
Vanessa L Lucieer
University of Tasmania
PhD 2007

Spatial uncertainty estimation 
techniques for shallow coastal 
seabed mapping.



Spatial uncertainty estimation techniques for

shallow coastal seabed mapping

Vanessa L. Lucieer

July 2007



Primary Supervisor;
Prof. R. Coleman

Research Supervisors;
Dr. A. R. Jordan

Dr. E. Bruce

University of Tasmania
This research was supported by The Tasmanian Aquaculture and Fisheries

Institute
Submitted in fulfillment of the requirements for the degree of Doctor of

Philosophy, University of Tasmania.
This thesis may be made available for loan and limited copying in accordance

with the Copyright Act 1968.



Abstract

Techniques for seabed habitat mapping have developed considerably over the
past 10 years, principally through advances in acoustic technologies and tools
for improved spatial analysis. The increasing need for information on the dis-
tribution and structure of seabed habitats in coastal waters (< 50 m deep) has
developed in Australia due to increasing pressures from development and exploi-
tation. A clear understanding of the uncertainties in creating spatial information
from marine data is required within seabed mapping projects, particularly those
using acoustic methods that vary in coverage and resolution.

This thesis investigates methods to explore spatial uncertainty in the techni-
ques used to characterise shallow water seabed habitats using local and regional
scale case studies ranging from interpolation of sediment cores to classifying di-
gital elevation models generated from multi-beam acoustic data. Uncertainties
are investigated in a multidiscipliary approach to habitat mapping. Broad-scale
and fine-scale mapping of marine seabed habitats can provide considerable in-
formation on patterns of physical seafloor structuring and this is now achievable
given recent technological advances in echosounders and backscatter analysis,
digital underwater video, differential GPS and Geographic Information Systems
(GIS).

The uncertainties in classifying single beam acoustic data are examined by
comparing data visually classified into habitat classes in real time compared to
those defined through post-processing in the laboratory. The influence of a range
of transect spacings on qualitative knowledge-based interpolation of shallow
rocky reef acoustic data is assessed. Parameters of physical reef characteristics
from single beam acoustic data are investigated which aid in improving kriging
interpolation techniques.

A fuzzy classification method is applied to sediment core data collected over
100s of kms in order to map the distribution of unconsolidated sediments. This
technique is tested on Australia’s ‘SeaScapes’ data. The ‘SeaScapes’ layer was
recreated with classes derived from an unsupervised fuzzy clustering algorithm.
A sensitivity analysis was performed which explores the optimal number of
clusters and clearly shows where classes overlap, highlighting confusion and
therefore potential classification errors in the data. Conditional simulation was
utilised to explore uncertainty in the interpolated data layers and animations
produced which provided an advanced way of visualising the surfaces.

Image segmentation techniques are applied at various values of splitting and
merging thresholds to identify objects in sidescan sonar imagery. Grey Level
Co-occurrence Matrices (GLCM) texture measures are integrated with segmen-
tation to identify homogeneous texture regions in an image. The segmentation
and object oriented classification provide good classification results in 10-40 m
water depth with accuracy values of >80 % when classifying two classes and >60
% when classifying three classes. This section of research focuses on the analysis
of seabed habitats through the use of algorithmic calculations at multiple scales
to quantitatively delineate distinct seabed regions based on texture parameters.
The textural characteristics of three habitat classes are explored and tested on
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sidescan sonar data in two case studies. Segmentation results are validated using
underwater video transects and statistical techniques. The classified sidescan
acoustic images are spatially characterised using fragmentation statistics. These
results are a leap forward providing a methodology and a terminology to des-
cribe the distribution of shallow rocky reef, combined with a classified map and
an uncertainty map generated by the object oriented technique.

Fuzzy classification techniques are used to characterise the two dimensional
structure of shallow rocky reefs from multi-beam bathymetric data. The results
from two morphometric classification techniques are contrasted and compared.
Many physical and biological processes acting on the seabed are highly correla-
ted with bathymetric features, such as ridges and channels. Examples of these
include the selection of habitat by many commercially fished species, such as
rock lobster, abalone and reef associated fish species. These physical attributes
can therefore often be key predictors of habitat suitability, community compo-
sition and species distribution and abundance. These methods greatly improve
insight into classification and related uncertainties of morphometric classifica-
tion.

There are many potential applications of seabed habitat mapping for which
estimates of uncertainty will provide additional crucial information. As habi-
tat mapping becomes more common in Australian coastal waters and datasets
build up over time, compatibility between different sets of information will be
essential. Monitoring and change detection analysis requires detailed baseline
data with uncertainty estimates to ensure that features that display change are
reliably detected. The accuracy of marine habitat maps and their associated
levels of uncertainty are extremely hard to convey visually or to quantify with
existing methodologies. The new techniques developed in this research provide
a rigorous alternative to current practices. The methods used in this research
integrate existing techniques in a novel way to improve insight into classifica-
tion and related uncertainty for seabed habitat maps which will progress and
improve resource management for Australian coastal waters.
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Chapter 1

Spatial error estimation
techniques for coastal
seabed mapping

We cannot discover new oceans until we have the courage to lose sight of the shore.

— Andre Gide

1.1 Introduction

Spatial data management techniques are increasingly being used to define the
spatial distribution of seabed habitats and have become an important tech-
nology for a range of coastal and fisheries management applications. Due to
technological advances, geographical information systems (GIS) have become
a principal tool for presenting and analysing the spatial distribution of physi-
cal and biological data including bathymetry, sediment type, habitat or species
distribution and exposure, and have provided the capability to examine spatial
relationships between biological and geomorphological data sets. The objec-
tives and related uses of habitat mapping information are wide ranging and
include habitat change assessment (Kendrick et al., 2000; Bax and Williams,
2001), planning for Marine Protected Areas (Barrett et al., 2001; Jordan et al.,
2005), habitat protection (Edyvane, 2003), oil spill response, coastal develop-
ment (Williams and Meehan, 2001), marine farm zoning (Mitchell et al., 2002)
and identifying physical surrogates for biodiversity assessment (Beaman and
Harris, 2005; Post et al., 2006). As Australia’s population continues to grow
around the coastal strip, resource managers, researchers, scientists and other
professionals are becoming more aware of the importance of the marine envi-
ronment and its resources. To protect such an environment there is a need for
documenting baseline information at an ecosystem level for long term moni-
toring and for estimating the geographic extent of critical habitats (Lundblad
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et al., 2006).
Benthic habitat mapping can be defined in a variety of ways and within

this research it is referred to as the characterisation of the physical and bio-
logical structure of the sea floor (Brown et al., 2002). Habitat mapping is a
form of geographic modeling, it is based on the premise that the occurrences
of community types can be predicted by analysing important environmental
factors. By characterising important physical parameters (e.g., depth, seabed
morphometrics and seabed slope) it is possible to create maps that show the
distribution of various types of benthic habitats. When the associations of va-
rious communities with environmental factors (sediment type, sediment texture,
sediment size, bottom roughness, depth) are well documented, habitat mapping
can provide the link to examine correlations between habitat type and biological
information. For benthic marine organisms, water depth and surficial geology
(substrate grain size and sea floor roughness) strongly influence species compo-
sition in particular areas (Edgar, 1984; Levin and Hay, 1996; Post et al., 2006;
Thrush et al., 2006).

In land based sciences there has been much research documenting the use and
limitations of GIS in terms of mapping and modelling spatial data (Cherrill and
McClean, 1995; Crosetto and Tarantola, 2001; Goodchild, 2002; Heuvelink and
Burrough, 2002). The use of remote sensing technologies, which have driven GIS
usage in the marine environment, are still under development, particularly in
relation to assessing uncertainty within the application of GIS. Remote sensing
techniques sourced for marine habitat mapping include airborne methods (pho-
tography, video, laser depth sounders, multi-spectral and hyper-spectral scan-
ners and radar) or satellite based methods (multi spectral and hyper-spectral
scanners and radar) (Dekker et al., 2003, In Press). Aerial remote sensing has
been used for many years to assess coastal terrestrial habitats and to delineate
shallow seabed habitat boundaries. All of these techniques have a water depth
limitation, which is influenced by a large number of issues, particularly wind di-
sturbance and sun glint for optical images. Habitat boundary information can
only be determined from a limited depth range in aerial photography (8-10 m)
limiting the ability to map habitats outside the immediate coastal strip. While
aerial remote sensing may provide continuous coverage in shallow depths, the
numbers of identifiable habitats are fewer than can be defined through acou-
stic surveys. Acoustic techniques (single beam acoustics, sidescan sonar and
multibeam systems) are attracting considerable attention for habitat mapping
because they offer the potential to provide comparatively rapid and relatively
accurate assessment of some seabed properties (Penrose and Siwabessy, 2001).

The presence and estimation of uncertainty involved when transposing, ana-
lysing and classifying these above various sources of acoustic seabed data into
habitat maps is the focus of this research. It forms part of a much larger
effort worldwide to gain a better understanding of mapping marine habitats.
Whilst scientific uncertainty is now commonly acknowledged (Lemons, 1995),
the theory and application of techniques to quantify uncertainty have lagged be-
hind the development in the technology of GIS and remote sensing. Land based
GIS and remote sensing communities have recognised uncertainty as an inherent



1.1. INTRODUCTION 3

factor in every spatial analysis where, as in many other sciences, virtually all
uncertainty analyses have been aspatial in nature (Lunetta et al., 1991). The
success and implementation of marine management strategies is hindered not
only by our patchy knowledge of species distributions and diversity in the ma-
rine realm but the reliability of the data which are presented on the distribution
of marine habitats. The identification of habitats based on their physical at-
tributes should, in theory, allow the identification and monitoring of the biotic
components of the system. In the south east Australian region, fisheries data
have shown a correlation between fish distributions and seabed type (Williams
and Bax, 2001), with the distribution of the seabed biota also related to the
substrate properties (Beaman et al., 2005). Research in Bass Strait carried
out by GeoScience Australia and the Museum of Victoria (O’Hara and Passlow,
2002; Passlow et al., 2002) shows that while relationships between substrates
and biota may be clear on the local scale, such relationships do not necessarily
hold true on a regional scale. The aim of this thesis is to investigate the uncer-
tainty in mapping physical habitat parameters from three sources of acoustic
data, single beam acoustics, sidescan sonar and multibeam bathymetric data, in
an attempt to address some of the gaps created by uncertainty from transposing
marine data into reliable mapped fields.

1.1.1 Why is uncertainty important?

There are many potential applications of benthic habitat mapping for which
estimates of uncertainty will provide additional crucial information. As habitat
mapping efforts increase in Australian coastal waters and datasets build up over
time, compatibility between different physical marine datasets will be essential.
Monitoring and change detection analysis requires detailed baseline data with
uncertainty estimates to ensure that features that display change are reliably
detected. The accuracy of marine habitat maps and their associated levels of
confidence are extremely hard to convey visually or to quantify with standard
methodologies. Presentation of track or profile data, ground truth positions,
acoustic properties, decision rules, statistics and simulated variance models will
all help users assess the confidence of habitat maps. Application of uncertainty
estimates would benefit the many applications of benthic marine maps including;

Impact assessment of human activities on the seabed, monitoring and
restoration programs Human impact on the seabed results from activities
such as fishing, mining, dredging, cable laying, construction of shipping and
boating facilities, and energy related infrastructure (e.g., pipelines). The effects
of fishing activities, especially bottom trawling gear have recently come under
increased scrutiny (Schwinghamer et al., 1996; Tanner, 2003). The impacts of
the myriad of other human activities on the quality and condition of marine
habitats are relatively unknown. Habitat maps will aid in the design of benthic
habitat monitoring programs by ensuring that monitoring efforts are equally
distributed among discrete habitat types and regions. Baseline habitat maps
will allow managers and researchers to monitor change in the spatial distribution
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and extent of various habitat types that are indicators for general ecosystem
health (e.g., seagrass beds). As the awareness of the value of coastal habitats has
increased in recent years, habitat restoration has become increasingly popular.
Benthic habitat maps would allow restoration planning to extend to subtidal
habitats that are increasingly being affected by development activities, such
as watershed development, dredging, cable and pipe laying, etc. Restoration
occurs both on a proactive basis and as a mitigation tool, therefore having
benthic maps prior to an activity being conducted will allow for assessment of
the change of the habitat due to disturbance. For these data to be sourced
in a litigation case, estimates of uncertainty in the mapping procedure will be
required.

Ecosystem modelling Coastal and marine ecosystem modelling will bene-
fit from spatially explicit information on benthic habitats, especially when the
maps are combined with fisheries, existing use and other environmental data.
In many parts of the world, marine protected areas (MPAs) are increasingly
being used to complement traditional management approaches to ensure suf-
ficient protection of valuable species and habitat (Gustafson, 1998; Hoffmann
and Dolmer, 2000; Benedetti-Cecchi et al., 2003). MPAs typically restrict some
types of potentially destructive activities from representative habitat types. Re-
ferencing habitat maps to ensure that all habitat types are represented within
the MPA system would facilitate the design and better siting of MPAs in Aus-
tralian waters (BioSonics, 2000). As surrogates are identified as indicators for
bio-diversity, it is going to be imperative that the accuracy of the maps of these
surrogates includes estimates of variance and uncertainty.

Environmental risk assessment Detailed bathymetry and benthic covera-
ges generated by a comprehensive mapping program will aid in environmental
risk assessment. Sediment distribution maps will aid in tracking the fate of pol-
lution (in conjunction with studies of sediment transport and currents). Depo-
sitional areas would be most susceptible to a buildup of sediment contaminants.
Oil spill emergency clean up and restoration efforts could be greatly enhanced
by referencing benthic habitat maps to determine where clean up efforts should
be directed. Providing estimates of uncertainty for the habitat maps, which
management decision may be based on, will aid in determining priority areas in
the emergency management strategy.

Siting of aquaculture facilities Maps depicting the distribution of sediment
types and habitats can be utilised to site aquaculture facilities. A major concern
for finfish aquaculture is the buildup of organic material under pens that can
lead to dead zones on the seabed (MacLeod et al., 2004). Sediment distribution
maps can be used to ensure aquaculture pens are not placed in depositional en-
vironments (mud or silty sediments) and shaded relief maps can be referenced
to avoid topographic depressions, which could retain organic material. Estima-
tes of uncertainty will allow sites to be selected based on the interpretation of
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environmental factors in relation to habitat in a robust way.

1.2 Review of acoustic technologies

The aim of this thesis is not to review the uncertainties that can creep into
acoustic data collection from a technical point of view, that is best left to the
engineers who design the instruments, but to explore uncertainty in the inter-
pretation of the acoustic data through influences such as transect spacing, data
density, interpolation, classification of acoustic images and digital elevation mo-
dels and the representation of these data within a GIS for spatial analysis. It
is necessary however, to firstly review the acoustic technologies that are uti-
lised within this thesis to familiarise the reader with the nature of each data
set, to explain how the data are interpreted and are utilised in each subsequent
chapter. Acoustic data sourced from single beam acoustics, sidescan sonar and
multibeam bathymetry are utilised in this research.

1.2.1 Single Beam Acoustics or Acoustic Ground Discri-
mination Systems (AGDS)

Whilst single beam echo sounding is not a new technology and has been applied
routinely for bathymetric survey for over 50 years, the confidence in the tech-
nology is often misplaced. In its simplest form, an echo sounder consists of an
acoustic transducer, a transmitter and a receiver (Foster-Smith et al., 2001).
An acoustic transducer converts electrical signals into sound pressure waves or
sound pressure into an electrical signal. Most bottom mapping echo-sounding
applications use acoustic frequencies ranging from a few kHz to hundreds of
kHz (Hughes-Clarke et al., 1996). The echo-sounder transmits a short burst of
sound, measures the time elapsed until echoes are received, and then repeats
with a new transmit cycle.

Two way travel time is then converted to distance, by multiplying it by the
speed of sound in water, the results are slant ranges SR. From the slant ranges,
we can compute depths D and horizontal distances SR if we know the angle of
arrival θa of the echo relative to the vertical as;

D = SRcosθa (1.1)

and;
HR = SRsinθa (1.2)

If a short pulse of sound were transmitted from a point source somewhere
in the water column, sound would radiate equally in all directions. The pulse
radiates spherically away from the sources as a thin shell whose thickness is
proportional to the pulse direction (de Moustier, 2005). Assuming that the
seabed below the point source is flat and horizontal, the intersection of this
expanding shell with the seabed is at first a disk and then an annulus (Figure
1.1). The combined effects of scattering and absorption within sea water produce
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Figure 1.1: Ensonification with a directional source. Source C. de Moustier, 2005

the propagation loss known as attenuation (Tucker and Gazy, 1996). Absorption
decreases the intensity by a gradual conversion of the wave of energy into heat.
Viscosity, thermal conductivity, and inframolecular processes each play a part in
this attenuation, with thermal conduction playing a minimal role. The process
of absorption is frequency dependent (Blondel and Murton, 1997).

Bottom detection methods with single beam echo sounders depend on (1)
the transducer beam width which sets the size of the area ensonified on the
seabed as a function of the altitude of the sonar above the seabed, (2) the
pulse bandwidth which sets an upper limit on range resolution for matched filter
processing (provided it fits the transducer bandwidth), (3) the bottom topography
within the ensonified area, and (4) the attitude of the transducer as the vessel
on which it is mounted rolls, heaves and pitches (de Moustier, 2005).

All of these factors introduce uncertainties in a bottom detection process
that relies mostly on finding the first arrival from the bottom with a simple
amplitude thresholding scheme which is sensitive to noise and the shape of the
backscattered sound pulse which depends on the shape of the transmitted pulse
and which varies with bottom type and topography. In Figure 1.2 we consider
the effect of a simple amplitude threshold on a bottom return with a steeply
rising echo, as might be obtained from a flat rocky bottom, and on one with a
slower rise as might be obtained from a muddy homogeneous bottom. In both
cases with the same assumed water depth, it is evident that the threshold leads
to different echo arrival times.

The first bottom echo received at the source will come from the disk, yielding
an estimate of the range between the source and the bottom based on travel
time. As the shell continues to expand, echoes from the annuli come in, but
all the echoes from any given annulus (from different pings) arrive at the same
time, and there is no way to tell the echo arrival direction (Foster-Smith et al.,
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Figure 1.2: The uncertainty inherent in single beam sounding. Source C. de Moustier,
2005

2001). To estimate the direction of the echo arrival, we need to transmit or
receive sound in a narrower sector. This is achieved by giving a specific shape
to the acoustic transducer or by combining several transducers into an array,
such as in a multibeam system (Chakraborty et al., 2003).

Since there is no way with a single beam acoustic system to measure the
exact angle of arrival of the first echo within the beam, we have to assume that
it comes from nadir (90 degrees under the transducer), and the wider the beam
the greater the uncertainty on this assumption. This is illustrated in Figure 1.3
as angular uncertainty in single beam echo sounding. From this figure we can
infer also that a very narrow beam might not be very beneficial even if the vessel
altitude were taken into account, because the depth values measured might be
offset laterally from the survey track due to roll motion, and more importantly
the sonar might miss a feature at nadir.

Single beam acoustics utilise the concepts of roughness and hardness to des-
cribe habitats. The visualisation of this signal will vary according to the strength
of the frequency and the calibration of the individual instrument (Anderson,
2001). Processing of AGDS data usually involves selecting two elements from
the echo and measuring a value that is an integration of echo signal strength
(in millivolts) and time (Kenny et al., 2003). The first selected segment of the
echo is the decaying echo after the initial peak in strength. This measure of
time/strength of the decaying echo is termed ‘Echo 1’ (or ‘E1’) and is taken
to be a measure of roughness of the seabed. The second segment is the whole
of the first multiple echo. Multiple echoes are produced when the first echo is
strong enough to rebound off the water/air interface and reflect for a second
time from the seabed. This is taken to be a more sensitive measure of seabed
hardness than the strength of the first return and is termed ‘Echo 2’ (or ‘E2’)
(Foster-Smith et al., 1999). Acoustic hardness is defined as acoustic impedance
= acoustic pressure / particle velocity.

Single beam acoustics allow information to be collected in deeper water
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Figure 1.3: Angular uncertainty inherent in single beam sounding. Red beam shows the
ensonification of the transducer beneath the vessel. Source J. Hughes-Clarke, 2005

outside the range of airborne remote sensing techniques which are generally
limited to water depths < 10 m. In this research, data from a 120 kHz ES60
single beam echosounder is employed. The data were collected from the FRV
Nubeena, a 6 meter mono hull vessel, with all surveys in calm weather conditions
at < 1 m sea state. The acoustic points were spatially referenced by mounting
the transducer directly underneath a RACAL Differential Global Positioning
System (DGPS) receiver. AGDS are relatively low-cost compared to side scan
sonar and multi beam systems and require more simplistic data storage and post
processing. One fundamental limitation of single beam acoustic sounder-based
systems arises from the limited spatial coverage. While along-track coverage is
essentially continuous, between-track coverage is limited by beam geometry to
a small fraction of the water depth (Penrose and Siwabessy, 2001). Costs and
logistics usually limit the density of survey track spacing. Sounder based benthic
assessment techniques are also susceptible to uncertainty where water depths
vary significantly across the beam footprint, a problem when the variation occurs
in the across-track direction and the ‘seabed’ signal extends both above and
below the sediment or reef interface within the water column (Penrose and
Siwabessy, 2001). Because of this, biotic material (for example, kelp) above
the direct interface is susceptible to acoustic detection, whilst what is below is
difficult to distinguish from signals derived from the interface itself. This limits
the ability of AGDS single beam acoustics to automatically classify the signal
into habitat type with any high degree of precision as the soundings could be
coming from a combination of sources. The relatively slow survey speeds (4-
10 knots) required for AGDS surveys can make mapping large areas at high
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resolution a long and costly enterprise. Wave height, submerged rocks, kelp
canopy and irregular or exposed coastlines make intensive and systematic boat
based survey operations difficult in the depth range of 1 -5 meters.

1.2.2 Sidescan Sonar

Side scan sonar has been used to compensate for the limited coverage of the
AGDS and has been applied since the 1960s to interpret seabed texture (Whipp
and Horne, 1976). Side scan sonar systems image off-nadir, using a narrow azi-
muth of ensonification (Bates and Byham, 2001). It is possible to qualitatively
interpret changes in the received backscatter intensity in terms of changes in
either the slope or texture of the seabed. Conventional side scan technology
does not estimate the elevation angle of the towed body and thus no quantita-
tive information can actually be derived about topography. Under conditions
of a relatively smooth seabed with anomalous reefs, the presence of a reef can
be identified and targeted from an examination survey where shadows can be
used to measure the height of a feature.

Two transducers (one port, one starboard) are housed in a ‘fish’ or ‘towed
body’, which is towed behind the vessel or mounted in a bracket on the bow
of the boat. The spatial resolution ∆ R of a sidesan sonar in the across-track
dimension is controlled by the bandwidth of the signal as;

∆R =
C

2W
(m) (1.3)

Where C is the sound speed in water (m/sec) and W is the signal band-
width in Hz (cyles/sec). In the along track dimension, the spatial resolution is
controlled by the azimuthal beam width,

θ =
0.88λ

L
(rad) ≈ 75/FkL (deg) (1.4)

Where λ is the acoustic wavelength in m, L is the array length in m, and
Fk is the acoustic frequency in kHz (de Moustier and Matsumoto, 1993).

The best spatial resolution is achieved by a system with a wide bandwidth,
implying a very short acoustic pulse and a beam with a very narrow azimuthal
angle (de Moustier and Matsumoto, 1993). The first part of the echo to be picked
up by the transducer is the reflection from the seabed directly under the towed
body and the time taken for the rest of the echo to return to the transducer is
a measure of the distance from the body. The trace on the monitor connected
to the unit shows the advance with each new pulse until an image of the seabed
is built up line by line (Foster-Smith and Sotheran, 2003). The intensity of the
echo is measured, producing an image that looks like a side-illuminated black
and white photograph.

Azimuthal resolution is better close to nadir where the footprint of the beam
is relatively narrow, whereas range resolution improves somewhat as the pulse
travels away from nadir and its footprint progresses (Foster-Smith and Sotheran,
2003). The lateral range of a side looking sonar system is a function of many
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Figure 1.4: Ensonification range of a sidescan sonar. Source J. Hughes-Clarke, 2005

factors. These include the frequency and pulse rate of the acoustic transmission
(the higher the frequency the shorter the range due to absorption), the energy
and directivity of the acoustic pulse (which depends on the physical properties
of the transducer), the transducers angle of inclination; the height of the towed
body above the bottom; and the physical properties of the medium and reflecting
surface (noise and target strength) (Blondel and Murton, 1997).

A limitation of the sidescan system is that surfaces angled toward the fish
produce a strong echo whilst surfaces ‘hidden’ from the line of sight of the towed
body fall within a ‘sound shadow’. A rock or reef of sufficient height can cast
a shadow behind it, however shadows can also lie in front of an area of high
backscatter amplitude when the sonar esonifies a hole and sees on the far side
of the hole (Figure 1.4). Sidescan sonar is routinely used for studies of surficial
sediment distribution and bottom characterisation (Schwab et al., 2000). Qua-
litative information is obtained by careful examination of the varying tone and
intensity in the sonograph (Blondel and Murton, 1997). However, no simple
correlation exists between the reflected acoustic energy (or backscatter) recorded
by sidescan sonar systems and bottom type, making interpretation of sidescan
sonar images mainly descriptive and qualitative. The need for more standardi-
zed and quantitative techniques for interpreting sidescan sonar images has been
previously identified and advances need to be made toward more quantitative
approaches to sidescan sonar image characterisation (Ojeda et al., 2004). Non
linear recording, isometric restoration and signal processing methods (Blondel
and Murton, 1997) can be used to correct for slant range and scale distorti-
ons, which all must be accounted for if useful quantitative information is to be
obtained from side scan sonar.

However, shallow water swath sonar surveying is still currently not an effi-
cient technique to solve the problem of incomplete coverage. The main problems
faced by swath surveys for shallow water include the requirements for narrow
swath surveys (requiring denser line spacing - which is not cost effective) and re-
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stricted regions requiring smaller boats with less weather capabilities. Sidescan
sonars are relatively cheap, have good resolution (dependent on the ping rate)
and produce a continuous image. The image, whilst giving excellent information
of topographic features has little measurable data on sediment characteristics
(Foster-Smith et al., 1999). The images require careful interpretation in much
the same way as an aerial photograph would. Automated pattern recognition
algorithms are investigated in this research to analyse the imagery in an attempt
to improve current analysis techniques which usually requires skilled interpre-
tation by eye. This research develops an object oriented approach to quantita-
tively classify sidescan images in shallow coastal waters and provide estimates
for uncertainty.

1.2.3 Multibeam Sonar

Swath multibeam sonar systems (MBSS) are commonly described as being ca-
pable of producing full seabed coverage (100 % coverage). However, the use of
this term to describe the capabilities of MBSS to potential users can be mislea-
ding (Galway, 2000). This is because multibeam sonars have a finite dimension
to their multiple narrow beams, and therefore, there is a limit to the minimum
spatial resolution that can be achieved, and thus a corresponding minimum tar-
get size that can be detected by the sonar (Hughes-Clarke, 1998). Initially,
multibeam systems were deployed with great success in deep water (> 1000 m).
Because of the water depths, the ability to resolve small targets on the seabed
was not a consideration, nor was it even possible, given that the ability to detect
targets is limited by the size of the beam footprints. As the size of the acou-
stic footprint is greatly influenced by the total water depth (generally 1-10% of
water depth), the ability to detect a 5 m or even 25 m target was not of great
importance when working in waters of 1000 m to 3000 m. As the capabilities
of swath sonar have improved, their deployment in shallow water enviornments
have become more common. However, the use of multibeam systems in shallow
water has born new issues with the tolerance of uncertainty being much smaller.
The most fundamental parameter that needs to be considered when attempting
to resolve a target of a specific size is the sounding density (Hughes-Clarke
et al., 1996). Any factor that alters the sounding density will have an effect on
the minumum spatial dimensions of a target that can be detected. One of the
simplest factors that will affect the sounding density of a survey is the beam
footprint dimension, and its dependence on beam width and water depth. The
greater the water depth, the greater the footprint size and the fewer the number
of soundings that will be received by the seabed.

In this research, data from a Reson Seabat 8101 multibeam was utilised.
This multibeam operates at 240 kHz and generates 101 beams per ping and has
an angular array of 150 deg. The usable angular sector are derived from internal
quality flags generated by the sonar typically are limited to 125 deg and 130 deg.
The maximum ping rate for the 8101 system is 30 pings per second (Williams
and Bax, 2001). The Seabat 8101 utilises a curved array (see Figure 1.5) and
unlike a flat array does not require the use of beam steering to generate the
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Figure 1.5: Beam forming with curved arrays. a)Reson 8101 beam geometry has an along-
track receive beam width of 15 deg Source, Reson 2000, b) Reson Seabat 8101 mounted
on hull, c) Configuration of elements on transducer d) Configuration of beams

non nadir beams, except at the outer most beams. The curved array allows
the system to generate beams that are orthogonal to the face at all orientations
(orthogonal to the tangent of the array at any given point) (Williams and Bax,
2001).

Given the large volume of data collected by a multibeam sonar, it is not
feasible to graphically display all sounding solutions in the final digital product.
Typical file sizes for multibeam bathymetry are in the order of 1 byte per pi-
xel. A bathymetric DEM (Digital Elevation Model) of a 1 km box, binned at 1
meter, will occupy roughly 1 MB. A backscatter mosaic for the same area will
require 10 MB or more. Larger areas and higher resolution will increase storage
requirements. Image files of well over 1 Gb are common (Lockhart et al., 2001).
Bathymetric data are gridded at a resolution based on the average water depth
to create a digital terrain model of the surveyed region. Available gridded ba-
thymetric layers of 0.5 meters were resampled to 1 m grids for analysis (Chapter
6) so that they could be compared with sidescan images at the same resolution.
The basic principle of gridding bathymetric data is to take a dataset that has
an uneven distribution in the density of sounding points, and generate an or-
thogonal, regularly spaced series of nodes (Hughes-Clarke, 1998). These node
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values are determined by an averaging procedure that takes into account the
different influences of inner and outer beam soundings that fall within a certain
radius corresponding to the grid size. Once the data are gridded, the DEM can
be sun-illuminated to display the seabed geomorphology.

Classification methods for dealing with the backscatter images generated
from multibeam systems have been examined by several research groups throug-
hout the world (Hughes-Clarke et al., 1996; Gardner et al., 1998; Dartnell and
Gardner, 1999; Preston et al., 2001; Kostylev et al., 2001; Chakraborty et al.,
2003; Parnum et al., 2004, 2006). The textural variations in the backscatter
(driven mainly by changes in surficial sediment composition and fine scale sur-
face roughness) are seen as distinct from topographic variations which are due
to changes in elevation of the seabed. Classification of only the Digital Eleva-
tion Model (DEM) is addressed in this research. Acoustic data remain one of
the primary sources of marine remote sensing used to populate a Geographical
Information System (GIS) for spatial analysis of the seabed. How these data
are captured into a GIS is the focus of the next section.

1.3 Exploring spatial uncertainty in marine GIS

Classification of acoustic imagery is often performed to generalise a complex
image into a relatively simple set of habitat classes. Classified data are then
used as input into a GIS for further processing and analysis. Such inference is
more often less than perfect and there is always as element of uncertainty in
the classification result. Spatial uncertainty analysis involves the estimation of
uncertainty in the final output of the result from the propagation of external
(initial value) uncertainty and internal (model) uncertainty (Mowrer and Con-
galton, 2000). Challenges in capturing marine seabed data into a GIS include
the inherent fuzzy boundaries of marine habitats, handling temporal and dy-
namic properties of shoreline and coastal processes, the development of spatial
data structures and conceptual data models of marine phenomena and classifica-
tion systems to specific oceanic or benthic zones. Raper and Livingstone (1995)
claim that the failure to appreciate the interactions between three-dimensional
spatial and temporal extents of marine data and the nature of the physical pro-
cesses that link them together has resulted in serious practical problems when
attempting to apply existing environmental models with a marine GIS.

Until now there has been little recognition of the components and the com-
pounding effects of uncertainty within seabed databases. Treatment of uncer-
tainty in terrestrial GIS research has focused upon validation of data entry,
error detection (location and labelling), error propagation and inaccuracies in
data presentation to users (Aronoff, 1985; Lanter and Veregin, 1992; Thapa and
Bossler, 1992; Burrough and McDonnell, 1998). The most commonly accepted
methods for documenting the accuracy of thematic maps are confusion and er-
ror matrices (McGwire and Fisher, 2001). Even though these are statistically
valid approaches, the error matrix itself does not maintain any information on
biases in map accuracy that may exist in different parts of a spatial data set i.e.,
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it does not incorporate systematic errors. These overall statistics do not give
any information regarding spatial variation of classification accuracy in the ca-
tegorical data sets and only highlight the repeatability of accurately attributing
the habitat (Goodchild and Muller, 1991). Marine habitat mapping research
has paid little attention to the quantifying of uncertainty until recently. Mea-
surements of uncertainty should satisfy certain definable criteria such as being
insensitive and unbiased to digital model representation of the habitat (e.g.,
raster or vector), outliers in the data, include minimum variance (Hunter and
Goodchild, 1997) and also address systematic and random error components.

All generated data in the marine environment will contain uncertainty. Com-
bining different sources of data compounds uncertainty within a data set making
it very difficult to identify, isolate and to improve. Burrough and Webster (1976)
point out “It is remarkable that there have been so few studies on the whole
problem of residual variation and how uncertainties arise, or are created and
propagated in GIS processing and what the effects of these errors might be on
the results of the studies made”. There are no tools built into GIS software for
measuring or annotating uncertainty in the outputs (i.e, map outputs or spatial
data models) but methodologies are beginning to be developed for assessing er-
rors (Openshaw, 2000). Skidmore and Turner (1991) remark that the greatest
problems identified by participants in an environmental survey in using GIS
data are accuracy reporting being insufficient to help answer questions when
the GIS data are being used in modelling.

Perhaps the real problem is not in the elimination of uncertainty, but instead
being able to identify, manage and eventually reduce the uncertainties within
seabed mapping data collection methods and interpretation. Many authors (Be-
ard, 1994; Hunter and Goodchild, 1997) have stressed the need for accompanying
reported spatial data with estimates of the variance of uncertainty, confidence
intervals or probability distributions. Research has paid little attention to the
practical use of such uncertainty information for geographical decision making.
Before quantitative estimates can be made for existing uncertainty in seabed
data we first need to develop an adequate means of identifying and represen-
ting the characteristics of uncertainty. GIS related methods and techniques that
can explicitly take uncertainty into account during their operations with marine
habitat spatial data need to be expanded.

It is suggested that in many applications (at a bio-regional scale) it is only
necessary to be reasonable about the uncertainty assumptions, where we aim for
a relative uncertainty measure, to gain the ability to distinguish change in seabed
features, rather than an absolute measure. What many applications need are
not precise estimates of uncertainty but some confidence that the uncertainty
levels are not so high as to render in doubt the validity of the results or at
least provide bounds on the uncertainty to provide a decision option. The
procedures currently available for identifying uncertainty in geographical data
mainly involve the collection of additional information or are generally technical
in nature (Agumya and Hunter, 2002). This is one of the issues that needs to
be resolved for seabed habitat data.
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1.3.1 Uncertainty in classification systems

To most ecologists, the term habitat refers to the physical environment experi-
enced by an organism. A more general definition is used when mapping habitats
with remote sensing. In this case, the term habitat simply describes the features
on the Earth’s surface being mapped (Greene et al., 1999). Depending on the ob-
jectives of the mapping, the focus may be biological, geomorphologic, geological
etc. In benthic marine systems, assemblages of macro organisms and associated
substrata are perhaps the highest descriptive resolution achievable. Regardless
of spatial scale, a habitat can be defined as an identifiable and distinct associa-
tion of physical characteristics and associated biological assemblages used by an
organism or community (Anderson et al., 2002).

Greene et al. (1999) describe a classification scheme that is being applied
to benthic habitats in the 30- 300m depth range using geology, geophysics and
biological observations. They introduce the classification hierarchy as levels of
megascale, mesoscale, macroscale and microscale. The interpretations of these
geophysical and geological data are verified using in-situ biological and seabed
observations. Megahabitats refer to large topographic features such as canyons,
seamounts or expanses of sediment-covered seabed. Mesohabitats include caves,
overhangs and bedrock outcrops. Macrohabitats include boulders, reefs, sink-
holes and biogenic structures and microhabitats are centimeters in size, such as
sand, silt, gravel and pebbles.

Allee et al. (2000) identified the need for a classification system with com-
mon terminologies so that people who develop habitat maps have a common
‘language’. Allee et al. (2000) prepared a review that compared and contrasted
similarities and differences in existing classification systems. Some systems con-
centrated on broad biogeographic approaches (Hayden et al., 1984) and some
on specific life forms (e.g., wetlands, (Cowardin et al., 1979)). No system within
Allee et al.’s review was inclusive of all marine habitats found in US waters.
Most importantly, inshore biological categories in the 0- 40 m depth zone were
absent, these include important habitats such as seagrass communities, shell
and cobbled bottom and shallow rocky reef.

What is seen in Greene et al.’s work is an identification of habitats at a va-
riety of scales. What appears absent in classification literature is a description
of the process that leads to attributes being labelled. Decision trees are someti-
mes employed as graphical representations to solve these decision problems. A
decision tree will approach the problem of how does an entity receive attribu-
tion of a habitat class. By specifying a set of possible outcomes, a decision tree
facilitates evolution of that outcome. The process could be binary e.g., if x = A
then 6= B (eg sand is not reef), or assume a relative form x is a combination
of A and B (sparse seagrass and sand). How the classification is structured
will influence how easy or difficult it is for each habitat to be assigned, and the
chance for uncertainty in misattribution to occur. Within this research, it is
identified that entities at the highest level of the classification system (discussed
in chapter 2), must be able to be discriminated from one another at an acoustic
level. A classification system should be transparent in such a way that verifi-
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cation data sets can be accessed at each level within the spatial data model to
validate how a habitat was attributed.

1.3.2 Uncertainty in spatial data interpolation

To map any attribute involving extent requires careful consideration of its likely
dimensions (Burrough et al., 2001). This is especially the case when interpola-
ting spatial data sets from point data. Interpolation is the procedure of creating
a continuous surface of information from samples of data, by predicting values
at unsampled locations using geostatistics (Burrough and McDonnell, 1998).
One of the greatest issues that must be overcome using acoustics is identify-
ing the location of boundaries and quantifying the uncertainty related to their
attribution and position, especially when the edge of a habitat is ambiguous.
Geostatistical methods exist using various algorithms to compute raster layers
from unevenly distributed point data sets.

Davis (2001) refers to remote sensing as the only practical solution for conti-
nuous extent mapping and suggests point data sets as a more appropriate mea-
sure for monitoring as it is rarely possible to undertake a direct ground survey of
an area larger than a few square kilometers. Although, even with continuous co-
verage data collection techniques (such as side scan sonar), interpretation issues
are present and interpolation between tracks may still be required. Interpola-
tion of acoustic hardness and roughness values and interpolation of sediment
core data with respect to newly developed methods of uncertainty analysis are
presented in this research.

1.3.3 Uncertainty in selecting the scale for marine habitat
mapping

Inevitably, when dealing with spatial issues the concept of scale becomes central
to all investigations. Maps are often referred to as ‘broad scale’ or ‘fine scale’.
These terms are relative and there are no strict definitions to their actual real
world scale. Broad/fine scale definitions often relate to the techniques used to
gather the data. Normally ’broad scale’ refers to a general description of the
distribution of habitats, often defined in general terms- for example reef and
sand. A fine scale map will show the detailed distribution of habitats classified
at a lower hierarchical level, with more precise definition and position of the class
boundaries. Digital data at times have been viewed as ‘scale free’, referring to
the fact that GIS does not fix spatial layers, but has the ability to zoom in or
out and overlay. The scale at which we choose to map depends on two main
factors: 1) the intended use of the data/ purpose of the study, 2) the technology
used to collect the data and its ability to make precise measurements.

Different management outcomes often require mapping information at very
different spatial scales, each level requiring a different level of habitat classifica-
tion. This reflects the fact that the structuring of marine ecosystems occurs at a
range of spatial scales which requires a multi-scale management approach if su-
stainability is to be most effective. However, these scales are considerably larger
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than that required for the assessment of biological communities and exploited
fisheries resources, which vary spatially at the scale of meters to kilometers.
Spatial patterns of habitats on the seabed occur at scales ranging from centi-
meters (individual species locations and modifiers) to hundreds of kilometers
(biogeographical patterns of species distribution). Inappropriate choice of scale
(transect spacing, ping rate or gridding scale) for data collection will have a pro-
found influence on uncertainty in the results. A sampling strategy must account
for the type of attribute being measured, the sampling techniques available, the
inherent variability of the attribute (if known), all of which must be able to be
quantified so as to determine the uncertainty in the resulting maps.

Scale has important uncertainty implications. Quattrochi and Goodchild
(1997) point out rather than stating the metric scale of a digital representation,
it is better to define the exactness of the location of the smallest observable
object. This brings into play elements of both uncertainty (or statistical preci-
sion) and numerical precision. The scale of observation also affects the relative
degree of statistical precision in the observed phenomenon, in that the variance
of the mean is always smaller than the variance of the individual observations.

