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Abstract

Four seabed backscatter image classification methods that differ substantially in their approach are compared, using a
dataset from Sydney Harbour. The first method is based on GeoAcoustic’s commercial GeoTexture™ software.
GeoTexture relies on the user to extract features from the image to train the system to recognize textures based on a sta-
tistical method, before classifying the entire image. GeoTexture achieved classification accuracies for the sand, gravel
and mud classes of 47%, 67% and 77%, respectively. The second method characterizes textures in the wavelet-domain
utilizing Hidden Markov Models (HMM) and uses a Bayesian method for image segmentation. In this approach, sub-
images, 512 x 512 pixels large, are segmented into three classes of sediment. The best supervised classification success
for this method was relatively poor with 100% for gravel, but only 29% for sand and 36% for mud. The third and fourth
methods use a neural network-based approach where two different techniques are compared for feature extraction: (1)
a space-domain method based on grey-level run-length features, spatial grey-level dependence matrices and grey-level
difference vectors in four directions, and (1) the grey-level co-occurrence iteration algorithm (GLCIA) method, which
is far superior in terms of computational speed, but relies on a smaller number of feature vectors. Method | provides
accuracies of 92% and 89% for the gravel class, compared with accuracies for the sand, gravel and mud classes of 88%,
77% and 78%, respectively, for method 1.

Both the GeoTexture and neural network-based approaches were found to be superior to the HMM approach, which is
not mature enough for application to seabed images, at this time.
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Résumé

Quatre méthodes de classification d'images de rétrodiffusion du fond marin qui différent substantiellement dans leur
approche sont comparées en utilisant un ensemble de données du port de Sydney. La premiere méthode repose sur I'u-
tilisation du logiciel commercial GeoTexture® de GeoAcoustic. GeoTexture exige de I'utilisateur qu'il extrait les carac-
téristiques de I'image dans le but d'entrainer le systéme a reconnaitre les textures a partir d'une méthode statistique,
avant de classifier I'image entiére. GeoTexture a permis d'obtenir des résultats de concordance de 47%, 67% et 77%
dans la classification de sable, de gravier et de boue, respectivement. La deuxiéme méthode permet de caractériser les
textures du domaine des ondelettes par la segmentation de I'image a I'aide des modeles de Markov cachés et de la méth-
ode bayésienne. Dans cette méthode, les sous-images, de 512 x 512 pixels, sont segmentées en trois classes de sédiments.
Le meilleur degré de réussite de classification selon cette méthode a été relativement faible avec des résultats de 100%
pour le gravier, mais de seulement 29% pour le sable et de 36% pour la boue. La troisieme et la quatrieme méthodes
font appel a I'approche du réseau de neurones artificiel dans laquelle deux techniques différentes sont comparées pour
extraire les caractéristiques: (1) la méthode du domaine spatial fondée sur les caractéristiques d'exécution des niveaux
de gris, les matrices de dépendance spatiale des niveaux de gris et les vecteurs de la différence du niveau de gris dans
quatre directions, et (I1) I'algorithme d'itération de cooccurrences des niveaux de gris, qui est de loin supérieur en ter-
mes de vitesse computationnelle, mais qui repose sur un plus petit nombre de vecteurs de caractéristiques. La méthode
I donne des résultats de concordance de 92% et de 89% pour la classe du gravier, comparé a des résultats de concor-
dance de 88%, de 77% et de 78%, pour les classes de sable, de gravier et de boue, respectivement, a I'aide de la méth-
ode Il.

La méthode GeoTexture et la méthode du réseau de neurones artificiel se sont montrées toutes deux supérieures a la
méthode des modeles de Markov cachés, qui n'est pas suffisamment au point a ce jour pour étre appliquée aux images

du fond marin images.

INTRODUCTION

The sustainable management of marine resources has highlighted
the need for an efficient and accurate method, to map and study the
seabed over wide areas and at all water depths. Automatic process-
ing and interpretation of seafloor data is driven by the need to
understand the marine environment scientifically, commercially,
and for marine planning and management purposes. Knowledge of
seafloor physical properties is imperative for hazard assessment of
cable routes, placement of oil platforms, pipelines and wellheads,
and for laying fibre-optic cables. Further, it can help in understand-
ing the processes of environmental change, knowledge and under-
standing of submarine morphology, sedimentary processes and
seabed instability, and the nature of marine habitats.

Automated texture classification algorithms can be utilized to
provide a quantitative measure of texture contrast, which assists in
the interpretation of seafloor composition. The texture of the
seafloor is the primary focus of many image-processing applica-
tions, necessitating prior understanding of texture properties.
Programs vary widely in their approach to textural analysis, compu-
tational efficiency and in classification accuracy.

The objective of this paper is to compare four seabed texture
classification methods in terms of execution time and classification
accuracy, and to present ground-truth maps of a selected shallow-
water survey area in Sydney Harbour.

