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systems, is complex (Lurton and Lamarche 2015). The
measured strength of the acoustic reflectivity of the target
(i.e. seafloor) is a combination of many factors, including
but not limited to: operating frequency and pulse length
of the system; ensonification geometry; signal attenuation
through the water column; and interaction of the sound wave
with the sediment over the footprint of the ensonified area
(sediment interface and volume scattering). Many of these
variables are unknown at the time of survey. Performing
radiometric and geometric corrections to generate corrected
backscatter mosaics for use in down-stream habitat mapping
studies therefore involves a number of assumptions. Com-
plicating matters, there are no standards for sonar manufac-
turers and post processing software providers for recording
and performing corrections on the backscatter values (see
Lurton and Lamarche 2015, for an in depth description of
measurement).

Despite these challenges, acoustic backscatter plays a
central role in benthic habitat mapping as it correlates with
the composition of the seafloor, and sometimes with associ-
ated biological attributes (reviewed in Brown et al. 2011),
even with imprecise geometric and radiometric corrections.
For example, stronger backscatter returns typically indicate
a hard substrate or rough seafloor (e.g. bedrock, boulders,
cobble, consolidated sand, biogenic reefs), whereas weak
backscatter returns typically indicate a soft seafloor (e.g.
fine-grain sediment, such as silt, clay, mud) (Collier and
Brown 2005; Brown and Collier 2008; McGonigle and Col-
lier 2014), or a smooth seafloor, except at or close to the
nadir. There are a large number of published scientific stud-
ies demonstrating how expert and statistical interpretation
(image processing) methods can use backscatter, often in
combination bathymetry and bathymetry-derived variables
(e.g. seafloor slope, curvature etc.), to generate useful sea-
floor maps (e.g. Huvenne et al. 2002; Lucieer and Lamarche
2011; Brown et al. 2012; Lucieer et al. 2013).

Acquisition and processing of backscatter intensity to
form backscatter mosaics typically yield relative rather
than absolute values of intensity. In contrast to bathymetric
measurements, there currently is no consensus on stand-
ardizing the reliability of backscatter intensity (measured
in decibels) (Lurton and Lamarche 2015). Additionally,
field acquisition practices, often optimized for the qual-
ity of bathymetric data, can result in non-optimal system
changes that impact backscatter measurements (e.g. static
and time-varying gains, source levels, and the sensitivity
and beam patterns during transmission and reception; Lurton
and Lamarche 2015). Independently of the various systems,
survey conditions, such as vessel speed, overlap of survey
lines (McGonigle et al. 2010), and transmission loss due to
the characteristics of the water column (estimated using tem-
perature and salinity profiles) affect raw backscatter intensity
and must be corrected. To form the final backscatter mosaic,
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the ensonified area of the seafloor varying with the beam
angle, and the angular response referenced at an arbitrarily-
chosen incidence angle are also accounted for. Standardiza-
tion during the acquisition and processing of backscatter
intensity between surveys is currently advocated, but not
yet commonly applied. Calibration of backscatter intensity
is necessary for measurement accuracy and repeatability of
surveys, but this lack of calibration is often neglected despite
its impact on backscatter measurements. For robust quanti-
tative analyses, confounding factors (outlined above) must
be controlled for, resulting in backscatter intensity being
only dependent on system frequency, grazing angle at the
seafloor, and characteristics of the seabed. Minimally, a pro-
posed practical solution of backscatter calibration is using
reference target areas with tank-calibrated echosounders
(i.e. under controlled conditions).A lack of calibrated out-
puts currently limits the potential use of backscatter intensity
collated from multiple non-overlapping acoustic surveys in
habitat modelling of marine ecosystems. Although qualita-
tive (and relative) analysis is possible, quantitative (statisti-
cal) analysis requires comparable data measured on a similar
scale to be meaningful. This affects monitoring surveys (e.g.
assessing temporal change in conditions between surveys in
a same area), and spatial comparisons of similar habitats in
different areas, and within a single area with varying surveys
(e.g. Brown et al. 2012). In offshore marine environments,
uncalibrated acoustic backscatter datasets are common, and
while standardization should be encouraged in future sur-
veys, new approaches must also be developed to maximize
the use of previously-acquired legacy datasets.

The objective of this study is to propose, develop and
test an approach using benthic habitat mapping principles
to build a single seamless map of the distribution of seabed
characteristics on an Atlantic Canadian shelf bank based
on non-overlapping contiguous MBES surveys acquired
over multiple years with different systems. The discussion
focuses on presenting details on how to assess the valid-
ity of the resulting map, by (1) assessing the accuracy of
the habitat classification used, and (2) commenting on the
overall confusion between habitat classes in the final map.