The problem of scale and pattern is the central problem in ecology (Levin,
1992). There is no single natural scale at which ecological phenomena should
be studied. Systems generally show characteristic variability on a range of
spatial, temporal and organizational scales. While it is possible to collect high-
resolution spatial data over vast areas, the cost in doing so, and the size of the
resulting data sets may be impractical if the primary purpose is to provide a
regional overview of dominant habitat types. The effect of scale and data density
in describing the patterns of habitat distribution is described throughout this
research.

1.4 Summary

For uncertainty assessment, the evaluation of uncertainty in a spatial data set
typically consists of comparing the data to some reference model that is assumed
valid (De Bruin and Bregt, 2001). Commonly used statistics are then used for
attribute measures on a ratio or interval scale of mean error, root mean square
error, variance and standard deviation (Li, 1991; Hunter and Goodchild, 1997).
Estimates of the spatial mean of error and its standard deviation may be used
to parameterise a normal error probability distribution function. Uncertainty
assessment, in this context, concerns the comparison of data sets with reference
data as required by the application at hand (Veregin, 1994). The uncertainties of
finding appropriate reference data is limited in the marine environment as there
is not the wealth of spatial data available (e.g., time series of aerial photography
and satellite imagery, geological surveys, detailed topographic maps) as there
are for terrestrial applications. The reference data are usually subsets of the
mapping data and are therefore subject to the same environmental biases as
the mapping data.

The uncertainty results are not consistent throughout a data set when com-
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bining data from different sources (Congalton, 1988) and standard procedures
for presenting the spatial distribution of uncertainty in thematic maps are not
well defined (Burrough and McDonnell, 1998). The challenge with these proce-
dures lies in the ability to document the distribution of uncertainty across the
surface of a map rather than to report the overall uncertainty of the map data
set. Understanding the results of uncertainty analysis might also not be straight
forward. It is impossible to accurately evaluate areas of the marine environment
by remote sensing without field data verification. Marine systems present com-
plex physical processes within habitats and varied spatial relationships between
habitats and other environmental properties (such as temperature, depth, cur-
rents and exposure). A multidisciplinary approach is taken in this research in
an attempt to gain insight into the uncertainties associated with common sea-
bed mapping technologies and classification and to develop an understanding of
pattern in the spatial distribution of seabed habitats. The use of multivariate
and spatial statistics to create the habitat maps will ensure that the creation
of the various habitat layers will be subjective and repeatable. These metho-
dologies will contribute to the transferability of the methods within Australia’s
habitat mapping projects and will provide a defensible position for the further
development of habitat classification schemes.

1.5 Problem description

‘Habitat maps can provide effective ‘surrogates’ for diversity provided they are
appropriately validated’ (Ward et al., 1999). This statement is becoming more
common and therefore important with the increase of habitat maps being used as
a tool for marine conservation and planning and fisheries management. What
methods can we use to assess the uncertainty and therefore the reliability of
habitat maps ?

1.6 Research objectives

This thesis addresses a wide variety of problems and issues related to uncertainty
in marine habitat mapping, provides methods for addressing some and raises
questions about new ones for further research. The main research aims by
chapter are:

1.6.1 Chapter 2; Classification and accuracy assessment

Objectives from the classification perspective:

• To investigate the use of hierarchical classification as a method to empha-
size uncertainty in describing shallow coastal seabed habitats

• To review accuracy assessment and validation methods used to explore the
relationship between uncertainty in the spatial extent of seabed habitats
and their thematic uncertainty.
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1.6.2 Chapter 3; Qualitative assessment and quantitative
interpolation

Objectives from the data collection perspective:

• To assess the application of acoustic data visually classified in real time
and post processed; to investigate the influence of various transect spacings
on qualitative knowledge-based interpolation of shallow reef systems

• To identify physical reef characteristics that can be identified as habitat
parameters in quantitative classification using kriging interpolation

1.6.3 Chapter 4; Fuzzy c-means clustering and conditional
simulation

Objectives from the statistical perspective:

• To recreate Australias ‘Seascapes’ map with classes derived from an un-
supervised fuzzy clustering algorithm. To produce a set of membership
layers for each Seascape class depicting uncertainty of each grid cell.

• To perform a sensitivity analysis to test for the influence of varying attri-
butes in the clustering procedure and validate the clusters to assess the
optimal number of classes.

• To generate a confusion map of the Seascapes layer, highlighting locations
of potential classification error.

• To visualise uncertainty using conditional simulation

• To reproduce membership layers using re-interpolated layers from kriging
analysis

1.6.4 Chapter 5; Pattern recognition and classification

Objectives from the data processing perspective:

• To examine the characteristics of seabed habitat classes that can be vi-
sually differentiated, and to review boundary detection methods

• To explore uncertainty in object based classification techniques related to
the extraction of habitat classes from sidescan sonar images

1.6.5 Chapter 6; Characterisation of rocky reef

Objectives from the data processing and application perspective:

• To characterise seabed pattern from classified sidescan sonar images

• To compare and contrast techniques used to classify the vertical structure
of rocky reef systems from multibeam bathymetric products with estimates
of uncertainty
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1.7 Structure of the thesis

This thesis consists of seven chapters as outlined in the subsections listed above
and displayed in Figure 1.6. Five of these chapters address uncertainty in spatial
analyses and image classification of marine habitat data. The second chapter
provides an overview of data management and classification in the marine en-
vironment. Chapters 3 and 4 investigate geostatistical techniques for modelling
spatial data using a fuzzy method to model the natural gradients in mapping
soft sediments. Chapter 5 explores data capture from sidescan sonar using ob-
ject oriented classification techniques at multiple scales. Chapter 6 illustrates
the application of fragmentation statistics and morphometric classification of
multibeam data with particular emphasis on uncertainty of spatial data in re-
spect to classification. Overall, the issues of quantifying uncertainty in mapping
shallow marine habitats is addressed in this research.
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Figure 1.6: Thesis overview showing chapter and data input, analysis procedure and spatial
and statistical outputs.



22 CHAPTER 1. INTRODUCTION



Chapter 2

Hierarchical classification
and accuracy assessment

What we observe is not nature itself, but nature exposed to our method of questioning
— Werner Heisenberg (1901-1976)

Objectives:

• To review the use of hierarchical classification as a method to emphasize
uncertainty in describing shallow coastal seabed habitats

• To review accuracy assessment and validation methods used to explore the
relationship between uncertainty in the spatial extent of seabed habitats
and their thematic uncertainty.

2.1 Introduction

Broad-scale and fine-scale mapping of benthic marine habitats can provide con-
siderable information on patterns of physical seafloor structuring and is now
achievable given recent technological advances in echosounders and backscatter
analysis, digital underwater video, differential GPS and Geographic Information
Systems (GIS). The range of management applications of these data have increa-
sed as conservation planning incorporates information on the spatial structuring
of seabed habitats in such activities as Marine Protected Area development (Jor-
dan et al., 2005), habitat monitoring (Ferguson et al., 1993; Robbins, 1997;
Kendrick et al., 2000; Weiers et al., 2004) and examining the effects of demersal

1This chapter is based on the papers; Halley, V. and Jordan, A. 2007. Addressing spa-
tial uncertainty in mapping southern Australian coastal seabed habitats, in Todd, B.J and
Greene, H.G., eds., Mapping the Seafloor for Habitat Charaterization: Geological Association
of Canada, Special Paper 47, 165-179.

2Halley, V. 2004. Addressing Spatial Uncertainty in Marine Habitat Mapping. Fifth
Australasian Postgraduate Workshop on GIS, Social and Environmental Modeling. Kioloa,
NSW, Australia 1-6th June 2004.
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trawling in order to progress multiple use ecosystem management (Bax and Wil-
liams, 2001; Humborstad et al., 2004). Much of this assumes that habitat maps
can provide effective ‘surrogates’ for diversity provided they are appropriately
validated (Ward, 2000), therefore providing a cost-effective method of biodiver-
sity assessment. However, given that both habitats and marine biodiversity can
be defined at a multitude of scales, it is essential that habitats are mapped and
classified at a range of levels within a hierarchical framework. The range of ma-
nagement outcomes requires mapping at multiple spatial scales and depths (i.e.,
coastal, shelf, off shore) requiring different methods and survey designs. These
are generally limited by cost and expertise, scale, water depth and habitat he-
terogeneity. The increase of coastal mapping in Australia requires a framework
and a consistent method for classifying habitats at a range of hierarchical scales,
which requires a significant input from mapping projects, such as those reported
here for the classification scheme to be comprehensive and representative, i.e.,
CARS principle (comprehensive, adequate and representative system).

An important component of communicating between states and agencies is to
aim toward the development of a hierarchical habitat classification scheme that
can be applied at a range of mapping scales, across a range of different seabed
environments and instruments. A classification scheme must be representative
of the interdisciplinary approach to mapping by integrating acoustic information
(e.g., Acoustic Ground Discrimination Systems (AGDS), sidescan or multibeam
data), geological information (e.g., sediment grabs and cores), biological data
(e.g., from transect and quadrat sampling), and data obtained from underwater
video. A significant ongoing goal in seafloor exploration is to define a common
classification scheme that all characterisation studies can use effectively and
efficiently. The development of a common classification scheme would make
sharing results and data layers easier between states in Australia, for example,
at state boundaries or between geographically overlapping projects. However,
there is an understanding among researchers, scientists and managers that the
use of a single, common classification scheme applicable to all environments is
not a reality yet (Lundblad et al., 2006). In the meantime, it is a reality that
we can begin to design habitat mapping classification schemes that can reveal
the level of uncertainty of our classification.

This chapter aims to identify the thematic uncertainty in misclassification
of mapping units and the spatial accuracy issues associated with producing
seabed habitat maps with continuous coverage from aerial photography, single-
beam acoustics and underwater video. These are discussed in the context of
applying these methods to the broad-scale mapping of coastal seabed habitats
(0 - 50 m depth) in Tasmania, Australia, where limitations exist in cost and
expertise. The decision rules used to attribute habitat types from a hierarchical
classification system used in shallow coastal water are described. The process
of defining and reducing uncertainty in the selection and attribution process,
survey design and the development of the spatial data model to convey the deci-
sions made within the GIS are discussed. When combining data from different
sources there are a few major components that must be considered. Scale is
perhaps one of the most important of these components that managers need to
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seriously consider and understand as the scaffolding for their mapping program.

2.2 Scale

Scale describes the level of geographic resolution, the geographic extent, the
context of space and time and helps to define positional accuracy (Quattrochi
and Goodchild, 1997), all which influence uncertainty. Identifying the appro-
priate scale and resolution in advance is important, as there is generally a direct
trade-off between scale, resolution, accuracy and survey cost. Inappropriate
choice of scale will have a considerable influence on map accuracy, as seabed
habitats are composed of both biotic and abiotic parts that do not have an
intrinsic scale (Gustafson, 1998; Anderson, 2001; Hovel et al., 2002; Ninio et al.,
2000; Baxter, 2003). Habitats also often have indistinct boundaries, are hete-
rogeneous with complex spatial distributions, and can often occur at several
spatial scales (Knight and Morris, 1996; Peterson et al., 1998). These issues all
make benthic habitats difficult to map.

Sampling must occur at an optimum density to reveal the spatial pattern of
the habitats being assessed (Heuvelink, 1998). The number of seabed habitats
classified will be determined by the resolution and spatial coverage of the acou-
stic and/or remote sensing techniques. As a range of spatial scales and methods
are employed to map seabed habitats, a hierarchical classification scheme is re-
quired that identifies habitats (Allee et al., 2000) or biotopes (Connor et al.,
2003) at a number of levels. There is also a need for a set of decision rules
that are applied during the mapping process to define the minimum mapping
unit and to ensure consistency and repeatability, particularly when monitoring
change in extent and distribution across a mapped region. All of these concerns
are constrained within the practicable issues of technique, time and cost.

Within coastal waters (defined as <50 m depth), mapping techniques include
mainly airborne and satellite remote sensing in addition to single and multibeam
acoustics and sidescan sonar. These techniques are commonly ground-truthed
using underwater video and/or benthic sampling. Airborne and satellite based
remote sensing techniques include photography (Finkbeiner et al., 2001), LIDAR
and multispectral and hyperspectral sensors (Mumby et al., 1997b; Andrefouet
et al., 2003; Malthus and Karpouzli, 2003). These techniques can provide conti-
nuous spatial coverage (at a minimum sampling level e.g., pixel size), but have
a maximum depth limitation influenced by issues, such as wind disturbance and
sun glint for optical images (Finkbeiner et al., 2001), atmospheric and air-water
interface corrections, water column characteristics and substrate reflectance for
multispectral and hyperspectral images (Dekker et al., 2003).

Mapping using side-scan sonar and multibeam swath systems can reveal the
spatial patterns of certain seabed features, such as rocky reefs and unconsoli-
dated sediments of varying grain size and surface features (e.g., ripples, sand
waves) (Wynn and Stow, 2002). Acoustic backscatter has increasingly been
used to examine and relate benthic assemblage structure (Kostylev et al., 2001;
Brown et al., 2002). Further development of backscatter analysis techniques
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may allow identification of an increasing range of habitat types and finer detail
on the dominant benthic community. These systems can provide spatially con-
tinuous mapping, avoiding the need for interpolation between transects or point
samples. However, in shallow coastal waters multi-beam requires close track
spacing if full coverage is to be achieved (depending on beam width). Despite
the potential for complete spatial coverage within certain depth limits, there is
still considerable uncertainty in the attribution of seabed habitat type with all
of these techniques.

Single beam echo-sounders, which include acoustic ground discriminating
systems (AGDS) such as RoxAnn and QTC View provide information on depth
and seabed hardness and roughness and can be used to classify the seabed into
habitat types or biotopes. While these methods have been used extensively to
define a large number of habitats (Greenstreet et al., 1997; Collins and McCon-
naughey, 1998; Foster-Smith et al., 1999), many factors have been identified
that influence attribution accuracy. These can be categorized as echosounder
configuration, survey design and analysis techniques (Magorrian et al., 1995;
Greenstreet et al., 1997; Pinn et al., 1999; Hamilton et al., 1999; Kloser et al.,
2001; Foster-Smith and Sotheran, 2003; Wilding et al., 2003), all of which can
introduce a component of uncertainty in habitat attribution in order to produce
continuous coverage maps. To a large extent much of the uncertainty is strongly
influenced by the level of habitat heterogeneity.

Given that marine habitats can be defined at multiple scales it is essential
that habitats are mapped and classified at a range of levels within a hierarchical
framework. Often different levels of classification and accuracy are required for
different applications. In the context of coastal seabed mapping, the levels in the
hierarchy that are specifically delineated through acoustic and optical remote
sensing and associated ground truthing are identified as ’mapping units’ (Foster-
Smith et al., 1999). These are commonly based on geophysical features (Greene
et al., 1999; Zacharias et al., 1999; Roff and Taylor, 2000; Bax and Williams,
2001) or a combination of biological and physical features (Allee et al., 2000)
that have been defined as biotopes by Connor et al. (2003). This reflects the
importance of physical parameters in structuring communities and the often-
limited capacity of remote sensors to delineate biotic composition compared to
physical structure.

2.3 Classification hierarchy

Allee et al. (2000) proposed an estuarine and marine classification system that
was based on the recommendations of a team of experts at NOAA (National
Ocean and Atmospheric Administration, US Department of Commerce). NOAA
Coastal Services Center had begun developing standards for a marine habitat
classification system in 2003. They considered that one important aspect of a
habitat classification system should be the incorporation of the temporal scale
over which variables change. In a hierarchical classification system, variables
that could change over relatively short time periods should be incorporated at
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lower levels in the classification than variables that are unlikely to change (such
as hard substrates) (Kvitek et al., 1999).

A hierarchical classification scheme for subtidal seabed habitats is used in
Tasmania to define habitat levels and categories within a set of attribution deci-
sion rules (Figure 2.1). The level in the hierarchy that is mapped should relate
to the method and scale of the mapping. In most cases habitats are defined
at several hierarchical levels and habitat area estimated using several modifiers
(e.g., depth, exposure). These hierarchical levels are based on the framework
outlined in Allee et al. (2000) and defined as geomorphic types, biogeomorphic
types, substratum/eco-type and modifiers and discussed in the context of the
spatial scales of megahabitats (1- 10s of km or larger), mesohabitats (10 m to
1 km) and macrohabitats (1 to 10 m) as detailed in Greene et al. (1999). This
hierarchical classification scheme provides the framework for defining mapping
units, which are mostly at the substratum (mesoscale) for Tasmanian habitats.
However, in many cases scale is not directly related to classification level as
even the lowest level of eco-units may cover areas sufficient to be defined as
megahabitats. It is important to document these to ensure consistency and re-
duce uncertainty when translating between mapping projects. As the naming
of levels in the classification hierarchy often varies between schemes, the defi-
nitions of the mapping units and associated decision rules are unique to each
classification system.

In general, the emphasis of the geophysical and biotic features varies with
the level of classification in the hierarchy. Prior knowledge of the factors deter-
mining community structure is often important in defining habitat categories
as biological and spatial attributes can become increasingly important at lower
levels in habitat classification in order to maximise the use of habitats as sur-
rogates for biodiversity. For example, at one level bio-geomorphic type is a
major determinant of biotic composition, with the most distinct acoustic and
biological separation occurring between consolidated (e.g., rocky reef) and un-
consolidated (e.g., sand) substrates (Williams and Bax, 2001). Within rocky
reef habitats, those with greater vertical relief and complexity generally have
higher species diversity (Ebeling et al., 1980) or a distinct assemblage (Har-
man et al., 2003), indicating a need to define these physical attributes in the
mapping process. The biotic attributes become important to map as diversity
is further influenced by the presence of macroalgae (Levin and Hay, 2002), and
the macroalgal assemblage reflects exposure gradients which influences other
assemblages present (Edgar, 1984). However, this is often difficult to do using
acoustic methods (Foster-Smith and Sotheran, 2003) and biotic spatial informa-
tion can only be obtained through diver and video surveys that provide limited
spatial coverage.

How data are collected can affect the scale at which the data are described.
The flexibility of scale influences the design and development of habitat classi-
fication schemes (Valentine et al., 2004). Inappropriate choice of scale for the
application of the data will have a significant influence on the design accuracy of
a sampling program. The sampling technique employed will govern the ability
to accurately georeference and determine the level of uncertainty in the mea-
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Geomorphic Type (~ Scale range 000’s of km) 
Consolidated Substrate Unconsolidated Substrate 

Bio-geomorphic Type (~ Scale range 00’s of km) 

Rocky Reef 
Unvegetated 

Unconsolidated 
Substrate 

Vegetated 
Unconsolidated 

Substrate 
Substratum/ Ecotype (~ Scale range m) 

High Profile Reef 
Medium Profile Reef 

Low Profile Reef 

Gravel 
Sand 
Silt 

Cobble 

Seagrasses 
Algal Beds 

Aquatic Macrophytes 

Modifiers (~ Scale range sub m) 
Modifier Eco-Unit Modifier Eco-Unit Modifier Eco-Unit 
Structure Continuous 

Patchy 
Guttered 
Bommies 

Attached 
Epifaunal 
Groups 

Sponges 
Tunicates 

 

Structure Continuous 
Patchy 
Sparse  

Relief Hills 
Flat 

Ripples 

Relief Hills 
Flat 

Ripples 

Sediment 
Type 

Sand 
Silty Sand 

Silt 
Cobble 

 
Substratum Texture Solid 

Cobble 
Boulder 

Rock Type Dolerite 
Granite 

Sandstone 
Limestone 

Basalt 

Substratum 
Texture 

Shelly 
Worm holes 

Smooth 
Hard Sand 
Silty Sand 

Biota Seagrass Example:  
Heterozostera tasmanica 

Caulerpa sp. 
Ruppia sp. 

 
Macroalgae  

Epiphyte 
 

Biota Macroalgae 
Example:  
Ecklonia 
radiata 

Seagrass 
Example: 

Amphilbolis 
Antarctica 
Sponge 

 

Figure 2.1: SeaMap Tasmania classification table
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surements and this in turn will influence the minimum mapping unit, which is
defined as the smallest area of habitat that can be effectively mapped (Finkbei-
ner et al., 2001). The minimum mapping unit will influence the configuration
of seabed habitat maps, which refers to the spatial arrangement, and shapes of
patches in the pattern (Saura, 2002).

Unconsolidated substrates can be defined at one hierarchical level based on
the presence or absence of vegetation cover (e.g., seagrass) and at lower levels
on sediment size composition, dominant faunal or floral species (e.g., sponges,
macroinvertebrates, seagrass species) and spatial structure (e.g., patchiness).
Many of these factors are known to influence the community composition (Aus-
ter et al., 1995; Webster et al., 1998; Williams and Bax, 2001; Rotherham and
West, 2002). The physical and biological factors defined in the scheme are not
exhaustive, but represents those used so far in the Tasmanian mapping pro-
ject. More eco-units may be added, relevant to the objective and/or scale of the
mapping project and as further data becomes available.

2.4 Decision rules

The aims of any marine mapping program ultimately will define the choice of
equipment, technology, analyses, scale of the survey and hence its cost, even the
presentation of the final maps. This seems like a simple proposition however it
is often not considered up front but must always be made explicit in planning
for marine mapping programs. Cost will affect the type of equipment that
can be employed and this will affect the resolution of the data that will be
collected. Much of the uncertainty in the information gathered with all the
systems discussed in this thesis is strongly influenced by the level of habitat
heterogeneity and the need for detail of that heterogeneity see (Holmes et al.,
2006). There are other important sources of uncertainty (e.g., in remote sensing
imagery, in acoustic signals etc) but the habitats being mapped provide much to
be considered. The habitats are represented by the classification systems that
the data are described by. A related issue is the need for a set of decision rules
that are applied during the mapping process to define the minimum mapping
unit and to ensure consistency and repeatability in applying the classification
scheme, particularly when monitoring change in extent and distribution of the
mapping units. All of these concerns are constrained within the practicable
issue of cost. There are a number of decision points that require consideration
prior to designing a coastal seabed mapping survey, and the following decision
flow diagram highlights some important items for consideration, see Table 2.1.
Each box in Table 2.1, relates to an economic cost in some form. All habitat
classifications within the hierarchical structure are defined based on a set of
decision rules that are applied during post-processing of survey data.
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What are the survey aims?
For what will the final maps be used?

Thus... what resolution of information will be needed?
How much time and how many $ are available?

What technology is available?
What equipment will give me the required resolution?

What degree of accuracy is required?
How much ground-truthing is needed?

Review Point
Can any of this be done in-house?

What skills are required to interpret the data?
Review Point

How will the data be managed?
(i.e., data size, software and hardware requirements)

Important if you require high spatial density and high accuracy datasets
Review Point

What classification system is going to be used?
Is it appropriate for the data source and environment?

How will these data be communicated to those who need it?
Note: This may not require a data management response

Table 2.1: Decision points for developing a marine mapping program

2.4.1 Habitat attribution

Some of the major uncertainties in seabed habitat mapping relate to the ability
of optical and vessel-based remote sensing techniques to identify and classify
habitats, particularly at the modifier level. Single-beam sounders have been
commonly used to obtain information on the acoustic reflectance of the seabed
where a single acoustic pulse is used to ensonify a footprint of the seabed directly
under the vessel. The various AGDS (i.e., RoxAnn, EchoPlus and QTC View)
use parameters of the echo return to classify seabed substrates. In the case of
RoxAnn and EchoPlus processing, the strength and intensity of the first echo,
and the whole second echo are taken to be measures of roughness and hardness
of the seafloor respectively (Brown et al., 2003). The QTC View system uses
a large number of parameters of the tail of the first echo to categorise habitats
based on supervised (i.e., ground-truthed) or unsupervised classifications.

These methods have been well documented in the literature and many fac-
tors have been identified that influence attribution accuracy (some of these
methods will be analysed in subsequent chapters of this thesis). They can be
categorized as sounder configuration (e.g., beam width, frequency, ping rate,
power output), survey design (depths, vessel speed, sea state, transect spacing)
and analysis techniques (components of echo return, supervised and unsuper-
vised classification, clustering techniques; interpolation procedures) (Magorrian
et al., 1995; Greenstreet et al., 1997; Collins and McConnaughey, 1998; Hamil-
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ton et al., 1999; Kloser et al., 2001; Foster-Smith and Sotheran, 2003; Wilding
et al., 2003). All of these factors can introduce a component of uncertainty in
habitat attribution, which to a large extent is determined by the level of habitat
heterogeneity and similarity in acoustic properties between habitats or similar
echo responses.

Confusion in attribution due to acoustic similarity can occur when habitats
are present over distances smaller than the area integrated from multiple echo re-
turns, which varies according to depth. Also, uncertainties arise due to the often
gradual change in unconsolidated habitats (e.g., sand to silty-sand) that results
in fuzzy boundaries (explored in chapter 4) (Burrough and McDonnell, 1998)
and the fact that some physical factors cause acoustic uncertainties in substra-
tes with similar particle size (e.g., ripples, sandwaves, holes and bioturbation).
Considerably less acoustic uncertainty exists between discriminating rocky reef
and unconsolidated substrates. These boundaries are generally distinct, except
when the habitat size is smaller than the integrated acoustic area. It is im-
portant that a clear link exists between the habitat categories and the acoustic
techniques. Overall, as the number of habitat categories increases and biological
attributes become more important, usually at lower levels in the classification
hierarchy, the ability to accurately discriminate acoustically between classes de-
creases. Therefore, it is essential that groundtruth data be incorporated into
the analysis and production of habitat maps, particularly in the delineation of
boundaries. It must be acknowledged though, that not every category identi-
fied from video data can be mapped using acoustics. The groundtruth data can
also be used to obtain further information on modifiers (e.g., seagrass species
composition), which, at the modifier level, much of the uncertainty is due to
taxonomic resolution.

Classification case study: SeaMap Tasmania The Tasmanian mapping
project ‘SeaMap Tasmania’ primarily used a Simrad ES60 with a 10 deg beam
width, 120 kHz transducer with the settings of: power output 100 W, pulse
length 0.256 mS and ping rate of 2 ping /sec-1. A combination of real time
boundary attribution and post-processed echogram analysis is undertaken to
attribute habitat point data. The ES60 echograms are examined to remove any
poor data due to signal attenuation (i.e., propeller wash). This is accomplished
in Echoview software (SonarData Pty Ltd), which is designed to display and
analyse acoustic data from scientific echosounders. Different seabed types are
characterised first by differences in the echogram, seen through the strength of
the tail of the first and the whole second echo (reflected in its colour and thick-
ness intensity), which reflects variations in roughness and hardness, respectively,
see (Kloser et al., 2001). These differences are most distinct between consoli-
dated (rocky reef) and unconsolidated substrates due to the large differences in
roughness and hardness. A total of three habitat categories (rocky reef, sand
and silt) are specifically defined through variations in the first and second echo
in the echogram by comparing against reference echograms that are confirmed
through video groundtruthing. A minimum of five video transects covering an
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approximate distance of 100 m between each transect are commonly conducted
to ground-truth each acoustically defined habitat category. The acoustic at-
tribution of unconsolidated vegetated (primarily seagrass) bottom and sponge
covered areas are partly defined on the basis of acoustic reflectance of the biota
above the sounder detected bottom and further research is being conducted to
quantify this component of the acoustic backscatter by others, see (Heald and
Pace, 1996; Legendre et al., 2002). Figure 2.2 outlines the decision rules for
post-processing the signal based on visual classification. There are many inher-
ent problems with this technique that shall be discussed in detail in chapter 3,
which mainly include the spatial scale over which the seabed echo is averaged
and reliable repetition of characteristic attribution.

In many shallow areas (< 5 m or <10 m in clear water) habitat type (prima-
rily rocky reef and unconsolidated substrate) and boundary position is defined
first through digitising directly from geo-referenced and rectified aerial photo-
graphs, with polygons viewed in the field in ArcPad(ESRI). In similar depths,
further discrimination of habitat type at the eco-unit level (e.g., Zostera sea-
grass, Durvillea macroalgae) is possible through visual observation over the side
of the vessel or using an underwater glass viewer. This boundary information is
logged in real time into Seabed Mapper software generating a second set of at-
tributed point data. In addition to ground-truthing sites, a spatially referenced
video camera is deployed during a subsequent field survey at additional sites to
verify echosounder classifications when confusion exists, confirm habitat boun-
daries and obtain more detailed information on dominant macroalgal, seagrass
and sponge dominated assemblages.

Contextual editing has not been widely adopted for seabed habitat mapping
surveys despite its use in terrestrial applications (e.g., (Groom et al., 1996)),
but it is clear that contextual editing can improve map accuracies where seabed
habitats can be segmented according to reliable and groundtruthed decision
rules (Mumby et al., 1998; Baxter, 2003). A number of contextual decision
rules are applied based on the fact that depth and exposure strongly influences
distribution of seabed habitats. For example, video assessment indicates that
macroalgae occur as the main biotic assemblage on rocky reefs down to depths
of around 40 m, and at depths greater than this, sedentary filter feeding as-
semblages (primarily sponges) are dominant (Jordan et al., 2005). To correct
for this, polygons representing sponge on consolidated substrate are ‘clipped’ to
the 40 m depth contour. Also, silt generally does not occur in shallow depths
(<10 m) in areas of high exposure, likewise, sand is uncommon in the deeper
parts of sheltered embayments with estuarine input.

Links between acoustic data and habitat type are rarely sharply defined and
existing AGDS apply a number of analysis methods to allocate acoustic data
to discrete habitats. In principle, the acoustic data are linked to the habitat
attributes by a set of conditions based on the clustering of components of the
echo return, supported by video and/or grabs taken on representative habitat
types. The algorithms used in AGDS to attribute a habitat must contain the
least amount of variation as possible so that the attributions are replicable,
and considerable development in analysis procedures has occurred to minimize
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Figure 2.2: SeaMap Tasmania decision rules table
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attribution error (Foster-Smith et al., 1999). Such attribution uncertainties are
most common between unconsolidated habitats due to similarities in acoustic
properties and it is these types of habitats that have been the focus of much
of the application of AGDS world-wide (Morrison et al., 2001; Wilding et al.,
2003; Foster-Smith et al., 2004). In contrast, much of the seabed mapping effort
in Tasmania has been on defining the spatial extent and distribution of coastal
rocky reef habitats reflecting the fact that the majority of fisheries target species
are reef associated (e.g., rock lobster, abalone, and banded morwong). Given
the considerable difference in roughness and hardness between consolidated and
unconsolidated substrates, there is minimal attribution error at this hierarchical
level.

Attribution of unconsolidated habitats with echogram visualisation at the
substratum and modifier levels can have greater levels of uncertainty as these
are often represented at the bio-geomorphic level, mostly in areas of high spa-
tial heterogeneity. Overall, uncertainty in acoustic attribution is minimised by
maintaining standard sounder configuration and vessel speed, restricting acou-
stic surveys to low wind and swell conditions (< 2 ms−1; < 1 m); removing poor
echogram data due to signal attenuation, minimising the number of habitat ca-
tegories defined acoustically, complementing acoustics with aerial photography
and real-time boundary attribution in shallow water, and using clearly defined
contextual decision rules for habitat classification.

Uncertainty in acoustic attribution

One of the major challenges in seabed mapping is the identification of habitats
from acoustic signals that are very similar but represent very different habitat
types (e.g., cobble and patchy seagrass). Complex relationships exist between
acoustic pings and the position of the seabed where similar responses confuse
the interpretation signified by classes that cannot be separated by crisp boun-
daries in geographic space. The acoustic reflectance values are an average over
the mixture of the habitats present within the echo footprint and an acoustic
signature can separately identify none of the components. This is one of the
hardest issues to resolve using AGDS data for habitat mapping. Labeling the
sample with the dominant habitat may be entirely misleading since there is no
way of knowing what the acoustic response of the heterogeneous habitat is or
how it relates to the acoustic properties of its components. This confusion leads
to vague descriptions that are difficult to encapsulate in the decision rules that
form the basis of classification hierarchy. The unwanted result is an ambiguous
habitat map that has little meaning and is unable to be replicated. The mixture
of the acoustic signal from the center of the one habitat across transition zones
will present uncertainties for attribution and boundary delineation. There are
two approaches to the classification of AGDS. The methods involve interpreting
and classifying the acoustic signal in real time whilst in the field, or classifying
in the laboratory using post processing software. The qualitative assessment
and quantitative methods for classifying the acoustic signal are discussed in
Chapter 3.
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Bax et al. (1999) used single-beam acoustics which were groundtruthed using
photograph and benthic sampling. They found that mismatch existed between
acoustic determined seabed types obtained from the simple acoustic indices
(Bax et al., 1999) and seabed types determined from physical sampling and
in situ visual examination. Greenstreet et al. (1997), also using single beam
acoustics, found that six or seven seabed types from their classification table
could be distinguished automatically, but sediment sampling could only confirm
three types. This may have been due to the separation of the classes being based
on compaction, ripples or other reflective parameters rather than on particle size
alone.

2.4.2 Validation uncertainty

The most basic and fundamental measurement of internal accuracy of habitat
classification is commonly applied to test uncertainty, where the strengths of
the relationships between the acoustic attribution and groundtruth data are
statistically tested. This assessment measures the consistency with which the
ground truth data support the decision rules used to classify the acoustic data,
and how these data match the resulting maps. To do this, the ground truth
data are overlain onto the habitat map and the proportion of correctly matched
points or polygons are counted.

A more satisfactory measure of uncertainty is outlined by Foody and At-
kinson (2002) whereby external data are used to verify the mapped area. The
method of calculation of the accuracy measure is the same, although in this case
the predictive capability of the maps is being tested. Since these samples are
separate from the ground truth samples, the external accuracy is measured. In
many studies, map accuracy is assessed by means of a confusion or error matrix.
This analysis compares sampled acoustic data with a verification data set, such
as an aerial photograph or video data. These methods simply produce an error
result for one classification point. One major drawback of this technique is the
inability to provide information on the spatial distribution of the uncertainty
in a classified surface. Another problem is the assumption that the validation
source is appropriate for the habitat being classified. This is often not the case
due to camera field of view, mismatch in scale, and positional accuracy.

A conceptual diagram of uncertainties using AGDS was produced to iden-
tify the nature and likelihood within the SeaMap Tasmania habitat classification
system, Figure 2.3. This diagram demonstrates the confusions that exist either
within the acoustic discrimination between habitat types, or the uncertainties
that exist due to the fuzzy boundaries of some habitats. Classification uncer-
tainty is defined as ’the ambiguity of assigning a class label to an area based on
the membership values computed from the classification process (attribution of
points)’ (Zhu, 2001). This is broken into two aspects: exaggeration uncertainty
and ignorance uncertainty. Exaggeration uncertainty is defined as the exagge-
ration involved in assuming full membership of an area in the assigned habitat
class. The higher the exaggeration uncertainty, the greater the membership
exaggeration error and the lower the classification accuracy. Ignorance uncer-
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tainty is defined as the uncertainty that an entity in the assigned class occurs in
a separate class. This relates more to the fuzziness of the entity compared with
the definition of the classes. The higher the ignorance uncertainty, the greater
the membership ignorance, and the lower the classification accuracy (Burrough
and McDonnell, 1998). This would likely affect unconsolidated or patchy habi-
tats that demonstrate fuzzy or gradual boundaries. What lies adjacent to the
patchy habitat may influence the ability to acoustically discriminate the patch.

The decision rules for the hierarchical classification will define how exag-
geration uncertainties are absorbed into the spatial data model. Uncertainty
absorption can be defined as the stage at which we consider the data to be
suitable for specific needs and the risk of erroneous data are at an acceptable
level (Agumya and Hunter, 1997). This leaves the primary modes of portraying
uncertainty through numerical results in the hierarchical classification struc-
ture or feedback in descriptive assumptions. The types of uncertainties present
may influence the format chosen for communicating uncertainty. Communica-
ting and visualising uncertainty will be explored in chapter 4 in relation to soft
sediment habitats and in chapter 5 in relation to consolidated habitats.

Uncertainty within the data should be detailed within the data model in
some functional form. A data-knowledge model modified from Mennis et al.
(2000) demonstrates that habitat categories are created from a variety of cha-
racteristics that we learn from the data, such as extent, distribution, pattern
and shape, spatial association, spatial interaction and spatial change (Figure
2.4). All of these characteristics have varying degrees of uncertainty present in
their collection and interpretation. These spatial dimensions allow the analyst
to structure and contextualise the data in ways that the hierarchical models
can be queried. The hierarchical data structure allows details of these spatial
dimensions to be captured and structured so that a GIS can extract and present
this information. This process allows decision rules for habitat classification to
become more transparent as to how species distribution, patterns and shape,
spatial association, spatial and temporal components all contribute in a forma-
lised way to attribution.

Research incorporating cognitive principles into geographic database repre-
sentation has identified that shape is the most important criteria for the iden-
tification for any physical feature (Mennis et al., 2000). Some marine habitat
mapping techniques, such as side scan sonar and multibeam systems, are able
to determine shape. However, decision rules are needed to generate areas from
point data, such as single beam acoustics. The final result in the spatial data
model is the classified attribute. The actual units in categorical maps are the
polygons themselves, which constitute the thematic accuracy assessment sample
units.

Video sampling can be used to validate the interpretation of acoustic hard-
ness and roughness of a seabed in a limited capacity. Underwater video is non
invasive, non destructive and video records can be obtained rapidly and sto-
red in a permanent format that can be reviewed when required (Norris et al.,
1997; Shortis and Harvey, 1998; Barker et al., 1999; Ninio et al., 2000; Cocito
et al., 2003). The accuracy of the data capture method however raises some
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Figure 2.3: AGDS acoustic and boundary uncertainty in the SeaMap classification table
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Figure 2.4: Conceptual model of data attribution for seabed habitat mapping

concerns that relate to the estimation of cover of benthic organisms from the
video images, methods of spatial attribution, and technical limitations such as
field of view and resolution. At high resolution, video data can be used in de-
tecting the presence of habitats but are limited in describing the extent of a
habitat class (Cocito et al., 2003).

Field trials by Davis (2001) (both diving and drop down video recording)
have shown that in a limited number of cases there are difficulties encountered
in appropriately attributing records to habitats in the classification tables (Da-
vis, 2001). Cocito et al. (2003) found that there was high variability between
multiple observers used to classify reef transect data from video profiles. Ge-
nera and species were accurately identified with variabilities of 16% between
observers, with the highest variation recorded when observers had to estimate
areal coverage (32.8%). Video data are limited as a validation source to a small
number of habitat categories, such as reef, sand and seagrass. Confusion will
arise when using video images to validate for sediment type (Vorberg and van
Bernem, 1998) and it has been shown to be a limited source of information for
soft bottom benthic habitat identification (Brown et al., 2005; Freitas et al.,
2005). The marine environment can itself pose difficulties in collecting video
data. If algal cover on the reef is too dense, it is difficult logistically to be able
to tow the video smoothly above the reef surface. Light and water clarity can
limit the quality of the video record and position is hard to quantify if the sys-
tem is not equipted with a positioning device. Video inventories can easily be
handled by GIS platforms if transformed correctly into the spatial data model
and can provide a useful source of information when depth and position are
superimposed over the digital recording from a Differential Global Positioning
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System (DGPS). The hierarchical structure, decided on for habitat mapping,
should reflect the accuracy of the method of attribution and the method of
validation.

2.5 Summary

Improved communication of classification uncertainties is achieved using a hier-
archical approach. Uncertainty decreases with a greater aggregation of clas-
sification levels (decreasing the descriptive resolution). A confidence measure
could be applied to the attribution of a habitat and if this were to exceed the
uncertainty that the user could accept in the application of the data, the class
could be generalised to the next level in the hierarchy above it. The application
of this method is explored in Chapters 3 and 5.

It is difficult, if not impossible, to derive a map illustrating exhaustive clas-
sification accuracy as this would require knowledge of the true class at every
location across the seabed being mapped. However, the confidence in assigning
a class label to a habitat may be derived from the uncertainty in the decision
rules used in the classification process. Previous studies on seabed habitat map-
ping have investigated error using standard methodologies, such as confusion or
error matrices (Congalton, 1988; Heuvelink, 1996). Improvements have been
based upon developments in remote sensing approaches or structural or con-
textual changes to classification hierarchies to match the groundtruthed data.
It must be kept in mind that ground truth data are often inaccurate due to
the small sampling area and difficulty to apply quantitative measurements to
the reasons listed above (White et al., 2003). There needs to be independent
uncertainty measures that investigate the data prior to attribution. Models of
spatial variability are not the same as investigating the spatial variability in
attribution error. Confusing these two types of variability will have a direct
negative affect on the results of error analysis (McGwire and Fisher, 2001).
This research endeavors to evaluate uncertainty and variability in data proces-
sing and develop uncertainty layers which will provide a feedback loop into data
collection in an attempt to reduce uncertainty. This will provide a methodology
for more reliable classification of the data, that if a certain level of accuracy is
not met to attribute a class in the hierarchy, the level is raised to one where
assumed accuracy does apply.

All spatial data representing the marine environment will contain error and
uncertainty. Knowledge of the spatial structuring of uncertainty is essential for
decision making and without a structure similar to the one proposed here it
would be difficult to explore cumulative error when data are sourced from a va-
riety of methodologies. Combining different types of source data will compound
uncertainty within a data set making errors very difficult to identify, isolate
and to correct. The potential for reducing uncertainty is greatest at the data
collection and pre-processing stage and this is one of the issues that needs to
be resolved for seabed habitat data. However, there is a need to recognise the
usefulness of the hierarchical data structure to highlight potential sources of
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uncertainty. With improved techniques to highlight the propagation of uncer-
tainty it is ensured that the user becomes more aware of the limitations of the
habitat data.