Texture is presently an intuitive notion, and a standard defini-
tion of it is yet to be formulated. Texture can be defined by a signif-
icant variation in intensity levels between nearby pixels and a
homogeneous property at some spatial scale larger than the resolu-
tion of the image, i.e., textures are regarded as functions of the spa-
tial variation in pixel intensities (Clarke, 1998; Fan and Xia, 2003).
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Textures can be categorized into statistical and structural tex-
tures (Fan and Xia, 2003). The former views texture as a sample of
a 2-D stochastic process, described by its statistical parameters,
whereas the latter is usually composed of a primitive pattern repeat-
ed throughout the texture. The surface of the seafloor, encompass-
ing various sediment types, can be described by a series of textures,
and texture variations. Changes in surficial sediment composition
and fine-scale surface roughness can be related to textural image
variations.

Digital texture analysis aims to differentiate classes with simi-
lar textural characteristics. Digital textural image classification
allows enhancement of the visibility of objects, to differentiate
between objects that are not necessarily seen by a human inter-
preter, and it is able to process a large quantity of data. This requires
the classification of a pattern using its textural characteristics. The
difficulty lies in the extraction of textural features that give the
greatest information pertaining to each texture. To date, most meth-
ods of classification have been grouped as statistical methods or
structural methods (Fan and Xia, 2003). The former method does
not assume any order, but measures the variations of local or glob-
al texture, whereas structural methods assume an underlying order
and attempt to model textures mathematically. Classification
involves the identification of the type of a given uniform region,
whereas segmentation attempts to produce a classification map of
the input image where each homogeneous textured region is identi-
fied by means of localized texture boundaries (Fan and Xia, 2003).

Commonly, first-order statistics are used to describe the
acoustic energy reflected back from the seafloor and its representa-
tion as a grey-scale image. However, second-order statistics are
necessary to quantify the spatial relationships of grey levels in the
image (Pace and Dyer, 1979; Reed and Hussong, 1989). More
recent methods have seen the application of artificial neural net-
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work classifiers to several traditional statistical texture features to
classify seafloor types (Miller et al., 1997; Stewart et al., 1994).
Structural methods endeavour to characterize textures in terms of
their primitives (basic elements of texture), and the placement rule
governing this arrangement within the image (Blondel and Murton,
1997). To date, these methods have been only rarely applied to
seafloor classification. However, an increasing number of texture
classification methods are being developed with a multichannel
approach, driven by advances in wavelet theory and applications
(Clarke and Hamilton, 2002; Henke-Reed and Cheng, 1993;
Stewart et al., 1994). Tree-structured wavelet transform algorithms
have been developed by Chang and Kuo (1993), and more recent
studies by Laine and Fan (1993) display texture features that have
been measured directly through the use of the standard wavelet and
the wavelet packet energy (Tang and Stewart, 2000).

Data Acquisition

The data for this study were acquired with the GeoSwath 250 kHz
system, a shallow-water, wide-swath bathymetric system from
GeoAcoustics Limited. GeoSwath uses a phase measurement system
that calculates the angle of the backscatter return from differential
time measurements. It has the ability to produce raw and processed
data at the same time because most of the data processing tasks can
be undertaken in parallel with data acquisition. The survey system
was installed on the DSTO vessel 440, supplied by the Australian

Defence and Science Technology Organisation (DSTO). The data
were collected during a survey of Sydney Harbour over an eight-day
period beginning on the 5™ March 2003, in water depths ranging
from a few metres to almost 50 m (Figure 1). The survey provided
extensive backscatter data representing seafloor composition from
several regions within Sydney Harbour. The speed of the vessel was
limited to between 4 and 6 kts to provide a compromise between the
survey cost and accuracy. Throughout the survey, numerous sound
velocity profiles (SVP) were taken. To improve accuracy and main-
tain a high number of points per bin, the maximum swath width can
be restricted. For this survey, the system ping rate was set to allow
slant ranges between 40 and 60 m per side.

The data were processed and mosaiced using GeoAcoustics
Limited’s GeoSwath software. The data were binned at either 1 m
or 0.5 m resolution depending on the tradeoff between complete
coverage, file size and image resolution for a given area. To initial-
ize processing, it is necessary to accurately locate the depth of the
seabed near nadir. The location of the depth to the seabed is per-
formed in GeoTexture by one of two methods, the maximum F
method, or the threshold method. The maximum F method locates
the position at which the sum of the squares of the data beyond the
position, divided by the sum of the squares before the position, is a
maximum. This method is good for detecting first events and is suc-
cessful, provided the seabed is the first event. The method is com-
promised if there is weak back-scattering associated with, for exam-
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Figure 1. Colour-coded water depths in multibeam survey area, Sydney Harbour. Box indicates Balls and Blues region (see Figure 2 for

details).
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ple, sediment suspension in the water column. The threshold
method locates the seabed by locating the first arrival to exceed the
value chosen by the user. In this study, the maximum F method was
chosen for all regions because there was little sediment suspension.
GeoSwath jointly processes raw bathymetry data and backscatter
data. This feature allows GeoTexture to account for slope and mor-
phology of the seabed when calculating grazing angles and absolute
backscatter values.