Data acquisition and methods
Study area

St. Anns Bank is located off the eastern coast of Nova Sco-
tia (Atlantic Canada), with its westernmost boundary lying
~16 km east of Cape Breton, and its easternmost boundary
being adjacent to the Laurentian Channel that connects the
Gulf of St. Lawrence to the Atlantic Ocean (Fig. 1). The area
surveyed in this study includes the bank and areas extend-
ing into deeper waters of the Laurentian Channel (depth
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Fig. 1 a St. Anns Bank off eastern Nova Scotia (Atlantic Canada). Depth contours are shown in dark grey (100 and 200 m) and light grey (50
and 150 m). The grey box indicates the survey area. b St. Anns Bank within Atlantic Canada

range of ~20-275 m), with a total surveyed surface area of
2870 km?. Due to the range of bathymetric features present
in the area (e.g. bank, ridges), St. Anns Bank is thought to
host a diversity of benthic habitats (DFO 2012), which led
to its designation as a Marine Protected Area under Canada’s
Oceans Act in 2017.

Multibeam echosounder surveys

Four acoustic surveys were conducted in the study area using
different MBES systems (Fig. 2; Table 1). In 2010, the Cana-
dian Hydrographic Service (CHS) conducted surveys from
the CCGS Matthew using a Kongberg EM710 MBES system
(70-100 kHz). Additional data were collected by CHS at the
site using the same platform and system in 2011. In 2010,
CHS also operated two survey launches, the CSL Plover
and CSL Pipit, each fitted with a Kongberg EM3002 MBES
system (300 kHz), acquiring data over the shallower regions
of St. Anns Bank during the same time period as the CCGS
Matthew surveys. In 2012, CHS conducted surveys in the
western and southern regions of the site from the CCGS
Creed using a Kongberg EM1002 MBES system (95 kHz).
Finally, a survey was conducted in 2013 under contract to
Fisheries and Oceans Canada, by private industry from the

M/V Dominion Victory using a pole-mounted Reson 7111
multibeam sonar (100 kHz). Backscatter was recorded from
each MBES without conducting or applying any absolute or
relative signal calibration (i.e. using the backscatter signal
recorded directly by the sonar). Bathymetry and backscatter
of each coverage were processed independently with Fleder-
maus/FMGT using default settings, and rendered as mosaics
with a 5-m horizontal grid resolution. For analyses—given
our spatial scale of interest in the study area (kms to 10 s
of kms)—mosaics were upscaled to a horizontal resolution
of 50 m.

Benthic photographic ground-truthing surveys

Benthic photographic surveys were performed on St. Anns
Bank aboard the R/V Strait Signet in November 2013 (33
stations) and aboard the R/V Strait Explorer in September
2014 (14 stations). During both surveys, a drop-camera sys-
tem equipped with a 10 Megapixel Kongsberg OE14-408
Underwater Digital Stills Camera with integrated lasers
(16-cm apart) and video cameras was used. At each sta-
tion, a linear transect (200-500 m) was performed along the
seafloor at an altitude of 1-2 m, yielding between 34 and
110 usable photographs per station. Photographs were taken
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Fig. 2 Bathymetry (a) and
backscatter intensity (b) on St.
Anns Bank (Atlantic Canada).
Backscatter intensity was
mosaicked for the 4 multibeam
echosounder systems (EM1002,
EM3002, EM710, Reson

7111). Horizontal resolution:

50 m. Also shown are the
groundtruthing stations where
benthic photographic surveys
were performed. Surveys were
conducted along transects at

61 stations using drop-camera
systems. At most stations (47),
linear transects (200-500 m)
were performed at an altitude of
1-2 m. Additional opportunistic
imagery from Fisheries and
Oceans Campod (5 stations) and
the Natural Resources Canada
Deep Imager (9 stations) was
included in the analyses. Details
on the camera systems are
specified in the text. [WGS84
UTM 21IN]

Depth (m)
23

@ Groundtruthing stations

Intensity
High

Table 1 Specifications of multibeam echosounder (MBES) surveys conducted on St. Anns Bank (Atlantic Canada)

System Year Surveyor Ship Frequency (kHz)
Kongsberg EM710 2010-2011 Canadian Hydrographic Service CCGS Matthew 70-100
Kongsberg EM3002 2010 Canadian Hydrographic Service CSL Plover; CSL Pipit 300

Kongsberg EM1002 2012 Canadian Hydrographic Service CCGS Creed 95

Reson 7111 2013 Fisheries and Oceans Canada/private M/V Dominion 100

industry

based on real-time observations through a video feed aboard
the ship to capture the variability in seafloor features. No set

time or distance was used in the surveys. All photographs

@ Springer

were georeferenced by calculating offsets from the surface
positioning system.
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Additional imagery available in the area from previ-
ous surveys was incorporated into analyses. Five stations
were included from a 2009 survey aboard the CCGS Hud-
son using the drop-camera 4KCam (Geological Survey of
Canada; 3 stations) and Campod (Fisheries and Oceans
Canada; 2 stations). The 4kCam houses a Canon Rebel Eos
Ti 12 megapixel camera triggered automatically when the
system touches the seafloor. Campod is an instrumented tri-
pod equipped with a downward-facing Nikon D300 12 meg-
apixel camera (Gordon et al. 2007). Nine stations were also
included from the 2010 survey aboard the CCGS Matthew
using the Natural Resources Canada Deep Imager drop cam-
era system fitted with a Sony 520CX HD video/still camera
and lights.