Chapter 3

Qualitative assessment and
quantitative interpolation

The aim of science is not to open the door to infinite wisdom, but to set a limit to infinite
error

— Bertolt Brecht (1898-1956)

Objectives:

• To assess the application of acoustic data, visually classified in real time,
and from post processing; to investigate the influence of various transect
spacings on qualitative knowledge-based interpolation of shallow reef sys-
tems.

• To identify physical reef characteristics that can be identified as habitat
parameters in quantitative classification using kriging interpolation.

3.1 Introduction

Mapping and monitoring of seabed habitats results in a scientific understanding
of their distribution patterns. Developments in single beam acoustic ground
discrimination system (AGDS) technology have provided relatively cost effective
and rapid methods for mapping the variability of sub littoral habitats. AGDS
technology has been used for a wide range of initiatives, including mapping the
spatial structure of seabed habitats for biodiversity management (e.g., Marine
Protected Areas) (Barrett and Willcox, 2001; Jordan et al., 2005) and habitat
monitoring (e.g., seagrass extent) (Jordan et al., 2001).

1This chapter is based on the papers: Halley, V. and Bruce, E. 2007. Thematic accuracy
assessment of acoustic seabed data for shallow benthic habitat mapping. International Journal
of Environmental Studies, 64, 93-107.

2Lucieer,V. 2005. Applying discriminate analysis to characterise shallow rocky reef habitat.
Symposium on Spatial-temporal Modeling, Spatial Reasoning, Analysis, Data Mining and
Data Fusion (STM’05) 27-29 August 2005, Peking University, China. pp 215-219

41
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Single beam AGDS surveys produce a continuous string of points along a
cruise track (Greenstreet et al., 1997; Siwabessy et al., 1999; Phinn et al.,
2003) which in shallow coastal waters (0 - 50 m depth) can be assigned a position
(lat/long), depth, a hardness value (E1) and roughness value (E2) (Foster-Smith
and Sotheran, 2003). Classification of these points can be carried out either in
real time or after, during post processing. In theory, the different acoustic re-
sponses of the substrate type should permit the discrimination (classification) of
discrete habitat types by E1 and E2 (Brown et al., 2003), but complex relation-
ships exist between the acoustic pings and the seabed substrate. Furthermore,
the radius of the acoustic footprint varies from a conical beam as a function
of depth, and at a site ranging in depth from 5- 20 m, this footprint may vary
up to 0.5 m in diameter (Wilding et al., 2003; Valentine et al., 2004). Where
the boundaries between habitat types are not well defined, or where the habitat
types change frequently, this small variation in the acoustic footprint can lead
to uncertainty in the interpretation of classes (Malthus and Mumby, 2003).
Therefore, acoustic classification signatures cannot be applied with confidence
to heterogeneous areas across an increasing depth gradient, since the footprint
of the sounder system will result in an average reflectance value that does not
match any ‘pure’ signature for each habitat (Kloser et al., 2001). It is com-
mon in some shallow marine habitat mapping programs to visually interpret
the acoustic signal in real time (Jordan et al., 2005) which reduces the amount
of data handling time and allows for rapid and cost effective seabed mapping
across extensive areas.

In a research management context, habitat surfaces are much more meaning-
ful and useful than simple along-track point descriptions. Because of the narrow
beam width of single beam echo-sounders (often 7 - 13 deg), between-transect
habitat types are not directly measured and must therefore be interpolated.
Between-transect spacing and along-track sampling distance therefore become
the two major considerations when designing an acoustic survey for habitat
mapping (Parry et al., 2003). The sampling distance is the length of a survey
transect along which the acoustic measurements are binned for classification.
If the binning distance is too large, details of the benthic heterogeneity will be
lost. If the binning distance is too small, successive samples will be correlated
(spatial autocorrelation) and the points will exhibit high variation for reliable
between-transect interpolation. Therefore, the ability to generate reliable habi-
tat surfaces of complex inshore reef depends upon both the spatial distribution
of the reef and the sampling strategy. Furthermore, it is important to know
whether the sampling regime of the survey has been conducted at the optimum
spatial density to reliably resolve the spatial patterns of the habitat of interest
(Heuvelink and Burrough, 2002). Although the actual density of observations
may provide a guide to the degree of reliability of the data, it is not an absolute
measure, as statistical studies of terrestrial soil variation have shown (Burrough
and McDonnell, 1998). Estimating values between tracks is not likely to be a
serious problem for depth data, where depths vary gradually along the track and
intermediate depths can be safely assumed between two adjacent points given
the along-track sampling (Pinn et al., 1998). However, hardness and roughness
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values can vary markedly along a track so much so that information is lost by the
averaging involved with interpolation. Adjacent tracks may differ significantly,
and thus intermediate values between them cannot be predicted.

A vector based interpolation method, known as knowledge-based interpola-
tion, combines the analysts’ prior knowledge of habitat distribution based on
variables such as exposure and depth and brings to bear additional direct mea-
surements such as video, aerial photographs and bathyscope information. In
another approach, raster data sets are generated from the interpolation of the
acoustic points into continuous surfaces using a grid data model. Many habitat
mapping programs have adopted raster data models and employ deterministic
interpolation techniques such as inverse distance weighting (Foster-Smith et al.,
1999; Pinn et al., 1999) or geospatial approaches such as kriging (Greenstreet
et al., 1997; Guan et al., 1999). Interpolation procedures, such as kriging, are
best suited to point data where fuzzy boundaries exist and classifications change
over gradients, although this technique makes many assumptions about the spa-
tial nature of the data that are hard to verify (Foster-Smith et al., 1999). Due to
the typically rapid change of habitat boundaries in shallow coastal waters, algo-
rithms commonly underlying interpolation procedures do not best capture the
representativeness of the habitats in these areas. This research identifies two
needs, the first to investigate the accuracy of knowledge-based interpolation
procedures, and the second to investigate the width of the optimum sampling
strategy to replicate reef pattern.

This chapter describes the use of single beam AGDS for mapping shallow
rocky reef distribution in shallow coastal waters. The first part of this chapter
describes the use of single-beam AGDS technology to map a 1.25 km2 area of
shallow rocky reef in coastal waters off north eastern Tasmania. In particular,
acoustic data classified in real time are compared to post processed results. The
influence of transect spacing on interpolation is described. The interpolated
surfaces are validated using underwater video, and error matrices are applied to
describe the reliability of this technique. In the second case study, multivariate
statistical techniques to test the ability of physical parameters to predict habitat
type, were used to map the spatial pattern of reefs at a separate study site on
the east coast of Tasmania.

The objectives of this study were to (1) understand the relationships between
hardness, roughness and depth distribution within an area of ’mixed’ habitat
type including reef (2) identify the physical parameters that define the reef
boundary using multivariate statistics and (3) estimate the effectiveness of the
prediction by comparing the accuracy of the map to a digitized layer, derived
from sidescan imagery collected within the study area.



44CHAPTER 3. QUALITATIVE AND QUANTITATIVE INTERPOLATION

3.2 Methods: Case study 1- Musselroe Bay

3.2.1 Study area

The 1.25 km2 study area is located within Musselroe Bay on Tasmania’s north
east coast, Figure 3.1. The area is characterised by granite reef that is patchy in
sections along a sandy beach just south of a rocky headland (Sharples, 2000).
Depths range across the site from 2- 18 m.

3.2.2 Survey design

It has been demonstrated by Kalikhman (2002) that a zig-zag transect design
allows less adequate reconstruction of the average original field (habitat) than
by parallel transect design, provided that the transect spacing is constant and
the number of sample points on the along-track is the same. In this study, the
main acoustic transects were collected perpendicular to shore, with four shore
parallel transects included to assess the impact of increasing the data density
and having redundant samples collected with different orientation i.e., for as-
sessing the isotropic and non isotropic nature. Transects were undertaken from
a random start location across the 2-18 m depth range using both perpendicu-
lar and parallel transects spaced at 50 m intervals. This resulted in 25 shore
perpendicular transects with an average length of 900 m, and four shore par-
allel transects of 1230 meters in length. 4526 individual acoustic points were
collected. Vessel speed was maintained at an average of 12.6 km/hr (7 knots),
enabling the standardisation of distance between points. Where possible, tran-
sects were extended beyond the actual sampling area to avoid disturbances in
the acoustic signal associated with the boat manoeuvring within the survey
area. ArcPad (ESRI) was employed in the field to display lines 50 m apart from
the random start point, so that a regular survey could be achieved.

3.2.3 Acoustic data collection

An ES60 echo sounder with a 120 kHz single beam transducer was mounted on
the side of the FRV Nubeena. The echo sounder was connected using customized
ArcMap 6.0 GIS software and Simrad acoustic logging software. Real time GPS
positioning was achieved with a RACAL differential reference station and an
Ashtech Z Surveyor station onshore provided differential correction data (for
post-processing), with an estimated horizontal positional error of 3-5 m. The
corrected GPS message was combined using the time stamp from the acoustics
data.

Real time processing (RTP)

During RTP, the acoustic signal is interpreted while the survey is underway
and the data are immediately entered into a data base using SeaBed Mapper
4.0 Software (DataVision). In shallow areas (generally <5 m), it is possible
to determine the habitat type and boundary position of reefs through visual
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Figure 3.1: Location of surveyed area at Musselroe Point on the north east coast of
Tasmania showing bathymetric detail in 2 m contours.
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observation over the side of the vessel or using a bathyscope. Different seabed
types were acoustically characterised by i) the strength (colour) and thickness
(depth extent) in the tail of the first seafloor echo, and ii) the entire second
seafloor echo which represents degrees of roughness and hardness, respectively,
see (Kloser et al., 2001) and Figure 2.2.

Unconsolidated habitat (such as sand (SA) and hard sand (HS)) is identified
where the echogram shows:

1. A weak signal on the first and second seafloor echo

2. Absence of vertical relief and complexity (changes in vertical profile) in
the seafloor signal.

Low profile (LP) reef is defined in the SeaMap classification table (see Chap-
ter 2) as hard rocky substrate with a change in elevation of <1 m over a ho-
rizontal distance of 10 m. Medium profile (MP) reef has an elevation greater
than 1 m over a horizontal distance of 10 m. These definitions allow low and
medium profile reef to be identified from the echogram through:

1. The degree of patchiness of hard substrate (i.e., the distribution of seafloor
echo thickness)

2. The vertical relief and complexity of hard substrate (Franklin et al., 2003)

3.2.4 Video

A submersible digital colour video camera was deployed on four perpendicular
to shore transects collected on the same day as the acoustic data collection.
The camera was towed at a speed of 1 knot to ensure that it maintained close
alignment with the GPS antenna on the starboard side, and was often visible
directly under the vessel in depths < 20 m. The camera was suspended ap-
proximately 1 m from the sea floor providing a field of view (FOV) that varied
between 1-2 m wide. Differential GPS location, time, date and water depth
data were superimposed onto the video imagery using a ’genlock’ device, and
logged using Seabed Mapper 4.0 for use in further analysis. In the laboratory,
the video data were reviewed and classifications assigned to corresponding GPS
points, allowing a classified points layer to be generated.

3.2.5 Data processing

Post-processing

The acoustic echogram was displayed in Echoview (SonarData Pty -Ltd). As a
GPS point was collected every two seconds, the acoustic sounding provided a
classification point at the same data rate. Habitat boundaries were firstly de-
fined between consolidated and unconsolidated substrates through comparison
against reference echograms.
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The SeaBed Mapper 4.0 data files were filtered for erroneous points, which
could be recognised by spurious depths or missing substrate values. Spurious
data records may be caused by very slow vessel speeds or sharp movements,
aeration in the water column, interruption or failure in the hardware or by pre-
sence of fish (Foster-Smith and Sotheran, 2003; Greenstreet et al., 1997). The
data were saved as .csv files, imported into ArcView 3.2 (ESRI), and converted
to a point coverage.

Visual video interpretation

To simplify the video processing, the speed of the video camera was standardised
by converting the DGPS string of points collected along the video transect to a
polyline using XTOOLS (ArcView 3.2 ESRI) and then dividing the line evenly
into 7 m segments. This is the average distance along which a GPS point
is sampled every 2 secs whilst at a vessel speed of 12.6 km/hr (7 kts). The
video play length was then sub divided into these segments. For example, video
transect 1 (V01) which was 65.52 m in length and took 14 mins, 43 secs to
complete was divided into 10 (from 9.36) segments of 18 seconds in duration,
each of which was classified as either reef, sand or sand-reef complex (65.52m /
12600 m/hr = 0.0052 * 60 = 0.31 min or 18.72 seconds). This classification was
made based on which seabed type was dominant over 95 per cent of the video
segment.

3.2.6 Knowledge-based interpolation

Knowledge-based interpolation involves the connection of classified points to
form a polygon. This technique is based upon 1) the recognition of a boundary
occurring between two transects (e.g., one transect of points is classified as sand
and the neighbouring parallel transect of points classified as reef), although the
actual location of that boundary is not known exactly in terms of the distance
between the transect. Each transect clearly falls into two different habitats;
2) the clustering of similar points along one transect where these points were
connected to form polygons of similar habitat type using the following decision
rules:

1. More than four points of the same classification must be concurrent in a
string of points before it can be connected to form a polygon;

2. Points are joined with neighbouring transect points classified the same
to form one habitat polygon. The selection and joining of four similar
attributed points is representative of 7 m multiplied by 4 (= 28 m).

Following post-processing of the data in EchoView, each GPS point is as-
signed a classification based upon the nature of the adjacent echograms. The
signal is not interpreted and classified on each single ping but rather on the
echogram scene. Therefore, some generalisation must also occur in the spatial
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aggregation of points into polygons. Polygons were clipped to the polygon de-
fining the study area and to the 1:25,000 coastline, to ensure a clear landward
boundary for the study area. The numbers of points representing each habitat
type were tabulated and the areas of each polygon were calculated.

The direction of the survey completed in this study is formed by parallel
transects running perpendicular-to-shore from a randomly selected start loca-
tion. To receive an objective comparison of the results of transect spacings, the
data were collected on 50 m transects and the transect data were sub-sampled
to every 100 m and then 200 m distances. The four shore-parallel transects were
performed following the completion of the shore-normal transects by surveying
along the depth gradient in 100 m intervals at a random start location from the
shoreline.

3.2.7 Error matrices

Error matrices were generated using Excel, to calculate the overall interpolated
map accuracy, the accuracy of each class and errors of omission and commission
(Congalton and Green, 1993). The video points were overlaid with the habitat
polygon layer to compare the ground sampled data with the interpolated habitat
map. By overlaying the interpolated layers derived from each of the transect
spacings (50 m, 100 m, 200 m and 50 x 100 m) with the four video transects,
the number of video sample points assigned to the mapped classes could be
calculated using vector-based point-in-polygon overlay analysis in ArcView 3.2
(ESRI).

What is termed ‘producers’ accuracy results from dividing the number of
correctly classified points in each category on the major diagonal of the error
matrix, by the number of training set points used in that category. ‘Users’ ac-
curacy results are calculated by dividing the total number of correctly classified
points in each category by the total number of points that were classified in
that category. Once the data are summarised in an error matrix, their interpre-
tation relies on statistical analysis. The Kappa statistic quantifies the degree
of agreement regarding a particular variable corrected for agreement by chance
alone (Lillesand and Kiefer, 1994). The Kappa statistic takes the form;

K =
θ1 − θ2

1− θ2
(3.1)

where,

θ1 =
∑r

i−1 xdi

N
(3.2)

and,

θ2 =
∑r

i−1 xrixci

N
(3.3)

where

θ1 = proportion of samples which agree
θ2 = proportion of cells for expected chance agreement
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r = number of rows and columns in the error matrix
N = total number of observations in error matrix
xdi = major diagonal element for class i
xri = total number of observations in row r for class i
xci = total number of observations in column c for class i

3.2.8 Spatial autocorrelation

Spatial autocorrelation is defined as a measure of the spatial dependence bet-
ween data observed at different locations across a study area (Henebry, 1995).
To measure global spatial auto-correlation, Moran’s I correlation index is used.
The Moran’s I provides a test on whether there is a spatial clustering pattern
over the space. The standardised Moran’s I is positive when the observed values
of locations within a certain distance (d) tend to be similar, negative when they
are dissimilar and approximately zero when the observed values are arranged
randomly and independently over space (Goodchild, 1986). The normal test
for the null hypothesis of no spatial auto-correlation between observed values
over the N locations can be conducted based on the standardized Moran’s I.

Moran’s I is calculated from the following formula;

I(d) =
n

∑n
i

∑n
j wijzizj

W
∑n

i (zi)2
(3.4)

where wij is the weight at distance d so that wij= 1 if point j is within
distance d from point i; otherwise, wij= 0; z’s are deviations (i.e., zi= yi-ymean

for variable y), and W is the sum of all the weights where i 6= j. Moran’s I varies
from +1.0 for perfect positive correlation (as in a clumped pattern) to -1.0 for
perfect negative correlation (as in a checkerboard pattern).

Another method to test for spatial autocorrelation is the Geary’s C statistic.
This is based on the weighted sum of square difference between objects. A large
C value (>1) indicates that the observed value of locations within a certain
distance (d) tend to be dissimilar, while a small C value (<1) indicates that
they are similar.

Geary’s C is defined as:

C(d) =
(n− 1)

∑n
i

∑n
j wij(yi − yj)2

2W
∑n

i (zi)2
(3.5)

with the same terms listed for Moran’s I. Geary’s C normally ranges from
0.0 to 3.0, with 0.0 indicating positive correlation, 1.0 indicating no correlation,
and values greater than 1.0 indicating negative correlation. Correlation, Geary’s
C and Moran’s I were all calculated using the GRID interface in ARCINFO.
The interpolated layers were converted to grids using ArcGIS’s Convert to Grid
command with a 5 m grid cell size.
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Transect Method Substrate Area Ha % Area of
site

No of
Points

Average Po-
lygon Size

50m RT SA 45.97 36.90 4526 1.59 km2

50m RT HS 8.28 6.65
50m RT LP 44.53 35.75
50m RT MP 25.80 20.71
50m PP SA 40.22 32.28 4526 1.86 km2

100m PP SA 39.61 31.79 2199 2.83 km2

200m PP SA 46.21 37.09 1152 3.89 km2

50x100m PP SA 39.96 32.08 5626 1.77 km2

50m PP HS 16.66 13.33
100m PP HS 16.42 13.18
200m PP HS 13.90 11.15

50x100m PP HS 16.90 13.57
50m PP LP 57.61 46.25

100m PP LP 60.13 48.27
200m PP LP 56.96 45.72

50x100m PP LP 53.36 42.84
50m PP MP 10.13 8.13

100m PP MP 8.45 6.78
200m PP MP 7.02 5.64

50x100m PP MP 14.36 11.53

Table 3.1: Polygon area results generated from RT and PP classed acoustics. The 50
x 100 m indicates the 50 m shore-horizontal with 100 m shore-perpendicular transects
(SA-Sand; HS-Hard Sand; LP- Low Profile Reef; MP- Medium Profile Reef)

3.3 Results- Case study 1: Musselroe Bay

3.3.1 Real time and post processed polygon area compa-
rison (50m) only

The real time (RT)and post processed points (PP) were interpolated using know-
ledge based interpolation and the areas generated from these polygons were
compared with surfaces interpolated using the post processed acoustic points.
Comparing the 50 m track spacing, the largest area difference existed between
HS and MP reef. The real time processed points produced a HS polygon area
of 8.2 hectares compared to 16.6 hectares using the post processed data. Howe-
ver the SA category remained consistent with only a difference of 5.7 hectares
over an area of 124.5 hectares. Table 3.1 shows the results of the polygon area
comparisons between the real-time attributed points and the post processed
points.
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Map Class
Video Class HS LP MP SA Total User

HS 6 3 1 9 19 31.58
LP 1 16 9 10 36 44.44
MP 0 2 9 0 11 81.82
SA 1 3 0 11 15 73.33

Total 8 24 19 30 81
Producer 75.00 66.67 47.37 36.67 κ=0.35

Table 3.2: Results of the knowledge based interpolation from the 50 m transect spacing
and Real Time classified acoustic points. HS= hard sand, LP= low profile reef, MP=
medium profile reef, SA= sand.

3.3.2 Accuracy assessment of real time classified acoustic
interpolation.

Over 75 m of video from 4 validation transects with a combined total of 81
points were compared with the interpolated acoustic surfaces to produce an
error matrix. The habitats of Sand (SA), Hard Sand (HS), Low Profile Reef
(LP) and Medium Profile Reef (MP) are all represented in the error matrix.
The Kappa coefficient of agreement was applied to measure the relationship of
beyond chance agreement to expected disagreement (Rosenfield et al., 1982).
Conditional coefficients of Kappa provide measures of agreement for individual
categories, thus showing the appropriateness of the applied classification.

The overall accuracy of the real time interpretation of the acoustic signal is
demonstrated in Table 3.2. The interpolation using knowledge-based interpo-
lation is quite poor with an overall Kappa statistic of 0.35. User accuracies of
medium profile reef and sand were above average at 81% and 73% with hard
sand and low profile reef only scoring 31% and 44%. Producer accuracies of hard
sand were the highest using real time acoustic classification at 50 m transect
spacing. When using video as a source of validation it becomes apparent that
significant confusion between the reef and hard sand classes exists.

3.3.3 Accuracy assessment of post processed classified acou-
stic interpolation.

Tables 3.3 to 3.6 reveal the accuracies of the interpolation for each transect at
50 m, 100 m, 200 m and 50 x 100 m spacings. The highest Kappa result (0.64)
was achieved from the post processed 50 m transect spacing and the lowest from
the 200 m transect spacing. The survey design that included four 100 m spaced
horizontal transects had a low Kappa result (0.49) revealing that shore parallel
data does not improve the accuracy of this interpolation procedure.
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Map Class
Video Class HS LP MP SA Total User

HS 13 3 1 2 19 68.42
LP 4 28 3 1 36 77.78
MP 0 3 8 0 11 72.73
SA 3 0 0 12 15 80.00

Total 20 34 12 15 81
Producer 65.00 82.35 66.67 80.00 κ=0.64

Table 3.3: Results of the knowledge based interpolation from the 50 m transect spacing
and Post Processed classified acoustic points

Map Class
Video Class HS LP MP SA Total User

HS 12 5 0 2 19 63.16
LP 4 25 7 0 36 69.44
MP 0 6 5 0 11 45.45
SA 1 0 0 14 15 93.33

Total 17 36 12 16 81
Producer 70.59 69.44 41.67 87.50 κ= 0.56

Table 3.4: Results of the knowledge based interpolation from the 100 m transect spacing
and Post Processed classified acoustic points

Map Class
Video Class HS LP MP SA Total User

HS 7 9 0 3 19 36.84
LP 7 25 3 1 36 77.78
MP 0 6 5 0 11 45.45
SA 1 0 0 14 15 86.67

Total 15 40 8 18 81
Producer 46.67 62.50 41.67 77.78 κ= 0.46

Table 3.5: Results of the knowledge based interpolation from the 200 m transect spacing
and Post Processed classified acoustic points

Map Class
Video Class HS LP MP SA Total User

HS 7 7 2 3 19 63.16
LP 3 28 5 0 36 69.44
MP 0 6 5 0 11 45.45
SA 2 0 0 13 15 93.33

Total 12 41 12 16 81
Producer 58.33 68.29 41.67 81.25 κ= 0.49

Table 3.6: Results of the knowledge based interpolation from the 50 m x 100 m transect
spacing and Post Processed classified acoustic points



3.3. RESULTS- CASE STUDY 1: MUSSELROE BAY 53

Map Class
Video Class Consolidated Unconsolidated Total User

Consolidated 42 5 47 89.36
Unconsolidated 4 30 34 11.76

Total 46 35 81
Producer 91.30 14.28 κ= 0.77

Table 3.7: Error matrix with per-class accuracy values % for Post-processed ES60 50 meter
transect data with combined classes of consolidated and unconsolidated substrate

3.3.4 Users’ accuracy

Each habitat class was assessed for users’ accuracy. Hard sand and medium
profile reef recorded the greatest variance between users’ accuracy results. The
most stable classes were low profile reef and sand. The highest users’ accuracy
results came from the smallest track spacing of 50 m. The sand class recorded
the highest accuracy followed by low profile reef. Medium profile reef and hard
sand had similar results and had the lowest accuracies of 52% and hard sand
51% respectively.

3.3.5 Producers’ accuracy

Sand and low profile reef were most correctly interpreted on all transect spacings
with low profile reef accurately interpreted on average 70% of the time and sand
81% of the time. Hard sand was only interpreted 60% correctly and medium
profile 53% correctly.

3.3.6 Post processed polygon comparison (all transect den-
sities)

All acoustic points on transect intervals of 50 m, 100 m, 200 m and 50 x 100
m parallel to shore were attributed using the post processing technique. Four
surfaces were generated at each of the transect intervals using knowledge based
interpolation, and the areas are shown in Table 3.1. From the interpolation of
the 50 m track data (using 4526 points) the results were similar to the 100 m
track (using 2199) points for all of the categories, with the largest discrepancy
associated with MP at 1.68 hectares. MP compared between the 100 m and
50 x 100 m transect showed a difference of 5.91 hectares, by adding the shore
parallel data and increasing the point data density by 1100 points, the polygon
areas did not change substantially over the area of 124.57 ha.

3.3.7 Autocorrelation analysis

Both Geary and Moran indices are designed to measure the spatial autocorrela-
tion between objects. In the context of GRID, the two indices work on cells and
not on objects or zones. The interpretation of the Geary and Moran indices are
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Geary’s C Moran’s I Interpretation
0 < C < 1 I > 0 Similar, regionalised, smooth, clustered

C = 1 I = 0 Independent, uncorrelated, random
C > 1 I < 0 Dissimilar, contrasting, checkerboard

Table 3.8: Interpretation of the Geary and Moran Indices (Goodchild, 1986)

Grid layer Correlation with video Geary’s C Moran’s I
Video 0 0 0

50m RT 0.00312 0.01023 0.99004
ES60 50m 0.00428 0.00684 0.99347

ES60 100m 0.00493 0.00521 0.99516
ES60 200m 0.00007 0.01596 0.98424

ES60 50m x 100m 0.00185 0.01074 0.98960
Aerial 0.00213 0.00619 0.99412

Table 3.9: Results of correlation with video data, and Geary and Moran correlation index
results

summarised in Table 3.8. The results of the autocorrelation analysis are shown
in Table 3.9. The Geary and Moran indices for a grid test for spatial autocor-
relation between directly adjacent cells in a grid and do not yield correlation
between cells as a function of lag (beyond a cell’s immediate neighbourhood).
Correlation calculates the cross correlation between two input grids, in this case
the interpolated layer and the video layer (as grids). The results of the correla-
tion coefficient will be from -1 to 1. If the two grids at the given offset are highly
cross correlated, the coefficient will equal 1, if they are independent, 0, and if
there is a strong negative correlation the output value will equal -1. The results
of the correlation analysis show that all layers are independent with the video
data. The Geary’s C results show that there is some similarity and clustering
of the distribution of habitats in the interpolated grid layers and the Moran’s I
correlation coefficient also supports this result.

The results of the correlation analysis show that all layers are independent
with the video data (Figure 3.2). The Geary’s C results show that there is some
similarity and clustering of the distribution of habitats in the interpolated grid
layers and the Moran’s I correlation coefficient also support this result.

3.4 Methods- Case study 2: Friendly Beaches

3.4.1 Study Site

The second case study was conducted at Friendly Beaches on the East Coast
of Tasmania, Figure 3.3. The area is characterised by near shore patchy reef
distribution with large offshore reef system. A feature of the reef morphology
within the study area is the presence of a broad area of sand between the inter-
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Figure 3.2: Plots showing correlation results and Geary and Moran correlation index results



56CHAPTER 3. QUALITATIVE AND QUANTITATIVE INTERPOLATION

tidal zone and the inner edge of the reef. This reflects the geomorphology of the
region, which is dominated by granite headlands mixed with long sandy beaches
(Sharples, 2000).

3.4.2 Sidescan survey

A 100 kHz Edgetech 272 sidescan sonar with a range of 50 m per side was used
to collect information for this study from the FRV Challenger. Transects were
run parallel to shore with 25 % overlap between parallel beam footprints. Image
scale is defined by the pixel dimensions (1x1 m) and is ultimately dictated by
sounding density. Sounding density is related to the size of the beam footprint
on the seabed and the motion of the vessel (Bennell, 2005). As distance between
the sonar transducer and the seabed (range) increases, beam width also incre-
ases, resulting in increased footprint size and decreased horizontal resolution.
The images were mosaiced using SonarWeb software. The sidescan mosaic was
imported into ArcGIS 8.3 as a geotiff file. The data were visually interpreted
and two discrete habitat classes of reef and sand were digitised into shape files.

3.4.3 AGDS survey

An ES60 echo-sounder with a 120 kHz single beam transducer and 10 deg beam
width was mounted on the side of the FRV Nubeena, underneath the GPS recei-
ver in a survey seven days prior to the sidescan data collection. This equipment
was connected to a laptop running ArcMap 6.0 GIS software and Simrad acou-
stic logging software. GPS data collected with a RACAL differential reference
station and an Ashtech Z Surveyor station onshore provided a correction mes-
sage, with the estimated horizontal positional error of 3-5 metres. The corrected
GPS message was combined using the time stamp from the acoustics data. Tran-
sects were performed across 15-25 m depth range in parallel (onshore-offshore)
transects spaced at 50 m intervals resulting in 15 transects with an average
profile length of 1000 m. Ten transects were sub-sampled for this study com-
prising of 5134 points. Vessel speed was maintained at an average of 12.6 km
per hour (7 knots). Where possible transects were extended beyond the actual
sampling area to avoid disturbances in the acoustic signal associated with boat
manoeuvring within the survey area. ArcPad (ESRI) was employed in the field
to display a transect spacing plan and using real-time GPS, ensured that the
transect lines were being followed as closely as possible. The single beam acou-
stic echogram was displayed in Echoview software (SonarData Pty Ltd). Data
were imported into WEKA (Waikato Environment for Knowledge Analysis) for
visualisation using decision trees. The decision tree graph generates a graphi-
cal representation of the structure of the classifier model. Decision trees have
several advantages to other methods of classifier construction. Compared with
neural networks, decision trees are much less computationally intensive, relevant
attributes are selected automatically and classifier output is a series of if-then
conditional tests of the attributes that are easy to interpret (Cormier-Chisholm
and Sebastian, 2003).
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Figure 3.3: Location of the Friendly Beaches study site on the north east coast of Tasmania,
showing acoustic transects and interpreted polygon on side scan sonar image



58CHAPTER 3. QUALITATIVE AND QUANTITATIVE INTERPOLATION

3.4.4 Acoustic variables

The AGDS sends out a pulse of directed sound ensonifying a region of the seabed
that scatters sound back to the source to infer seabed depth, roughness and
hardness (Kloser et al., 2001). Depth is calculated by knowing the time of echo
return with associate angle of arrival whilst hardness and roughness are inferred
from the strength and variability in time and space of the backscattered signal
as a function of angle (Basu and Saxena, 1999). The resolution of the sampling
is related to the sounding range, frequency, reception and processing method.
The sample interval was set to two pings per second although a GPS point was
recorded only every second. Using ArcGIS 8.3, a spatial join was performed
linking the acoustic points with the interpreted polygon and assigning a class
value of the polygon (1-reef, 2-sand) to the acoustic point. The acoustic data
set were then subset into two parts, the training and test data sets. The model
is created using the training data set and by applying the model to the test data
set it can be used as an evaluation on how good the predictions are relative to
the known values in the test data sets.

3.4.5 Discriminant analysis

Discriminant analysis is a method of predicting a classification based on known
values of the variables. The technique is based on how close a set of mea-
surement variables are to the multivariate mean of the levels being predicted
(Hastie et al., 2001). Based on the discriminant analysis of the training data
set, the mahalanobis distance to each class cluster is computed (Burrough and
McDonnell, 1998). Based on this distance a probability can be calculated pro-
viding the likelihood that the sample is classified with a class label. The quality
of model fit was assessed by comparing the accuracy of predicted classes with
those interpreted from the sidescan image by a process of stepwise variable ad-
dition. The contribution of individual variables to the accuracy of prediction
was assessed using the magnitude of the ratio of variances between consecutive
stepwise additions to the model (F-ratio statistic). Using ArcGIS the acoustic
samples were divided into two data sets using the ‘create subset’ command; the
training data set contained 60% of all samples to build a predictive model and
the test data set contained 40% of all samples to validate the model. Linear
discriminant analysis (LDA) was applied on the training data set using depth,
roughness and hardness as continuous variables to describe the nominal class
variable. A stepwise variable selection was conducted to review the contribution
of each variable to the class distribution.

3.4.6 Interpolation of predicted surface

To derive continuous hardness and depth surfaces at 2 m cell resolution ordi-
nary kriging was applied. Map algebra was used to apply each of the formula
generated from the Discriminant analysis to each grid cell to generate the pro-
bability surfaces. Boolean map algebra was used to generate a final predicted
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Figure 3.4: Scatterplot showing differences in two classes using hardness and depth; Class
1 [blue] rocky reef, Class 2 [red] sand

surface of rocky reef and sand. Ordinary kriging was chosen because it provides
a quantification of the spatial autocorrelation based on the samples and also
provides an estimate of the prediction error.

3.5 Results- Case study 2: Friendly Beaches

When acoustic data were visually inspected it became clear which variables in
the acoustic data showed a relationship with class distribution when coloured
using the class label derived from the sidescan reference. Figure 3.4 shows a
scatter plot of depth and hardness coloured according to the class label, sho-
wing that reef and sand form two clearly separable clusters. Figure 3.5 shows
the results of the decision tree. The tree generated 31 nodes (tree size) with 21
predictor nodes (leaves). The κ statistic results are shown in Table 3.10 gene-
rated from the decision tree. Different subsamples of the acoustic points were
used to generate the model in ArcGIS. The results of the sample containing
2567 points were finally applied, as the results of the correctly classified instan-
ces were higher than any of the other samples (i.e., tested using half, quarter
etc. of the data).

The results of the discriminant analysis show the inclusion of the variables
hardness and depth resulted in an accuracy prediction of 83.4% (F-ratios of
168.220 and 209.159 respectively) of the class values for reef (class 1) and sand
(class 2). The LDA model was applied to the test data set, calculating class
labels based on depth and hardness. This validation process provided an overall
accuracy of 83.6%. Stepwise addition of the variable roughness (F-ratio 19.604)
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Figure 3.5: WEKA decision tree classification result

Sample Number Result
Correctly Classified Instances 2186 85.1 %

Incorrectly Classified Instances 381 14.8%
Kappa statistic 0.66

Mean absolute error 0.28
Root mean squared error 0.34

Relative absolute error 63.2 %
Root relative squared error 72.7 %
Total Number of Instances 2567

Table 3.10: Results of the WEKA decision tree

improved the accuracy of fit by 0.2% but decreased the overall prediction accu-
racy to 80.6% and was therefore excluded from the model. Based on the LDA
model, probability surfaces were created. From these probability surfaces a class
map was generated. The predicted class result (map) can be seen in Figure 3.6.
The figure shows that there is general agreement between the predicted reef and
sidescan interpretation.

3.6 Discussion

Two case studies were presented in this chapter. In the first case study real
time (RT) acoustic classification was compared to post processed (PP) acoustic
classification and the accuracy of knowledge-based interpolation was investi-
gated. Four habitat classes were examined; sand (SA), low profile reef (LP),
medium profile reef (MP) and hard sand (HS). In the second case study, linear
discriminate analysis (LDA) was used in combination with kriging to predict
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Figure 3.6: Predicted class map result using the model to generate classes 1 (reef) and 2
(sand) overlaid on sidescan image.
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the distribution of reef pattern.
In the first analysis, 4526 individual acoustic points were classified using

the real time and post processed technique. The variation in the result was
considerable in terms of the number of points classified by class. The majority
of points were classified as SA, LP and MP when using RT classification. The
HS category was disproportionally classified as SA or LP. This misclassification
could be explained by the inability of the operator to efficiently attribute the
habitat from the drop down list in Seabed Mapper as the acoustic signal scrolled
across the sounder screen. A lack of a reference point for the operator to identify
that the substrate is becoming ’harder’ may also account for this inaccuracy.
For example, HS becomes gradually harder by the presence of rippled sand or
shell matter; this gradual change may be undetected in the signal. Hard sand
was most likely to be correctly identified in RT if the transect passed over sand
prior to detecting hard sand or if the areas of hard sand were extensive (i.e.,
larger than 28 m). However, when HS were encountered directly after LP it was
classified as a continuum of reef. A similar problem occurred when classifying
the vertical profile of reef in real time. Reef profile is classified by comparing
the sounder detected bottom on the screen by the variation of vertical distance
of reef that has been traversed. If the rate of change is slow and regular, the
operator loses the reference point of this change. However, if the vertical profile
change is irregular it becomes very difficult to compare the change to any point
of reference. In addition, the limitation of not being able to classify the acoustic
signal, with the context of the entire transect, poses a restriction in identifying
small patches of habitat using real time classification. Small reefs, less than
twice the acoustic footprint, identified on the video were completely missed
when using this technique.

Post processing the acoustic data requires attention to data storage and in-
creases the data handling time, however, the ability to record the acoustic signal
provides a permanent georeferenced record of seabed characteristics. This provi-
des the ability to view spatial patterns along the entire transect and revisit parts
of the acoustic image to generate decision rules or standards for classification.
Boundaries can be discretely recognized in the precise part of the echogram and
the profile of the reef can be compared to a reference height. For example; the
decision rule for attributing MP reef (defined by a vertical change of 1-4 m over
10 horizontal meters) could be misinterpreted in the field, as distance traveled
is difficult to estimate, especially when watching the acoustic signal. In the
laboratory, the data is summarized into 10 m distances based upon the DGPS
position and a height grid can be overlaid on the acoustic data. Based on these
characteristics it may appear more reliable in classification of acoustic points.
The different transect spacing had a greater effect on interpolation error than
the different processing techniques (i.e., RT and PP). The results of the 200
m transect spacing compared to 50 m real time processing interpolated layers
differ by 11%.

The post-processed acoustic data were also used in the analysis of track
spacing and interpolation. Foster-Smith et al. (1999) found that a reduction
in track spacing had a dramatic effect on the maps produced, although in this
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study, the data set with the highest number of data points (50 m x 100 m,
5626 points) did not improve the interpolation accuracy of benthic habitats. A
transect spacing of 50 m produced the most accurate interpolated surface, with
an overall Kappa statistic of 64%. By increasing the data set with shore parallel
transects the accuracy of the interpolation was actually reduced by 15%. This
may be explained by the inability to detect vertical change in the reef when
collecting data parallel to the shore. This has implications for the planning of
surveys where information on reef profile is required; it appears that the most
reliable method is to run transects shore horizontal to capture the change in
reef profile.

The transect spacing also influenced the polygon analysis of substrate type.
When the transect spacings increased from 50 m to 200 m, the number of
polygons decreased and the polygon sizes became larger. The cumulative area of
the habitat classes remained consistent for SA and LP but for HS and MP the 50
m transect spacing resulted in a larger area. MP reef obtained larger areas with
PP by 15.5 hectares. These results have time and cost implications for planning
seabed mapping surveys. For example, if only broad scale habitat distribution
and area calculations are required, 200 m transect spacing (or greater) may be
adequate.

An error matrix was used to describe the accuracy of the knowledge-based
interpolation using classified video as the reference data. Foster-Smith et al.
(1999) reported that the number of ground truth sites was extremely important
in determining the accuracy of substratum maps derived from acoustic data.
They proposed a minimum of three ground truth positions for each substratum
or biotope was necessary to obtain at least 80% accuracy. In this study video
transects of 2414 m were sampled over the 1.25 km2 research area, ensuring that
each habitat type was ground truthed at least 5 times (from 81 attributed video
points). However, the amount of groundtruthing will be dependent on the survey
area, time limitations, habitat heterogeneity and level of classification required.

The area of seabed observed by underwater video is affected by variation
in both camera height above the seabed and perspective associated with the
camera angle relative to the seabed (inclination angle) (Parry et al., 2003).
Validation using underwater video of acoustic values of reef profile parameters
is not successful in regions where the density of macro algal coverage is too great
to be able to determine the profile of the reef underneath the canopy. Therefore,
features that can be differentiated acoustically may not be analogous to the
habitats differentiated visually. It is therefore better to define habitats at a
higher level in the classification hierarchy (i.e., only reef and sand classes) with
a greater degree of spatial accuracy whilst recognising that within each acoustic
region the area and number of classes (e.g., profiles of reef) and modifiers (e.g.,
algal cover) exist.

The importance and usefulness of the spatial autocorrelation indices is that
the spatial autocorrelation index is a single value describing the spatial distri-
bution of the objects in space and it can be used to explore the cause of the
spatial distribution of objects in space. The index can be used to determine the
degree of adjustment necessary when modelling phenomena (Goodchild, 1986)
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such as the distribution of deeper water marine habitats (Diaz et al., 2004).
There is a need for clear links to be made between the classification units

and the acoustic technique supported by validation matching of ground truthing.
This qualitative approach to interpolation can provide us with a useful tool for
optimising sampling, for identifying the weaknesses and strengths of spatial
analysis and therefore assessing the most appropriate use of the data collected
using these techniques.

Frequently in the marine environment boundaries of mixed habitat types oc-
cur. These transition zones have contributed to problems for the generation of
accurate acoustic signatures to routinely map marine habitats. Using cost effec-
tive instrumentation and processing software (still popular with small habitat
mapping groups), real time and post processed classified points can produce re-
liable results when validated with video ground truthing. These two techniques
are able to identify reef boundaries with 50 m transect spacing with a reliabi-
lity of 80% for sand and 77% for low profile reef in our studies. AGDS data
can have poor discrimination results as there are varying degrees of averaging
across the echo sounder footprint and this will lead to poor discrimination rates
in heterogeneous seabeds. Additionally, as depth increases so does the area of
the echo sounder footprint, such that it may span more than one habitat and
thus be unable to discriminate between them. In regions where there is a large
depth range, it is difficult to select the appropriate frequency and beam angle.
This can result in problems of depth dependency in the acoustic data, which
can prove to be problematic for acoustic signature development where habitats
occur throughout a range of depths (Brown et al., 2003). If track spacing is
not adjusted relative to the scale of the heterogeneity of the habitats in the sur-
vey area, uncertainty will increase and patterns of distribution will be poorly
represented. For biological studies, an understanding of the spatial structuring
of the reefs, the minimum reef size and adjacency to other habitats is critical in
modeling species distribution. The spatial distribution pattern of the reef was
very different between transect spacings. However, this study has shown that
consistent ’area’ results are likely.

The main issues of uncertainty of habitat maps based on single beam AGDS
are:

• Single frequency and its effect on discrimination

• Track intensity and survey design (Foster-Smith and Sotheran, 2003)

These can be addressed by:

• Working within a limited depth range and maintaining consistent vessel
speed

• Designing a systematic survey for data capture relevant to habitat hete-
rogeneity in transects conducted shore perpendicular

• Ensuring adequate samples of ground truthing for each habitat class
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Linear discriminate analysis seeks to find a way to predict a classification (X;
class) variable based on known responses (Y; depth, roughness and hardness)
(Hastie et al., 2001). The technique goes further to show how close a set of mea-
surement variables are to the multivariate means for the levels being predicted.
Decision theory for classification requires class values for optimal classification;
here we take the class values from the digitised layer of the sidescan image and
compare these to the modelled classes. LDA relies on two main assumptions;
that the data have a normal distribution and that the variables have the same
variance and covariance. When plotted, both variables of depth and hardness
displayed close to a normal distribution with a skewness of -0.608 for depth and
-0.32 for hardness, therefore indicating that the data are appropriate for this
type of analysis.

In some cases, the physical features of habitat are sufficient to explain their
distribution and pattern. This model shows that classes can be described by
hardness and depth with an accuracy of 83% when compared to the classified
sidescan layer. The predicted map of reef and sand distributions shows that
the model is able to determine the inner boundary of the reef edge to within an
average of 30 m. Given the density of data and the distance between transects
(50 m), this prediction appears to work quite successfully. The small reef areas
to the east of the image were not predicted but this may occur due to low data
density. Within the depth range of 20- 30 m this model can aid in explaining
the distribution of reef.

The strength of combining the two techniques of LDA and kriging relies on
using the AGDS to provide a more accurate classification of the sediment type
and the sidescan to provide information on the patterns of seabed distribution.
It is important to be able to describe quantitatively how rocky reef areas vary
spatially and to gather knowledge about the uncertainty in interpolation from
acoustic ground discrimination (AGDS) point data. From this study area we
have been able to clearly determine which parameters in the acoustic signal have
the greatest effect on predicting reef presence in this shallow coastal study site.

Categorical map analysis involves mapping the system property of interest
by identifying patches that are relatively homogenous with respect to that pro-
perty at a particular scale and that exhibit a relatively abrupt transition (boun-
dary) to adjacent areas (patches) that have a different intensity (or quality). By
identifying the mahalanobis distance of each point from the multivariate mean
(centroid) we can take into account the correlation structure of the data (va-
riance and covariance) and be able to estimate the probability that data belong
to one of two habitat classes. The multivariate distance calculation is useful
for spotting outliers in many dimensions. Even if the data are correlated, it is
possible for a point to be unremarkable when seen along one or two axes but
still be an outlier by violating the correlation.

If we can identify the differences in hardness and depth that identify a boun-
dary between the two classes, we can predict the amount of variability (patchi-
ness) from the transect data and give an overall idea of how heterogeneous the
seabed is in areas where the level of variability is smaller than the resolution of
the sidescan imagery. This technique can be applied to other areas along the
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east coast of Tasmania where the geology and exposure are similar in spatial
scale. Further research should be conducted in other areas using differing data
density and transect spacings to see if the results of predicting reef occurrence
can be improved.



Chapter 4

Exploring uncertainty in
seabed properties through
fuzzy c-means clustering
and conditional simulation

Everything we need to know is there, it is just a matter of tuning into it.

— Eskander de Vos (b 1952)

Objectives :

• To generate classes derived from an unsupervised fuzzy clustering algo-
rithm from multivariate marine data. To produce a set of membership
layers for each class depicting uncertainty of each grid cell.

• To perform a sensitivity analysis for the membership layers to test for the
influence of varying attributes in the clustering procedure and validate the
clusters to assess the optimal number of classes.

• To generate a confusion map of the classified layers, highlighting locations
of potential classification error.

• To visualise uncertainty using conditional simulation

• To reproduce membership layers using reinterpolated layers from kriging
analysis.

1This chapter is based on the following papers: Lucieer,V. 2006. A Pilot Study Investi-
gation into the Application of Uncertainty Estimates of the Geoscience Australia Seascape
Data. Consultancy Number 1675. University of Tasmania, pp 33.

2Lucieer,V. and Lucieer, A. In Review. Fuzzy c-Means for Seafloor Classification. Estua-
rine, Coastal and Shelf Science.
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4.1 Fuzzy c-means for seabed classification

Geospatial uncertainty can be expressed in various ways, and can be expected
to be a function of classification and error in attribute structuring (Chapter 2),
a function of auto- and cross-correlations in space (Chapter 3), spatial outliers
and spatial simulation (this chapter) or object extraction methods (Chapter 5).
In the framework presented in this thesis, uncertainty is embedded in develop-
ments of seabed data processing from the collection methods and interpretation
through to analysis and modelling. Each operation transforms not only the data
themselves but also the uncertainty associated with the data. As a result, even
if the operation assumes that the data are stationary (as we do for this the-
sis), uncertainty ‘propagates’ through complex geospatial models. In a perfect
world uncertainty could be estimated via variance propagation applied through
a chain of geospatial operations. However, for seabed mapping we are not able
to easily apply such techniques.

Benthic habitat mapping and statistically robust methods of classification of
the seabed have become the topic of many recent studies (Greene et al., 1995;
Sotheran et al., 1997; Pinn et al., 1999; Todd et al., 1999; Kostylev et al., 2001).
These studies have focused on new morphological detail and sediment textural
attributes to identify seabed benthos and bio-physical interactions has focused
interdisciplinary studies on new morphological detail and sediment textural at-
tributes (Kostylev et al., 2003). Such an approach requires the application of
reliable and accurate seabed descriptors in combination with a robust means to
statistically assess descriptor associations. Historically, seabed characterisation
was primarily concerned with the identification, spatial extent and geometrical
relationship of geological units (Orpin and Kostylev, 2006). However, for the
purpose of delineating different benthic habitats, more emphasis is placed on
seabed and sediment texture as an indicator of seabed type. In addition, robust,
objective and repeatable classification techniques are needed to identify these
seabed types. The relationship between sediment grain size and biota has been
advanced in the literature (Hall, 1994; Snelgrove and Butman, 1994; Snelgrove,
1998, 1999) but traditional mean grain size alone does not appear to be a de-
terminant of species distribution or community composition (Goff et al., 2004).
These studies have emphasised the need for a robust technique to classify soft
substrate texture if relationships between the substrate and benthic habitats
are to be better understood and quantitatively assessed.

Traditionally, benthic sediment mapping usually involves two separate ana-
lyses. Firstly, interpolation of sediment samples into a continuous representation
of the seabed. Secondly, classification of multivariate field samples into seabed
categories. However, where habitats or assemblages vary along gradients, both
methods may create errors in the structure and interpretation of the output
maps (Goff et al., 2004). Cost and other constraints may limit the number of
samples that can be taken or analysed which consequently limit the degree to
which the results can be interpolated/ extrapolated to other areas. Variabi-
lity within seabed classes is often studied on large spatial scales governed by
strong environmental gradients, e.g., tidal level (Underwood et al., 1996), wave
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exposure (Menge, 1978) and depth.
Uncertainty analysis is an integral component of a useful and robust map-

ping program. It allows researchers to evaluate the quality or usefulness of
benthic habitat maps with respect to their unique applications. It also provi-
des a feedback loop to improve the mapping methodology or sediment sampling
regime. Traditionally, thematic accuracy or misidentification errors are measu-
red using reference data collected by randomised and stratified sampling of the
mapped classes for comparison purposes (see chapter 3). Unfortunately, marine
geological and geophysical data are difficult and costly to collect, precluding a
traditional assessment of thematic map accuracy of the surveyed area. In addi-
tion, one of the main disadvantages is the non-spatial nature of general accuracy
statistics.

Geoscience Australia’s (GA) seabed mapping and characterisation (SMAC)
project provides fundamental geoscience information on the nature of the seabed
for Australia’s Marine Jurisdiction. It does this by:

1. providing an improved understanding of the relationships between ocea-
nographic processes, marine geology, geomorphology, and benthic habitats
and biota;

2. investigating the applicability of physical properties of seabed habitats as
surrogates for biodiversity;

3. maintaining the MARS(MARine Sediment) national marine samples da-
tabase;

4. undertaking marine surveys in key regions of the marine environment; and

5. delivering high-quality, relevant science products (e.g., “seascape” maps)
to Government agencies.

This work supports the Federal Government’s designated national research
priority of an “Environmentally Sustainable Australia” by assisting with the
sustainable use of Australia’s marine environment.

The classification approach used in the initial Seascapes study is based on
ISODATA clustering, which is an unsupervised clustering algorithm resulting
in hard/crisp classes with discrete boundaries. In the first section of this chap-
ter the aim is to investigate the application of a fuzzy clustering procedure to
quantify uncertainty related to transition zones between classes. This analysis
will investigate four areas related to fuzzy clustering:

1. Cluster validity analysis to assess the optimal number of classes.

2. A confusion map of the Seascapes layer, highlighting locations of potential
classification error.

3. Sensitivity analysis to test for the influence of varying attributes in the
clustering procedure
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4. Recreation of the Seascapes map with classes derived from the unsupervi-
sed fuzzy clustering algorithm. A by-product is a set of membership layers
for each Seascape class depicting uncertainty of each grid cell.

The National Marine Bioregionalisation project on seabed classification is
aimed at boundary definition and delineation of benthic sediment classes (Heap
et al., 2006). Clustering is an unsupervised classification method where objects
or samples are grouped into classes (clusters) based on their similarity in attri-
bute values in a multidimensional feature space, i.e., samples that have similar
attribute values are close together in feature space and therefore form a (dis-
tinct) cluster (Pakhira et al., 2005). It is an approach to unsupervised learning
and also one of the major techniques of pattern recognition (Yang and Ko, 1996;
Wu and Yang, 2002; Tsekouras et al., 2005; Wu and Yang, 2005).

Traditionally, landscape or seabed classification is based on methods that
rely on delineating classes according to a scientist’s personal insight or expert
opinion (Bie and Beckett, 1973; McBratney et al., 1992). The advantages of
using a statistical clustering technique for classification instead of visual inter-
pretation is that the method is objective, repeatable, and applicable to large
data sets. On the other hand boundaries generated between clusters could be
based on minor attribute differences or in the worst case, reflect noise in the
data (e.g., caused by sampling bias, analysis techniques or measurement error).
The most common clustering algorithms will group samples into distinct classes
with hard and discrete boundaries. Frequently, the attributes of benthic sedi-
ment classes vary gradually over space and representing these gradual variations
by discrete boundaries may result in a loss of useful information and a possible
increase in uncertainty due to the arbitrary nature of selecting inappropriate
boundaries (Burrough et al., 2000).

The conventional hard clustering methods, such as k -means and ISOCLUS-
TER, assign only one cluster label to each sample in the data set, i.e., the most
similar cluster with the closest center (Wu and Yang, 2005). In a marine context,
hard clustering has previously been explored by Geoscience Australia in the Aus-
tralian National Marine Bioregionalisation project (Heap et al., In Press). Crisp
clustering only allows the clusters to be disjoint and non-overlapping therefore,
any sample may belong to one and only one class. Since Zadeh (1965) proposed
fuzzy theory as a formal mathematical notion of dealing with vagueness and
class overlap, fuzzy clustering (fuzzy c-means) has been widely studied and ap-
plied in a variety of areas (Bezdek et al., 1984; Yang, 1993; Baraldi and Blonda,
1999; Burrough et al., 2000). Fuzziness is a type of uncertainty or vagueness
characterising classes that for various reasons cannot have or do not have shar-
ply defined boundaries (Burrough and McDonnell, 1998). Fuzziness is expressed
by membership values ranging from 0.0 to 1.0, conveying the degree to which a
sample belongs to a class. In this model, a sample can belong to more than one
class, which is a very powerful concept for depicting class overlap caused by va-
gueness in class definition. In addition, it highlights the existence of transition
zones between classes (also known as ectones or intergrades) as a very common
characteristic of natural classes. Fuzzy clustering provides a means of spatially
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depicting classification uncertainty related to transition zones and class overlap,
which is not possible with the non-spatial statistics derived from an accuracy
assessment.

In this novel approach, a fuzzy clustering algorithm is applied to identify sea-
bed classes from seabed sediment samples. In addition, a range of recently pu-
blished cluster validation techniques are implemented to determine the optimal
number of class clusters in this unsupervised fuzzy c-means (FCM) algorithm.
Finally, the results of a fuzzy Seascape classification, based on the data sets in
the Australian National Marine Bioregionalisation project, are presented.

4.1.1 Methods

Study area and data sets

Although sediment data for the entire Australian region exists, the Tasmanian
region was used as a subset site for this analysis (Figure 4.1). The eleven
variables used in this analysis are illustrated in Figure 4.2 being 1) carbonate
%, 2) gravel %, 3) mud %, 4) mean grain size, 5) geomorphologic units (21
scaled 0 - 100), 6) mean grain size, 7) bathymetry, 8) Log effective disturbance,
9) Ocean temperature at the seabed, 10) Log slope (5000 m), 11) Seascapes
classification-11 classes.

ASCII text files supplied from Geoscience Australia’s east coast data set
were formatted as ENVI image layers. The Tasmanian subset covers an area
of 948 cells by 724 cells (825 by 740 km). A smaller area of this region was
sampled to the north east of Tasmania (Figure 4.1 c) for testing and debugging
purposes.

In this study, nine layers are used (see Table 4.1 from the original Geoscience
Seascapes analysis). The Geomorphic Units layer is omitted, as it represents
a categorical variable with geomorphological seabed classes, which makes it
unsuitable for inclusion in the FCM classification. The FCM classifier can only
classify grid cells with valid attribute values (each grid cell is characterised by
attribute values giving it a position in feature space), therefore the layer with the
smallest spatial extent determines the extent of the classification output. Even
though the extents of some variables were quite large (e.g., the final output
extent) was dictated by the bathymetry grid layer (Figure 4.2 g).

Fuzzy c-means (FCM) classification

The fuzzy c-means approach is primarily aimed at data reduction which is
achieved by translating a multiple attribute description of a data point into c
membership values of c classes or clusters (Burrough and McDonnell, 1998).
The clusters are optimal in the sense that the multivariate within cluster va-
riance is minimal. Near zero variance implies that all data points have nearly
equal attributes, which means a high density and small distance between them
in feature space. Large variance is equivalent to low density and large distances
in feature space. An optimal cluster procedure will identify these dense spots in
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a)

b) c)

Figure 4.1: a) National Marine Bioregionalisation ’East’ data set shown by grey shading,
b) Tasmania area selected for analysis c) Test area for programming the Fuzzy c-Means
(FCM) within the Tasmania regional analysis
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Figure 4.2: (a - i ) The extent of variables within the Tasmanian region dataset, with the
default setting for classification (grey scale).



74 CHAPTER 4. FUZZY C-MEANS FOR SEABED CLASSIFICATION

Geoscience Australia Lucieer
10 Layers 9 layers
% Carbonate Included
% Gravel Included
% Mud Included
% Mean Grain Size Included
Geomorphic Units (21 scaled 0- 100) Omitted
Primary Production Included
Bathymetry (0- 300 m) Included
Log Effective Disturbance Included
Ocean Temp at seabed Included
Log Slope (5000 m) Included

Table 4.1: Revision of FCM inputs

features space as class centers, while the boundaries between classes in attribute
space should be located in the lowest density regions.

Although the central concepts of these classes may be clearly defined, very
often in practice it is difficult to avoid overlap in both class definitions and in
the values of key attributes, particularly when attribute values must be interpo-
lated from measurements at point locations (McBratney et al., 1992; McBrat-
ney and Odeh, 1997; Fisher and Wood, 1998; Burrough and McDonnell, 1998).
Fuzzy c-means classification has been successfully applied in a geographical con-
text (McBratney et al., 1992; McBratney and Odeh, 1997; Fisher and Wood,
1998; Burrough and McDonnell, 1998) to overcome the problem of class overlap
which is often characteristic of natural classes in the environmental sciences.
The method serves as an unsupervised exploratory technique that suggests how
best to divide a collection of samples (here corresponding to grid cells in spatial
sediment layers) into meaningful groups, both in terms of the number of classes
and their definition. The FCM approach initially does not infer anything about
geographical contiguity of these overlapping classes, though if the source data
are spatially correlated then it is likely that the resulting membership values
will also be spatially correlated (Burrough et al., 1997).

Fuzzy c-means works on an iterative procedure that starts with an initial
random allocation of the samples to be classified into class clusters. Given
the cluster allocation, the center of each cluster (in terms of attribute values)
is calculated as the mean of the sample attribute values, also known as the
centroid (Burrough and McDonnell, 1998). Reallocation of the centroid proceeds
by iteration until a stable solution is reached where the algorithm has found the
optimal locations of the cluster centers and where the locations of the centroids
does not change. This process is also referred to as convergence of the FCM
algorithm and can be measured by calculating and plotting the distance between
cluster centers between iterations. When the algorithm has converged, each
sample can be classified according to their distances to the cluster centroids.
The similarity of a sample cluster is expressed by a membership value µ which
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is defined as

µic =

[
(dic)

2
]−1/(q−1)

∑k
c=1

[
(dic)

2
]−1/(q−1)

(4.1)

where µic is the membership value of the ith sample to class c, dic is the
distance between the sample i and cluster center c in attribute space, k is
the number of clusters and q is the fuzziness exponent representing the degree
of class overlap. Generally the Euclidean distance from a sample to a cluster
center dic is taken to be the similarity criterion. The degree to which a sample
belongs to a class is expressed not in terms of a binary ’yes’ or ’no’ but by a
continuous membership value between 0 - 1. The parameter q (q > 1.0) is the
fuzzy exponent which determines the amount of overlap in the cluster model,
i.e., a value of 1.0 results in a fully crisp classification whereas infinity results in
fully overlapping classes. Values of q, between 1.5 and 3.0 are commonly found
in the literature (McBratney et al., 1992; McBratney and Odeh, 1997; Burrough
and McDonnell, 1998; Fisher and Wood, 1998).

Membership values are assigned to each sample so that all values sum to
1. As the membership values are a new continuous attribute, the geographical
distribution of the degree to which the samples belong to each class can be
displayed by conventional methods of mapping. Since the FCM classifier creates
c overlapping classes, this results in c maps that show the continuous spatial
variation of the membership values for each class. A by-product of this analysis
is a set of membership layers for each Seascape class depicting uncertainty of
each grid cell which is further discussed in section 4.2.4. From the membership
values, a hard or crisp classification can be derived by assigning the class label
with the maximum membership value to each sample. This procedure is also
known as defuzzification (Fisher and Wood, 1998).

Cluster validation methods

Any clustering algorithm, hard or fuzzy, generates a partition matrix partitio-
ning feature space into discrete or overlapping clusters (Pakhira et al., 2005).
Once clusters have been found within the data we need to address how to
validate the partitioning of feature space. One characteristic of unsupervised
clustering algorithms, such as the FCM classifier, is that the number of clusters
needs to be defined in advance. Usually the number of clusters in the data is
not known and therefore a measure that quantifies the optimal partitioning of
feature space is needed. The problem of finding an optimal c is called cluster
validity (Wu and Yang, 2005). The objective is to a find a cluster validity mea-
sure that allows identification of the optimal number of clusters and therefore
the best partitioning of the data structure. Most validity indices measure the
degree of compactness of and separation between all c clusters (Pakhira et al.,
2005; Wu and Yang, 2005). An optimal c cluster is compact and clearly sepa-
rated from the other clusters. If the data set contains some noisy points that
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are distanced from the clusters, the validation should be able to make a sepa-
rate and compact cluster from these individuals. The validity measure can then
assess the robustness of these isolated clusters to sustain a class. Under this
criterion, a noisy point will not have enough potential to sustain a cluster. This
method provides not only optimal cluster numbers but also more information
about the data structure in a noisy data set. The Geoscience Seascapes data
is typically a ’noisy’ data set in that the nine variables that are used for the
classification have large degrees of variance (Heap et al., 2006).

A cluster validity index serves two purposes, first it can be used to determine
the number of clusters, and second to find the best partition. A number of att-
empts have been made in the literature to develop a good cluster validity index,
both for crisp and fuzzy clusters. For crisp clustering, commonly used indices
are the DB index (Davies and Bouldin, 1979), Dunn’s index (Dunn, 1973), and
Calinski-Harabasz index (Calinski and Harabasz, 1974). For fuzzy clustering,
Bezdek’s partition coefficient (PC) and partition entropy (PE) validity measures
are commonly used (Bezdek, 1974; Bezdek et al., 1984; Bezdek, 1992). These
indices are defined as

PC =
∑n

i=1

∑k
c=1 µ2

ic

n
(4.2)

and

PE = − 1
n

c∑
i=1

k∑
c=1

µic logb µic (4.3)

where n is the total number of samples or in this case grid cells, and b is
the logarithmic base (commonly 2). For an optimal partitioning, PC takes its
maximum value and PE assumes the minimum value.

In this study, more recent, advanced and robust cluster validity measures
for fuzzy clustering are focused on, such as the XB index (Xie and Beni, 1991),
the partition coefficient and exponential separation (PCAES ) index (Wu and
Yang, 2005), and the PBMF index (Pakhira et al., 2005). The main advantage
of these indices is that they capture both the compactness and separation of
the fuzzy clusters, whereas the traditional PE and PC measures only define the
cluster compactness. The XB index is defined as

XBm =
∑n

i=1

∑k
c=1 µm

ic ||xi − zc||2

n×minc6=1||zc − zl||2
=

Jm(µ, z)/n

Sep(z)
(4.4)

where xi is the feature vector of a sample, zc is the mean of a cluster zc-
zl is the separation between clusters. So, the numerator of equation 4.4 is
a compactness measure and the denominator is a separation measure. The
objective is to minimise XBm for an optimal partitioning.

The PBMF index is very similar to the XBm as it also contains a compact-
ness and separation term. PMBF is defined as follows (Pakhira et al., 2005)
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PBMF =
1
k
× n×maxc,l||zc − zl||∑n

i=1

∑k
c=1 µm

ic ||xi − zc||
(4.5)

More recently Wu and Yang (2005) proposed the partition coefficient and
exponential separation (PCAES ) index. The PCAES index for cluster c is
defined as

PCAES(c) =
n∑

i=1

µ2
ic/µM − exp(−minl 6=c

{
||zl − zc||2

}
/βT ) (4.6)

where

µM = max1≤c≤k

{
n∑

i=1

µ2
ic

}
(4.7)

and

βT =
∑k

c−1 ||zc − z||2

k
(4.8)

The first term in equation 4.6, defines the compactness for cluster c relative
to the most compact cluster. The exponential type separation measure (second
term in equation 4.6) measures the distance between cluster c and its closest
cluster. Finally, the PCAES validity index for all clusters is defined as

PCAES =
k∑

c=1

PCAESc (4.9)

where -c<PCAES(c)<c. The PCAES is maximised for an optimal partitio-
ning.

Modification of the PC index proposed by Dave (1996) presented the Mono-
tonic Partition Coefficient (MPC) index which is defined as

MPC(c) = 1− c

c− 1
(1− PC(c)) (4.10)

where 0 ≤ MPC(c) ≤ 1. The optimal cluster number (c) is found by solving
max2≤c≤c−1 MPC(c) to produce the best clustering performance for the data
set.

The fuzzy hyper-volume (FHV) validity index, proposed by Gath and Geva
(1989) is defined by;

FHV (c) =
c∑

i=1

[det(Fi)]1/2 (4.11)
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where

Fi =

∑n
j=1(µij)m(xj − aj)(xj − ai)T∑n

j=1(µij)m
(4.12)

The element Fi denotes the fuzzy covariance matrix element of cluster i,
and m is the fuzzy exponent (the overlap parameter). A fuzzy partition can be
expected to have a low FHV(c) value if the partition is tight. Thus, an optimal
c is indicated by the minimum FHV (Wu and Yang, 2005).

The indices listed above are either the most cited or the most recent validity
measures proposed in the literature for fuzzy clustering. All of these indices
have the common objective of finding the optimal number of clusters c so that
each one of the clusters is compact and separated from the others. There are two
components to the cluster validity measures applied in this study; compactness
which quantifies how compact the clusters are (the more compact the better) and
the separation between cluster centroids that quantifies the distance between
the cluster centroids in feature space (the larger and the further the centroids
are apart, the better the separation). The XBm, PBMF, and PCAES are a
combination of these two measures and vary only slightly in their definitions.

In this analysis, two scenarios for clustering are proposed, one using the
XBm and PBMF cluster validity measures and the other using the PCAES
index. The PCAES measure differs slightly to the other measures in that it
measures the potential or the robustness of a cluster. Under this criterion, a
noisy point would not have enough potential to form a cluster. This measure
has the capability to provide improved clustering results in a noisy environment.
The results of the PCAES measure are compared to the XBm and the PBMF
validity measures.

Confusion in geographic boundary identification

The concept of ‘confusion’ is one of the biggest problems of interpretation of
membership values for c classes. It is not easy to understand multiple mem-
bership maps especially if samples or grid cells are assigned almost the same
membership value for more than one class. The greater the similarity in the
membership values for two or more classes, the greater the confusion about the
class attribution for a sample (McBratney and Odeh, 1997). The classification
uncertainty or confusion can be quantified by the confusion index (CI) for a
sample or grid cell i as follows (Burrough et al., 1997)

CI =
µmax−1

µmax
(4.13)

where µmax is the maximum membership value of the of the sample and
µmax−1 is the second largest membership value at the same site. If the con-
fusion index approaches 1.0, then both membership values are near equal and
there is confusion about the class to which the sample belongs. If the confusion
index approaches 0.0, then the maximum membership value is very high, one
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class dominates and there is little confusion (Burrough et al., 2000). A high con-
fusion index is often indicative for a transition zone between two or more classes.
A map of the confusion index is very valuable for visualising classification un-
certainty and related class transition zones. The following section presents the
results of a fuzzy c-means classification applied to Seascapes data. The FCM
algorithm and cluster validity measures were implemented in the Interactive
Data Language (IDL).

4.1.2 Results

Fuzzy c-means (FCM) Seascapes classification

In this study, the Seascapes classification was regenerated with a fuzzy c-means
classification for the optimal number of classes suggested by the XBm, PBMF,
and PCAES indices. The original Seascapes classification carried out by Geos-
cience Australia (GA) was achieved using the ISODATA hard clustering algo-
rithm. This classification result contains 7 classes or ’Seascapes’ for the Tasma-
nian region and is shown in Figure 4.3. The FCM classifier generates three main
results: membership maps for each class, a confusion map, and a map with the
hard classes based on the maximum membership value for each sample. This
last map can be compared to the original Seascapes classification generated by
GA. A value of 2.0 was used for the fuzziness exponent q in equation 4.1 follo-
wing Burrough et al. (2000). All attributes were normalised, i.e., scaled between
0 and 100, to prevent bias.

Cluster validity results

The FCM cluster validity script was run in IDL to calculate the optimal num-
ber of class clusters. Figure 4.4 shows the cluster validity measures for 2-10
clusters, the arrows indicate the optimal number of classes. If we ignore two
clusters as an optimal partitioning the XBm suggests 6 clusters by minimising
the index, PBMF suggests 5 clusters by minimising the index, and PCAES sug-
gests 4 clusters by maximising the index. Table 4.2 shows the number of clusters
suggested by each of the measures. Two scenarios of the FCM classification are
presented for 4 and 6 classes based on the validity measures PCAES and XBm

respectively.

Scenario 1: FCM with 4 classes

The PCAES cluster validity measure suggested that four classes is the optimum
from the nine variables used in this analysis. Convergence was reached after 4
iterations using 4 classes as shown in Figure 4.5. A confusion map was generated
based on the result of 4 classes.

The success of the procedure in producing distinct (mappable) classes was
assessed by mapping the membership value obtained for all classes for each grid
cell (equation 4.1). This procedure generated 4 maps (one for each class) shown
in Figure 4.6 a-d. High membership values are shown in white. The spatial
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Figure 4.3: Geoscience Australia Seascapes Model with 6 classes from GA analysis. Refe-
rence Heap et al. 2006.

Validity index max / min Number of clusters
Partition Coefficient (PC) maximum 2
Partition Entropy (PE) minimum 2
Xie and Beni XBm minimum 6
PBMF minimum 5
PCAES(c) maximum 4
Monotonic Partition Coefficient (MPC) maximum 2
Fuzzy Hyper Volume (FHV) minimum 2

Table 4.2: Comparison of the number of classes preferred by each validity measure
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Figure 4.4: Cluster validity plots for PBMF, XBm and PCAES showing the optimal number
of classes (as indicated by the arrows)
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Figure 4.5: Convergence criterion versus number of iterations for 4 classes

distribution of the four classes is clearly shown and a large proportion of the
area has been allocated to a single class.

Each cell was assigned a hard class according to the fuzzy class having the
largest membership value. Figure 4.7 shows the distribution of these classes over
the seabed. As the FCM algorithm is an unsupervised classifier, the class labels
do not have any physical meaning. Thus, the final stage in the classification
process is to assign meaningful Seascape classes based on expert knowledge and
the statistical distribution of the attributes to each of the classes. Based on
the original Seascapes classification (Figure 4.3) and the results from the FCM
classification (Figure 4.6 and 4.7), class 7 (Seascapes) can be matched to FCM
class 4, class 10 to FCM class 2, class 4 to FCM class 1, and class 1 to FCM
class 3.

It is not until these classes have been evaluated by a culmination of expert
knowledge and investigation of the histograms of each variable can we apply a
meaningful seascape classification to each of the classes. Based on the maximum
likelihood results from Figure 4.6 the classes identify with Green as class 1, Blue
as class 2, Yellow as class 3 and Red as Class 4.

Mapping the confusion index (equation 4.13) reveals areas where the classifi-
cation is uncertain. The bright white areas indicate zones of greatest confusion,
Figure 4.8. The black areas indicate that one class dominated and was very
different to the next most likely class. The presence of thin white lines of large
CI on the map shows where spatial boundaries between the classes occur. The
map of the confusion index shows that the larger proportion of the map can be
classed into these four classes with most uncertainty existing on the boundaries
of the classes. The boundaries of classes in Bass Strait are similar to those
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Figure 4.6: Maximum likelihood classification maps for 4 classes
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Figure 4.7: Results of the fuzzy c-means hard class classification map for 4 classes (the
classes correspond to GA’s classes as Green as class 1, Blue as class 2, Yellow as class 3
and Red as Class 4).
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Figure 4.8: Confusion map generated from 4 classes using the FCM algorithm

boundaries in Figure 4.3 generated from GA’s analysis.

Scenario 2: FCM with 6 classes

The FCM classifier was applied in a second scenario using the class number result
of the XBm index (6 classes). Convergence was reached after two iterations
(Figure 4.9). The membership layers for all 6 classes are shown in Figure 4.10.
A greater proportion of the grid cells have a high membership value (compared
to Figure 4.6) indicating a potential for a cell to belong to more than one class,
which could result in a high confusion index.

The hard class map resulting from defuzzification of the 6 membership layers
(Figure 4.11) shows a more heterogeneous map than using 4 classes (Figure
4.7). The result is still similar to the result generated by GA, with a few minor
differences (see Figure 4.3 for a comparison). This shows that although the
Geomorphic Units attribute was removed it did not contribute greatly to the
overall clustering result. Based on the maximum likelihood results from Figure
4.10, the classes identify with the Geoscience classes as: Blue as class 1, Red
as class 2 and Green as class 5. It was difficult to determine if Orange, Blue or
Red as class 3, Green or Yellow or Purple as class 4 and Orange or Blue as class
6.
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Figure 4.9: Convergence after number of iterations 2-40 for 6 classes

Scenario min max mean St Dev
4 classes 0.02 0.99 0.11 0.24
6 classes 0.41 0.99 0.19 0.37

Table 4.3: Statistics of confusion maps Scenario 1 and 2

The CI map based on 6 classes (Figure 4.12) shows a very different result
to scenario 1 with 4 classes. Immediately, it can be seen that the confusion
values are very high in most areas except for the core areas of class 1. This
map illustrates that there is a lot of overlap between the different classes and
possibly highlights that a 4-class FCM classification provides a better result.

Differences in confusion between Scenario 1 and Scenario 2

Table 4.3 provides a summary of the statistics from the two images. The stan-
dard deviation of scenario 2 with 6 classes shows a much higher result. The
difference between the two confusion maps is shown in Figures 4.13 and 4.14.
The second scenario has a greater distribution of higher values, indicating grea-
ter uncertainty. A large degree of the difference, between the two scenarios, in
the Tasmanian regional area is greater than 70 % (Figure 4.15).

4.1.3 Discussion

This study has demonstrated that fuzzy c-means classification applied to Seas-
cape data provides valuable insights into uncertainty related to class attribution
and transition zones between classes. The possibility of stable, compact classes
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Figure 4.10: Maximum likelihood classification map for 6 classes



88 CHAPTER 4. FUZZY C-MEANS FOR SEABED CLASSIFICATION

Figure 4.11: Hard class classification map (the classes correspond to GA’s classes as Orange
as class 7, Blue as class 6, Yellow as class 1,Red as Class 4 and Green as class 10)
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Figure 4.12: Confusion map generated from 6 classes using the FCM algorithm

Figure 4.13: Graph 1: Standard deviation of confusion result for 4 classes
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Figure 4.14: Graph 2: Standard deviation of confusion result for 6 classes

Figure 4.15: Map of the percentage difference between scenario 1 (4 classes) and scenario
2 (6 classes)
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of sediments in attribute space, that are also contiguous in geographical space
is unrealistic in the natural environment. Initial assumptions between sediment
attribute classes and distribution on the seabed, with boundaries being used to
locate zones of rapid change in otherwise homogeneous attributes, have been
shown to be too simplistic given that methods now exist that generate results
that are more efficient and desirable, such as the FCM classifier.

The various results obtained from each of the cluster validity measures shows
that no single index can be used uncritically on these data. Advanced methods
of classification or interpolation cannot enforce discrete partitioning of attribute
or geographical space if the input data are naturally various. But the methods
that are employed here show that fuzzy c-means can locate potential bounda-
ries and transition zones between multivariate seabed properties and show the
membership of each grid cell to each class. This helps to define classes that
are spatially contiguous and therefore mappable, from those areas of the seabed
where classes are complex and overlapping.

This analysis only employed those data layers that were continuous and
omitted the ‘Geomorphological’ layer as it had already been classified. It is not
possible to scale a categorical data set to make it continuous, i.e., if one class
is 8 (Basin) and the next is 9 (Reef) and this data set is scaled it would imply
that 8.5 is a category somewhere between basin and reef, which is illogical. The
lineage of the data used in the original study is a collection of sediment data
collected over a period of many years (Heap et al., In Press). In addition, high
variability in the input data and the distribution of the collection of raw data
point samples has affected the quality of the interpolation to generate the grids
used as input for this analysis. Artifacts of the initial interpolation using inverse
distance weighting (IDW) are apparent in the original layers, which may have
a negative effect on the cluster analysis.

The PCAES index is the most recent index to be published and was tested in
this research and compared to the XBm validity measure. The maximum value
of the PCAES fuzzy index over different fuzzy partitions of the data indicates the
appropriate number of clusters to be four for this data set. This index ensures
the formation of compact clusters with large separation distances between at
least two clusters. Six classes resulting from the XBm cluster validity shows
that the FCM results contain greater uncertainty expressed by high confusion
index values.

Nine classes were chosen from the GA ISOCLUTER analysis. This was
determined from the plot, Figure 4.16, as “this is where the curve first starts
to flatten out” (Heap et al., In Press). This plot shows the distance ratio
steadily decreasing as the number of classes’ increases. If this plot is revisited,
it is possible to see a slight “flattening out” at 5 classes. Perhaps this plot is
indicating that an optimal number of classes is at 5 ? This uncertainty analysis
generated a result for a regional data set for Tasmania. The original analysis was
performed on the East Data set which incorporates the eastern side of Australia
from the Gulf of Carpentaria around to Cape Banks, including Tasmania. It
would be interesting to see if any cluster biasing effects were introduced through
sub-setting the data. Future research will extend the FCM analysis to the entire
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Figure 4.16: ISODATA clustering result Source: Geoscience Australia

Eastern Australian Region. The next section of this chapter will focus on the
influence of the interpolation technique on the cluster analysis, used to derive
continuous spatial layers from sediment samples.

4.2 Interpolation and conditional simulation

4.2.1 Introduction

GIS is increasingly being used to generate data for quantitative models such
as seabed sediment mapping, through interpolation of sediment cores to form
continuous surfaces. Spatial interpolation has implicit problems, many of which
relate to two assumptions that must be understood if the result is to be a va-
lid representation of the seabed. The first suggests that the phenomena being
interpolated must truly be continuous. The second assumption is that the phe-
nomena must be sampled at a density appropriate to its heterogeneity (Lovell
et al., 2003).

Kriging, by definition, is the name for a collection of interpolation techniques
that use regionalised variable theory to incorporate information about the sto-
chastic aspects of spatial variation when estimating interpolation weights (Bur-
rough and McDonnell, 1998). Kriging interpolation methods (first presented in
Chapter 3) provide each cell in a grid with a local, optimal prediction and stan-
dard deviation that depends upon the variogram and spatial configuration of
the data. In order to decide which interpolation procedure would best suit the
data distribution, some knowledge of the spatial correlation of the data set is
required, which is quantified in the semivariogram (Foster-Smith and Sotheran,
2003; Deutsch and Journel, 1992).

Modelling the spatial dependence between samples is a crucial part of geo-
statistical analysis (Pebesma and Wesseling, 1998). Spatial dependence can be
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modelled by the variogram. Given irregularly spaced point data, the variogram
can be modelled by estimating semivariance values for a set of distance intervals
and then fitting a valid variogram model. A noisy variogram where the derived
semivariances are scattered suggests that too few samples have been used to
compute the lag, or that the attribute has a poor spatial autocorrelation. The
range of the variogram provides clear information about the size of the search
window that should be used. If the distance from a unsampled grid cell to a
sample is too far away to make any contribution, or if all surrounding samp-
les are further away than the range, the best estimate is the mean (Burrough
and McDonnell, 1998). The shape of the search neighbourhood can be changed
based on the anisotropic properties of the variogram. Anisotropy occurs when
the variogram has a different range for different lag directions. If anisotropy is
characteristic for a data set, the search neighbourhood can be adjusted from a
circle to an ellipse. If the range of the data is large then long-range variation
dominates, if it is small, then the major variation occurs over small distances. A
variogram model is fitted to the empirical semivariogram to use as a weighting
function in the kriging interpolation.

Ordinary kriging uses the semivariogram to calculate interpolation weights
for each neighbouring sample. The result is a grid layer with the best attri-
bute prediction for each cell. In addition, an estimate of the interpolation error
can be derived as well. Ordinary kriging is a powerful interpolation technique,
however, it only provides the best prediction estimate for each cell. For explo-
ring uncertainty in the interpolation estimates, we need to know the possible
range of interpolation values for each location as opposed to a smooth inter-
polation result. Monte Carlo methods can be used to simulate values for each
cell in the grid individually. If the variogram is known then methods such as
kriging (Heuvelink, 1993) can be used to simulate a surface that has similar
spatial characteristics (nugget, sill, range, mean) to the original surface. Spatial
simulation is a technique which has great potential as a tool for quantifying
spatial interpolation uncertainty. Conditional simulation, otherwise known as
stochastic simulation (Bierkens and Burrough, 1993; Journel, 1996; Burrough
and McDonnell, 1998), combines the data at the observation points with the
information from the variogram to compute the most likely outcome per cell
as a function of the variogram parameters. Conditional simulation is a local
method with global variograms (Burrough and McDonnell, 1998).