In total, 4214 images from 61 stations were used in analy-
ses (Fig. 2a). Stations were selected to sample bathymetric
and backscatter features of interest (i.e. banks, troughs, chan-
nels, basins) in the study area.

Benthoscape classification

‘Benthoscapes’—akin to terrestrial landscapes—represent
broad bio-physical characteristics of the seafloor, and are
characterized by dominant substrate types, the presence of
bedforms (e.g. ripples) and/or distinct organisms (Zajac
et al. 2003; Brown et al. 2012). In this study, 7 benthoscapes
were identified using the groundtruthing images (Table 2;
Fig. 3). Identifying the suite of benthoscapes thus relied
on features captured at a local scale (images along photo-
graphic transects), but represented the breadth of habitats
observed on St. Anns Bank, while minimizing the num-
ber of benthoscapes for ease of interpretation. Each image
was classified with a single benthoscape (characteristics of
each benthoscape are listed in Table 2). The 7 benthoscapes
were: (A) mud; (Asp) mud with visible seapens; (B) grav-
elly sand/mud, <50% coverage cobbles/gravel; (C) glacial
till—images with mixed sediments of cobbles, gravel and
sand. (D) glacial till in the photic zone—images with mixed
sediments of cobbles, gravel and sand, with visible coralline

algae attached to the hard substrata; (E) gravel with crinoids;
(F) sand with dense sand dollars.

Initial benthoscape mapping using object-based image
analysis

Object-based image analysis (OBIA) was used to build
a benthoscape map of St. Anns Bank using the software
eCognition v9.1. OBIA aims to identify regions of homo-
geneous spectral features through segmentation of an image,
and subsequently assigning distinct classes to the resulting
‘image-objects’ (its use in remote sensing studies is reviewed
in Blaschke 2010). The method has been previously applied
in benthic habitat mapping as an alternative to the pixel-
based classification approach (Lucieer 2008; Lucieer and
Lamarche 2011; Lucieer et al. 2013; Diesing et al. 2014).
The OBIA approach was applied on the bathymetry and
backscatter intensity data layers at a 50-m pixel resolution of
each of the 4 MBES systems (EM710, EM3002, EM1002,
Reson 7111) independently, hence initially resulting into 4
non-overlapping benthoscape maps. Segmentation of the
acoustic data layers was carried out in eCognition using
multiresolution segmentation, a bottom-up segmentation
approach where image-objects are merged iteratively to form
larger image-objects. In eCognition, merging is based on
the homogeneity criterion (or ‘minimized heterogeneity’),
which is equally defined with the properties (backscatter
intensity and bathymetry in this study) and shape (smooth-
ness and compactness) within and between image-objects.
Homogeneity in the properties is based on their standard
deviation; therefore, a high properties homogeneity criterion
is indicative of high heterogeneity. The relative importance
of each layer in determining properties homogeneity during
the segmentation process can be adjusted in the software.
Given the objectives of the study, backscatter intensity was
given twice the weight of the bathymetry to place more
emphasis on substrate composition, rather than local vari-
ability in depth. Merging occurs when mutual ‘best-fitting’
neighbors do not exceed (jointly) a maximum defined value

Table 2 Benthoscape classes

used on St. Anns Bank (Atlantic Benthoscape Biophysical characteristics # of images Mean depth (m) [range]
Canada) A Mud 813 139 [89-197]

Asp Mud with seapens 243 243 [218-272]

B Gravelly sand/mud; <50% cobbles/ 524 129 [57-213]

gravel

C Till >50% cobbles/gravel 1115 94 [62-195]

D Till with coralline algae 956 52 [33-62]

E Gravel with crinoids 216 84 [75-97]

F Sand with sand dollars 347 64 [51-91]

Mean depth (and range; m) was extracted from the bathymetry obtained from the MBES (horizontal reso-

lution: 50 m)
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Fig. 3 Digital images representative of each benthoscape on St. Anns Bank. a mud, Asp: mud with seapens, b gravelly sand/mud; <50% cob-
bles/gravel, ¢ Till >50% cobbles, gravel, d Till with coralline algae, e gravel with crinoids, f sand with sand dollars

of the homogeneity criterion (the ‘scale parameter’). There-
fore, higher values of the scale parameter allow greater het-
erogeneity and consequently larger image-objects. In this
study, we used a scale parameter of 15, and shape/compact-
ness parameters set to default values (0.1 and 0.5, respec-
tively). Based on visual interpretation, the scale parameter
was judged adequate to capture features of interest at the
scale of the study, such as delineating areas of hard, mixed
and soft sediments (>1 km to 10-km length scale). While
derived variables of bathymetry (e.g. aspect, slope, curva-
ture) and backscatter intensity (e.g. texture) can be included
as additional layers informing image segmentation in eCog-
nition, we focused on the primary acoustic data layers (e.g.
bathymetry and backscatter) to minimize the propagation of
uncertainty during segmentation. This approach is also con-
sistent with previous studies utilizing OBIA with acoustic
surveys (Lucieer 2008; Lucieer and Lamarche 2011; Lucieer
et al. 2013; Diesing et al. 2014; Montereale-Gavazzi et al.
2016). Hence, derived variables were used for classification
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only (outlined below). The effect of the inclusion of addi-
tional (derived) layers in segmentation is outside of the
scope of this study.