In the next section, raw point data from the Marine Sediment (MARS)
database is re-interpolated using kriging for the four raw sediment layers of
gravel, carbonate, mean grain size (mgs) and mud. The aim of the second part
of this chapter is to use the re-interpolated surfaces in the c-means clustering
algorithm to assess whether the kriged layers alter the classification result.
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4.2.2 Methods

Data methods

Raw point data was provided by GA for four of the Seascape layers, gravel,
carbonate, mud and mean grain size. The scale of the dataset is defined by the
pixel size - the Seascapes model scale is 0.01 degree or 964 m. This scale was
chosen based upon the resolution of the exposure model developed for Australian
waters (Heap, pers.comm, 2006). Due to the cost of data collection and the scale
over which the data were sampled in some areas, the sediment cores were widely
dispersed. In other regions, the data points were dense in distribution, which
implies the need to interpolate sample data from smaller plots to larger map
units, see Figure 4.17. To link geostatistical computation with map processing
in a geographical information system (GIS), PCRaster (http://www.pcraster.
nl) and Gstat (http://www.gstat.org) are used to perform the interpolation
and simulation. Aguila, a tool of the PCRaster project, was used for surface
layer display and animation of the conditional simulation.

A mask grid was required to set the interpolation boundary. The map depicts
the spatial extent of the area, the cell size and attribute type. Information was
taken from the bathymetry grid layer, as this was the layer with the smallest
spatial extent used in the initial Seascape analysis. The cell size of this grid was
0.01 nautical miles or approx 964 m x 964 m. PCRaster was used to generate a
mask.map file. The mask map was generated with ‘no data’ for the land mass
of Tasmania and Victoria to provide a barrier for the interpolation. A scalar
data type was selected as it represents continuous data.

The raw data files were projected from geographic coordinates in WGS 1984
(lat/long) to GDA94 datum UTM Zone 55. The point files were displayed in
ArcView 3.3 and the ‘AddXY’ command was used to generate two new columns
of projected coordinates. The .dbf file was re-saved as a .col file in Notepad++
and the header was reformatted to be read by PCRaster and Gstat.

Semi variograms were plotted for each of the variables using Gstat at the
command line. The results of the spherical model with the best fit (least squares
autofit) result was saved as a .cmd file for input into the kriging interpolation.

Kriging Interpolation and Simulation

The fitted variogram can be used to determine the weights needed for local
interpolation. Ordinary kriging was applied in this analysis. The data were
converted to ascii file format using the map2asc command in .cmd file. The
map2asc command in combination with option -a exports the data to an ascii
file. The data can be directly imported into ARCINFO. Using the asciitogrid
command in ARCINFO, the data can be reconverted into a grid for visualisation
and further analysis.

Simulation is initiated by setting up a command file for simple kriging and
changing the default process to Gaussian Simulation (gs). The sequential simu-
lation algorithm (Gomez-Hernandez and Journel, 1993) visits each simulation
location following a random path. Each grid cell is assigned an interpolated
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Figure 4.17: Location of sediment core samples in Tasmanian waters (black points) inside
regional sampling area (grey shading)
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gstat command file August 2006 By V.Lucieer
data(gravel) ‘E:\interpolation\gravel.col’, x=1, y=2, v=3
variogram(gravel) 312.929 Sph(19043.3) + 1.62824e-06 Nug(0)
data(carbonate) ‘E:\interpolation\carbonate.col’, x=1, y=2, v=3
variogram(carbonate) 650.672 Sph(40538.2) + 131.124 Nug(0)
data(mud) ‘E:\interpolation\mud1.col’, x=1, y=2, v=3
variogram(mud) 463.491 Sph(620962) + 0 Nug(0)
data(MGS) ‘E:\interpolation\mgs.col’, x=1, y=2, v=3
variogram(MGS) 0.0743821 Sph(247075) + 0.0500642 Nug(0)

Table 4.4: GSTAT command file for simple kriging for four variables; gravel, carbonate,
mud and mean grain size (MGS)

value based on a random selection from a probability density function defined
by the predicted mean value and standard deviation (prediction error) as de-
rived from the variogram and kriging equations. This process is repeated for
every grid cell to derive a continuous surface of the attribute containing likely
interpolation values. This stochastic interpolation process is repeated at least
100 times to generate multiple interpolation prediction layers for the same at-
tribute (Goodchild, 1986). Because the process is random, each layer will be
slightly different (but all results are equally likely). This ‘stack’ of interpolation
layers provides an indication of the range of possible interpolation outcomes,
which allows for exploration of interpolation uncertainty. The display of many
alternate simulations (in animation) can graphically illustrate the degree of un-
certainty to the data interpreter. The use of alternate simulations as input to
other models provides a mechanism for quantifying the sensitivity of complex
data to uncertainty or spatial variability. In this analysis, 100 simulations were
generated for each of the four kriged layers.

4.2.3 Results

Variogram calculation and model fitting

Gstat calculates the variogram from the raw data. A ‘spherical’ model was fitted
to the semivariogram cloud. The variogram values for each of the raw data files
and the results of the model fit as input for the kriging analysis are shown in
Table 4.4 and Figure 4.18. The results of the ordinary kriging produced mean
values and standard deviation values which were used as input to the simulation
modelling.

Prediction and variance

Prediction surfaces in Gstat were generated using ordinary kriging. The .cmd
file outputs from the variogram model (listed in Table 4.4) were used as input to
generate prediction and variance surfaces for the four sediment layers. Figures
4.19 to 4.22 show the map output for each of these layers.
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Figure 4.18: Example variogram for mean grain size (MGS). Numbers in variogram window
refer to number of point pairs used for each sample variogram estimate (+)

The map displaying variance of gravel across the region shows that the area
between the Tasmanian north east coast and Flinders Island, was sampled at
an appropriate density to reflect the level of variance across the data set. In all
other regions, except parts of the east coast of Tasmania, the predicted interpo-
lation variance was high. This could be explained by the large distance between
the interpolated points and the sample points (i.e., low sample density). The
kriging results for carbonate are shown in Figure 4.20. The variance map of
carbonate shows that a large proportion of the area had low degrees of intepola-
tion variance. Sections of Bass Strait and to the north of King Island had high
degrees of variance, which is caused by the low spatial density of sample points
in this region. Except for where little data were collected to the north of King
Island and on the north east coast of Tasmania, the mud data layer displayed
low degrees of interpolation variance. On the north east coast low variance is
seen between data points. Statistics of each of the four layers is displayed in
Figure 4.23. The number of sample cores for each layer was similar for gravel,
mud and mean grain size (933, 935 and 943) but was lower for carbonate (566).

Simulation

Simulation in Gstat was completed using a gaussian simulation at the 0.01
nautical mile scale of the mask file. For simulation, the sequential simulation
algorithm (Johnson, 1987) as implemented in Gstat was used. Compared to
other simulation methods, sequential simulation is robust as it can handle arbi-
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(a) (b)

Figure 4.19: Interpolation result for gravel: (a) Predicted surface; (b) Interpolation va-
riance.

(a) (b)

Figure 4.20: Interpolation result for carbonate: (a) Predicted surface; (b) Interpolation
variance.
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(a) (b)

Figure 4.21: Interpolation result for mud: (a) Predicted surface; (b) Interpolation variance.

(a) (b)

Figure 4.22: Interpolation result for mean grain size: (a) Predicted surface; (b) Interpola-
tion variance.



100 CHAPTER 4. FUZZY C-MEANS FOR SEABED CLASSIFICATION

Figure 4.23: Histogram and statistics results for layers % gravel, % carbonate, %mud and
mean grain size



4.2. INTERPOLATION AND CONDITIONAL SIMULATION 101

gstat command file, Win32 version 2.0 (February 1999)
blocksize: dx=964, dy=964
set nsim = 100
gravel min=10, max=30, radius=25000, sk mean=12.9
variogram(gravel): 312.929 Sph(19043.3) + 1.62824e-06 Nug(0)
carbonate min=10, max=30, radius=25000, sk mean=68.02
variogram(carbonate): 650.672 Sph(40538.2) + 131.124 Nug(0)
mud min=10, max=30, radius=25000, sk mean=5.79
variogram(mud): 463.491 Sph(620962) + 0 Nug(0)
MGS min=10, max=30, radius=25000, sk mean=0.584384
variogram(mgs): 0.0743821 Sph(247075) + 0.0500642 Nug(0)

Table 4.5: Gstat command file for simulation input for gravel, carbonate, mud and MGS

trary covariance structures and large data dimensions and an arbitrary number
of variables or simulation locations (Pebesma and Wesseling, 1998). The re-
sults of the conditional simulation were captured as .avi animation files and can
be displayed from the attached CD ROM located at the back of this thesis by
navigating to the folder Chapter 4\ Conditional Simulation Results and using
Windows Media Player. Table 4.5 shows the Gstat input command files to
generate simulation results.

4.2.4 Discussion

Kriging produced a smoother result than the Inverse Distance Weighting (IDW)
interpolation results generated by GA, although comparisons cannot be strictly
made because IDW does not rely on autocorrelation analysis. Both kriging and
conditional simulation require the same input and sample measurements with
spatial coordinates and a variogram model to quantiy spatial autocorrelation.
The results of the kriging interpolation, while the estimates may be good, are
often unrealistically smooth if the variogram is too global. The main advantage
of conditional simulation is that it uses the variogram and kriging equations to
find a range of possible interpolation values. These values are randomly selected
from a probability density function defined by a mean and standard deviation
of the interpolated variable. This random selection process results in a more
realistic interpolation surface. The strengths of the technique provide the user
with methods to explore predicted results and variation within the resulting
surfaces.

Simulation results can be seen as ‘possible realisations’ of a spatially corre-
lated random field, that honour the spatial component (mean, variance) of the
data. Showing multiple simulations, 100 in this analysis, can help the under-
standing of the combined effect of prediction uncertainty and spatial variation of
the underlying process. Simulations can be used as input to error analysis (Pe-
besma and Wesseling, 1998), for instance in the situation where propagation of
errors in input variables through a model cannot be derived analytically (Got-
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way, 1994), or where covariances between prediction errors are important as
well.

A series of conditional simulations generated with a different random seed
from the same initial data and variogram model can be thought of as equally
likely possibilities, which might explain the potential of results from the available
sampled data. The principal problem in error modeling, however, is making
the model reflect a realistic statistical and spatial distribution of the error. A
number of studies have shown that the rate of uncertainty in the derived spatial
information is dependent on the spatial autocorrelation of the error (Fisher and
Wood, 1998).

These results have implications for improving our knowledge of mapping soft
sediment habitats in Australian waters. It is important to establish whether
the chance of an incorrect outcome in any particular layer is significant for the
application concerned. If it is, then the data may not be fit for use in the
particular context. Alternatively, it may be possible to generate analysis of the
outcomes so as to predict the probability of the outcome being correct given the
error in the layers.

4.3 FCM with Kriged surfaces

4.3.1 Introduction

The first cluster analysis described at the beginning of this chapter was com-
pleted using the interpolated surfaces provided by Geoscience Australia. These
original grids were interpolated using IDW within ArcGIS(9.0) using the ‘Spatial
Analyst’ extension. The number of neighbouring points used to interpolate the
data set was 12 with a maximum search distance of 45 km (A. Heap pers. comm.,
2006). The resolution of the interpolated grid was 0.01 degrees. In the following
analysis, the fuzzy c-means clustering procedure was performed using the origi-
nal 5 input attributes (bathymetry, effective disturbance, primary production,
seabed temperature and slope) with the original surfaces for the sediments being
substituted with the kriged results achieved in the previous section. The aim
of the final analysis for this chapter was to assess if the improved interpolation
results affected the cluster validity measures for classification.

4.3.2 Methods

The four kriged interpolated layers were formatted to the same extent (948 x 724
cells) as the pre-existing Geoscience Australia layers. Using ArcGIS 9.0 the grids
were converted to ASCII files for importing into ENVI 4.0 for preprocessing. The
detailed methods for this analysis are presented in section 4.1.1. In ENVI 4.0,
the five original layers of bathymetry, effective disturbance, primary production,
ocean temperature at the seabed and slope were imported together with the
kriged surfaces of gravel, carbonate, mud and mean grain size. Using the layer
stacking command the nine layers were stacked into one image file for input into
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Validity index max / min Number of clusters
Partition Coefficient (PC) maximum 2
Partition Entropy (PE) minimum 2
Xie and Beni (XBm) minimum 2
PBMF minimum 2
PCAES(c) maximum 5
Monotonic Partition Coefficient (MPC) maximum 2
Fuzzy Hyper Volume (FHV) minimum 6

Table 4.6: Comparison of the number of classes for each validity measure

the fuzzy c-means model (FCM).
The FCM cluster validity index matrix was run to test for a new optimal

set of clusters using the previously defined IDL script (section 4.1.1). From the
plots generated by the validation indices, we can select the new optimal number
of classes from either the minimum or maximum number of suggested classes
to be input into the FCM classifier (refer to Table 4.2). The classified samples
were exported from ENVI as ASCII files for the final statistical analysis. JMP
(a commercially available statistics package) was used to generate a multivariate
scatter plot matrix to analyse the distribution of attributes within each of the
fuzzy classes.

4.3.3 Results

Scenario 3: FCM with kriged layers

The cluster validity optimisation script was run in IDL employing the seven
validity indices described in section 4.1.1. The optimal number of classes that
was suggested by each algorithm is shown in Table 4.6. In this analysis using
the kriged interpolated layers, the validity measure PCAES indicates an optimal
number of 5 classes. All other validity indices suggest an optimal number of 2
classes. The Fuzzy Hyper Volume index suggested 6 classes. In the previous
analysis, the results of the PCAES(c) index was used as this was the most robust
cluster validity measure.

Convergence was reached after 4 iterations using 5 classes. The success
of the procedure in producing mappable classes was assessed by mapping the
membership value obtained for all classes for each cell. This procedure generated
5 membership maps (one for each class) shown in Figure 4.25. The highest
membership values are shown in white indicating that a large proportion of the
area has been allocated to a single class.

Finally, each cell was assigned a hard class according to the fuzzy class
having the maximum membership value (defuzzification). Figure 4.26 shows
the distribution of these classes over the seabed. It is only when these classes
have been evaluated by a combination of expert knowledge and investigation
of the scatterplots before meaningful Seascape classes can be assigned to the
FCM class labels. The class labels in Figure 4.25 can be linked to the original
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Figure 4.24: Cluster validity plots for PBMF, XBm and PCAES showing optimal number
of classes (as indicated by the arrows)
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Figure 4.25: Membership layers for 5 classes
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Figure 4.26: Results of the fuzzy c-means hard class classification map for 5 classes

Seascapes classification as follows: Red-Class 1, Green-Class 2, Blue-Class 3,
Yellow-Class 4 and Aqua-Class 5.

A confusion map was generated (Figure 4.27) based on the result of 5 classes.
Mapping the confusion index (equation 4.13) reveals areas where the classifica-
tion was uncertain. The bright white areas indicate zones of greatest confusion.
The black areas indicate that one class dominated and was very different to the
next most likely class. The presence of thin white lines of large CI values on
the map shows where spatial boundaries between the classes occur.

The confusion index map shows that the areas within central Bass Strait and
the deeper southern area of Tasmanian seabed was classified with a high degree
of uncertainty. Most uncertainty existed at the boundaries between classes and
to the south of King Island and to the north east of Flinders Island.

Figure 4.28 shows a multivariate scatterplot of the attributes where each
sample is colour coded according to the fuzzy c means class. Because fuzzy
c means is an unsupervised clustering procedure, these classes do not have
a meaningful class label and this plot will therefore be helpful in assigning
Seascape classes to the class clusters based on combinations of attribute ranges.
For example, mud vs slope, where low slope and a high mud content combined
in a class cluster could be associated with a soft sediment plain. It also visually
shows which combination of attributes has the best cluster separation.
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Figure 4.27: Confusion map generated from 5 classes using the FCM algorithm
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Figure 4.28: Scatterplot showing each multidimensional input variable plotted against each
other. The ellipses represent 95% probability contours.
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Figure 4.29: Scatterplots for gravel, MGS, and slope showing the locations of the cluster
centres for each iteration.
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Bathy Carb E.Dist Gravel MGS Mud P.Prod S.Temp Slope
Bathy 1.00 0.28 -0.51 -0.13 -0.23 0.06 -0.2 -0.83 0.23
Carb 0.28 1.00 -0.01 0.11 -0.22 0.18 -0.26 -0.2 -0.37
E.Dist -0.51 -0.1 1.00 0.34 0.5 -0.23 0.15 0.58 -0.07
Gravel -0.13 0.11 0.34 1.00 0.42 -0.19 0.07 0.17 0.01
MGS -0.23 -0.22 0.49 0.42 1.00 -0.75 0.34 0.29 0.38
Mud 0.06 0.18 -0.23 -0.19 -0.75 1.00 -0.11 -0.25 -0.31
P.Prod -0.2 -0.26 0.15 0.07 0.34 -0.11 1.00 -0.12 0.34
S.Temp -0.83 -0.2 0.58 0.17 0.3 -0.25 -0.10 1.00 -0.26
Slope 0.23 -0.36 -0.07 0.01 0.38 -0.32 0.31 -0.26 1.00

Table 4.7: Scatterplot results showing each multidimensional input variable plotted against
each other

Figure 4.29 shows scatterplots with the locations of the five cluster centers for
each iteration and table4.7 displays the results of each multidimensional input
variable plotted against one another. The stable cluster locations are highlighted
by a cross. The four attributes displayed in these scatterplots (feature space) are
gravel, MGS and slope plotted against bathymetry. We can see that gravel and
bathymetry do not separate the classes very well as the cluster centres are very
close to each other in feature space. Mean grain size and bathymetry, and slope
and bathymetry show a larger distance between cluster centres and therefore
a better partitioning of feature space. It should be stressed that the fuzzy c
means works in a multidimensional feature space, but we can only visualise
two attributes in a single scatterplot. The locations of cluster centres in these
scatterplots can be helpful in the interpretation of Seascape class labels.

4.3.4 Discussion

Through using the kriged surfaces in the fuzzy c-means analysis, the number of
classes was increased from an optimum of 4 to 5 using the PCAES algorithm.
The resulting CI map showed a smoother result when compared with the CI map
(Figure 4.12) with less confusion for large regions within Bass Strait and South
Western, Southern and Eastern areas of Tasmania. Greatest confusion was still
common in the region south of King Island (to the northeast of Tasmania) and
in zones around the Furneaux group (to the north west of Tasmania).

By visualising all of the scatterplots in combination with one another, it is
possible to explore the relationships between each of the variables and begin to
understand which layers contribute most (or least) to the classification proce-
dure. The correlation coefficients in Table 4.7 quantify the relationships between
variables. It is possible to see that ocean seabed temperature and bathymetry
have a very strong negative correlation, which is plausible given that the deeper
the seabed the colder the ocean temperature at the seabed. Mean grain size
and slope show a strong separation of clusters demonstrating that different grain
size classes do not have an affinity with slope shown by a very low correlation
coefficient of 0.379. Mean grain size and mud have a strong negative correlation
of -0.749. The lowest correlation occurs between gravel and slope (0.006) which
shows that they have no significant relationship with one another. Overall, the
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matrix shows that the correlations between layers is generally weak except for
mud and mean grain size (-0.749).

4.4 Conclusion

The fuzzy c-means approach has significant advantages over hard clustering
algorithms in that it decreases the chance of classification errors when data
are corrupted by inexactness, which is usually the case with marine sediment
data. The overlapping classes and gradual boundaries resulting from the fuzzy
c-means approach tend to be similar to the nature of the data in reality. The
fuzzy c-means approach generates locally optimal classes that are not necessarily
based on assumptions of linearity, unlike conventional data reduction techniques,
such as principle component analysis and correspondence analysis. While linear
correlations may sometimes be enhanced by transformation functions, attribu-
tes of soil, sediments or water often co-vary in a complex, inherently non-linear
manner (Burrough et al., 2000). The fuzzy c-means approach captures this
non-linear co-variation (Odeh et al., 1990; McBratney et al., 1992). The fuzzy
c-means approach is appropriate when information about the number and de-
finition of classes is lacking. It produces a set of optimal, overlapping classes
that can also be mapped in data space and in geographical space. The results
add value to the research continuum and can be used as a once only analysis,
of a limited area, to identify the spatial variability (Heap et al., In Press), as a
means to set up classes so that membership functions can be interpolated (Mc-
Bratney et al., 1992), and as a means to define a simple membership function
to improve reconnaissance classifications in sediment surveys (Burrough and
Webster, 1976).

This study has applied a fuzzy c-means (FCM) clustering algorithm to iden-
tify Seascape classes from marine sediment samples around Tasmania. The
main advantage of using a soft classifier such as the FCM algorithm was that
uncertainty related to class attribution could be visualised and quantified. Class
overlap and vagueness in class definition is a common problem in the environ-
mental sciences and the power of using FCM classification in a spatial marine
context has been highlighted here. One of the main problems of using an unsu-
pervised clustering algorithm is that the number of classes needs to be defined
by the user prior to the classification. However, the number of classes is often
unknown.

Three recently published cluster validity indices were implemented and ap-
plied to find the optimal number of classes in an FCM classification. Nine
spatial data layers were used, characterising the seabed around Tasmania, for a
fuzzy classification. The XBm and PCAES indices indicated that 6 and 4 class
clusters respectively provided the most optimal partitioning of the multivariate
attribute space. Two FCM scenarios for 4 and 6 class clusters were run and
presented. FCM output was given in the form of membership layers for each
class, hard classes for each grid cell based on the maximum membership value,
and a confusion index quantifying uncertainty in class attribution. The confu-
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sion index layer provided a clear visualisation of transition zones and overlap
between classes. The 4-class FCM classification provided the most appropriate
result.

The tools presented in this chapter can be used to distinguish parts of the
seabed where quantitative, numerically defined classifications are spatially con-
tiguous, and therefore, mappable, from those areas where the classes may be
clear, spatially, they are complex and overlapping. The decision to use the
fuzzy c-means approach in continuous classification depends on the context of
the problem and also on the level of prior information. In the fuzzy c-means
approach, the criteria that distinguish between the classes are a result of the
analysis rather than the input to the model and is appropriate when informa-
tion about the number of classes and the definition of those classes is lacking.
Fuzzy c-means methods produce optimal, overlapping classes that can also be
mapped in geographic space. The results can be used to explore the variability
of the data or to set up classes so that membership functions can be assigned.
This new technique adapted from terrestrial soil science, promises to provide
a novel and robust method for classification of seabed sediments and provide
uncertainty estimated in the final results.



Chapter 5

Rocky reef pattern
recognition and
classification

Progress is a tide.
If we stand still we will surely be drowned.

To stay on the crest, we have to keep moving.
— Harold Mayfield

Objectives :

• To examine the characteristics of seabed habitat classes that can be vi-
sually differentiated, and to review boundary detection methods

• To explore uncertainty in object based classification techniques related to
the extraction of habitat classes from sidescan sonar images

5.1 Segmentation and object oriented image clas-
sification

One of the key endeavors of seabed habitat mapping is to develop techniques, ba-
sed on remote sampling, that predict the distribution and abundance of species
and resources from physical and biological parameters that define where spe-
cies live (Bax and Williams, 2001). Quantification of reef area and complexity
of shallow rocky reef substratum provides important information for describing

1This chapter is based on the following papers: Lucieer, V. In Press. Object-oriented
classification of sidescan sonar data for mapping benthic habitats. International Journal of
Remote Sensing.

2Lucieer, V. 2006. Application of a multi scale segmentation approach to characterise
rocky reef habitat. Coast GIS 2006 Conference Proceedings. Wollongong, NSW, July 2006.
On CD-ROM.
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the patterns and distribution of available habitat for many commercially fished
species, such as abalone (sp. Haliotis rubra) and rock lobster (sp. Jasus edward-
sii). Information on the structure and size of reefs and the spatial distribution
of reef habitat is important in estimating abundances of reef associated species
and modelling their stock productivity.

Benthic habitat delineation has recently become a worldwide ocean science
priority, and sidescan sonar imagery appears to provide one of the most cost
effective methods for initial delineation of the seabed into geological and geo-
morphological regions (Mayer and Baldwin, 2001; Kostylev et al., 2001; Kemp
and Meaden, 2002; Burnett and Blaschke, 2003; Greenstreet et al., 1997; Jo-
hannesson and Mitson, 1983). The successful integration of theories of habitat
selection into marine ecology depends upon the proper identification of habitat.
Habitats must be distinguished at appropriate spatial scales to improve habitat
classification techniques. Because species tend to have predictable affinities for
specific habitat with distinctive physical characteristics, habitat mapping may
serve as a reliable and efficient proxy for species mapping in some instances (Aus-
ter et al., 1995; Greene et al., 1999; Bell and Barnes, 2001; Brown et al., 2002;
Kvitek et al., 2003). Advances in the acquisition and processing of acoustic
remote sensing data, most notably multibeam and sidescan, have dramatically
improved the resolution, scope and efficiency of our ability to map geophysical
seabed characteristics. Very high-resolution (VHR) sidescan images are often
highly textured due to the presence of sediment regions of seabed (sand ripp-
les, mud gravel, etc.) which has caused pixel-based approaches great difficulty
in dealing with the rich information content of VHR data producing a charac-
teristic, inconsistent ‘salt-and-pepper’ classification, far from being capable of
extracting objects of interest.

Sidescan sonar is attracting considerable attention for habitat mapping be-
cause it offers the potential to provide comparatively rapid and relatively ac-
curate assessment of seabed properties such as surface texture, (Greenstreet
et al., 1997; Collins and McConnaughey, 1998; Foster-Smith et al., 1999) and
the costs associated with data collection are becoming reduced as technology
improves. Sidescan sonar is a ‘top down’ acoustic technique, characterising only
the horizontal pattern of texture on the seabed. For a reef surface that has
tilted, overhanging or undercut sections, this technique will simplify the actual
surface profile by ignoring the undersides of these shapes. However, the loss of
accuracy in profile, by using a sidescan sonar, may be more than offset by the
savings in time compared to making surface casts that are then cut into sections
to produce true profiles (Commito and Rusignuolo, 2000) or by taking multiple
fine-scale measurements.

Figure 5.1 illustrates a profile that is characterized by an acoustic ‘top down’
technique on the first line. The second line illustrates a profile that is simplified
by the sidescan sonar, because of undetected complexity under the over-hanging
sections, leading to an underestimate of fractal dimension. The fractal dimen-
sion can distinguish between a surface that has many small irregularities and
one that has a few large ones. It allows investigators to determine if large surface
irregularities are similar in shape to small ones. These are important descriptors
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Figure 5.1: Acoustic sampling is a ‘top down’ technique. The black region is the area
‘sampled’ by the acoustic signal over a reef, with two types of profiles indicated (a & b).
The left frame shows the profile of the reef, the middle frame shows the acoustic ‘curtain’
in black, and the right frame shows the interpretation of the reef profile from the acoustic
curtain.

for kelp beds, boulder fields, and other seabed habitat made up of multiple units
with different sizes and similar shapes.

Various types of uncertainty influence information extraction from remotely
sensed data such as sidescan sonar images. Methods of data acquisition, data
processing and image generation, will influence images quality, even with the
data coming from the same sensor (de Moustier and Matsumoto, 1993). The
seabed surface texture can look different depending on the geomorphology, the
combination of habitat types present and the water depth. Also, the same type
of objects can appear different depending on the resolution of the sampling
regime (e.g., ping frequency in acoustics, speed of data acquisition, acoustic fre-
quency, sea conditions, water column stratification (Blondel and Murton, 1997;
Bird and Mullins, 2005)). Acoustic ‘noise’ can lead to decreased resolution and
increased uncertainty in the imagery. The failure to determine boundaries bet-
ween reef and sand may exist due to the spatial resolution of the acoustic data,
because the signal to noise ratio is too low, or simply because the acoustic sen-
sor does not deliver different signals for the user to characterise specific habitats
when they occur in close proximity to one another. If these uncertainties are
not taken into account in the process of information extraction, benthic habitat
classification will not be robust and transferable.

Scale in remote sensing is controlled by pixel resolution but objects however,
have their own inherent scale. Image information can be represented at different
scales based on the average size of image objects. The same image can be seg-
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mented into smaller or larger objects, with considerable impact on practically
all information that can be derived from image objects. Scale can determine
the occurrence or non-occurrence of a certain object within an image (Gustaf-
son, 1998). There is a difference between scale and resolution (see chapter 2).
Resolution commonly expresses the average size of area that a pixel covers on
the ground, scale describes the magnitude or the level of abstraction on which a
certain phenomenon can be described. Scale can therefore determine a classifi-
cation hierarchy, by the degree to which an image can be described, in a habitat
mapping context, combining a single ‘bommie’ to a group of ‘bommies’ may
eventually describe a reef system. These hierarchical scale dependencies are im-
plicitly self-evident in each observation and description of real world features.
However, being able to represent these multi-part patterns can add valuable
information to automated image understanding methods. In order to analyse
an image successfully, it is necessary to represent its content of several scales
simultaneously and to explore the hierarchical scale dependencies among the
resulting objects.

Automated methods of image classification require further development for
the quantification of reef pattern and distribution. A large part of landscape
pattern analysis deals with the identification of scale and intensity of pattern,
landscape metrics focus on the characterisation of the geometric and spatial
properties of categorical map patterns represented at a particular scale (as in the
ecological scale) (Freeman et al., 2002). Metrics to describe landscape pattern
are discussed in chapter 6 based on the results of this chapter. The aim of the
first part of this chapter is to demonstrate how methods of image segmentation
and object oriented classification can differentiate and classify different textures
within an image. The second part of this chapter will explore how the different
textures of benthic habitat can be differentiated in sidescan sonar imagery using
the object oriented technique. The accuracy of the technique will be validated
using underwater video data and error matrices.

5.2 Segmentation and classification model

Image segmentation

Image segmentation methods are split into two main areas, knowledge driven
methods (top down) and data driven methods (bottom up). In the top down
approach the user already knows what they want to extract from the image,
but they do not know how to perform the extraction (Bock et al., 2005). By
formulating a model of the desired objects, the method aims to find the best
method(s) of image processing to abstract these recognisable features. In the
bottom up approach the segments are generated based upon a set of statistical
methods and parameters for processing the whole image. As such, bottom up
methods can also be seen as a kind of data abstraction. But, as with clustering
methods (seen in chapter 4) at the beginning the generated image segments
have no meaning, and so they are termed ‘image object primitives’ (Kvitek
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et al., 1999). It is up to the user to determine what kind of real world objects
the generated objects represent.

The basic difference between the two methods is that top down methods
usually lead to local results because they just mark pixels or regions that meet
the model description, whereas bottom up methods perform a segmentation of
the complete image. They group pixels to spatial clusters which meet certain
criteria of homogeneity and heterogeneity. Once segmentation is completed,
the process begins for classifying the image objects into classes based upon
established classification schemes (see chapter 2).

Multiresolution segmentation is a method of generating image objects at
different scales (Zhan, 2003). It is a local optimisation procedure, to achieve
adjacent image objects of similar size and thus of comparable quality. The
procedure simulates the constant and simultaneous growth of segments over
an image starting at any point in the image with one pixel objects. Different
segmentation levels can be used to represent information in the image at different
resolutions simultaneously. Fine objects are sub-objects of coarser structures,
where each object can be linked in context by its neighbourhood and its sub
objects (eCognition User Guide, 2005).

5.2.1 Object oriented classification

From the segmentation result, being the scale and shape of image objects, spe-
cific information becomes available for classification. Object oriented image
analysis contrasts to traditional image processing methods in that the basic
processing units of object oriented image analysis are image objects or seg-
ments, and not single pixels (eCognition User Guide, 2005). One motivation for
the object oriented approach is that the expected results are the extraction of
real world objects, identified by their shape and classification. This expectation
cannot be fulfilled by common, pixel-based approaches. Beyond tone and co-
lour, there is shape, texture, context and information about other object layers
available to discriminated between objects. Using this information, classifica-
tion leads to better semantic differentiation and to more accurate and specific
results (Cutter et al., 2003).

Directly connected to the representation of image information is information
about the network or relationship of these image objects are to one another.
Where the topological relation of single, adjacent pixels is given implicitly by
the raster, the association of adjacent image objects must be explicitly worked
out in order to address neighbour objects. The consequence of this is that the
resulting topological network has a big advantage in that it allows the efficient
propagation of many different kinds of relational information. In object based
classifications, each classification task has a specific scale. Only image objects
of an appropriate resolution (area) permit analysis of meaningful contextual
information. With the possibility of producing image objects at different reso-
lutions, a project can contain a hierarchical network with different object levels
of different resolutions. This structure represents image information of different
scales simultaneously, thus different object levels can be analysed in relation to
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each other.

5.2.2 Segmentation and object oriented classification ex-
ample

In the working example given in this section, we assume that the image is
interpreted by an expert using a top down approach. In order to produce an
accurate classification result, the image objects have to be homogeneous with
regard to the classes that have been identified to be distinguished. Image objects
are the base features used for classification. First, we need to research what are
the parameters that allow seabed objects to be discriminated from one another.
Beyond spectral information, texture, relational and context features can be
used to classify features. For each feature this information is computed per
object considering its actual shape and size. Within commercial software, such
as eCognition, the following parameters are available to make this distinction.

a)Scale parameter The scale parameter is an abstract term that determines
the maximum allowable heterogeneity for the resulting segmentation, (eCogni-
tion User Guide, 2005). It is a measure for the maximum change in heterogeneity
that may occur when merging two image objects. Internally this value is squa-
red and serves as the threshold which terminates the segmentation algorithm.
When a possible merge of image objects is examined, a fusion value between
those two objects is calculated which can be compared directly to the squared
scaled parameter. By modifying the value of the Scale Parameter it is possible
to vary the size of the image objects. A Scale Parameter of 15 was chosen for
the test data set.

b)Homogeneity criterion The composition of the homogeneity criterion is
determined by colour and shape. The colour criterion is the change in heteroge-
neity that occurs when merging two image objects as described by the change in
the weighted standard deviation of the spectral values regarding their weightings
(eCognition User Guide, 2005). The shape criterion is a value that describes
the improvement of the shape with regard to two different models describing
ideal shapes.

c)Classification without class related features Each possible class esta-
blished is applied to each image object and the degree of fuzzy membership of
the image object to the specific class is computed from the class description
(eCognition User Guide, 2005). The class with the highest membership will
be assigned as the current classification to the image object, as long as the
membership value exceeds a predefined minimum value.

d)Selecting features for seabed characterisation A number of features
can be used as a means of fuzzy logic to build class descriptions. Which object
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features are appropriate to discriminate seabed features are identified by eva-
luating image objects themselves as well as their embedding in the image object
hierarchy.

1. Layer values; these are features concerning the pixel channel values of an
image object (spectral features)

2. Shape; with these features the shape of an image object can be described
using the object itself or its sub-objects

3. Texture; texture features evaluate the texture of an image object either
based on its sub-objects or on the grey level co-occurrence matrix (GLCM)

4. Hierarchy; these features provide information about the embedding of an
image object in the entire image object hierarchy.

5. Texture GLCM Homogeneity; if the image is locally homogeneous, the
value is high.

Because seabed habitats have no defined scale, shape or are composed within
particular neighbourhoods, the layer values and texture values become the most
appropriate tools with which to separate seabed habitats. Software, such as
eCognition is commonly applied to classifying terrestrial landscapes especially
in urban areas where shape plays an important role in characterisation, e.g.,
man-made features. Differing combinations of layer values and texture values
were trialled to identify the most appropriate ones for characterising sidescan
sonar images of the seabed for bethic habitat mapping. This is discussed with
a real example in the next section, but first the application of these parameters
to a control set of data will be examined.

5.2.3 Test data

To illustrate the method for classifying regions of different texture, an image
(359 x 353 pixels) with a composition of four different textures shown in Figure
5.2(a) was used. The texture examples were selected from the Outex texture
image library at http://www.outex.oulu.fi/temp/orig.html. The following
textures were used: top left = sand grains, top right= gravel, bottom left=
timber, bottom right= canvas fiber. Four reference segments were selected for
each of the classes from the segmented image.

5.2.4 Accuracy assessment

Using eCogntion’s fuzzy classification method, an image object has a member-
ship degree to more than one class. Using this tool the differences in degrees of
membership between the best and second best class assignments of each object,
which can give evidence about the ambiguity of an objects classification, can
be explored. The ‘classification stability’ values are displayed visually for each
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Confusion Matrix TL BL TR BR Sum
Top Left 6961 26 102 632 7721

Bottom Left 0 19511 0 15 19526
Top Right 3269 0 20210 317 23796

Bottom Right 465 116 35 9822 10438
Sum 10695 19653 20347 10786

Accuracy
Producer 0.902 0.999 0.849 0.941

User 0.651 0.993 0.993 0.911
Overall Accuracy 0.919

Kappa Statistic 0.887

Table 5.1: Error matrix with per-class accuracy values for segmentation of texture image
(TL= Top left, BL= Bottom left, TR= Top right, BR= Bottom Right

image object in a range from dark green (0 non ambiguous) to red (1 absolutely
ambiguous).

Figure 5.2(b) show the segmentation result. All regions were identified cor-
rectly with some small object segments incorrectly segmented. An accuracy
assessment of the segmentation results provided an overall accuracy of 91% and
a Kappa coefficient of 0.887. The confusion matrix with per class accuracy re-
sults is given in Table 5.1. These accuracy values show that high accuracies for
segmentation can be obtained with the layer and texture measures.

In the top left, some of the sand grains were incorrectly identified as gravel.
In the bottom right some canvas segments were segmented as sand grains or
gravel. Figure 5.2(c) shows the stability of the classification result. A result of
0 (bright green) has little or no uncertainty and 1 (red) has the greatest level of
uncertainty. The most uncertain areas were most common in the internal part
of the reference images and mostly in the sand grain and canvas examples.

The object oriented approach to image classification differs greatly from pixel
based methods. The basic processing units are image objects and not single
pixels. Classification is then performed on the segmented objects where shape
and texture therefore play an important role in the classification process. In the
next section the application of this methodology is applied to a georeferenced
sidescan image.

5.3 Segmentation and object oriented classifica-
tion of sidescan sonar data

5.3.1 Introduction

The applicability of semi-automated and object oriented approaches for satel-
lite remote sensing data have been the subject of many recent studies (Zhan,
2003; Walter, 2004; Benz et al., 2004). Techniques for image analysis have con-
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Figure 5.2: Segmentation control (a)Artificial composition of four different natural co-
lour textures, (b) Unsupervised segmentation classification, (c) Related uncertainty for all
segmented objects
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centrated mainly on land based remote sensing (Bock et al., 2005) and some
oceanographic applications, such as sea ice analysis (Daida et al., 1990). Few
authors (Linnett et al., 1993; Acton, 1996; Preston and Kirlin, 2003; Yao et al.,
2000; Attallah and Smith, 2004) have addressed automated feature extraction
from sonar imagery for marine applications. At present automated classification
systems are not being widely used for seabed habitat mapping.

Object-based image processing techniques overcome these difficulties by first
segmenting the image into meaningful objects of various sizes, based on their
spectral and spatial characteristics. The term segment refers to a cluster of
adjacent pixels that represents a meaningful object on the seabed (eCogni-
tion User Guide, 2005) from the user’s point of view. The process of parti-
tioning the image into segments is referred to as image segmentation. Rather
than visualising the reef habitat as simply a collection of similar pixels, the
object-oriented approach extracts spatial features of ecological interest to pro-
vide geo-information that is immediately usable (Franklin and Wilson, 1991;
Cross et al., 1988; Johnsson, 1994). The advantage of the object-oriented ap-
proach is that it offers new possibilities for image analysis because image objects
can be characterised by features such as texture, shape, contextual relationships
and thematic or continuous information supplied by ancillary data (Benz et al.,
2004). This application allows for integration with existing databases, such as
GIS, in all steps of the classification process. The output products in either
raster or vector format can be used in other software to explore patterns and
explain relationships between features. Object-oriented analysis generates mea-
ningful statistical and textural object information, an increased correlation in
feature space using shape (length and number of edges) and topological features
(neighbour) and the close relation between real world objects and image objects
(Benz et al., 2004). Multiscale image segmentation allows the extraction of large
object primitives to be extracted at any chosen resolution, especially taking into
consideration local contrasts (eCognition User Guide, 2005). This approach al-
lows for more robust conclusions regarding change in areal extent, location and
spatial pattern in reef habitat through time.