Classification of image-objects into benthoscapes was
performed using a nearest neighbor supervised scheme
based on the 7 benthoscape classes. Image-objects acting
as ‘samples’ of benthoscape classes were identified when
overlapping with ground-truthing images. At most sta-
tions (80%), only 1 benthoscape class dominated, while 2
benthoscapes were observed at the remaining stations. In
the latter case, neighboring image-objects were selected as
samples of each benthoscape (based on different features
in the bathymetric and backscatter datasets) to reflect the
co-occurrence of the 2 classes. The scale of the mapping
unit used in the study (horizontal resolution of 50 m) and
the size of the resulting image-objects (average size rang-
ing from 1.2 to 1.6 km? between coverages, with a common
standard deviation of ~1 km?) were thus deemed appropriate
to capture the variability of features of interest (>1 km to
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10-km length scale), and identify benthoscapes at the scale
of the study area.

Properties of image-objects were computed within eCog-
nition and used for classification. The initial feature space
included 7 variables: mean and standard deviation of the
acoustic data layers (bathymetry and backscatter intensity),
as well as means of derived terrain variables (slope, pro-
file curvature, and bathymetric position index with a radius
of 500 m). Derived terrain variables were computed using
the Benthic Terrain Modeler v3.0 in ArcGIS (Wright et al.
2012). The ‘Feature Space Optimization Tool’ (eCogni-
tion) was used to reduce the number of variables used for
classification. The tool selects the features (variables) that
maximize the average minimum Euclidean distance (stand-
ardized to the standard deviations of each variable) between
samples of benthoscapes in the feature space. The EM710
coverage (and associated samples) was used to calibrate the
feature space, since all 7 benthoscape were observed. The
final feature space included 5 variables: mean and standard
deviation of acoustic data layers (bathymetry and backscat-
ter intensity), and mean bathymetric position index (with a
radius of 500 m).

Each image-object was assigned a ‘membership value’
to each benthoscape class observed within a particular
MBES coverage. In eCognition, membership values ([0,1])
relate the distance between the features of individual image-
objects, and features of samples, after standardization (thus,
allowing features of varying range to be combined during
classification). However, unlike ‘fuzzy membership’, the
membership values in eCognition are not required to add
up to 1. An image-object can thus have high membership
values to different classes, if the samples of these classes
are in close proximity in the feature space. The minimum
membership value was set to 0.1 (default setting in eCogni-
tion). Image-objects with membership values lower than this
threshold were labelled as ‘unclassified’.

Final benthoscape map of St. Anns Bank

The 4 initial benthoscape maps were combined in the final
step of the analysis to produce a single benthoscape map
of St. Anns Bank. Manual re-classification was based on
(1) high confusion in membership values, defined as image-
objects with high membership values to different (usually
two) benthoscapes; (2) classification of neighbors, espe-
cially for ‘unclassified’ image-objects, (3) continuation of
benthoscape across the boundaries of the MBES coverages.

The properties of image-objects in the EM710 cover-
age (where all benthoscapes were present) of the final
benthoscape map were visualized with boxplots to determine
the relative role of each of the 5 environmental variables in
distinguishing benthoscapes.

Results
Image segmentation of St. Anns Bank

Overall, patterns in image-objects captured bathymetric fea-
tures and patterns in backscatter intensity on St. Anns Bank
(examples are given in Fig. 4). Coherence in the shape and
orientation of image-objects at coverage boundaries revealed
clear features on the seafloor (Fig. 4a, b). Patterns in the
shape of image-objects also overlapped closely with the tran-
sition between areas of relatively steep terrain (long, nar-
row image-objects) and flat terrain (compact image-objects)
within coverages with contrasting backscatter intensity
(Fig. 4c, d). Sensitivity analysis of the segmentation to the
parameters used in eCognition was outside of the scope of
this study, but should be undertaken in the future to reveal
optimal combinations of parameters based on the research
objectives.

Initial benthoscape map of St. Anns Bank

Four benthoscape maps were produced in the initial stage of
the analysis (Fig. 5).

For each benthoscape map, median image-object mem-
bership values were high (range: 0.72-0.91; overall median:
0.84), and overall, 82% of image-objects had membership
values higher than 0.60, and 58% above 0.80 (Table 3;
Fig. 6). The number of ‘unclassified’ image-objects was
overall low (range: 6-48 image-objects) and differed
between MBES coverages (Table 3). Clear ‘edge’ effects
were observed between the benthoscape maps, in particular
between the EM710 and Reson 7111 coverages at the con-
tinuation of the ‘Asp’ benthoscape (‘Mud with seapens’) in
the northeast portion of the map, since the latter benthoscape
had not been ground truthed in the Reson 7111 coverage
(Fig. 5). Other such effects were observed in the southern
portion of the map at the edge of the EM710 and EM1002
coverages. This region lacked ground-truthing images: for
example, only 1 image was labelled as ‘A’ (Mud) in the
EM3002 coverage, despite its obvious continuation from
the adjacent coverage.