Traditionally, habitat mapping has relied on digitising polygons by visually
hand delineating discernible patterns and other geomorphological characteristics
from sidescan sonar images (Whipp and Horne, 1976; Cochrane and Lafferty,
2002). This technique generally yielded categories that were scale dependent,
labour intensive and very subjective, sometimes producing different results de-
pending on the interpreter. The need for automated technologies is exacerbated
by the amount of spatial data that is being generated by the increased need for
acoustic information for resource assessment, such as Marine Protected Area as-
sessment (Ward et al., 1999; Roff and Taylor, 2000; Jordan et al., 2005), fishing
ground assessment (Thrush et al., 2001; Williams and Bax, 2001; Nasby-Lucas
et al., 2002) and benthic habitat mapping (Barrett et al., 2001; Roff et al., 2003;
Becker, 2005). An automated segmentation approach will allow researchers to
characterise marine habitats from sidescan imagery over large areas of seabed
in a reduced amount of time with a more objective, quantitative method for
identification and processing of classified habitat areas.
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In this thesis we examine the usefulness of multiscale image segmentation and
object-oriented image classification as an approach to seabed habitat mapping.
An Edgetech sidescan image at 1 m resolution sampled within the Marmion
Marine Park off the coast of Western Australia is segmented and classified.
The spatial structure of the reef is considered at different resolutions so that
features, such as low reef and profiled reef areas, may be extracted. Object
features such as texture and segment statistics are investigated to determine
the best classification results. eCognition is currently the most flexible and
comprehensive object oriented system for image classification and was selected
as the software for testing the suitability of object oriented marine habitat
classification from acoustic imagery for this study. The external accuracy of the
segmentation results was verified using transects of underwater video imagery.
Internal accuracy results were evaluated using multiple reference points from
within the data set. The accuracies of the segmentation approach are compared
to the accuracies of traditional hand digitising of polygons. A methodology
capable of consistently identifying reef distribution across different spatial scales
is invaluable to habitat classification of sidescan imagery.

5.3.2 Methods

Study area

The Marmion Marine Park is located offshore of Perth, Western Australia, bet-
ween Trigg Island and Burns Beach and covers an area of approximately 0.5 by
2 km. This site was chosen because it represents a range of the typical marine
habitats in the 9500 ha Marine Park. It is located approximately 4 km offshore
of Trigg Beach at an approximate latitude of 31deg 51’S at the southern most
end of the park as shown in Figure 5.3. The area is easily accessed and inten-
sive studies have been undertaken in the region by a number of institutions and
commercial organizations to test, develop and compare techniques used in map-
ping and monitoring benthic habitats and oceanographic processes (Kennedy,
2005). Depths range from 5 to 20 m and the area is dominated by medium and
low profile macroalgal dominated limestone reefs formed from paleo shoreline
features. The area is exposed to the prevalent southwesterly weather patterns
and a high level of wave action. Unconsolidated sediments surrounding the reefs
show a range of morphologies and are often rippled.

Survey Details and Data Set

A survey of the area was undertaken at vessel speeds of approximately 6 kt using
a 100 kHz Edgetech 272 sidescan sonar with a range of 50 m per side. Data
were acquired digitally with settings capable of yielding a maximum theoretical
horizontal resolution of approximately 0.25 m. Individual lines were processed
into a composite georeferenced greyscale ‘mosaic’ provided as an image at 1 m
resolution (1736 x 1774 pixels) using SonarWiz and SonarWeb software sup-
plied by Chesapeake Technologies www.sonarsoft.com. Vessel positioning was
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Figure 5.3: The location of the Marmion Marine Park off the west coast of Australia
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Figure 5.4: Sidescan setup and deployment a)Sidescan hardware setup, b)Pink screen
showing realtime waterfalls of the sidescan sonar imagery c)Waterfalls of the sonar imagery,
d)Sidescan ’towfish’ on deck (approx. 3.5 m in length), with the USBL positioning unit in
red cannister, e)Deploying the sidescan from the back deck of the vessel using an A-frame
crane, f)EdgeTech 272 sidescan; note transducer array along both side of the unit.

provided by differential global positioning (DGPS) using corrections from the
local AMSA (Australian Maritime Safety Authority transmit DGPS correction)
transmitter and data were presented in the WGS84 UTM projection. Whilst
accuracies of data obtained from towed swath survey equipment are difficult
to estimate, the horizontal accuracy of the resulting mosaic is expected to be
better than +/-5m using a USBL system. Set up and deployment of equipment
is shown in Figure 5.4.

Segmentation

In this study we use eCognition (eCognition User Guide, 2005) for segmen-
tation and object-oriented classification of sidescan imagery. Segmentation is
the subdivision of an image into homogeneous regions (eCognition User Guide,
2005). In image segmentation, the expectation is to be able to automatically
extract the desired objects of interest in an image for a certain task. eCo-
gnition applies a region-growing segmentation algorithm based on similarity in
the acoustic signal of adjacent pixels restricted by a shape parameter to form
compact, homogeneous segments. These segments, however, do not have any
associated class labels. A subsequent object-oriented image classification ba-
sed on the acoustic and spatial characteristics of image segments assigns class
labels (e.g., reef, low reef and sand) to the image segments. Scale is a crucial
aspect of image understanding. In the domain of remote sensing a certain scale
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is presumed based upon the pixel resolution, however, the objects of interest
have their own scale. Scale, however, is limited in its application to map reef
habitat, as reef, with many other natural features, does not have an inherent
uniform scale on the seabed. Scale can be used as an analysis approach based
on different scales of segmentation corresponding to the size of the objects, in
order to understand relations within an image and to interpret the scene more
easily. The scale parameter is established in the first process of multi-scale
segmentation. At each level of segmentation we select the most suitable scale
parameter, homogeneity and shape parameter, resulting in the smallest possi-
ble number of objects whilst remaining homogeneous in terms of the targeted
classes. In one instance, we identified the broad seabed classes of consolidated
(reef) and unconsolidated material (sand) and in the other instance the seabed
was divided into three classes- reef (medium profile), low reef (low profile) and
sand (Figure 5.5).

Classification

An object oriented hierarchical classification was applied based on the habitat
classification scheme from SeaMap Tasmania (see chapter 2). eCognition uses
a fuzzy rule base to classify image objects. To include features into a fuzzy
rule base, membership functions for the considered features need to be defi-
ned. Membership functions permit the inclusion of knowledge or concepts into
the knowledge base. A class membership value (0-1), representing the degree
of similarity with a class, is calculated with the nearest neighbour rule based
on statistical and textural object features. For each class a reference object is
selected and the features of each unlabelled object are then compared to the
features of these reference objects. Using the nearest neighbour rule, member-
ship values are calculated for each object for each class. The class with the
highest membership is assigned the classification to the image object, as long
as the membership value exceeds a predefined minimum value.

Various combinations of object features, shape parameters and texture pa-
rameters were tested in differing combinations to explore which features would
classify the segments into the most appropriate pre-defined classes. Texture fea-
tures evaluate the texture of an image object either based on its sub-objects or
on the grey level co-occurrence matrix (GLCM). In sidescan sonar data, acoustic
energy reflected back from the seabed is divided into bins representing different
beam angles, scaled to an 8 bit dynamic range, and displayed as a grey scale
image. The use of grey scale to assign a classification to a pixel has proven inade-
quate to classify the seabed. The method of computing grey level co-occurrence
matrices, which addresses the average spatial relationship between pixels of a
small region within the image (Haralick et al., 1973) has been used successfully
in classification in various domains of remote sensing (Blondel and Murton,
1997). Based on data exploration results three classes were identified (shown in
Figure5.8. Reef is classified by rocky substrate with structural relief, while sand
is classified by unconsolidated sediment that contains ripples or bare sediment.
Low reef is characterised by sand ripples, algae, and single rocks all occurring
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Figure 5.5: Original sidescan image in grey scale. The separate boxes illustrate the diffe-
rences in texture in backscatter between classes of Low reef, Reef and Sand
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in combination. From eCognition the classified image objects for each level of
segmentation were exported together with their attributes as polygons. These
layers were imported into ArcGIS (ESRI) and the areas for each object were
calculated as percentages of habitat for the area based on two classes and three
classes as compared to the digitised layer.

Digitised habitats from sidescan

Reef habitat can be distinguished on the sidescan image by a characteristic
coarse texture with a strong echo return. The edges of reef appear quite clear
in some sections and in other sections the boundaries become fuzzy as the reef
recedes to rippled sand. The smooth surface of sand provides poor backscatter
and most of the incident sonic pulse is reflected away from the transducers. This
provides a stark contrast to the hard textured surface of the reef. Sand ripples
of various wavelengths and algae and small rocks are also identifiable, although
this is dependent on their wavelength and amplitude as well as the resolution
of the data and sea condition. Images that have been recorded or processed at
lower resolutions with regions that have been rippled by physical effects often
appear darker than adjacent similar sediments with a smooth surface. Using
these decision rules, the seabed habitats of reef, sand and low reef were digitised
in ArcGIS 9.0 (ESRI) as two separate layers. One layer depicts two classes, reef
and sand and the other layer depicts three classes, reef, low reef and sand. The
digitised habitat layer was compared with the video validation data and an error
matrix was generated to compare the results of the digitised classification to the
automated classification.

Confusion matrix

The confusion matrix is based on test areas as a reference for classification
accuracy. Test areas were generated by selecting 10 alternate segments, different
from the ones used in the classification, from a visual assessment relating to the
three different classes (Figure 5.6). The statistical output of the comparison
between the reference objects and the classified image is presented as a confusion
matrix. Based upon the confusion matrix, an overall accuracy result and a
Kappa statistic are generated.

Error matrix based on video validation

Video validation data were acquired over the study area using a towed video
system. Three hours of video was obtained over 7 km of seabed between 0.5
and 1.5 kt. DGPS positioning of the vessel was recorded, but no attempts were
made to compensate for the layback of the camera from the vessel. Allowing
for latencies in the navigation system, errors in video positioning are estimated
at better than +/-10 m. These error estimates are corroborated by comparison
of video position with subsequent accurately positioned hydro-acoustic data
sets. Video frames were visually classified approximately every 15s/ 13 m by an
expert.
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Seabed physical and biological features were identified in the video footage
and classifications were applied based on the SeaMap Tasmania classification
methodology (Jordan et al., 2005). Reef was identified by percentage cover in
the video frame and was given a profile based on the change in vertical profile
over a distance of 10 m. It is possible differentiate between two types of reef
profile from the video footage, that being; flat homogeneous reef from large rocky
boulders indicating large changes in profile. Sand was identified by percentage
cover in the video frame of unconsolidated sediment. Video data were converted
into a GIS point layer. Each point was assigned a per centage cover of either reef
or sand in categories of 10%. In the instance of 2 classes; where reef coverage
= > 50% the points were classified as reef and where reef coverage is < 50%
the points were classified as sand. In the instance of 3 classes; where reef = >
60% the points were classified as reef and where reef = < 40% the points were
classified as sand. Between 40 and 60% the points were classified as low reef, as
shown in Figure 5.7.

An error matrix was generated for the classified image and for the digitised
map based on a comparison with the video validation points. The Kappa stati-
stic quantifies the degree of agreement, corrected for agreement by chance alone
(Congalton and Green, 1993). It provides an index of agreement ranging from
0.0 to 1 between two layers, where full agreement is 1 and full disagreement is
-1. 0 represents a completely random classification.

Autocorrelation analysis

Accuracy was quantitatively evaluated for the three bottom types namely reef,
sand and low reef. The accuracy assessment was analysed for problems asso-
ciated with autocorrelation between the transect points and the video transects
to ensure that the validation data was far enough apart along the transect so
that the assumption of spatial independence was met. Geary’s C and Mo-
ran’s I statistics were calculated to test for the presence of significant spatial
autocorrelation. Moran’s I is a standard autocorrelation statistic available in
ARCINFO and provides a global (i.e., across the study area) test of spatial
autocorrelation. Geary’s C is more sensitive to autocorrelation within small
neighbourhoods. The Correlation Index present in ARCINFO was calculated
for the video data in respect to each of the grid layers.

5.3.3 Results

Segmentation results

The sidescan image was segmented using eCognition’s mulitresolution segmen-
tation algorithm. The scale parameter is a measure for the maximum change in
heterogeneity that may occur when merging two image objects. Internally, this
value is squared and serves as the threshold, which terminates the segmentation
algorithm. When a possible merge of a pair of image objects is examined, a
similarity measure between those two objects is calculated and compared to the
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Figure 5.6: Reference samples selected across image red= low reef, yellow=sand,
green=low reef. The blue polygons indicate the individual segmentations
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Figure 5.7: Video transects across study site shown by green points.
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Figure 5.8: Sample editor showing Mean, Stdev and GLCm mean statistics

threshold (scale) parameter. The scale parameters chosen for this analysis were
segmentation 15, segmentation 25 and segmentation 50 with the segmentation
mode set to normal. The composition of homogeneity criterion was set to 0.2
for colour, 0.8 for shape, smoothness 0.8, and compactness, 0.2. For acoustic
imagery the intensity of the signal is a function of the colour in the scene.
The shape smoothness and compactness have been weighted to avoid a fractal
shaping of tiny reef segments but to identify more complete reef objects.

When exploring the statistics of the three visually distinct classes, object
Mean, Stdev and GLCM mean proved to be the most discriminatory features
for classification. The sample editor results in Figure 5.8 clearly showing a
separation between classes in Mean, Stdev and GLCM Mean. These three
classes account for a large proportion of the variation within the image. For
each class, one object was selected as training data for classification once the
image had been segmented. The objects that were selected to generate the
training data are shown in Figure 5.9. Size, length to width ratio, entropy and
homogeneity values did not produce unique signatures with the three selected
classes and were therefore not determined to give the best classification result.

The nearest neighbour classifier (eCognition User Guide, 2005) was applied
to classify all objects in the image according to the statistics of the training
data. Each class was assigned to every object and the degree of fuzzy mem-
bership of the image object to the specific class was computed from the class
description. The class with the highest membership was assigned as the most li-
kely classification of the image object, as long as the membership value exceeded
a predefined minimum value of 0.1.

Figures 5.10 and 5.11 show the results of an object-oriented classification
of the sidescan image at different levels of segmentation for 2 and 3 classes
respectively. Figures 5.10(b) and 5.11(b) show the manually digitised layers
for comparison with the automated classification results. GLCM classification
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Figure 5.9: Sidescan image showing polygons chosen to create samples
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OA 2 classes KS 2 classes OA 3 classes KS 3 classes
Segmentation 15 0.778 0.516 0.579 0.304
Segmentation 25 0.806 0.596 0.627 0.392
Segmentation 50 0.801 0.603 0.607 0.392

Digitised layer 0.818 0.630 0.727 0.491

Table 5.2: Overall Accuracies (OA) and Kappa statistics (KS) derived from error matrices
for 2 and 3 classes, and different segmentation levels

results were robust, generating similar segmentations across the three spatial
scales of application.

The results of this analysis showed that all three segmentations produced
similar ‘area’ results in terms of sand and reef area estimates when classifying
using two classes (Figure 5.12 and 5.13). When the image was classified into
three different classes, reef had a higher area count from segmentation 15. Figure
5.12 show the best correspondence in area calculation between the digitised layer
and the segmentation result that is achieved for segmentation level 25 (number
3 in Figure 5.13). For Figure 5.12, the differences are slightly larger and the
best correspondence is found between the digitised layer and segmentation 25
(number 3 in Figure 5.12). Differences in the accuracies between the digitised
layer and the segmentation values are reflected in the differences in area between
the digitised values and segmentation values in both Figures 5.12 and 5.13.

Classification results

The object-oriented classification of the sidescan image corresponded well with
both the digitised layer and the video ground-truthing. Kappa statistics was
produced by comparing the video ground truthing with both the classified
images using eCognition and the digitised classification. There are objects
among the class ‘reef’ which have been classified incorrectly with respect to
the video classification. The results of the kappa for video validation on the
segmented and digitised layers for two classes and three classes are shown in
Table5.2. When classifying using two classes, the results were similar to the
accuracies of the digitised layer compared to the video. When the image was
classified into three classes to include low reef, the kappa statistic was reduced.
The result of the digitised layer for three classes remained the closest to the
two-class result. The results derived from the confusion matrix, see Table 5.3,
show that the Kappa statistic results are reduced when the third class of low reef
is introduced. The producer and user accuracies remain high for reef and sand
but are very poor for low reef. The classification stability results (Figure 5.14)
show that the highest uncertainty is located in the transition zones between reef
and sand.

A confusion matrix assessing the internal accuracy of the classification was
conducted using a collection of reference objects to generate an overall Kappa
statistic. Ten reference objects were chosen for each class from the layer of
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Figure 5.10: a)Original image, b)Digitised layers, c)Segmentation 15, d)Segmentation 25,
e)Segmentation 50
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Figure 5.11: a)Original image, b)Digitised layers, c)Segmentation 15, d)Segmentation 25,
e)Segmentation 50
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Figure 5.12: Percentage of habitat area for 2 classes 1) Digitised Layer; 2) Segmentation
15, 3) Segmentation 25, 4) Segmentation 50.

Figure 5.13: Percentage of habitat area for 3 classes 1) Digitised Layer; 2) Segmentation
15, 3) Segmentation 25, 4) Segmentation 50.
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Figure 5.14: Related uncertainty for all segmentation objects from the classification sta-
bility analysis

Confusion Matrix Reef Sand Low Reef Sum
Reef 72 4 41 117
Sand 32 167 59 258

Low Reef 8 2 7 17
Sum 112 173 107 392

Accuracy
Producer 64.29 96.53 6.54

User 61.54 12.40 47.06
Overall Accuracy 62.76

Kappa Statistic 0.391

Table 5.3: Results from the confusion matrix for 3 classes with a segmentation level of 25
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OA 2 classes KS 2 classes OA 3 classes KS 3 classes
Segmentation 15 0.937 0.863 0.811 0.706
Segmentation 25 0.946 0.882 0.713 0.553
Segmentation 50 1 1 0.776 0.657

Table 5.4: Overall Accuracies (OA) and Kappa statistics (KS) derived from confusion
matrices for 2 and 3 classes, and different segmentation levels

Grid layer Correlation with video (r) Geary (C) Moran (I)
Video 0 0 0

Segmentation 15 2 classes 0.00312 0.01023 0.99004
Segmentation 25 2 classes 0.00428 0.00684 0.99347
Segmentation 50 2 classes 0.00493 0.00521 0.99516
Segmentation 15 3 classes 0.00007 0.01596 0.98424
Segmentation 25 3 classes 0.00185 0.01074 0.98960
Segmentation 50 3 classes 0.00213 0.00619 0.99412

Digitised layer 2 classes 0.01369 0.16929 0.98070
Digitised layer 3 classes 0.00691 0.01893 0.97818

Table 5.5: Results of correlation with video data, and Geary and Moran correlation index
results

the smallest level of segmentation 15. Objects were selected from the image
based on knowledge of the habitats that could be visually identified and were
different to those used in the training data set. These were compared against
the overall classification results of each of the three segmentations. The results
for classifying the image into two and three classes were high for all levels of
segmentation (Table 5.4).

Autocorrelation analysis results

The results of the Geary and Moran indices are summarised in Table 5.5. The
results show that the video data and the grid layers are a poor positive correla-
tion with the results close to 0 showing that the layers are independent.

5.3.4 Discussion

Regardless of the basis for defining patches, a landscape does not contain a single
patch mosaic, but contains a hierarchy of patch mosaics across a range of scales.
Texture maps of the seabed can provide insight about the benthic biology by not
only revealing physiographic constraints and regionalisation of seabed feature
types, but also by delimiting areas within the reef system where animals might
have a particular habitat preference due to hydrodynamic influences. Being
able to define the reef objects and minimum size of reef patches is an important
component of fisheries habitat suitability modelling (Ball, 2000). Providing
a quantitative and repetitive method to identify and extract the reef patches
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from sidescan imagery will ensure the improvement of this modelling. Multi-
resolution segmentation was applied to three different scale parameters (15, 25
and 50) of a 1 m processed sidescan image of the seabed to investigate if the size
of segments play a role in characterising reef and sand classes. The compactness
of the shape was given a low value of 0.2 so that reef patches were identified
from the textural component without becoming too fragmented. A patch of
reef at any given scale has an internal structure that is a reflection of patchiness
at finer scales, and the mosaic containing that patch has a structure that is
determined by patchiness at a broader scale (Kotliar and Wiens, 1990).

Training data was selected from the visual assessment of objects that occur-
red across the image. One reference object was selected to represent each class.
Different object features were applied in varying combinations to investigate
which features would best discriminate between the classes. It was determined
that layer values of the mean and Stdev in combination with one texture mea-
sure, GLCM mean allowed for the greatest differences in the classes to be seen.
For different regions or sidescan images, other measures might be more suitable.

The results of the accuracy assessment using video as a validation tool produ-
ced lower accuracies than the confusion matrix. The one to one match between
the classified map and the external video data is a very strict use of the error
matrix and makes no allowances for near misses that might be expected with
the combined positional errors of the track data and the sample location. Some
tolerance might be acceptable, but this must be used with caution since there
is a risk that the ‘correct’ habitat type will be found by chance if the search
distance is set too high. The accuracy assessment procedure is often subject
to uncertainty related to positional errors. The Kappa statistic results derived
from using the video as a validation tool highlights the inadequacy of the user to
accurately interpret low reef from the video. The limitation of the field of view
of the video to determine algae-covered, rippled sand from the indeterminate
nature of the reef edge remains a difficulty.

The difference in overall accuracies between segmentation levels did not dif-
fer as much as the differences between the 2 class and 3 class classification. This
shows that the scale of segmentation does not play a major role in characterising
the reef patches with greater accuracy. The results of the largest segmentation
layer produced slightly better results, this may be explained by the fuzzy clas-
sification method whereby objects can belong to more than one class but with
different degrees of membership, which is the case when class characteristics
overlap. When the objects are larger they have more variation. Multiresolu-
tion segmentation is a heuristic optimisation procedure, which locally minimises
the average heterogeneity of image objects for a given resolution over the whole
scene. The spatial scales of feature variation were important and did cause some
apparent misclassification, the most apparent were the areas with the rocky reef
that were classified as low reef. This can be explained by the indeterminate
nature of the low reef boundary that diminishes off into rippled sand and then
sand.

The appropriate scale of segmentation needs to be determined from the
number of classes chosen which is determined by the needs of the user, and
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the knowledge of the user to determine how many categories they would expect
to find within the image. However well the classification of an image can be
calculated, the approach will carry more confidence if it agrees with the view
of expert opinion. In both cases the digitised map layer results for two and
three classes corresponded well with the classified video data, and the results
were within range of the accuracies generated by the classifier. By classifying
the images and exporting the layers by categories, we can only show one cate-
gory at one location. This can give a misleading definitive picture of habitat
distribution, incorrectly portraying the categories as being mutually exclusive
and with sharply definitive boundaries. The reef in this area is characterised
by medium and low profile macroalgal dominated limestone reefs formed from
paleo shoreline features. Unconsolidated sediments surrounding the reefs show
a range of morphologies and are often rippled. The rippling of the sand around
the reefs with algae present will add to the fuzziness of the boundaries to be de-
lineated. This will reduce the accuracy results when classifying to three classes
and may explain why, when this gradient class is grouped with the reef category,
the accuracies are improved.

The results of the autocorrelation analysis show a good result in that the
video data and the grids were poorly autocorrelated meaning that the validation
data were independent of the acoustic data. The importance and usefulness of
the spatial autocorrelation indices are that the spatial autocorrelation provides
a single value describing the spatial distribution of the seabed object and it
can be used to determine the degree of adjustment necessary when modelling
phenonmena.

The areas between the digitised layer and the segmentation 25 results were
similar. These results have implications for marine habitat mapping. As it may
take a few hours to digitise the polygons from a sonar image of 0.5 x 2 kms
such as this one, it only took 4 minutes to perform the classification, export the
polygons into a GIS and calculate the area of the habitats (Pentium 3 at 1 GHz,
1GB RAM). For biological studies, an understanding of the spatial structuring
of the reefs, the minimum reef size and adjacency to other habitats is critical
in modelling species distribution. For baseline assessment of an area and broad
scale habitat distribution, the object-oriented classification is a robust and fast
method of classification.

When applying the segmentation procedure to new data, an ‘unknown’ or
‘new’ class should be introduced to allow for textures that do not correspond
to the existing GLCM texture features. This will allow exploration and classi-
fication of new areas without restricting descriptions to only known types. The
GLCM segmentation serves to regionalise seabed texture patterns and therefore
separates geomorphological regions on the seabed.

5.4 Conclusion

This study has shown that object-oriented classification techniques can be suc-
cessfully applied to sidescan sonar imagery for classifying marine habitats. Clas-
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sification methods based on segmentation have shown that the quality of a clas-
sification result is importanct as it gives evidence of how well the classifier is
capable of extracting the reef and sand objects in the image. Simple visual
inspection can be used to evaluate the plausibility of the classification result,
but is a subjective measure. It is necessary to quantify information about the
classification accuracy.

Many marine habitats have fuzzy or transitory boundaries and this presents
considerable problems in defining linear boundaries for a feature, which is the
approach typically applied in order to incorporate them into a GIS. This me-
thod provides an alternative to manual digitization of habitat regions identified
using texture analysis in a repeatable and automated way. Compared to al-
ternative habitat mapping techniques, such as single beam acoustics or aerial
photograph interpretation, object oriented methods of sidescan imagery provide
greater accuracy and the ability to replicate the results at a much higher degree
of accuracy in a more efficient way. The advantage of this approach is the ability
to detect classes where gradients exist, such as reef and low reef areas and this
is achievable through fuzzy class membership where the membership value is an
attribute of the exported raster or vector layer into GIS.

Acoustic backscatter data in the past have been manually segmented to ge-
nerate geological (Todd et al., 1999) and biological habitat maps (Kostylev
et al., 2001). These delineations can be done manually based on the diffe-
rences in texture, however, automation of the procedure would provide more
objective and reproducible map products (Cochrane and Lafferty, 2002). The
result of the traditional interpretation of high resolution information by digi-
tising produces a mismatch of spatial scales between data, measurements and
interpretation of seabed properties. Simple approaches to automated segmen-
tation based on weighted differences in heterogeneity can be applied to sidescan
data may be sufficient to delineate some habitat types in some cases, but often
fail to distinguish areas with different biogeographical processes, morphology
or composition. Thus there exists a need for a robust, automated delineation
approach where accuracies can be quantified, that is unbiased and fast.

Textural information can be used to indentify the initial benthic biological
habitat, particularly distributions of bethic assemblages. This method allows
for information to be segmented into seabed textures that might be used to
represent habitat patchiness or seabed homogeneity. Future research should
focus on the success of applying the same classification rules to classify other
sidescan imagery, based on a hierarchical approach in order to identify finer
scale features within the reef system, such as gutters and individual bommies,
from finer scale sidescan data such as 0.25 m. Similarly, physical and biological
factors influencing seabed texture at various spatial scales must be studied in
order to accurately assess how and why differences in texture in sidescan maps
indicate differences in substrate characteristics and benthic habitats.



Chapter 6

Spatial Characterisation of
Shallow Rocky Reef

Ocean: A body of water occupying about two-thirds of a world made for man - who has no
gills.

— Ambrose Bierce (1842-1914)

Objectives :

• To characterise seabed pattern from classified sidescan sonar images

• To compare and contrast techniques used to classify the vertical structure
of rocky reef systems from multibeam bathymetric products with estimates
of uncertainty

Detailed studies of benthic assemblages are a particularly difficult and time
consuming task in the marine environment, and as a result studies commonly
use physical characteristics for the identification and classification of marine
habitats (Valesini et al., 2003; Diaz et al., 2004; Lundblad et al., 2006). This
reflects the fact that remote sensing and acoustic methods are increasingly used
as a tool to describe habitat type (Mumby et al., 1997a; Fader et al., 1999;
Kostylev et al., 2001; Roff and Taylor, 2000). Ecologists are increasingly exami-
ning the relationship between physical structure and assemblage composition
on the continental shelf and inshore areas (Fonseca and Bell, 1998; ANZECC,
1998; Ward et al., 1999; Barrett et al., 2001; Edgar et al., 2004; Freeman et al.,

1This chapter is based on the following papers: Lucieer, V. 2007. Characterisation of
rocky reef using object oriented classification methods and fragmentation statistics. Journal
of Spatial Sciences, 52, 79-90.

2Lucieer, V. 2007. Morphometric characterisation of rocky reef using multibeam acou-
stic bathymetric data. IGARSS: International Geospatial and Remote Sensing Symposium,
Barcelona, Spain 2007.

3Lucieer, V. and Pederson, H.In Review. Linking morphometric classification of rocky reef
from multibeam data to fine scale lobster movement. ISPRS Journal of Photogrammetry and
Remote Sensing- Theme Issue ‘Remote Sensing and GIS for Coastal Ecosystem Assessment
and Management’.
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2002). However, physical parameters that are used to describe the characteri-
stics of shallow water habitats in a spatial sense are typically qualitative and
scale dependent.

This chapter aims to achieve two goals; to evaluate the potential application
of landscape pattern metrics to describe the dimensional spatial distribution of
rocky reef; and to investigate the use of slope and rugosity in spatial analysis to
characterise rocky reef habitats in two dimensions with estimates of uncertainty
from two shallow coastal study sites. The application of the results of these
analyses prove beneficial for two main reasons. First, landscape pattern indices
could be applied to a wide range of benthic habitat classes, irrespective of species
composition, dynamics and structuring, thus providing a tool for the description
of organisation of communities and their occurrence across patterns of habitat,
and their application would provide a starting point for the effect of pattern
on process in marine rocky reef habitats. Secondly, the internal structure of
rocky reef habitats delineated by multibeam acoustic data can provide us with
a better understanding of geophysical morphometrics to characterise benthic
communities.

6.1 Spatial characterisation of rocky reef distri-
bution

6.1.1 Introduction

Rocky reef habitats are spatially structured across a full spectrum of spatial
scales, from sub millimeter to the order of tens of meters, and these patterns
interact with perception and behaviour of benthic organisms to influence the
higher level processes of population dynamics and community structure (John-
son et al., 1992; Bourget et al., 1994; Knight and Morris, 1996; Kostylev et al.,
2001). Spatial pattern is difficult to quantify and refers to the spatial charac-
ter and arrangement, position or orientation of patches within the landscape
(Li and Reynolds, 1993). A landscape is defined as a ‘heterogeneous land area
composed of a cluster of interacting ecosystems that is repeated in similar form
throughout’ (Keitt et al., 1997). Terrestrial landscape ecologists have long been
studying the effects of spatial pattern on process (With et al., 1997), and have
developed a large collection of metrics to describe landscape pattern (O’Neill
et al., 1998; With et al., 1997; Riitters et al., 1995). These metrics have proved
useful for the description of landscape structure, and its spatial dynamics over a
broad range of spatial and temporal scales (Turner and Ruscher, 1988; Riitters
et al., 1995). Landscape metrics that are applied to study the ecology of a sys-
tem fall into two general categories (McGarigal and Marks, 1995; Gustafson,
1998). One category quantifies the composition of the map with reference to
spatial attributes, and the other category quantifies the spatial configuration
of the map requiring spatial information for their calculation. Unfortunately,
because diversity metrics are derived from indices to quantify species diversity
in community ecology, there are many interpretative drawbacks. It is dependent
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on the investigator to choose the combination of metrics for the marine envi-
ronment that best represent their questions. The important point to be made
here is that there are many available ways to define landscape depending on
the phenomenon under consideration. The issue is that a seabed landscape (or
’benthoscape’, Zajac et al. (2003)) is not necessarily defined by its size, rather,
it is defined by an interacting mosaic of habitat patches relevant to the habitat
under consideration (at any scale). Scale in remote sensing is typically defi-
ned by pixel resolution but objects however, have their own inherent scale, and
the same type of objects can appear different at different scales (Lillesand and
Kiefer, 1994). For example, sidescan sonar data can be processed to < 1 m reso-
lution implying that the minimum object that can be detected is twice the pixel
size. In this instance patterns in reef systems therefore can likely be detected
from individual reefs two meters and greater in size. For similar reasons within
landscape ecology, there has been much research placed on developing methods
to quantify terrestrial environment patterns, which is considered a prerequisite
to the study of pattern-process relationships (e.g., (O’Neill et al., 1998; Turner,
1987; Turner and Gardner, 1991; Baker and Cai, 1992; McGarigal and Marks,
1995; Hargis et al., 1998)), but little research has investigated the application
of these metrics in the marine environment (Chittaro, 2004).

A greater understanding of the distribution and complexity of benthic habi-
tats will provide the spatial framework within which to properly address spati-
ally explicit research and management goals (Kendall et al., 2005). Conserva-
tion strategies now frequently consider not only amounts of habitat that must
be retained (for example, in marine protected area planning), but also the spa-
tial configurations of habitats across depth and exposure gradients (Schumaker,
1996; Fortin et al., 2005). The decline of many species has been linked directly
to habitat loss and fragmentation. Identifying what characteristics make an
area preferentially habitable for particular species has been examined by many
landscape ecologists and is being increasingly taken up by marine ecologists to
describe patterns of benthic diversity (Barrett et al., 2001).

Numerous indices of landscape pattern have been linked to ecological func-
tion by recent advances in image processing and GIS technologies. Various
studies have indicated that abundance and species richness of reef fish are re-
lated to habitat diversity (Ault and Johnson, 1998), habitat extent (Tolimieri,
1998), and habitat complexity (Jones and Syms, 1998). But the value of such
indices is yet to be incorporated in the marine GIS studies examining ecological
patterns. It may be true for the marine environment, as for terrestrial studies,
that the distinction between what can be mapped and measured and the pat-
terns that are ecologically relevant to the phenomenon under investigation or
management is sometimes blurred (Levin, 1992; Gustafson, 1998).

Uncertainties in mapping the pattern and extent of marine habitats have,
until recently, been the main reason for the rarity of habitat-scale studies in ma-
rine ecology (Gray, 2000). Marine seabed spatial data are increasingly becoming
available through developments in acoustic methods. Acoustic swath systems,
such as sidescan sonar are fast becoming an affordable technology. They can
be deployed in shallow water (defined as < 40 m) and can be used to provide
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high-resolution images of the seabed over a wide area. Sidescan sonar provides
information on sediment texture, topography, and bedforms, and the low gra-
zing angle of the beam makes it ideal for the detection of objects such as rocky
reef (Cochrane and Lafferty, 2002).

Quantification of the area and complexity of shallow rocky reef substratum
provides important information for describing the patterns and distribution of
available habitat for many commercially fished species (Johnson et al., 1992;
Bourget et al., 1994; Knight and Morris, 1996; Kostylev et al., 2001). The
size of individual reefs and the spatial structure by depth and exposure are
important in determining the distribution and abundance of fish populations
and for modelling changes in population numbers. A disruption in reef pattern
may compromise its functional integrity by interfering with critical ecological
processes necessary for population persistence and maintenance of biodiversity
and ecosystem health (With, 1997; Solan et al., 2003; Little et al., 2005).

The area accessed for foraging by a rock dwelling species (i.e., home range)
is proposed here as the starting point for an indicator to the minimum size of a
reef area and between reef area that must be detected in the sidescan image for
the habitat statistics to prove useful for ecological studies. Variability in species
population densities occurs because of individual differences in behaviour, rates
of growth etc, coupled with differences in population dynamics among largely
separated populations living in discrete patches of particular habitat throughout
a mosaic of different habitats (Hanski, 1991). The structure, size and spacing
of patches of habitat are each very important in determining abundances of
local populations and their rates of change. Once the boundaries of a habitat
can be defined and exported into a GIS, spatial statistics can then be used to
investigate reef characteristics, assuming that the reefs are static. A seascape
is defined within a range in absolute scale from an area across an entire region
to hundreds of meters of coastline to a single bommie (at 2 m in size). In this
research the success of applying selected landscape metrics to characterise two
different study sites is assessed within a multiscale analysis of sidescan sonar
and multibeam swath data. These two study sites provide examples of different
reef composition in two states of Australia.

6.1.2 Study regions

Case study 1: Friendly Beaches, Tasmania

Friendly Beaches is located north of the Freycinet Peninsula on the east coast
of Tasmania (Figure 6.1). The study site covers an area of approximately 1.3
km by 2.8 km and was chosen because it represents a range of the typical reef
habitat of this area of coastline between two dominant headlands. The area is
easily accessed and other studies have been undertaken in the region to test,
develop and compare techniques used in mapping and monitoring benthic habi-
tats (Lucieer, 2006). Depths range from 15 to 25 m and the area is dominated
by medium and low profile granite reef dominated by macroalgae found on ex-
posed coastlines throughout Tasmania (Edgar, 1984). The area is exposed to
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the prevalent westerly weather pattern. Unconsolidated sediments surrounding
the reef have a very smooth texture.

Survey details A survey of the area was undertaken at approximately 6
kt using a 100 kHz Edgetech 272 sidescan sonar with a range of 50 m per
side from the 21 m vessel the FRV Challenger. Data were acquired digitally
with settings capable of yielding a maximum theoretical horizontal resolution
of approximately 0.25 m. Individual lines were processed into a composite geo-
referenced greyscale ’mosaic’ provided as an image at 1 m resolution (1736 x 1774
pixels) using SonarWiz and SonarWeb software (Chesapeake Technologies: www.
sonarsoft.com). Vessel positioning was provided by DGPS using corrections
from the local AMSA (Australian Maritime Safety Authority transmit DGPS
correction) transmitter and data were projected using a UTM projection based
on the WGS84 ellipsoid. Whilst accuracies of data obtained from towed swath
survey equipment using a USBL system are difficult to estimate, the accuracy
in horizontal resolution of the resulting mosaic is expected to be better than
+/−5m.

Case study 2: Marmion Marine Park, Western Australia

The Marmion Marine Park is located offshore of Perth, Western Australia, bet-
ween Trigg Island and Burns Beach and in May 1987 was declared the State’s
first Marine Park (Refer to Figure 5.3). The study site covers an area of appro-
ximately 0.5 by 2 km and was chosen to represent a range of the typical marine
habitats of the 9500 ha Marine Park. It is located approximately 4 km offshore
of Trigg Beach at an approximate latitude of 31deg 51’S at the southern most
end of the park. Depths range from 5 to 20 m and the area is dominated by me-
dium and low profile macroalgal dominated limestone reefs formed from paleo
shoreline features. The area is exposed to the prevalent southwesterly weather
patterns and a high level of wave action. Unconsolidated sediments surrounding
the reefs show a range of morphologies and are often rippled.

Survey details A survey of the area was undertaken at approximately 5
kts using a 100 kHz Edgetech 272 sidescan sonar with a range of 75 m per
channel. The Edgetech 272 sidescan gives good across track resolution and a
high degree of discrimination. Data were acquired digitally with settings capable
of yielding a maximum theoretical horizontal resolution of approximately 0.25
m. Individual lines were processed into a composite geo-referenced greyscale
‘mosaic’ provided as an image at 1 m resolution (1736 x 1774 pixels) using
SonarWiz and SonarWeb software. Vessel positioning was provided by DGPS
using corrections from the local AMSA transmitter and data were projected
using a UTM projection based on the WGS84 ellipsoid.
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Figure 6.1: Location of the Friendly Beaches study site on the east coast of Tasmania.
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6.1.3 Data methods

Segmentation of the sidescan image

The method of using eCognition (eCognition User Guide, 2005) for the segmen-
tation and classification of sidescan imagery is detailed in Chapter 5. Segmen-
tation is the subdivision of an image into separated regions (eCognition User
Guide, 2005). In image segmentation the expectation is to be able to auto-
matically extract the desired objects of interest in an image for a certain task.
In the approach applied here, the segments are generated based upon a set of
statistical methods and parameters for processing the whole image. The image
segments have no meaning. A subsequent object-oriented image classification
based on the acoustic and spatial characteristics of image segments assigns class
labels (e.g., reef and sand) to the image segments. The composition of the ho-
mogeneity criteria is a function of Colour and Shape. Shape has two further
criterion that can be used to identify unique features, being smoothness and
compactness.

Scale is a crucial aspect of image understanding. Scale however, is limited
in its application to map reef habitat, as reef, with many other natural features,
does not have an inherent scale on the seabed (Lillesand and Kiefer, 1994).
However, scale can be used as an analysis approach based on different scales
of segmentation corresponding to the size of the objects, in an adequate ap-
proach to understanding relations within an image and interpreting the scene
more easily. The scale parameter is established in the first process of multi-
resolution segmentation. At each level of segmentation, we selected the most
suitable scale parameter and homogeneity and shape parameter, which gave the
smallest possible number of objects whilst remaining homogeneous in terms of
the targeted classes. We identified the broad seabed types of consolidated (reef)
and unconsolidated material (sand).

The image is segmented to three different scales for each study area. The
segmentation levels represent the different scales of homogeneity that the image
is divided into. The segmentation levels are unitless and are represented as a
degree between 0 and 100. The segmentation levels chosen for this analysis are
15, 25 and 50.

Classification of the sidescan image

An object oriented hierarchical classification was applied based on habitat classi-
fication from SeaMap Tasmania (Jordan et al., 2005). Reef is defined as rocky
substrate with structural relief. Sand is defined as unconsolidated sediment
that can take the form of ripples or waves. eCognition uses a fuzzy rule base to
classify image objects. To include features into a fuzzy rule base, membership
functions for the considered features need to be defined. Membership functions
permit the inclusion of knowledge or concepts into the knowledge base. In eCo-
gnition, membership functions can be defined by a Nearest Neighbour approach
(eCognition User Guide, 2005). Each possible class established is applied to
each image object and the degree of fuzzy membership of the image object to
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the specific class is computed from the class description. The class with the
highest membership is assigned the classification to the image object, as long
as the membership value exceeds a predefined minimum value.

Texture features evaluate the texture of an image object either based on
its sub-objects or on the grey-level co occurrence matrix (GLCM) (Ivits et al.,
2005). In sidescan sonar data, acoustic energy reflected back from the seafloor is
divided into bins representing different beam angles, scaled to an 8 bit dynamic
range, and displayed as a grey scale image. In this research, the use of grey scale
to assign a classification to a pixel has proven inadequate to classify the seabed.
The method of computing grey level co-occurrence matrices, which addresses the
average spatial relationship between pixels of a small region within the image
(Haralick et al., 1973) has been used successfully in classification in various
domains of remote sensing (Blondel and Murton, 1997).