Clusters of low membership values of assigned classes
(i.e. <0.50) were observed predominantly in 3 areas
(Fig. 7a). Two of these areas were located at the edge of
MBES coverages. The third area was located in the Reson
7111 coverage, which may be the results of (1) the influ-
ence of a large block of unclassified image-objects in the
Reson 7111 coverage, and proximity of the EM710 cover-
age, and (2) the relatively fewer ground-truthing samples
available in this coverage (n=3). In contrast, confusion
in the classification of image-objects—defined as high
membership values to more than 1 benthoscape—was
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Fig. 4 Image segmentation performed with eCognition (multiresolu-
tion segmentation, scale parameter: 15, shape: 0.1, compactness: 0.5)
on St. Anns Bank overlaid on bathymetry and backscatter. Sub-areas

observed within MBES coverages, mostly in the central
portion of the benthoscape map (EM710 coverage), pre-
dominantly in areas of confusion between benthoscape
‘C’ (Till >50% cobbles/gravel), ‘D’ (Till with coralline
algae), and B’(Gravelly sand/mud) (Fig. 7b). In other
areas, confusion often occurred at the boundary of the 2
distinct benthoscapes, such as in the eastern portion of the
map when transitioning from ‘Mud’ (‘A’) to ‘Mud with
seapens’ (‘Asp’) (Fig. 7b). These 2 maps (Fig. 7) were
used—aided by author interpretation—to guide the manual
re-classification of image-objects in the benthoscape map
to produce the final benthoscape map.
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Backscatter
intensity

shown are examples of (a, b) continuation from 3 MBES coverages
(EM710, EM1002, EM3002—boundaries shown with thick lines),
and (c, d) features present within the EM710 coverage

Final benthoscape map of St. Anns Bank

Manual re-classification was performed on 667 image-
objects (30.4% of the total amount of image-objects in the
initial map), 87 of these were previously ‘unclassified’.
Changes considered possible alternatives in image-objects
with low membership values, and when high confusion
was detected (i.e. similar membership values to multiple
benthoscapes). Author interpretation of the acoustic data
layers also supported the final classification of image-
objects when obvious mis-classification had occurred, and
where features had been poorly sampled. Changes from the
initial classification to final classification are summarized
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Fig. 5 Initial benthoscape maps combined from the 4 non-overlapping MBES surveys (outlined in pink). Examples of the effects of edges on the
continuation of benthoscapes between MBES coverages is shown in rectangles. [WGS84/UTM 21N]

Table 3 Results of initial segmentation and classification of image-
objects in 4 MBES surveys

MBES system Nb. image-  Nb. unclassified Median mem-
objects image-objects bership value

EM1002 375 12 0.72

EM710 1307 21 0.86

EM3002 102 6 091

Reson 7111 405 48 0.82

Membership values range between 0 and 1

in Table 4. The benthoscape classes ‘A’ (Mud), ‘D’ (Till
with coralline algae), and ‘C’ (Till >50% gravel/cobbles)
remained relatively unaltered (91, 93, and 95% of image-
objects, respectively remained in the same class). Propor-
tionally, image-objects of the least common benthoscapes
‘E’ (Gravel with crinoids’) and ‘F’ (Sand with sand dollars)
were changed most (30% and 18%, respectively). This is
expected since few samples of these classes were available.
The benthoscape ‘B’ (Gravelly sand/mud) proved difficult
to distinguish statistically from the other benthoscapes:
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o
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%
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Fig. 6 Boxplots of membership values from the initial classification
of 4 MBES surveys on St. Anns Bank. Outliers are shown with ‘x’,
and the overall median is represented as the dashed line. ‘Unclassi-
fied’ image-objects are not included

image-objects originally classified as such were manually
re-classified in 21% of the cases to all other benthoscapes,
with the exception of ‘E’ (Gravel with crinoids).
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Fig. 7 Summary of confusion
based on membership values

in the initial benthoscape map.
a Membership value of the
assigned class. b Difference
between the membership value
of the assigned class (in image-
objects with values >0.80) and
second highest membership
value. Outlines of the individual
MBES coverages are shown

Table 4 Summary of changes
between the initial classification
of the benthoscape map, and the
final classification

@ Springer

a Membership values

[ Unclassified
o 05
[ o5-06
| |os-07
[ J>07

b Difference in membership values

(second best)