From eCognition the georeferenced image objects for each level of segmen-
tation were exported together with their attributes as a raster dataset. These
layers were imported into ArcGIS (ESRI) and saved as an ArcGrid with a reso-
lution the same as the processed image of 1 m. In order to compute the values
of the pattern indicies examined here, it was first necessary to identify every
individual patch within the study area. A patch was defined to be a collection
of pixels representing reef that touched other reef at either sides or corners. The
definition of patch referred to in this chapter includes:

• a)that patch is defined relative to the home range of the abalone species
(Haliotis rubra) as 5 m (Shepherd, 1973)

• b)that the patch of reef is delineated by a boundary between reef and sand

• c)that the patch is assumed homogeneous in profile.

Landscape pattern indices

Fragstats is a spatial pattern analysis program for categorical data (McGarigal
and Marks, 1995). It provides a technique to quantify the areal extent and spa-
tial configuration of patches within a landscape. It relies on the user to establish
a sound basis on which patches are delineated and classified. The classified out-
puts from Fragstats patch metrics are meaningful only if the landscape mosaic
is meaningfully classified (McGarigal and Marks, 1995). In this research we
concentrate on two habitat classes, reef and sand, for which patch statistics are
generated. A parameter text file was created for Fragstats to be able to interpret
the grid exported from eCognition. Class 1 was described as ’unclassified’, class
2 was described as ’reef’ and class 3 ’sand’. The following landscape metrics
were selected as relevant to the analysis;

1. Number [COUNT]. The number of patches in the benthoscape.

2. Area [AREA]. AREA equals the area (m2) of the patch, divided by 10,000
(to convert to hectares). AREA is calculated for each patch, and also
provides a count for the number of patches of each class. The range in
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AREA values is limited by the raster resolution and extent of the image.
The choice of the 4-neighbour rule (McGarigal and Marks, 1995) for
delineating patches was chosen for application in this analysis.

3. Perimeter [PERIMETER]. The calculation of the perimeter of all patches.

4. Shape Index [SHAPE]. Shape index corrects for the size problem of the
perimeter-area ratio index by adjusting for a square (or almost square)
standard and, as a result, is the simplest measure of overall shape com-
plexity (McGarigal and Marks, 1995). The minimum perimeter for an
aggregate of like-valued square pixels is calculated. There are no units to
the analysis of shape (SHAPE = 1, without limit). SHAPE = 1 when
the patch is maximally compact (i.e., square or almost square) and in-
creases without limit as patch shape becomes more irregular. Therefore,
the greater the deviation from 1, the more irregular the shape becomes.
This metric is relative to the data set and can not be used to compare
complexity levels between study sites. It can be used to look for changes
in the shape of the same reef system over time.

5. Fractal dimension index [FRAC]. This metric is useful because it reflects
shape complexity across a range of spatial scales (patch sizes) (McGarigal
and Marks, 1995). Thus, like the shape index [SHAPE], it overcomes one
of the major limitations of the straight perimeter-area ratio as a measure of
shape complexity. A fractal dimension greater than 1 for a 2-dimensional
patch indicates a departure from Euclidean geometry (i.e., an increase in
shape complexity). FRAC equals 2 times the logarithm of patch perimeter
(m) divided by the logarithm of patch area (m2), the perimeter is adjusted
to correct for the raster bias in perimeter.

6. Isolation/Proximity [PROX]. A search radius of 5 m was chosen for this
analysis based on the home range of abalone as discussed earlier. Pro-
ximity Index [PROX], equals the sum of patch area (m2) divided by the
nearest edge-to-edge distance squared (m2) between the patch and the
focal patch of all patches of the corresponding patch type whose edges
are within a specified distance (m) of the focal patch. The edge-to-edge
distances are calculated from cell centre to cell centre. This metric has
no units but is relative to each focal patch in the analysis. The Proximity
index was developed by (Gustafson and Parker, 1992) and considers the
size and proximity of all patches whose edges are within a specified search
radius of the focal patch. Fragstats uses the distance between the focal
patch and each of the other patches within the search radius, similar to
the isolation index of (Whitcomb et al., 1981), rather than the nearest-
neighbour distance of each patch within the search radius (which could
be to a patch other than the focal patch), as in Gustafson and Parker
(1992). The index is dimensionless and therefore the absolute value of
the index has little interpretive value, instead it is used as a comparative
index. PROX= 0, if a patch has no neighbours of the same patch type
within the specified search radius.
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7. Euclidean nearest neighbour [ENN] equals the distance (m) to the nearest
neighbouring patch of the same class, based on shortest edge-to-edge di-
stance. The edge-to-edge distances are calculated from cell centre to cell
centre (ENN > 0, without limit). ENN approaches 0 as the distance to
the nearest neighbour decreases. The minimum ENN is constrained by
the cell size, it calculates the distance between diagonal neighbours when
the 4-neighbor rule is investigated. The upper limit is constrained by the
extent of the grid. ENN is undefined and reported as ‘N/A’ in the file if
the patch has no neighbours (i.e., no other patches of the same class). This
metric can also provide a measure of patch separation and has been used
extensively to quantify patch isolation. Here, nearest neighbour distance
is defined using simple Euclidean geometry as the shortest straight-line
distance between the focal patch and its nearest neighbour of the same
class. This metric gives an overall view of the level to which the mosaic
of patches are “clumpy” or “isolated”.

8. Contigation [CONT]. The proximity of one patch of the same class to ano-
ther gives an indication of the connectivity of the seabed habitats. Connec-
tivity generally refers to the functional connections among patches. What
constitutes a “functional connection” between patches clearly depends on
the application or process of interest, patches that are connected for one
species may not be connected for another. Connections might be based
on strict adjacency (touching), some threshold distance (home range di-
stance), some decreasing function of distance that reflects the probability
of connection at a given distance (based on exposure), or a resistance-
weighted distance function (inshore/offshore). Various indices of overall
connectedness can then be derived based on the pairwise connections bet-
ween patches. For example, connectance can be defined on the number of
functional joinings, where each pair of patches is either connected or not.
Alternatively, from percolation theory, connectedness can be inferred from
patch density or be given as a binary response, indicating whether or not a
spanning cluster or percolating cluster exists, i.e., a connection of patches
of the same class that spans across the entire landscape (Gardener et al.,
1987). Connectedness can also be defined in terms of correlation length for
a raster map comprised of patches defined as clusters of connected cells.

6.1.4 Results

The nearest neighbour classifier was applied to classify all objects in the image
according to the statistics of the training data. Each class was assigned to every
object and the degree of fuzzy membership of the image object to the specific
class was computed from the class description. The class with the highest
membership was assigned as the most likely classification of the image object,
as long as the membership value exceeded a predefined minimum value of 0.1.
The scale parameter is a measure of the maximum change in heterogeneity that
may occur when merging two image objects. Figures 6.2 and 6.3 illustrate the
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original image (a); Segmentation level 15 (b); Segmentation level 25 (c); and
Segmentation level 50 (d) for the Friendly Beaches and Marmion Marine Park
sites respectively.

Fragstats exports a separate file for each metric included in the analysis.
The resultant patch file contains 1 record (row) for each patch in the landscape
and a column to represent each selected patch metric. The patch file can be
opened in Excel (Microsoft) as a comma delimited file for further analysis. The
results of the following metrics are summarised in Tables 6.1 and 6.2.

1. COUNT. Within each study site, the number of classified reef patches
were summed. The different segmentation levels show the differences in
the degree of individual patches that are isolated and counted, indicating
the size of the polygons.

2. AREA. The area of each patch that makes up the seabed mosaic is per-
haps the single most important and useful piece of information as patch
area has a great deal of ecological utility in its own right. The results
are described as the sum of the class and the average patch size by class.
For Friendly Beaches, for Segmentation Level 15, 61 individual reef pat-
ches were identified in the image and for sand 111 different patches were
identified. The average area of reef was 0.9 hectares and for sand 0.04
hectares.

3. SHAPE INDEX. The results are presented as the minimum and maximum
shape result for each habitat class. Level 15 of the Friendly Beaches
analysis reef had a maximum shape index of 33.80 indicating that it was
more complex in its patch perimeter area ratio than the sand class which
had a result of 1.07 for the maximum value. The Marmion Marine Park
analysis resulted in 10.58 for reef and 10.98 for sand indicating that the
sand and reef patch perimeters were nearly equal. The differences in
shape minimum and maximums did not vary much between the different
segmentation levels.

4. FRAC is close to 1 for shapes with very simple perimeters such as squares,
and approaches 2 for shapes with highly convoluted perimeters. An ave-
rage was taken for both classes at both study sites, the FRAC results were
low indicating that the reefs at these study sites have regular boundaries
which were quite smooth.

5. PROX increases as the neighbourhood (defined by the specified search
radius) is increasingly occupied by patches of the same type and as those
patches become closer and more contiguous (or less fragmented) in dis-
tribution. The upper limit of the PROX result is affected by the search
radius and the minimum distance between patches. The proximity results
decreased as the Fragmentation Level increased and in the Marmion Ma-
rine Park example of Level 25 for reef, the distance was greater than the
5 m search instance resulting in a 0 result for proximity of reef to other
reefs as shown in Tables 6.1 and 6.2.
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Figure 6.2: Friendly Beaches Sidescan image segmented and classified a) Original Image
b) Segmentation Level 15 c)Segmentation Level 25 d) Segmentation Level 50
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Figure 6.3: Marmion Sidescan image segmented and classified a) Original Image b) Seg-
mentation Level 15 c)Segmentation Level 25 d) Segmentation Level 50
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Fragmentation Measure: Reef Level 15 Level 25 Level 50
Number 206 72 23

Area 0.99 3.13 10.35
Perimeter 1077.15 1343.63 1765.65

Shape minimum 1 1 1.35
Shape maximum 33.80 14.03 5.25

Frac 1.246 1.227 1.202
Proximity 137,963.45 98,152.68 2,509.22

Euclidean Nearest Neighbour 6.74 8.03 11.03
Contigation 0.75 0.82 0.91

Fragmentation Measure: Sand Level 15 Level 25 Level 50
Number 1674 387 59

Area 0.043 0.14 0.73
Perimeter 20 237.03 619.83

Shape minimum 1.07 1.58 1.34
Shape maximum 8.80 7.98 6

Frac 1.29 1.271 1.25
Proximity 731.07 501.87 156.23

Euclidean Nearest Neighbour 6.99 17.59 63.49
Contigation 0.75 0.83 0.89

Table 6.1: Case Study 1: Fragmentation results for Friendly Beaches study site

6. ENN. The results of the Marmion Marine Park analysis show that reef pat-
ches are on average closer to one another than sand patches. This indicates
that on an edge-to-edge basis that the sand patches are further apart than
are the reef patches indicating that the reef areas are more ’clumpy’ than
the sand habitats. Whereas for the Friendly Beaches analysis the results
for reef and sand were similar indicating that their distribution is similar
across the study site.

7. CONTIGATION. The results for both reef and sand across both study
sites and both fragmentation levels shows the results of contigation to
change more for reef in the Friendly Beaches study site and for reef and
sand at the Marmion Marine Park Site.

6.1.5 Discussion

Spatial heterogeneity can be defined as the complexity and variability of a sys-
tem and classification in time and space (Li and Reynolds, 1993; McGarigal
and Cushman, 2002) and in this case refers to the configuration of reef patches
on the seabed. Reef areas (at any scale) contain complex spatial patterns that
may vary seasonally and are affected by exposure, fetch, wave action, geology
and other environmental conditions. Reef patterns, like terrestrial landscape
patterns, can be quantified in a variety of ways depending on the type of data
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Fragmentation Measure: Reef Level 15 Level 25 Level 50
Number 61 18 8

Area 0.525 1.99 5.2
Perimeter 730.06 1542.55 2556

Shape minimum 1.33 1.52 1.54
Shape maximum 10.58 6.14 5.16

Frac 1.242 1.22 1.22
Proximity 2566.84 479.91 0

Euclidean Nearest Neighbour 9.25 17.87 31.41
Contigation 0.85 0.95 0.96

Fragmentation Measure: Sand Level 15 Level 25 Level 50
Number 111 34 13

Area 0.529 1.518 3.35
Perimeter 447.225 869.94 1476.46

Shape minimum 1.083 1.28 1.28
Shape maximum 10.98 7.08 3.56

Frac 1.22 1.18 1.156
Proximity 7310.09 873.66 182.521

Euclidean Nearest Neighbour 7.32 11.65 31.89
Contigation 0.84 0.912 0.969

Table 6.2: Case Study 2: Fragmentation results for Marmion study site

collected. With the robust automated classification technique that object ori-
ented classification proposes, in combination with fragmentation statistics, we
can begin to explore the characteristics of reef habitats that are relevant to the
interaction between benthic biological surveys and physical surrogates.

The simplest measure of configuration and a fundamental attribute of a reef
patch are its size and the density of individual reefs of certain size within an
area. At the level of the individual organism, the home-range of the individual
animal is determined in part by the spatial extent of its habitat. Extent defini-
tions will vary as to whether we are addressing the individual of the species, the
population or the metapopulation. Several studies of juvenile and adult blacklip
and greenlip abalone in Tasmania and South Australia indicate that movement
occurs at the scale of metres over periods of several months. In southern Tas-
manian 45 % of tagged adult blacklip abalone moved less than 50 m over a 28
month period, and 70 % moved less than 100 m (Prince et al., 1988). Similarly,
Prince et al. (1988) reported blacklip abalone movements at the scale of tens
of meters over a period of seven months in Victoria. In a study of movement
of juvenile blacklip abalone in southern Tasmania, 99.7 % of more than 1500
juveniles recaptured after 28 days were within the same 4 m2 quadrat in which
they were tagged (Baker and Cai, 1992). The consequence of these findings
allows us to establish an ecological scale at which to describe reef and its pro-
perties relevant to the ecology of abalone, which in this study was defined at
a spatial scale of 5 m. Conversely, Chittleborough (1974) reported that adult
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lobsters P.cygnus foraged over small areas, usually within a 20 m radius of its
den, although they may forage as far as up to 50 meters away. Studies by Phil-
lips et al. (1984) and Jernakoff (1987) suggest that lobsters can forage an area
larger than originally proposed by Chittleborough (1974). On more crowded
reefs however, the home range appeared to be larger, some marked individuals
crossing the 50 m of sand and seagrass separating adjacent reefs. The results of
analysing metrics such as the area of the patch, nearest neighbour and proximity
provide us with unique information with which to study the foraging habitats
of particular reef dwelling species.

Shape complexity relates to the geometry of patches, whether they tend to
be simple and compact, or irregular and complex. Shape is a difficult spatial
attribute to capture in a metric because of the infinite number of possible patch
shapes of a reef system. Hence, shape metrics generally provide an index of
overall shape complexity rather than attempt to assign a value to each unique
shape. Individual patches of reef, patches forming neighbourhoods and corri-
dors are the most fundamental seabed landscape metrics that can be examined
in relation to ecological patterns. Forman and Godron (1986) define corridors
as ‘narrow strips of land, which differ from the matrix on either side’. As a con-
sequence of their form and context in reef systems, structural corridors of sand
may function as habitat, dispersal conduits, or barriers. These results could not
previously be obtained in a meaningful and reliable manner due to the absence
of quantifiable classification methods for sidescan sonar imagery. Traditional
methods, based on digitising of the sidescan image, yielded categories that were
scale dependent, labour intensive and very subjective.

In the study of geomorphological processes, the geological substrate may
serve to describe the fractal dimension of the reef, i.e., limestone reefs can be
characterised by pitted irregular surfaces (Marmion) whereas granite reef sys-
tems appear to fragment into long crevices (Friendlies). What constitutes the
scale of the fractal dimension is again driven by the home range definition. It
is important to understand how measures of landscape pattern are influenced
by the designation of a spatial element, such as the different segmentation le-
vels, which can be investigated. If an element is specified in the parameters in
Fragstats, it is presumed to function in an influential way (i.e., has a dominant
influence on landscape dynamics), and it should not be included as another
‘patch type’ in any metric that simply averages some characteristic across all
patches (e.g., mean patch size, mean patch shape or mean profile). Emphasis on
variability among populations has often concentrated on large spatial scales, for
example, with respect to patterns apparently governed by strong environmental
gradients, e.g., tidal level (Underwood et al., 1996) and wave exposure (Menge,
1978). At large spatial scales, patterns of abundance might appear to be more
stable (e.g., (Brown et al., 1995)), although in marine habitats, home ranges,
geographic ranges and local abundances can vary markedly over relatively short
times because of changes in such things as larval supply and water currents,
leading to spatial patchiness in recruitment (Connell, 1985).

Proximity and the Euclidean nearest neighbour provide information on the
distances between classes of the same type and of different types. Recent studies
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have, however, emphasised the large variability in abundances of individual
species (Underwood et al., 1996) and diversity at very small scales, i.e., among
patches of habitat only metres apart within a site, rather than among sites on
a shore. In some cases, the physical features of habitat are sufficient to explain
the patterns but are not commonly mapped in a robust repeatable way. This
novel method can achieve this through the combined usage of object oriented
classification techniques and fragmentation statistics.

These results will significantly contribute to the aim of the fisheries abun-
dance surveys by providing a unique method for determining correlation between
environmental and habitat variables that can be used in population modelling.
Future research stemming from these results may involve the analysis of correla-
tion between local abundance and physical attributes to infer habitat preference
or avoidance of marine species, such as abalone and rock lobster.

6.2 Morphometric characterisation of rocky reef

6.2.1 Introduction

The first section of this chapter considers reef profile in only one dimension,
the horizontal. In this next analysis, the characterisation of the two dimensio-
nal nature of reef patches will be explored (Figure 6.4). Seafloor topographic
complexity is ecologically important because it provides habitat structure for
juvenile and adult animals (Kostylev et al., 2003; Beck, 1997, 1998; Commito
and Rusignuolo, 2000) and plays a role in regulating foraging patterns (Er-
landsson et al., 1999). Perhaps most significantly it alters boundary-layer flow
over the seabed (Green et al., 1998; Ke et al., 1994). The interaction of flow
and substrate heterogeneity affects larval settlement and subsequent population
performance because it controls delivery of food, oxygen, and chemical cues
(Leonard et al., 1998; Lenihan, 1999). Surface complexity of reef systems also
influences erosion, transport and deposition of sediment (Widdows et al., 1998)
and macrofauna (Urbanski and Szymelfenig, 2003).

Despite the importance of seafloor topography of rocky reef systems, there is
no consensus in the literature about how to define and measure the complexity of
seafloor structure. Often a simple ‘rough versus smooth’ or ‘structure versus no
structure’ characterisation is made (Mouritsen et al., 1998). Other works have
attempted more quantitative estimates of structure by extracting information
from cross sectional profiles of the bottom (Ke et al., 1994; Kostylev et al.,
2001; Beck, 1997; Cutter and Diaz, 1998; Hill et al., 1999; Perez-Garza et al.,
2004). The seabed roughness calculation (Ke et al., 1994; Green et al., 1998),
chain technique (Aronson and Precht, 1995; Beck, 1998), and other methods
summarised in Beck (1997) utilise profile data to produce a numerical value that
characterises topographic complexity. In the marine environment, multibeam
data has been used to classify the seafloor based on the bathymetric data to
derive a Digital Terrain Model (DTM) by visual illumination assessment (i.e.,
topographic hill-shading), although no one has yet applied terrestrial landscape
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Figure 6.4: a) Classification of reef in one dimension, b) Classification of reef in two
dimensions

classification methods to take the process one step further to be able to quantify
morphometric features with an automated methodology.

It is easy to specify 2D characteristics of a reef in a trivial sense, a ridge
can be defined by a line of the highest points on any cross section, but to
describe or understand the spatial extent of a feature (or the region associated
with it) to which everyone agrees to give a particular label is much harder.
Several researchers have discussed that many classes on the terrestrial landscape
are hard to define meaningfully in terms of either their elevation or spatial
extent (Baker and Cai, 1992; Fisher and Wood, 1998; Jager et al., 2000; Wood,
1996). This was explored by Fisher et al. (2004), in an attempt to describe the
degrees of fuzziness in defining mountains within the region of Helvellyn, UK. He
describes that at the location of the core concept (i.e., the peak of the mountain),
the description of the feature may be definite but that the core concept fails to
capture the full identity of the feature once they have moved past that core
area (i.e., moving from the peak off the mountain onto the slopes, where does
the ‘mountain’ end). Two different classification methods for rocky reef will
be presented based on morophometric analysis of the bathymetic surfaces, as
the marine analogy of mountains, derived from a multibeam sonar system. The
results from each method are compared and contrasted.

By applying geomorphometry theory from terrestrial analysis, it is possi-
ble to generate descriptive statistics of the shape of the seabed (Peucker and
Douglas, 1974; Wood, 1996; Fisher and Wood, 1998; Pike, 2000). Among the
simpler, geometric set of forms is one of six morphometric classes: pit, peak,
pass, channel, ridge and plane (Wood, 1996; Fisher et al., 2004) (Figure 6.5).
These six forms can be used to characterise rocky reef systems from fine scale
(1 m) multibeam bathymetric surfaces. The aim of the second part of this
chapter is to apply quantitative morphometric methods to improve rocky reef
classification.
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Figure 6.5: The six categories of morphometric features illustrated by the relationship
between a central DEM cell and its eight neighbours. Source: Wood, 1996

The first method of morphometric analysis employs the Bathymetric Position
Index (BPI) tool which measures ‘where’ a referenced location is relative to
the locations surrounding it (above, below or equal). This is a free ArcGIS
extension developed by the Oregon State University Davy Jones’ Locker Seafloor
Mapping/ Marine GIS Lab in collaboration with the NOAA Coastal Services
Center’s GIS Integration and Development Program (Wright et al., 2005). BPI
is derived from an input bathymetric grid and is a modification of the terrestrial
topographic position index (TPI) algorithm (Weiss, 2001). BPI data sets are
created through a neighbourhood analysis function. Positive cell values within a
BPI data set denote features and regions that are higher than the surrounding
area which generally characterise features, such as peaks or reef boundaries.
Negative cell values within the BPI dataset identify with regions that are lower
than the surrounding area, such as channels or pits. BPI values near zero are flat
areas (where the slope is near zero) or areas of constant slope (where the slope of
the point is significantly greater than zero) see (Weiss, 2001)(Figure 6.6). From
the original multibeam bathymetric surface, spatial analysis is used to generate
indices of slope and multiple scales of BPI and rugosity. The mapping steps
towards classification are summarised in Figure 6.7.

The second method of morphometric classification is a landscape complexity
analysis tool which employs a multiscale approach where the classification of
a cell to one of the six morphometric classes is a degree of membership at
varying scales. It is suggested that a scale based progression of characteristics
is much more useful than a single morphometric parameter of classification. It
provides a ‘landform’ signature (Pike, 2000) that is more discriminating than a
single feature classification and does not rely upon the researcher to choose an
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Figure 6.6: Positive and negative BPI value derivation for ridges and channels Source:
BTM Version 1.0 Altered from Weiss, 2001
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Figure 6.7: Flowchart showing the data sets used to derive BPI classes. Fine scale BPI
characterises the dimension of features e.g., 5- 30 m and Broad scale BPI characterises
the dimension of features e.g., 30 - 150 m
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Figure 6.8: The scale at which the morphometry is measured will affect the success in
translating the classification across different scales. For example a. could be classified
at as a peak, but at a finer scale b and c, would be classified as a peak and a channel
respectively where d. could be classified as a channel and e. at another scale as a plain.

appropriate scale for the analysis. The level of classification is dependent upon
the scale of the DEM (see Figure 6.8).

Traditionally, trained experts familiar with seafloor geomorphology and the
nature and limitations of the data sources, have generally performed the inter-
pretation and classification of multibeam DEM data into maps of habitat type
based upon the changes in the bathymetric surface. Because it is typically done
by visual means, this interpretation can be very time consuming and may yield
subjective results that are not comparable from site to site or between indi-
vidual interpreters. In this study, the two classification methods used above,
which are based on algorithmic analysis of the DEM, are compared with five
interpretations from visual classification.

In this analysis, we shall focus on the identification of the six categories
of morphometry in association to rocky reef habitat from a 1 m DEM at two
study sites, Friendly Beaches and the Marmion Marine Park. The advantage
of employing automated methods provides the ability to objectively use the
technique in future benthic studies with some measure of reproducibility for
certain areas for monitoring or between areas to compare reef characteristics.

6.2.2 Data methods

Study sites and survey details

A Reson SeaBat 8101 Multibeam Echosounder was used to complete the surveys
at both the Friendly Beaches and Marmion study sites (Figures 6.9 and 6.10).
A Reson 8101 is a traditional beam forming multibeam system that operates
on a frequency of 240 kHz with a swath coverage of 150 deg. The system has
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101 beams that are spaced at 1.5 deg intervals. The along track and across
track beam width is 1.5 deg for all beams. The track spacings were at 15 m at
the Friendly Beaches site and 20 m at the Marmion site. Both of these spacing
would allow for 80 % overlap between swaths within the depth range 10 - 25 m.

Data processing

The Reson 8101 data were processed using Starfix.Proc (Fugro Pty Ltd). Star-
fix.Proc provides an automated batch processing engine and interactive manual
editing framework for marine survey data sets. Emphasis is placed on the batch
processing of data as this ensures consistency, efficiency and repeatability. Ma-
nual interaction is largely reduced to quality control of the automation process.
All coordinates were referenced to the World Geodetic System 1984 (WGS84)
datum for both study sites. The Friendly Beaches bathymetric grid was proces-
sed into a 0.5 m raster product, which were resampled to 1 m for this analysis
using ArcGIS 9.1 (ESRI) to match the 1 m Marmion Marine Park bathymetric
grid.

6.2.3 Classification method 1: Benthic Terrain Modeller
[BTM]

BTM allows the GIS analyst to calculate a Bathymetric Position Index (BPI)
from the bathymetric layer, formulate a model for classification, and create
a classification dictionary which provides the rules that define the criteria for
classification (Figure 6.7). The BTM creates two models for two different scales
of analysis which are then used in conjunction through a standardisation tool
to classify the data into different topographic classes.

The classification rules for the bathymetric related classes as shown in Figure
6.11 are based on the bathymetric position of one cell in relation to the cells
direct neighbours (neighbours as defined by the inner and outer annulus of
the BPI analysis). BTM allows both broad and fine scale BPI to capture the
variation in the seabed with the layers combined using a standardisation tool.
The broad scale BPI is used to determine larger scale features on the seafloor
and the fine scale BPI to capture more detailed features within an area that
may be actual habitats, such as peaks or plains.

Each choice of scale needs to be determined independently for each study
site. Several different broad scale and finescale BPI grids were generated at the
scales from an inner radius of 1 to 5 cells and an outer radius of 5 to 200 cells
were tested in different combinations. To achieve the best BPI classification,
several large and small scale grids were created for each study site. The fine
scale grids were created with scale factors of 5, 10, 20 and 30, and the broad
scale grids were created with scale factors of 50, 60, 70 and 80. BPI fine scale
factor of 30 (with an inner radius of 5m and an outer radius of 30 m) and BPI
150 ( with an inner radius of 50 m and an outer radius of 150 m) was chosen
for the Friendly Beaches study site. For the analysis at the Marmion study site,
a fine scale BPI of 5 (with an inner radius of 1 m and an outer radius of 5 m)
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Figure 6.9: Multibeam data collected over the Friendly Beaches Study site overlaid on a
registered colour aerial photograph (1:50,000).
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Figure 6.10: Multibeam data collected within the Marmion Marine Park study site overlaid
on a registered colour aerial photograph (1:42,000).
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Figure 6.11: Creation of Bathymetric Position Index (BPI) grid only allows classification
to three of six morphometric features.

and the broad scale factor of 50 m (with an inner radius of 5 m and an outer
radius of 50 m) was chosen. These scale factors were chosen separately for the
two study sites because, at these sites, the small seascape features (distances
between ridges and channels) are, on average, between 5 and 30 m across. The
large seascape features for both sites, i.e., distances between the reef systems
were between 50 and 150 metres apart. This is based on close examination of the
bathymetric surfaces prior to the BPI calculation in ArcGIS and by comparing
the results from the multiple grids generated at various scales.

Prior to the final classification for both study sites, the fine scale and broads-
cale BPI results were standardised. Bathymetric data tend to be spatially au-
tocorrelated at various spatial scales i.e., locations that are closer together are
more related than locations that are further apart (Weiss, 2001). Therefore,
the range of BPI values increases with scale. Standardization of the raw BPI
values allows for the classification of BPI data sets at almost any scale (Weiss,
2001). The algorithm that combines the fine scale BPI and broad scale BPI
uses standard deviation units where 1 standard deviation is 100 grid value units
(Lundblad et al., 2006), slope and depth values are defined by the user. The
following standardisation algorithm is used for the classification of cells detailed
in Table 6.3:

BPI < scalefactor > std = integer((((BPI < scalefactor > −mean)/stddev)
∗100) + 0.05)

where

scalefactor = outer radius in map units * input bathymetric data set
resolution(cell size)
mean = mean cell value across BPI data set
std dev = standard deviation of cell values across BPI data set

A layer of rugosity is classified separately using the BTM and is not interac-
tively included in the classification process. The rugosity layer is to be visualised
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Feature Description
Ridge or Peak High points on the grid where there are positive bathymetric

position index values greater than one standard deviation
from the mean in the positive direction

Channel or Pit Low points on the grid where there are negative bathymetric
position index values greater than one standard deviation
from the mean in the negative direction

Pass or Plain Flat points on the grid where there are near zero bathymetric
position index values that are within one standard deviation
of the mean and have a slope < 2 deg

Table 6.3: Classification scheme based on the bathymetric position index

separately. Rugosity can be best defined as the ratio of surface area to planar
area which is a measure of terrain complexity or the “bumpiness” of the terrain
(BTM Help Documentation 2005). Similar to BPI data set creation, the rugo-
sity derivation relies, in part, on a neighborhood analysis using a 3x3 grid cell
neighborhood. Spatial Analyst (ArcGIS) then calculates the planar distance
between the centre point of the centre cell and of each of the eight surrounding
cells in the neighborhood. The next step in the process is to calculate the area
formed by three adjacent sides. The result is eight triangular surface area grids.
These grid datasets are combined to obtain a surface area data set for the input
bathymetric data set. The final step in the process is to create a data set that
represents the ratio of surface area to planar area. This final data set represents
rugosity for the study area.

6.2.4 Classification method 2: Surface Complexity Ana-
lysis [SCA]

Surface complexity is defined by how often the slope of the seafloor changes in
a given area, in all directions, which is equal to the number of times the first
derivative of the bathymetry changes. This is not the same as relief, which
looks at the maximum change in depth. With surface complexity analysis, we
are interested in looking at how convoluted the seabed is, not at just how steep
or rough it is, though these both play a role. Complexity is similar but not the
same as rugosity. Rugosity can be strongly influenced by a single large change
in depth, however, complexity is less influenced since all depth changes (slopes)
are treated equally.

The standard method for morphometric feature classification is to pass a
local window over the DEM and examine the relationships between a central
cell and its neighbours. In this analysis freeware software ‘LandSerf’ version
2.2, developed by Jo Wood (2005) at the University of London was employed.
Both the Friendly Beaches and Marmion 1 m grids were converted to .asc files
using ArcGIS 9.1 ArcTOOLS for compatibility with Landserf.

Within Landserf, the ascii file for each image (study site) was displayed
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Feature Derivative Expression Description
Peak ∂2z

∂x2 > 0, ∂2z
∂x2 > 0 Cells that lie on a local convexity

in all directions (all neighbours lower).
Ridge ∂2z

∂x2 > 0, ∂2z
∂x2 = 0 Cells that lie on a local convexity that is

orthogonal to a line with no
convexity/concavity.

Pass ∂2z
∂x2 > 0, ∂2z

∂x2 < 0 Cells that lie on a local convexity that is
orthogonal to a local concavity.

Plane ∂2z
∂x2 = 0, ∂2z

∂x2 = 0 Cells that do not lie on any surface
concavity or convexity.

Channel ∂2z
∂x2 < 0, ∂2z

∂x2 = 0 Cells that lie in a local concavity that is
orthogonal to a line with no
concavity/convexity.

Pit ∂2z
∂x2 < 0, ∂2z

∂x2 < 0 Cells that lie in a local concavity
in all directions (all neighbours higher).

Table 6.4: Morphometric features described by second derivatives. Source: J.Wood, 2002.

and a ‘surface features analysis’ was run. The features of slope, pit, channel,
pass, ridge, peak and plane were classified by measuring both the slope and
curvature of each cell in the DEM (Table 6.4). The multi-scale analysis was
run over 25 window steps beginning with 3x3 and ending at 25x25 cells. One of
the advantages of this multiscale analysis is that it can be related to the scale
most relevant to the research. The six resulting layers were exported as float
grids (.flt) and converted to rasters within ArcGIS 9.2. The grids were exported
to ENVI 4.2 and stacked so that a comparison between each cell in each grid
could be analysed. A hard class and a confusion index was generated for the
stacked morphometric layers. The confusion between overlapping classes can be
explained by the confusion index (CI) which was detailed in section 4.3.1.

6.2.5 Qualitative visual assessment

Whilst not a direct classification method, surfaces of shaded relief have com-
monly been visually classified (de Moustier and Matsumoto, 1993; Preston
et al., 2001). In most cases the classification of the topography of the seafloor
would be compared to reference data which may include underwater video or
diver observation (Wright et al., 2005). Underwater video data collected at
both sites are at a scale that is different from the seafloor DEM and surface
topographic classifications using the methods described here.

To generate a reference data set, a randomly generated point layer was crea-
ted using Generate Random Points Tool in ArcView 3.2 (Figure 6.12). These
25 points for each study site (50 in total) were overlaid on a hillshaded (315
deg azimuth) grid in ArcGIS 9.1. Setting the synthetic illumination to the NW
is an important convention (as it is the default for topographic mapping) be-
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Figure 6.12: Random point locations classified by candidates.

cause the eye can imagine rises coming out of the map if illuminated from the
NW. If the features in the map are illuminated from the south, features will
appear inside out as the eye will assume that the feature is highlighted from
the top (north) (Harvard, 2006). Five candidates were asked to individually
interpret the location of the random points into one of the six morphometric
feature classes by manually writing the class on a form. The data were entered
into a spreadsheet in Excel and the results were assessed.

The random points layer was converted to a grid at the same resolution
as the Landserf grids. These grids were opened in ENVI 4.0 and using the
layer stacking command, all seven layers were compiled into one image. The
membership values for each of the layers that were located under the validation
point were analysed and exported as a .txt file to Excel. The Confusion Index
and classified grids were generated by taking the membership layers for every
grid cell and for the hard class, the method uses the highest membership value
and assigns the layer to the grid cell. The confusion between overlapping classes
can be explained by the confusion index (CI) which has been detailed previously
in Chapter 4 section 4.3.1.
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Class Cell count Area (ha) Area % Total (264.65 ha)
Pass or Plain 2498566 249.9 94.4%

Channel or Pit 7 0.0007 0.00002%
Peak or Ridge 148297 14.8 5.6%

Table 6.5: Friendly Beaches morphometric results from the BTA.

Class Cell count Area (ha) Area % Total (139.7 ha)
Pass or Plain 1313635 131.4 94%

Channel or Pit 5622 0.6 0.4%
Peak or Ridge 77741 7.8 5.6%

Table 6.6: Marmion Marine Park morphometric results from the BTA.

6.2.6 Results

BTM Classification

The resulting output from the BTM method is a raster image of the topography
classified into the classes that were defined in the classification dictionary. The
classification results of the Friendly Beaches Study Site and the Marmion Marine
Park are shown in Figures 6.13 and 6.14.

The BTM result shows for Friendly Beaches that the study region is com-
prised either of passes or plains. As we can not differentiate between these two
classes with this tool, we can assume that the study area is substantially flat.
Thin lines of peaks or ridges, separated by up to 100 m apart, run in a NE /
SW direction across the site. The scale of the smallest peaks or ridges that were
detected were 10 m across. Peaks or ridges covered 14.8 ha within the area and
Passes or Plain covered 249.8 ha of the area. The presence of channels or pits
was insignificant with only 0.0007 ha detected (Table 6.5).

The BTM result for the Marmion Marine Park also shows that the site
is dominated by the Pass or Plain class. All three classes were present with
Channels or Pits occurring within the Peak or Ridge classes. The Peaks or
Ridges did not appear to be dominant in any one direction but appeared to
occur in a semi-circular shape. This may be characteristic of limestone reef
systems. Peaks or ridges covered 7.78 ha within the area and Passes or Plain
covered 131.36 ha of the area and Channels or Pits covered 0.56 ha (Table 6.6).

The rugosity layers for the Friendly Beaches study site show that there is
more relief within the study sites than the BTM model would suggest. The
rugosity layer generated from the Marmion Marine Park is closer to the classified
BTM result than the Friendly Beaches example. The rugosity layers for the two
sites are shown in Figures 6.15 and 6.16.
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Figure 6.13: Friendly Beaches classification result of the Benthic Terrain Modeller. The
expanded box shows an area of 400m x 400m in finer detail.
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Figure 6.14: Marmion Marine Park classification result of the Benthic Terrain Modeller.
The expanded box shows an area of 900 m x 900 m in finer detail.
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Figure 6.15: Friendly Beaches rugosity result. The expanded box shows an area of 400m
x 400m in finer detail.
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Figure 6.16: Marmion Marine Park rugosity result. The expanded box shows an area of
900 m x 900 m in finer detail.
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Class Cell count Area (ha) Area % Total (264.65 ha)
Ridge 451336 45.1 17.1%
Plain 1969325 196.9 74.4%

Pit 4963 0.5 0.19%
Peak 5158 0.6 0.2%
Pass 23585 2.4 0.9%

Channel 192503 19.3 7.8%

Table 6.7: Friendly Beaches morphometric results from the Landserf complexity analysis.

Class Cell count Area (ha) Area % Total (139.7 ha)
Ridge 318290 31.8 22.8%
Plain 962143 96.2 68.9%

Pit 749 0.08 0.05%
Peak 1101 0.1 0.08%
Pass 5080 0.5 0.4%

Channel 109635 11 7.9%

Table 6.8: Marmion Marine Park morphometric results from the Landserf complexity ana-
lysis.

Surface complexity analysis

The results from the surface complexity classification are shown in Figures 6.17
and 6.18 for the Friendly Beaches study site and Marmion Marine Park respec-
tively. The figures use the same scale and legend as the BTM results for direct
visual comparison. The resulting image of the SCA analysis shows that all six
classes are present at both study sites.

The Landserf analysis for the Friendly Beaches site identifies all six possi-
ble classes (ridge, plain, pit, peak, pass and channel). The results show that
characteristics of much finer detail can be described with this technique. The
areas of the classes show that the majority of the area is comprised of the Plain
class (196.93 ha) with Ridges (45.13 ha) and Channels (19.25 ha) also being the
most dominant morphometric classes (Table 6.7). The Landserf analysis for the
Marmion Marine Park shows that three of the six classes were dominant, ridge
(31.83 ha), channel (10.96 ha), and plain (96.21 ha)(Table 6.8).

Uncertainty analysis of the Surface Complexity Analysis

The Landserf analysis generates layers of membership to each of the six morpho-
metric classes. In Tables 6.9 and 6.10, the ID of the validation point is shown
in column 1 and the Landserf class in column 2, confusion index for the entire
stacked layer is shown as CI and is graphically displayed in Figures 6.19 and
6.20. The Mode of the expert classified results is shown as the Modal class. The
remaining columns display the membership values of each of the classes to the
validation point.
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Figure 6.17: Friendly Beaches classification result of the Landserf complexity analysis.
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Figure 6.18: Marmion Marine Park classification result of the Landserf complexity analysis.



6.2. MORPHOMETRIC CHARACTERISATION OF ROCKY REEF 179

ID SCA Mode Mode.cls CI Ridge Plain Pit Peak Pass Channel
1 Plain 1 Ridge 0.33 0.2500 0.750 0.000 0.000 0.000 0.000
2 Plain 1 Ridge 0.33 0.0000 0.750 0.000 0.000 0.000 0.250
3 Channel 6 Channel 0.00 0.0000 0.00 0.000 0.000 0.000 1.000
4 Ridge 6 Channel 0.50 0.6667 0.333 0.000 0.000 0.000 0.000
5 Plain 5 Pass 0.00 0.000 1.000 0.000 0.000 0.000 0.000
6 Plain 2 Plain 0.00 0.000 1.000 0.000 0.000 0.000 0.000
7 Plain 2 Plain 0.00 0.000 1.000 0.000 0.000 0.000 0.000
8 Plain 1 Ridge 0.71 0.417 0.583 0.000 0.000 0.000 0.000
9 Plain 1 Ridge 0.00 0.000 1.000 0.000 0.000 0.000 0.000
10 Plain 3 Pit 0.00 0.000 1.000 0.000 0.000 0.000 0.000
11 Ridge 1 Ridge 0.00 1.000 0.000 0.000 0.000 0.000 0.000
12 Channel 6 Channel 0.09 0.000 0.083 0.000 0.000 0.000 0.917
13 Plain 6 Channel 0.00 0.000 1.000 0.000 0.000 0.000 0.000
14 Plain 6 Channel 0.20 0.000 0.833 0.000 0.000 0.000 0.167
15 Plain 6 Channel 0.00 0.000 1.000 0.000 0.000 0.000 0.000
16 Plain 6 Channel 0.25 0.000 0.667 0.000 0.000 0.167 0.167
17 Plain 2 Plain 0.00 0.000 1.000 0.000 0.000 0.000 0.000
18 Ridge 6 Channel 0.50 0.667 0.333 0.000 0.000 0.000 0.000
19 Plain 6 Channel 0.00 0.000 1.000 0.000 0.000 0.000 0.000
20 Plain 6 Channel 0.00 0.000 1.000 0.000 0.000 0.000 0.000
21 Plain 4 Peak 0.00 0.000 1.000 0.000 0.000 0.000 0.000
22 Plain 6 Channel 0.00 0.000 1.000 0.000 0.000 0.000 0.000
23 Plain 1 Ridge 0.10 0.083 0.833 0.000 0.000 0.000 0.083
24 Plain 4 Plain 0.50 0.333 0.667 0.000 0.000 0.000 0.000
25 Plain 5 Pass 0.00 0.000 1.000 0.000 0.000 0.000 0.000

Table 6.9: Confusion Index (CI) result by class for Friendly Beaches.