I < 0.05

0.05-0.10

[ l>010

Original class Final class

A Asp B C D E F
A 0.91 0.03 0.03 0.02 0 0 0.01
Asp 0 1.00 0 0 0 0 0
B 0.06 0.01 0.79 0.10 0.03 0 0.02
C 0.01 0 0.01 0.95 0.03 0 0
D 0 0 0 0.07 0.93 0 0
E 0 0 0.25 0.05 0 0. 0
F 0.18 0 0 0 0 0 0.82
Unclassified 0.20 031 021 0.20 0.06 0 0.03

Proportion of image-objects not altered between the initial and final classification are shown in bold

See Table 1 for description of the benthoscape classes
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The final benthoscape map of St.Anns Bank showed a
dominance of hard substrate (pebbles, cobbles and gravel)
and mixed sediment. Till (>50% cobbles and gravel) and
Till with coralline algae composed ~52% of the benthoscape
map, while mud covered 29% of the map (Fig. 8). In contrast,
some benthoscapes were considered rare: the benthoscape
‘gravel with crinoids’ only occurred over 1% of the surface
area, while ‘sand with sand dollars’ occurred over 2% of the
surface area.

Relative role of environmental variables

The means of the acoustic data layers (bathymetry, backscat-
ter intensity) were the most important environmental vari-
ables distinguishing the benthoscapes (Figs. 9, 10). Some
benthoscapes had a narrow environmental range: ‘Asp’ (Mud
with seapens) was restricted to deeper depths with very low
backscatter intensity, while the opposite was true for ‘D’
(Till with coralline algae) and ‘E’ (Gravel with crinoids),
which were observed in shallow waters only, coupled with
high backscatter intensity (Fig. 9a, b). Bathymetric variabil-
ity was apparent in benthoscape ‘C’ (Till >50% cobbles/

310000 325000

59°20'0'W

gravel), both between image-objects (Fig. 9a, e) and within
image-objects (Fig. 9c). While mean backscatter intensity
was constant in ‘C’ (Fig. 9b), some image-objects showed
high internal variability (Fig. 9d). Variability in all variables
was high for the benthoscape ‘A’ (Mud). Some variables had
a narrow range of values within benthoscapes (mean depth,
standard deviation of depth, mean bathymetric position
index), but numerous clear outliers were detected (Fig. 9a,
c, e). Alternatively, a wide range of backscatter intensity
values (mean and standard deviation) were observed within
benthoscapes (Fig. 9b, d). The benthoscape ‘F’ (Sand with
sand dollars) was observed on shallow, flat areas, but had a
wide range of mean backscatter intensity, and high internal
variability within image-objects. Lastly, little variability
in mean bathymetric position index was detected between
benthoscapes, with the exception of ‘E’, which had greater
values than the overall median in the study area (Fig. 9e).
Benthoscape clusters were described for the first 2 most
important environmental variables (mean bathymetry and
mean backscatter intensity within image-objects; Fig. 10).
The clear separation of ‘Asp’ (Mud with seapens) in rela-
tion to other benthoscapes explains the low confusion
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Fig. 8 Final benthoscape map of St. Anns Bank collating bathymetry and backscatter intensity of 4 non-overlapping coverages performed with
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«Fig. 9 Boxplots of environmental variables used to generate the
benthoscape classification (a—e). Values are extracted from the
EM710 coverage in the final benthoscape map (total n=1304; 3 clear
outliers were removed). (A) mud (n=>538); (Asp) mud with seapens
(n=75); (B) gravelly sand/mud (n=207); (C) Till >50% cobbles/
gravel (n=366); (D) Till with coralline algae (n=91); (E) gravel
with crinoids (n=14); (F) sand with sand dollars (n=13). Horizontal
dashed lines represent overall medians among all benthoscapes

associated with this benthoscape (Fig. 10; Table 3). In con-
trast, the broad environmental range of benthoscapes ‘A’
(Mud) and ‘B’ (Gravelly sand/mud) can partially explain
confusion with 4 other benthoscapes for the former, and
5 other benthoscapes for the latter (Fig. 10; Table 3). The
benthoscapes ‘C’ (Till >50% cobbles/gravel), ‘D’ (Till with
coralline algae), and ‘E’ (Gravel with crinoids) almost fully
overlapped with ‘B’, suggesting the potential crucial role
of the remaining environmental variables in distinguishing
these benthoscapes: sporadic high bathymetric variability for
‘C’ (standard deviation of depth), low variability in back-
scatter intensity for ‘D’ (standard deviation of backscatter
intensity), and higher mean bathymetric position index for
‘E’ (Fig. 9).

Discussion

The objective of this study was to combine MBES bathym-
etry and uncalibrated backscatter acoustic layers from 4
non-overlapping surveys to build a single habitat map on
St. Anns Bank. To achieve this, a supervised classification
scheme was used on the individual datasets with a com-
mon suite of benthic classes (‘benthoscapes’) determined
with photographs of the seabed (e.g. Brown et al. 2012).
The proposed approach of first classifying each multibeam
sonar coverage separately, and then combining the classi-
fied results to generate a seamless benthic habitat map was
demonstrated to work successfully.

In habitat mapping, supervised classification relies on an
adequate initial set of benthoscapes readily distinguishable
with acoustic data layers (backscatter, bathymetry), since
habitats that are not captured by in-situ ground-truthing
data cannot be effectively mapped. On St. Anns Bank,
benthoscapes could be discerned reasonably well. Member-
ship values in the initial classification were high, and confu-
sion between benthoscapes was mostly observed between
those more similar to each other. The acoustic signatures of
some benthoscapes might be too subtle to be captured at the
scale of the grid size used in the study (50 m). For exam-
ple, the presence of coralline algae would likely be difficult
to capture with acoustic backscatter data, hence explaining
why the benthoscapes ‘C’ (Till >50% cobbles/gravel) and
‘D’ (Till with coralline algae) were best differentiated by
depth, with the latter being mostly found within a narrow

range of shallower depths than ‘C’. Similarly, the acoustic
signature of mixed sediment is difficult to identify (Diesing
et al. 2014; Calvert et al. 2015). The relationship between
acoustic backscatter and sediment particle grain size has
been demonstrated, but its reliability tends to be diminished
at intermediate mean particle grain size associated with
intermediate values of backscatter (Collier and Brown 2005;
Brown and Collier 2008). Thus, it is not surprising that the
acoustic signature of the benthoscape “B” (Gravelly sand/
mud; <50% cobbles/gravel) was most often confused with
those of benthoscapes A (Mud) and C (Till >50% cobbles/
gravel), and most likely reflects a limitation of acoustic data
to distinguish between discrete (and arbitrarily-defined)
benthoscapes at the grid size used in the study (i.e. 50 m).

Multibeam operating frequency and the ability to dis-
criminate differences in seafloor benthoscape characteristics
is another factor requiring careful consideration. Acoustic
penetration into the seafloor in regions of soft sediment is
dependent on system operating frequency (e.g. Hillman
et al. 2017). Signal penetration of lower frequency sys-
tems (e.g. EM710, EM1002, Reson 7111) will be greater
than for higher frequency systems (e.g. EM3002), and also
dependent on specific substrate characteristics (e.g. grain
size composition). Comparing (or combining) outputs from
the different coverages with different penetration there-
fore poses challenges. For example, greater penetration
from low-frequency systems may enable characterization
of sub-surface sediments (e.g. volume scattering, changes
in sub-surface grainsize, sediment strata, and presence of
infauna and bioturbation, etc.) which would not be possible
using higher frequency systems. Similarly, higher-frequency
systems will enable better characterization of micro-scale
seafloor surface roughness and surface features, with very
limited penetration of the signal into the seafloor. The abil-
ity to discriminate between the soft sediment classes may
therefore change between coverages. Unfortunately there
were insufficient ground-truthing data across all regions
of the survey area to test this hypothesis. Nonetheless, the
proposed approach of classifying the different multisource
coverages separately did yield relative comparisons of back-
scatter strengths that allowed successful delineation of the
boundaries of benthoscape classes across the edges of the
different MBES coverages.

Concurrently, results from the nearest-neighbor analysis
suggested that important benthoscapes had not been omitted
in the classification scheme. A cluster of low membership
at the boundary of the EM1002 and EM710 coverage in
the southern portion of the map indicated more accurately
the lack of observations of the benthoscapes ‘A’ (Mud)
and ‘B’ (Gravelly sand/mud; <50% cobbles/gravel) in the
EM1002 coverage despite their obvious continuation from
the adjacent coverage, rather than the presence of an uniden-
tified benthoscape. Similarly, a high density of unclassified
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Fig. 10 Mean depth and
backscatter intensity of
image-objects from the 504
EM710 coverage in the final
benthoscape map (n=1304).
Each benthoscape class is
represented; contour lines for

n = 1304

each class indicates high density 1007
(i.e. 75% of data points) of the .
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image-objects (i.e. with membership values <0.10) was
present in the Reson 7111 coverage at the continuation of
the benthoscape ‘Asp’ (Mud with seapens), despite again
its obvious continuation from the adjacent EM710 cover-
age at similar depths. The remaining unclassified image-
objects were spatially disconnected, which did not suggest
a distinct (spatially-coherent) benthoscape that had not been
observed in the ground-truthing images. In habitat mapping,
uncertainty in hard classification (e.g. fuzzy clustering) has
been exploited to determine transition zones between habitat
classes (Lucieer and Lucieer 2009; Lucieer and Lamarche
2011; Hogg et al. 2016). In contrast, in the context of this
study, uncertainty near boundaries guided the re-classifi-
cation of image-objects with high uncertainty based on
expert interpretation of the most likely benthoscape in the
area. Together, these considerations indicate that the initial
benthoscape classification scheme was adequate to capture
the breadth of habitats in the study area, although the pres-
ence of unsampled habitats cannot be entirely ruled out
without additional in-situ ground-truthing data.
Object-based image analysis (OBIA) requires an adequate
initial image segmentation that captures the features of inter-
est at the given scale under study (reviewed in Blaschke
2010). In studies using acoustic data layers, the original
image to be segmented can be formed of backscatter inten-
sity only (Lucieer 2008; Diesing et al. 2014; Montereale-
Gavazzi et al. 2016), a combination of the bathymetric and
backscatter layers (Lucieer and Lamarche 2011; Lucieer
et al. 2013), and bathymetric derivatives only to detect a
specific habitat type (i.e. seafloor roughness; Diesing et al.