For both study sites, the Confusion Index maps both show greatest confusion
at the cells of greatest change, i.e., within the reef areas and not on the sand
plains. Results for ID points 9, 20 and 21 could not be calculated for the
Marmion Marine Park. When the LCA resample grids were generated, these
points fell to the outside of the new resampled grid (due to the doughnut sample
shape and the random points being very close to the edge of the grid) and
therefore did not receive a classification value.

Qualitative visual assessment result

Five candidates were asked to classify the random points overlaid on the 1 m
hill shaded grid (see Figure 6.12). The results are shown in Tables 6.11 and
6.12.

The results between candidates varied immensely, with only 5 out of 25
points (20%) for Friendly Beaches and 9 out of 25 (36%) for Marmion Marine
Park, being classified the same between all five candidates. At the Friendly
Beaches site these points were ridges, plains and channel features and at the
Marmion site they were all plain features.

In four examples (ID numbers 5, 8, 12 and 18), four of the six classes were
used by the five candidates to classify the same feature at the Friendly Beaches
site. This shows features such as ridges, channels, passes and plain were all
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Figure 6.19: Confusion index result for Friendly Beaches.
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Figure 6.20: Confusion index result for the Marmion Marine Park.
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ID SCA Mode Mode.cls CI Ridge Plain Pit Peak Pass Channel
1 Ridge 6 Channel 0.57 0.583 0.333 0.000 0.000 0.000 0.083
2 Ridge 5 Pass 0.20 0.833 0.167 0.000 0.000 0.000 0.000
3 Ridge 6 Channel 0.57 0.583 0.333 0.000 0.083 0.000 0.000
4 Plain 2 Plain 0.09 0.083 0.917 0.000 0.000 0.000 0.000
5 Plain 2 Plain 0.09 0.083 0.917 0.000 0.000 0.000 0.000
6 Plain 6 Channel 0.33 0.250 0.750 0.000 0.000 0.000 0.000
7 Plain 1 Ridge 0.80 0.333 0.417 0.000 0.000 0.000 0.250
8 Plain 2 Plain 0.00 0.000 1.000 0.000 0.000 0.000 0.000
9 2 Plain
10 Ridge 3 Pit 0.20 0.833 0.167 0.000 0.000 0.000 0.000
11 Plain 2 Plain 0.00 0.000 1.000 0.000 0.000 0.000 0.000
12 Plain 2 Plain 0.09 0.083 0.917 0.000 0.000 0.000 0.000
13 Ridge 2 Plain 0.50 0.500 0.250 0.000 0.000 0.000 0.250
14 Plain 4 Peak 0.83 0.417 0.500 0.000 0.000 0.000 0.083
15 Plain 2 Plain 0.10 0.083 0.833 0.000 0.000 0.000 0.083
16 Plain 2 Plain 0.20 0.167 0.833 0.000 0.000 0.000 0.000
17 Channel 3 Pit 0.83 0.083 0.417 0.000 0.000 0.000 0.500
18 Plain 2 Plain 0.33 0.000 0.750 0.000 0.000 0.000 0.250
19 Plain 2 Plain 0.00 0.000 1.000 0.000 0.000 0.000 0.000
20 2 Plain
21 2 Plain
22 Plain 2 Plain 0.09 0.000 0.917 0.000 0.000 0.000 0.083
23 Plain 2 Plain 0.00 0.000 1.000 0.000 0.000 0.000 0.000
24 Plain 1 Ridge 0.22 0.083 0.750 0.000 0.000 0.000 0.167
25 Plain 2 Plain 0.43 0.167 0.583 0.000 0.000 0.000 0.250

Table 6.10: Confusion Index (CI) result by class for the Marmion Marine Park.

attributed to the same point. Whereas at the Marmion site, three classes (ID
values 3, 6, 10 and 20) were used at the same time by the five candidates to
classify features, where features such as plains, pits and channels were confused.

6.2.7 Discussion

Whilst it is possible to successfully create detailed bathymetric surfaces of coa-
stal seafloor topography, there has been limited examination of the accuracy of
the classifications. In this study, the Benthic Terrain Modeller (BTM) methodo-
logy was compared with the Landscape Complexity Analysis (LCA). The major
differences between the two techniques is that BTM classifies the cell based on
whether it is higher or lower than its immediate surroundings within an annulus
area, whereas Landserf fits a surface to the entire DEM and then classifies the
cells based on a multiscale analysis.

The BTM classification is limited to the grid cell size multiplied by the search
radius. In this analysis two grids of 1 m resolution were investigated. One of
the limitations of the BTM method is that it classifies cells only at a predefined
scale which is arbitrarily chosen by the user. In the BTM, the user input is
required twice including the choice of scales used to calculate the fine and broad
scale BPI, and the separation of classes using the criteria established in the
classification dictionary. The choice of which scale factor to choose in relation
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FB ID Candidate 1 Candidate 2 Candidate 3 Candidate 4 Candidate 5
1 Ridge Ridge Ridge Ridge Ridge
2 Plain Ridge Ridge Ridge Ridge
3 Ridge Pass Channel Channel Plain
4 Peak Channel Pass Channel Channel
5 Pit Pass Channel Pass Ridge
6 Plain Plain Plain Plain Plain
7 Plain Plain Plain Plain Ridge
8 Peak Pit Ridge Ridge Pass
9 Pit Channel Ridge Ridge Pass
10 Pit Pit Pass Channel Channel
11 Ridge Ridge Ridge Ridge Ridge
12 Plain Pass Ridge Channel Channel
13 Channel Channel Channel Channel Channel
14 Channel Channel Ridge Channel Plain
15 Channel Pit Channel Pit Channel
16 Channel Channel Pit Channel Channel
17 Plain Plain Plain Plain Plain
18 Pit Pass Channel Channel Peak
19 Pit Pass Channel Channel Channel
20 Channel Pit Pass Channel Pass
21 Peak Peak Peak Peak Pass
22 Pit Pass Channel Channel Channel
23 Peak Peak Ridge Ridge Ridge
24 Peak Peak Peak Ridge Ridge
25 Ridge Pass Channel Channel Pass

Table 6.11: Candidate classification of random points over a hill shaded Friendly Bea-
ches (FB) DEM. Bold text highlights where candidates responses were the same for all
categories.
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MMP ID Candidate 1 Candidate 2 Candidate 3 Candidate 4 Candidate 5
1 Channel Channel Plain Plain Channel
2 Channel Pit Pass Pass Pass
3 Channel Channel Pass Channel Ridge
4 Plain Plain Plain Plain Plain
5 Plain Plain Plain Plain Plain
6 Pit Pass Pit Channel Channel
7 Plain Ridge Ridge Channel Ridge
8 Plain Plain Plain Plain Peak
9 Plain Plain Plain Plain Peak
10 Pit Pit Pass Channel Pass
11 Plain Plain Plain Plain Plain
12 Plain Plain Plain Plain Plain
13 Plain Pit Plain Plain Plain
14 Pit Peak Peak Plain Ridge
15 Plain Plain Plain Plain Plain
16 Plain Plain Plain Plain Peak
17 Pit Pit Peak Ridge Ridge
18 Plain Plain Plain Plain Plain
19 Plain Plain Plain Plain Pit
20 Pit Plain Peak Plain Ridge
21 Pit Plain Plain Plain Peak
22 Plain Plain Plain Plain Plain
23 Plain Plain Plain Plain Plain
24 Peak Ridge Ridge Ridge Ridge
25 Plain Plain Plain Plain Plain

Table 6.12: Candidate classification of random points over a hill shaded Marmion Marine
Park (MMP) DEM. Bold text highlights where candidates responses were the same for all
categories.
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to the fine and broad scale BPI is the most important factor when using this
analysis method.

One disadvantage of the BTM method was that it does not incorporate
shape. It could not differentiate between a group of peaks that form a ridge or
a mound (i.e., of multiple peaks). Due to the nature of the sampling procedure
a cell could only be classified as a peak OR ridge, pass OR plain, pit OR
channel. Because the two study sites displayed a small degree of slope towards
the deeper margin and both were areas of quite low relief (i.e., not much change
in the vertical exaggeration of the reef profile over the extent of the image), the
BTM modeller was not successful in using the differences in the bathymetry of
the reef and sand areas to successfully separate the classes.

The rugosity surfaces generated from ArcGIS 9.2 are far more informative in
describing the differences in bathymetric change across the study sites than the
classified bathymetric surfaces do from the BTM. However, the interpretation
of the rugosity layers are not included as input in the BTM analysis method as
described by the flow diagram of Figure 6.7. Slope or depth parameters were
not included in the classification process as the seafloor gradients across both
study sites were insignificant. The difference in slope was less than 5 deg and
differences in depth were only 5 m across the Friendly Beaches study site and
10 m across the Marmion study site.

The application of the LCA analysis is novel benthic habitat mapping. The
method of generating the hard class morphometric result and creating uncer-
tainty layers of the morphometric features is a new extension that can be im-
plemented with a number of advantages. The three major advantages of the
LCA method over the BTM is that the LCA method is scale independent, the
methods generate uncertainty layers and the process is completely quantitative
with no user input required in the classification procedure.

The LCA analysis looks at the number of times, from a 3x3 window to a
25x25 window, that a cell belongs to one of the six morphometric classes and
classifies the cell (with a hard class) based on the maximum membership result.
This method allows the feature to be classified in a scale independent manner
to the most appropriate class. The generation of the confusion maps show
which cells belonged to one or more of the different morphometric classes at
different scales. The results that show the greatest confusion between classes
also showed the greatest dissimilarities between the SCA and the Mode result
from the visual classification. For example, Friendly Beaches ID 8, (Table 6.9),
the highest confusion result, showed the LCA analysis classified the point as
a plain and the visual classification modal result was a ridge. The CI result
was 0.71 with the confusion, existing between as ridge and plain, showing the
highest degrees of membership. In the Marmion data set ID 7 (Table 6.10) shows
the SCA analysis classifying the point as a plain and the visual assessment as
a ridge. The confusion index has a result of 0.80 with the confusion existing
between the point with highest membership values pertaining to a ridge, plain
or channel. In the classification of seafloor topographic features, the use of hill
shading visualisation techniques to visually verify the classifications proved to
be a reliable methodology to classify ridges and plains but was less successful in
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being able to discriminate peaks, pits, channels or passes. LandSerf is able to
provide a systematic and objective description of the benthoscape, that can be
used to compare with other benthoscapes described by other researchers. These
results demonstrate that the Landserf methodology (LCA) is far more successful
in classifying coastal seabed habitats than the Benthic Terrain Modeller (BTM)
methodology.

Morphometric feature classification was combined with spatial analysis to
develop a method of creating a classification scheme for shallow coastal waters
(10 -50 m). In landscape classification, much research has been conducted on
identifying the ’optimal’ spatial resolution for a particular purpose or investiga-
tion, where there is a prior assumption that the features under investigation are
scale dependent. One of the most important results of this study is the ability to
characterise fine scale features of reef systems in an objective, automated, robust
and repeatable manner. Methods of fragmentation and topographic classifica-
tion will play a large role in the future, as biodiversity assessment underpins
more and more research. With the automated production of these data sets, it
will also make it easier to quantify other influences on shallow coastal benthic
habitats besides topographic position, including oceanographic factors, biologi-
cal inputs and interactions in the environment and water column characteristics
with models developed from a robust and repeatable method.

Estimating species abundance and distribution is difficult in the marine en-
vironment. Landscape ecologists rely on habitat-species interactions in both
marine and terrestrial environments to quantify and describe numbers and as-
semblages of species within a region (Freeman and Rogers, 2003). Thus, the
association between species and habitat is a key factor in habitat mapping for
many benthic rocky reef species, such as abalone which prefer ridges or rock
lobster which prefer channels. Many studies have relied on remotely sensed
data at coarse resolutions (tens to hundreds of meters) (Jordan et al., 2005)
which is much greater than the spatial scale of habitat preference for particular
species. Fine scale studies of species habitat associations are very rare, but pro-
vide invaluable insights into ecological processes of distribution and abundance
(Underwood et al., 1991, 1996).

Benthic complexity will often identify physical features such as ridges, peaks,
and other distinctive habitats that are associated as biological ’hot spots’ pro-
viding upwellings, mixing and refuge. Areas of high species richness (that is,
where there are a wide variety of species) are often associated with areas of
varying habitat (Peterson et al., 1998; Gladstone, 2006). The complexity of
habitat (including channels) can interrupt predator-prey relationships that in
a simpler habitat might lead to clear dominance or removal of certain species.
Thus, in complex habitats, species may co-exist in a greater diversity whereas
in a simpler habitat they might not. Complex habitats therefore may exhibit
greater ecosystem resilience (Peterson et al., 1998; Groffman et al., 2006).

Given the difficulties of estimating species abundance and distribution, and
given the close association marine species have with their habitat (O’Connell
et al., 1998; Urbanski and Szymelfenig, 2003), surveys of benthic geomorphology
are a cost effective method of generating habitat maps. Multibeam bathymetric
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surveys can provide 100% areal coverage at sub meter resolution, and depending
on the particular system used are capabale of both shallow (5 m) and deep
(1000 m) water environments (Miller and Mller, 1999). The costs of these
technologies is decreasing substantially in recent times as the value of the data
source becomes realised by research groups.

The results presented in this chapter provide us with further ‘surrogates’
apart from sediment type or water depth, that more clearly characterise benthic
habitats as a tool to improve the prediction of habitat preferences of individual
species based on their association with physical features characterising their ha-
bitat. These preferences can then be used in association with the fragmentation
statistics results to describe the probability of a species occurring across a range
of different habitats, referred to within the “habitat neighbourhood”.

6.3 Conclusion

Physical reef parameters can be automatically classified using this new novel
approach leading to a better understanding of reef morphometry than what has
previously been understood. These two case studies exemplify the ability to
differentiate between two habitat classes of reef and sand and furthermore to
differentiate between reef peaks and ridges from sand channels and plains. The
topographic information collected from the bathymetry data was used to pro-
duce a classified image of the different topographic habitats whilst the classified
images from the sidescan sonar data showed the importance of being able to
interpret the one dimensional structural geology of the seafloor.

This research provides valuable insight into the use of acoustic data, object-
oriented classification and spatially explicit statistics for examining patterns of
rocky reef patchiness. The results illustrate that interpretations of reef charac-
terisation and spatial statistics depend critically upon defining a level and scale
of habitat classification. Of specific importance, to improving our understan-
ding of the relationships between the spatial patterns of physical parameters
and patterns of assemblages, is further examination of how these are linked
at a range of scales. These results encourage the pursuit of similar studies at
multiple scales at other locations.

There has been a need in marine ecosystems research for quantitative predic-
tions about the consequences of different management strategies, and this study
further promotes the use of GIS, fragmentation statistics and morphometric
analysis to further explore the spatial patterns that can now be characterised.
Once physical habitat structure can be assessed quantitatively, we can begin
using spatial statistics to examine aspects of physical complexity and patterns
of benthic biodiversity and sustainability. For example, future research will
investigate linking habitat fragmentation and topographic characteristics with
abalone catch rates using spatially referenced fishing catch and effort and ab-
undance survey information, (see (Lucieer and Mundy, August 2005.)) and fine
scale lobster movement data.
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Chapter 7

Conclusion

How inappropriate to call this planet Earth when it is clearly Ocean.
— Arthur C Clarke (b 1917)

This thesis discusses some of the most common issues of uncertainty that
affect significant advancement in the spatial analysis of coastal seabed habitat
data. One of the fundamental concepts for understanding the distribution of
benthic habitats is investigating the uncertainty in capturing and interpreting
benthic habitat data. Addressing spatial uncertainty is an important factor that
has been largely overlooked in the marine habitat mapping realm and is in its
infancy compared to uncertainty analysis for terrestrial mapping projects.

Habitat maps can provide information on effective surrogates for biodiversity
assessment provided that they are appropriately validated. Validation requires
analysis of uncertainty in the translation of habitat data to habitat informa-
tion. The results of this study contributes to an understanding of uncertainty
resulting from the conversion of marine acoustic and sediment data to marine
habitat maps. Understanding uncertainty in marine habitat mapping and its
propagation during data manipulation is becoming one of the major issues in
spatial analysis of this discipline leading to subsequent well posed management
decisions.

Marine habitat mapping in Australia is used to address variety of manage-
ment issues including fisheries assessment, monitoring of key ecosystems, plan-
ning for marine protected areas, habitat protection, coastal development, ma-
rine farm zoning and biodiversity assessment. Dramatic declines in fisheries
and marine environmental quality, combined with increased human demands
for marine ecosystem goods and services, have led to recent state and national
interest toward a more integrated, ecosystem-based approach to the sustaina-
ble management of Australia’s marine resources. Because many species tend to
have predictable affinities for specific habitats with distinctive physical charac-
teristics, species-specific habitat mapping may serve as a reliable and efficient
proxy for species mapping in some instances. Advances in the acquisition of
acoustic remote sensing data, from sidescan imagery and multibeam bathyme-
try, combined with the new spatial analysis techniques explored in this thesis

189
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will dramatically improve methods to explore uncertainty in the mapping of
marine habitats.

The application of GIS to coastal seabed mapping has progressed dramati-
cally since the late 1980s. Some of the first difficulties in coastal seabed GIS ana-
lysis have been at least partly resolved through advances in computer hardware
and software. The various chapters of this thesis have used GIS based analyses
of four of the most common methods of seafloor sampling, single beam acoustic
discrimination systems (AGDS), sidescan sonar, multibeam bathymetric data
and sediment coring. This research has demonstrated how the technologies can
be successfully applied to seabed mapping and characterisation as well as re-
solving issues of uncertainty in their application. Despite this initiative and
development of this research, marine applications of GIS are still comparatively
immature compared to many other areas of application. GIS is the key element
in the development of an ecosystem approach to marine habitat management,
as it is designed to handle multiple dimensions in a geographically explicit fra-
mework. GIS allows for visual representation of important ecosystem attributes
in map form, which is necessary for effective public communication and deci-
sion making. The uncertainties related to benthic habitat mapping are being
viewed as synonymous with a comprehensive characterisation of the coastal
seafloor. The two primary parameters of uncertainty outlined in this thesis are
the physical characterisation of bottom topography and sediment composition
and classification of acoustic data.

Acoustic methods for benthic assessment yield information on surrogate mea-
sures of habitat. Whilst a number of definitions and interpretations of habitat
exist, acoustic techniques are usually related to periodic small scale indica-
tor site studies using direct sampling to inform the interpretation of acoustic
surrogates. Interpretation of habitat maps are sensitive to the way that the
analysis is carried out and the resulting maps have varying degrees of success in
predicting habitats. Accuracy assessment is an essential component to interpre-
tation. The procedural guidelines by Foster-Smith and Sotheran (2003) stress
that misclassification of the field data can undermine data interpretation and is
a major source of uncertainty in interpretation. This is particularly important
for interpretation of acoustic data since it is likely that the field records will be
summarised as habitat classes for the purpose of data analysis.

Spatial data models were explored through hierarchical classification to in-
vestigate uncertainty in chapter 2. A map is spatially continuous and connec-
ted. It would be very difficult to assign uncertainty to every data point used
in the construction of a map and combine all data type uncertainties into a
uniform layer. Classification systems for benthic habitat mapping produce data
at different levels in the hierarchy to categorise both pattern and process. One
possibility to avoid the problem of data aggregation is to align the sampling me-
thod with the corresponding hierarchical level for classification. For example,
satellite and airborne imagery might be used at the coarsest scale, sidescan and
automated classification at intermediate scales, and video and sediment samp-
ling at the finest scale. Rather than directly integrating the data, using the
classification model allows the development of each spatial scale independently
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to be linked through hierarchical association. This amounts to a nested ana-
lysis in which the extent is not fully covered at each scale, but rather detailed
windows are analysed at each scale. This hierarchy contains different habitat
sizes and patterns at different spatial scales resulting from different processes
acting over defined ranges of scale. The concept of level of hierarchy is not
new to terrestrial landscape classification schemes, they provide a structure for
breaking down complex systems based on the assumption that the levels are
fundamentally different, i.e., that the upper levels impose constraints on the
lower level dynamics and that the lower levels determine the starting conditions
for higher level processes (Wu et al., 2002).

Interpolation techniques using Kappa statistics to investigate uncertainty
were explored in chapter 3. The uncertainties in classifying single beam acou-
stic data were investigated by comparing data visually classified in real time to
post processed data. A qualitative approach to interpolation using knowledge
based interpolation can provide us with a useful tool for optimising sampling, for
identifying the weaknesses and strengths of spatial analysis and therefore asses-
sing the most appropriate use of the data collected using single beam acoustics.
The post processing classification technique was able to identify reef boundaries
with 50 m transect spacing with a reliability of 80% for sand and 77% for low
profile reef. The post-processed acoustic data were also used in the analysis of
track spacing and interpolation. Foster-Smith et al. (1999) found that a reduc-
tion in track spacing had a dramatic effect on the maps produced, although in
this study, the data set with the highest number of data points did not improve
the interpolation accuracy of benthic habitats. A transect spacing of 50 m pro-
duced the most accurate interpolated surface, with an overall Kappa statistic
of 64%. By increasing the data set with shore parallel transects, the accuracy
of the interpolation was actually reduced by 15%. This has implications for the
planning of surveys where information on reef profile is required; it appears that
the most reliable method is to run transects perpendicular to the shoreline, to
capture the change in reef profile. If track spacing is not adjusted relative to
the scale of the heterogeneity of the seabed pattern, then distribution details of
the seabed will be incorrectly identified. The transect spacing also influenced
the polygon analysis of substrate type. When the transect spacings increased
from 50 m to 200 m, the number of polygons decreased and the polygon sizes
became larger. The cumulative area of the habitat classes remained consistent
for sand and low profile reef, but for hard sand and medium profile reef, the 50
m transect spacing resulted in a larger area. These results have time and cost
implications for seabed mapping survey design. For example, if only broad scale
habitat distribution and area calculations are required, 200 m transect spacing
(or greater) may be adequate.

The strength of combining Linear Discriminant Analysis and kriging relies
on using the AGDS to provide a more accurate classification of the sediment
type and the sidescan to provide information on the patterns of seabed habitat
distribution. It is important to be able to describe quantitatively how rocky reef
areas vary spatially and to gather knowledge on the uncertainty in interpolation
from AGDS point data. From the study area investigated it was possible to
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clearly determine which parameters in the acoustic signal had the greatest effect
on predicting reef presence.

Fuzzy c-means cluster analysis with methods of visualising uncertainty were
examined in chapter 4. The tools presented in this thesis can be used to distin-
guish parts of the seabed where quantitative, numerically defined classifications
are spatially contiguous, and therefore mappable, from those areas where the
classes may be clear, spatially they are complex and overlapping. The decision
to use the fuzzy c-means approach in continuous classification depends on the
context of the problem and also on the level of prior information. The fuzzy
c-means approach is appropriate when information about the number of classes
and the definition of those classes is lacking. In the fuzzy c-means approach, the
criteria that distinguish between the classes are a result of the analysis rather
than the input to the model. Fuzzy c-means methods produce optimal, over-
lapping classes that can also be mapped in a geographic space. The results can
be used to explore the variability of the data or to set up classes so that mem-
bership functions can be assigned. This new technique adopted from terrestrial
soil science promises to provide a novel and robust method for seafloor sediment
classification and uncertainty estimation.

In chapter 5, automated classification techniques generating uncertainty esti-
mates for classification of sidescan data were investigated. This study has
shown that object-oriented classification techniques can be successfully app-
lied to sidescan sonar imagery for classifying marine habitats. Classification
methods based on segmentation have shown that the quality of a classification
result is of high importance as it gives evidence of how well the classifier is capa-
ble of extracting the reef and sand objects in the image. The value of sidescan
sonar applied to benthic habitat assessment lies primarily in its ability to provide
wide area spatial coverage and its ability through backscatter to indicate the
character of the seabed. This has meant that it has been adopted as a primary
instrument for mapping sediments, bedforms and rocky reef. Data interpre-
tation has been limited to data visualisation along with validation from video
surveys and physical sampling with grabs, cores and trawls for biological and
grain size analysis and ground truthing. Map generation and spatial analysis
from data interpretation are ‘glossed over’ in the literature with multibeam and
sidescan backscatter images shown as the final output and interpreted maps are
not commonly used. Most uncertainty analysis is in reviewing current mapping
standards and protocols for in situ sampling techniques and not in the spa-
tial analysis of image interpretation. Traditionally, habitat mapping has relied
on using shaded-relief multibeam bathymetry images as well as sidescan sonar
backscatter images, as reference imagery for hand tracing polygons delimiting
visually discernible patterns and geomorphic characteristics. Texture informa-
tion can be used to predict the initial benthic biological habitat, particularly
distributions of benthic macrofaunal assemblages depending upon the detail of
habitat structure within the study region. In contrast to the traditional tech-
nique, this thesis explores more objective, automated, quantitative, algorithm
based, spatial models capable of dynamic analysis. Thus the amount of time,
effort and resources required to produce repeatable habitat maps can be greatly
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reduced.
Pattern and morphometric classification methods based on fuzzy feature ex-

traction supported by uncertainty estimates were explored within chapter 6.
This research provides an example of connectivity models using fragmentation
statistics that can be applied to marine planning applications. Although the
fragmentation methods are relative to each study site, this method provides a
tool to compare change in reef pattern within a region for monitoring purposes.
Chapter 6 presents a method to measure physical (benthic) complexity, which
in the literature has been documented as proving very useful as an indicator of
distinctive heterogenous habitats that are often associated with species ’rich-
ness’. In the absence of comprehensive biological data, physical complexity can
be used as a surrogate to assist marine planning and research activities. This re-
search compared and contrasted two morphometric classification methods that
required only bathymetric data, usually one of the best datasets available for
marine analysis. Using multiscale terrain analysis methods to obtain quantita-
tive descriptors of the seabed terrain from the bathymetry data, this study has
highlighted how it is possible to obtain far more information from these data
than simply depth. The Landserf method proved a reliable spatial interpreta-
tion method of the classification of morphometric features that were scale inde-
pendent, therefore providing an opportunity to compare reef structure between
regions with the support of fuzzy methods to generated layers of uncertainty in
the classification result. These results have obtained the parameters which can
contribute to habitat classification, which can assist and complement geological
and ecological interpretation, and which can contribute predictor variables for
habitat suitability models.

A multiscale approach is relevant to species scale-dependent responses to
environmental influences (Wagner and Fortin, 2005) and these spatial analysis
tools demonstrate potential methods that may be required to meet future needs
for marine ecosystem scientists and managers. This research will significantly
contribute to the aim of fisheries abundance surveys and MPA planning by
providing an accuracy assessment of the fine-scale maps of the physical structure
of habitats of reef dwelling species. It will also assist by providing methods for
determining correlation between environmental and habitat variables that can
be used in population modelling methodologies. The result of applying GIS in
this research may lead to more efficient delineation and management of marine
protected areas, simpler decision making from fisheries management through
more detailed, extensive and robust methods for sciences related to marine and
coastal research. A significant goal of this research was the development of
uncertainty measures that can be applied effectively and efficiently to common
technologies and a wide range of survey techniques. The contribution of this
research to the marine habitat mapping community extends the current spatial
analysis methods beyond data capture to data quality analysis.

Fuzzy classification and analysis was explored in three of the chapters in re-
lation to determining marine habitat boundaries and patterns. The strength of
fuzzy techniques to explore uncertainty in marine habitat mapping is novel. The
fuzzy approach has significant advantages over exact hard boundary methods
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in that it decreases the chance of classification errors when data are corrup-
ted by inexactness, which is usually the case with marine habitat boundaries.
Ecosystem management in the marine environment is an especially challenging
endeavor due to the large scale of marine management areas, relative sparsen-
ess of ancillary data and the highly dynamic nature of the ocean environment.
Strategic development of new spatial analysis tools for uncertainty assessment
is needed to provide a more robust framework for analysis in this challenging
environment. A critical examination of uncertainty should be an important part
of spatial analysis. The results of this research will improve the management
efficiency of coastal benthic habitats, assessment, classification and monitoring
techniques by providing a combination of broad scale coverage and selective
fine scale detailed analysis, and better discrimination of seabed features with
uncertainty data to assist further development of methodologies.

Measuring the extent of coastal benthic habitats is an important indication
of potential biodiversity and it is an essential component of information for the
assessment of environmental change. This research will significantly enhance re-
gional and local scale shallow water habitat mapping and provide a methodology
for a range of techniques and interpretations for available use. The uncertainty
products generated from this research will be important for assessing the appli-
cability of existing data for ecosystem management. The design of quantitative
tools for assessing the status of resources, their distributions and interactions is
a necessary component supporting ecosystem based management.

This research has provided case studies of GIS based applications to define
species habitat utilisation patterns and define ecologically relevant boundaries.
These assessments are based on a consistent process which is sufficiently ro-
bust for comparable purposes yet flexible enough to meet the needs of specific
research questions. Uncertainty analysis results give the user the ability to as-
sess the quality of the data for the most appropriate use. Now that seabed
data are becoming more common, we can be more selective of which data are
used rather than having the “some data are better than no data” attitude. A
range of uncertainty techniques will be required to meet future needs for marine
ecosystem scientists and managers. As resource management agencies move
incrementally from single species management to more comprehensive spatial
management approaches, GIS will no doubt be used increasingly as a tool for
mapping and modelling ecosystems, the environment and the processes that
control its dynamics. These methods are needed to advance the evolution of
ecosystem approaches to management. The representative protection of marine
environments relies on our understanding of uncertainties in the techniques used
to define benthic habitats.

All spatial data are estimates of the state of the seabed at a particular epoch,
and the uncertainties in their interpretation may have serious implications for
related geoprocessing or impact substantially on decision making. Acoustic
data collection methods are becoming more transparent, therefore interpretation
of the data should follow suit. As a consequence, for the lack of uncertainty
information provided with habitat maps, users of these spatial data generally
have a limited understanding of how uncertainties in the data will affect their
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particular application. As a minimum, the user should understand the presence
and level of uncertainty in their data sets. The results of this thesis provide
examples to illustrate the range of different spatial analysis tools that will be
essential to meet future needs for marine ecosystem scientists and managers.

An alternative to GIS based terrain analysis is offered by methods based on
wavelet transform that offer a potentially successful means by which to perform
multi-scale analysis of fine scale seafloor bathymetry (Csillag and Kabos, 2002;
Keitt and Urban, 2005; Saunders et al., 2005; Keitt and Fischer, 2006). The
uncertainties in applying wavelet analysis were not explored in this thesis but are
the focus of future research. Wavelet analysis has been likened to a mathematical
microscope, in reference to the ability provided by shifting the wavelet (an
oscillatory mathematical function) along a signal so that it can zoom in on
different areas of the signal to quantify attributes of the signal at different scale
(Herzfeld and Overbeck, 1999; Cutter et al., 2003). A small scale wavelet is able
to detect rapidly changing details, while a large scale wavelet is able to detect
slowly changing features. In contrast to the Fourier Transform (Cutter et al.,
2003), the wavelet transform is a local transform that may be used to examine
bathymetric data at different scales over a region.

Further analysis of the application of the fuzzy c-means algorithm to coastal
seabed data for the entire Australian marine jurisdiction and the improvement
of interpolation procedures for multi-dimensional geophysical seafloor data is
needed. Linking these novel techniques with fine scale textural image proces-
sing methods and morphometric classification provides a useful combination of
remote sensing, spatial analysis and statistical tools that will improve our un-
derstanding of uncertainty in the spatial distribution of seabed habitats. Fine
tuning of these tools will provide us with the necessary methods to assess the
reliability of seabed habitat maps for improved marine resource management in
Australian coastal waters.

The methods developed in this research are imperative for managers to deal
more successfully with detecting change within marine habitats (particularly
within rocky reef and sand habitats). Using these methods, it is possible to
quantify change over and above that of sampling variance and/or noise in the
data sets. This information is going to prove essential in monitoring of ma-
rine habitats due to the impact from changes in the environment (e.g., climate
change). The methods developed in this thesis all have the potential to be
programmed into existing data handling methodologies without any huge impe-
dance to time or cost, providing seabed mapping scientists with an AI (artificial
intelligence) option to be able to quantify uncertainty and ultimately quantify
change in seabed habitats.
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Glossary

Accuracy: the closeness or nearness of the measurements to the true or actual
value of the quantity being measured. Usually represented as a percentile.

Acoustic Ground Discrimination System (AGDS): a system based on
an echo sounder that measures parameters of the return signal (echo) for the
purpose of characterising the acoustic reflectance properties of the seafloor.

Acoustic Track: data composed of a string of single datum points that
is acquired as the vessel moves over the survey area. Each datum contains
information of acoustic reflectance, DGPS location and time.

Backscatter: the deflection of radiation by scattering processes through
angles that exceed 90 deg with respect to the original detection of motion.

Biotope: marine life on the seabed.
Habitat: the area or environment where an organism or ecological commu-

nity normally lives or occurs: a marine habitat.
Continuous Coverage: a thematic map whose values can be read from all

possible locations (also called a continuous surface).
Crisp boundary: a clear boundary between two habitats that lacks any

ambiguity at the transition.
Discrimination: the ability to distinguish between two or more biotopes

or habitats on the basis of their acoustic signatures.
Error: the difference between a computed or measured value and a true or

theoretically correct value.
Ensonify: ’illuminating’ an area of the seabed with sound.
Extrapolation: the estimation of the values of an attribute at unsampled

points outside an area covered by existing measurements.
Footprint: the area and shape of the seabed that is ensonified by an echo

sounder.
Fuzzy boundary: a boundary that is treated as a band of uncertainty.
Georeferenced: a point, line or polygon represented in a GIS by geogra-

phical coordinates.
GIS: Geographical Information System
Global Positioning System (GPS): method for identifying locations on

earth using triangulation calculations of satellite positions. Originally created by
the United States Military, it has since found numerous commercial applications.

Gridding: the calculation of values for nodes of a grid based on irregularly
spaced data covered by that grid. This is needed for converting track data to
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raster images.
Ground Truthing: the process of collecting information about habitat

features to aid in the interpretation of acoustic data or remotely sensed data.
Infralittoral: a habitat area that is permanently submerged below the mean

low water mark.
Interpolation: the process of predicting unknown values using known va-

lues at multiple locations around the unknown value.
Kriging: an interpolation routine that depend upon the pattern of spatial

dependence between points to calculate the optimal distance weighting for the
estimation of values.

MBES: Multi beam echo sounder
Polygons (vector): irregularly shaped region with boundaries of line seg-

ments joined by georeferenced nodes that enclose an area with the same attribute
or value throughout.

Resolution: spatial detail possible with any particular sensor. The amount
of detail found in one pixel of the image. For example an image with one meter
resolution means that each pixel in the image represents one square meter on
the ground.

Signature: parameters from a range of acoustic variables that can be used
to predict the occurrence of a biotope.

Swath: the amount of ground or seabed covered lengthwise in the passing
of the satellite or sensor.

Uncertainty: the estimated amount or percentage by which an observed
or calculated value may differ from the true value.

VHR: Very High Resolution (imagery)
Variogram: a graph showing how the variance in the values between points

varies with the distance between them (the ’lag’).



Publications of the author

Lucieer, V. and Lucieer, A. (In review). Fuzzy c-means for seafloor classifica-
tion., Coastal and Estuarine Shelf Science.

Lucieer, V. and Pederson, H. (In review). Linking morphometric classification of
rocky reef from multibeam data to fine scale lobster movement., ISPRS Jour-
nal of Photogrammetry and Remote Sensing- Theme Issue ‘Remote Sensing
and GIS for Coastal Ecosystem Assessment and Management’.

Lucieer, V. (In press). Object oriented classification of sidescan sonar data for
mapping benthic marine habitats., International Journal of Remote Sensing.

Lucieer, V. (2007). Object oriented classification of sonar imagery and its app-
lication in fragmentation statistics for rocky reef characterisation.,Journal of
Spatial Sciences 52: 79–90.

Halley, V. and Bruce, E. (2007). Thematic accuracy assessment of acoustic
seabed data for shallow benthic habitat mapping., International Journal of
Environmental Studies 64: 93–107.

Jordan, A., Lawler, M., Halley, V. and Barrett, N. (2005). Seabed habitat
mapping in the Kent group of islands and its role in Marine Protected Area
planning, Aquatic Conservation: Marine and Freshwater Ecosystems 15: 51–
70.

Halley, V., Eriksson, M. and Nunez, M. (2003). Frost prevention and prediction
of temperature variations and cooling rates using GIS., Australian Geographi-
cal Studies 41: 287–303.

Book Chapters

Lucieer, V. and Jordan, A. (2007). Marine Benthic Habitat Mapping Addressing
spatial uncertainty in mapping southern Australian coastal seabed habitats,
in Todd, B.J and Greene, H.G., eds., Mapping the Seafloor for Habitat Cha-
raterization: Geological Association of Canada. Special Paper 47: 165–179.

225



226 PUBLICATIONS OF THE AUTHOR

Consultancy Reports

Lucieer, V. (2006). A pilot study on the investigation of uncertainty analy-
sis applied to the Geoscience Australia seascapes classification., Consultancy
Report 1675, University of Tasmania.

Conference Publications

Boxshall, A.and Lucieer, V. (2006). Marine mapping; new findings and the
Tasmanian and Victorian experience., Coast to Coast 2006 Proceedings. Mel-
bourne, May 2006. Published online in the Living Oceans forum at: http:

// www. vcc. vic. gov. au/ coasttocoast2006. htm .

Lucieer, V. (2006). Application of a multi scale segmentation approach to cha-
racterise rocky reef habitat., Coast GIS 2006 Conference Proceedings. Wol-
longong, NSW, July 2006.

Lucieer, V. (2005). Applying discriminate analysis to characterise shallow rocky
reef habitat., Spatial Data Quality International Conference, Beijing China
August 2005, pp. 215–219.

Jordan, A., Lawler, M. and Lucieer, V. (2003). The application of seabed habi-
tat mapping for multiple marine resource management in Tasmanian coastal
waters., Coastal GIS 2003 - an integrated approach to Australian coastal is-
sues, University of Wollongong., pp. 157–175.

Conference Abstracts

Lucieer, V. (2006). Characterisation of rocky reef using object oriented clas-
sification methods and fragmentation statistics., Australian Society for Fish
Biology 2006 Conference and Workshop on Cutting Edge Technologies in Fish
and Fisheries Science. 28 August - 1 September, p. 88.

Lucieer, V. and Mundy, C. (2005). Linking abalone fishery dependent data to
fine scale habitat mapping., International Conference on GIS in Fisheries
and Aquatic Sciences, Shanghai China (August).

Jordan, A., Halley, V., Lawler, M. and Mount, M. (2004). Mapping of coastal
seabed habitats in Tasmania : development and integration of remote sen-
sing techniques within a hierarchical framework., GEOHAB 2004 Conference,
Galway Ireland.

Halley, V. (2004). The development of spatial error estimation techniques for
seabed habitat mapping., School of Geography and Environmental Studies.
PhD Seminar. University of Tasmania.



PUBLICATIONS OF THE AUTHOR 227

Halley, V. (2004). Addressing spatial uncertainty in marine habitat mapping.,
Fifth Australasian Postgraduate Workshop on GISc, Social and Environmen-
tal Modelling, Kioloa, NSW, Australia 1-6th June 2004.

Jordan, A., Lucieer, V. L., Lawler, M. M. and Mount, R. (2004). Seabed habitat
mapping in the Kent group of islands and its role in marine protection area
planning, Coast to Coast 2004, Hobart, Tasmania.

Lawler, M., Jordan, A. and Halley, V. (2004). Acoustic classification of nearshore
seabed habitats based on echo-integration and visualisation., GEOHAB 2004
Conference, Galway Ireland.

Lawler, M., Jordan, A. and Halley, V. (2003). Seamap Tasmania- the applica-
tion of seabed habitat mapping for multiple marine resource management.,
GEOHAB 2003 Conference, Hobart, Tasmania.

Halley, V. (2003). Addressing spatial uncertainty in marine habitat mapping.,
GEOHAB 2003 Conference, Hobart Tasmania.


		2007-09-12T10:40:34+1000
	Vanessa Lucieer