@ Springer

2014). In this study, bathymetric and backscatter layers
were combined to segment the image—with backscatter
being assigned twice the weight. The effect of the selec-
tion of acoustic layers during segmentation on the final
benthoscape map could be studied more thoroughly, since
their combination influences our ability to differentiate
benthoscapes during classification. Indeed, mean depth and
mean acoustic backscatter within image-objects best dif-
ferentiated the benthoscapes in the EM710 coverage. How-
ever, it may not be crucial to include into the segmentation
variables that differentiate some (but not all) benthoscapes.
This was observed with the rare benthoscape ‘E’ (Gravel
with crinoids) that could not easily be distinguished with
mean depth and backscatter only, but rather by showing
relatively higher mean bathymetric position index, which
likely explains the relative importance of this predictor in
the final classification, while other bathymetric derivatives
(slope, curvature) had not been retained initially as mean-
ingful predictors of benthoscapes. The necessity to include
bathymetric derivatives to classify habitats dominated by
hard substrate, potentially due to sharp discontinuities in
bathymetry (e.g. reef), has been noted in Scottish waters at
similar depths (Diesing et al. 2014), and in deeper waters in
areas of general steep topography, such as submarine can-
yons (e.g. Ismail et al. 2015). Therefore, it is important to
recognize that in areas with a wide diversity of benthoscapes
(e.g. large swaths of continental shelves), a more flexible
statistical modelling approach allowing the use of thresholds
and/or non-linear relationships along environmental gradi-
ents may be warranted to potentially detect benthoscapes
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occurring sporadically (e.g. classification trees; Stephens
and Diesing 2014). In addition to the layers forming the
original image, how the final benthoscape map is influenced
by the different parameters of the eCognition multi-scale
segmentation algorithm needs to be assessed, for example
by determining the scale parameter more objectively (e.g.
Dragut et al. 2010; Ming et al. 2015).

In this study, image segmentation itself facilitated the
manual re-classification of image-objects to produce the
final benthoscape map. In addition to the uncertainty present
near the edges of the different coverages, the distribution and
shape of image-objects themselves proved useful in detect-
ing continuation of features along boundaries, and guide
the overall interpretation of the map. For example, a cluster
of long and narrow image-objects at the eastern boundary
of the map classified as benthoscape “Asp” in the EM710
coverage continued into the adjacent Reson 7111 coverage,
thus allowing its classification (Fig. 5). In the end, the use
of image-objects as primary units made the manual re-clas-
sification of misclassified image-objects much easier. When
combining multiple datasets, the approach suggested in this
study optimizes the objective delineation of benthoscape
boundaries, but it is recognized that expert interpretation
may be needed to correct for obvious mistakes, especially
near the edges of individual coverages to build a single
seamless map. In this context, the use of OBIA is justified,
and in terms of allowing manual re-classification, arguably
easier to implement than a pixel-based approach.

An important limitation of the approach is that, due to
lack of in-situ ground-truthing data within coverages, the
accuracy of the map could not be assessed independently.
Despite the broad coverage of the ground-truthing stations,
and the large amount of photographs, the ground-truthing
data within coverage was often limited. Most ground-truth-
ing stations displayed 1 benthoscape per station, thus the
effective sample size was the amount of stations per cover-
age. In some cases, a benthoscape was observed only once
within a coverage (e.g. benthoscape ‘A’ in the EM 1002 cov-
erage). This limited the ability to segregate the dataset into
training and validating datasets. Instead, to assess the over-
all validity of the map, membership values (and confusion
between them) were used, combined with our contention
that the suite of benthoscapes used in the study accurately
described the range of benthoscapes observed in the area.

Developing approaches to combine uncalibrated acoustic
backscatter datasets is justified because of the overall ben-
efits of using acoustic surveys in marine spatial planning
(Pickrill and Todd 2003). By providing a baseline of the
distribution of benthoscapes within a region, benthoscape
(habitat) maps are at the foundation of integrated ocean man-
agement (Cogan et al. 2009). However, the acquisition of
high-quality information on the seafloor required to build
these maps is often constrained by limited resources in large

marine ecosystems, such as those found in offshore Cana-
dian waters (Pickrill and Kostylev 2007). In this context,
optimizing the usage of non-calibrated acoustic surveys is
therefore crucial. We proposed here an approach to com-
bine these acoustic surveys using supervised classification
and object-based image analysis to build a single seam-
less benthoscape map. This semi-automated approach uses
objective segmentation and classification within coverages
(and associated uncertainty), coupled with expert interpreta-
tion to manually re-classify some of the misclassified image-
objects. The approach was successfully implemented on St.
Anns Bank, and could readily be used in other areas with
similar datasets.
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