To reduce the noise in the images, the bathymetry data were
smoothed using sequential filters. The data from the “Balls and
Blues” area in Sydney Harbour, which will focus on for texture
classification, had two filters applied. The first filter, acting on the
bathymetry near the sensor, was set to 1 pixel width (0.5 m), with
the second filter, acting at far range, set to 15 pixel widths (7.5 m).

Backscatter signals are attenuated differently depending upon
the distance they travel. This across-track attenuation can cause
errors later if digital interpretation requires the use of grey-level sta-
tistics. Thus, at all points during the processing stage, the data must
be normalized to account for both the transmitting and receiving
transducer beamplot and mounting plate angle, operating depth of
the system and seabed grazing angle. As sequential swaths are to be
joined, the amplitude must be normalized across the entire dataset.
This provides good swath-to-swath correlation, ensuring that the
variation in amplitude contrast with distance on the sidescan sonar
swath is near negligible. This matching is particularly important for
texture mapping systems using amplitude as a primary feature.

To produce a normalization function, the GeoTexture system
must be trained to automatically calibrate the system for a com-
bined beamplot function. This is achieved by feeding a beam func-
tion, which is a function of the sonar system, into GeoTexture. This
requires the extraction of a beam function from a swath of relative-
ly uniform seabed characteristics. Then, this function needs to be
extrapolated to cater for all inclination angles. Two beam functions
were used for the dataset, one for the Balls and Blues region, and
another for the remaining mosaics.

By normalizing the pixel values across sidescan sonar records,
effects from the sonar beam function and vehicle roll are suppressed,
minimizing changes not due to seabed materials. After trace normal-
ization, slant-range corrections were performed to re-map the pixels
from their apparent position to the true one. To mosaic the backscat-
ter data, slant-range corrections are essential for accurate geometry
and to remove the water column. These corrections are required to
account for errors in the shape and power of the returned signal from
the seafloor, as a result of spreading loss and absorption (Clarke and
Hamilton, 2002; Hamilton, 2001). After applying all the corrections,
the data are mosaiced and saved in both “.mof” format (an internal
format for GeoTexture to allow interactive texture mapping), and
“.bmp” format as input for other programs.

Seafloor Samples
For supervised texture classification methods, a “ground-truth”
dataset in the form of seabed samples is required. Data obtained

from these samples are used to train and test texture classification
methods. The total number of samples is one of the greatest restrict-
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ing factors determining the accuracy of classification. Ground-truth
samples are able to provide an indication of the characteristics and
physical properties of the seafloor at certain locations. The most
common source of data collection utilizes a grab-sampler that col-
lects loose sedimentary material from the uppermost portion of the
seabed. Samples for this study were obtained through the
auSEABED database, which integrates data obtained from a multi-
tude of seafloor surveys over time into a single database. The out-
put contains many types of information, including physical proper-
ties and composition of the seabed texture, which can be projected
into a desired map reference frame. Fifty samples, recently acquired
in Sydney Harbour by the DSTO, were appended to this database
for this study. The types of sediments of interest for this study were
limited to mud, sand and gravel. The criterion for the grouping of
sediment into these three classes was based simply on a percentage
of more than 50% for any one sediment type.

Acoustic Response to Sediment Type

Backscatter intensity is influenced by a range of factors including
seafloor bathymetry, seafloor roughness, the varying acoustic prop-
erties of the seafloor material and the angle of incidence of the
sound wave front. The acoustic backscatter of the seafloor can
allow distinctions between sediment with varying grain sizes, a
principle determinant of backscatter intensity. In a mosaiced
backscatter image, the strength of the backscatter return is visual-
ized by the brightness of a particular image pixel. The acoustic
reflectance of the substrate affects this reflectance, with darker pix-
els indicating lower reflectance and brighter (whiter) pixels repre-
senting higher reflectance. Porosity and roughness of the sediments
are factors affecting signal absorption. Generally higher rates of
absorption are evident in softer, fine textured soils (i.e., muds and
silts) resulting in low reflection. Coarser substrates, such as well-
drained sandy soils, tend to scatter the sonar beam resulting in high
reflectance.

Sediment Sample Extraction and Manipulation

The sediment sample locations were projected into the same refer-
ence frame as the seafloor backscatter mosaic, the Universal
Transverse Mercator Projection (Zone 56; Figures 1 and 2). Once
samples are positioned on the mosaic, sidescan sonar data are
extracted from the location on the mosaic corresponding to ground-
truth samples. The backscatter images, at these discrete locations,
correspond to the average brightness or spectral reflectivity for that
location. The size of the sub-area extracted is of fundamental
importance for textural analysis. Areas of size 25 x 25 pixels (12.5
m?) were chosen for textural image characterization at the sediment
sample locations. This sub-image size corresponds to the best com-
promise in terms of only containing one class of sediment, but being
large enough to reflect relevant image textures.

The available data points were split into 3 categories to pro-
vide training, testing and validation of ground-truth samples.
Supervised classification methods require prior information of
seabed materials to perform classification. To provide a consistent
approach to classification, a common dataset was used across the
different texture classification methods to train, test and validate
sediment classes.
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Figure 2. Mosaic of the Balls and Blues region and sediment locations overlain. Red circles = rejected sediment samples; blue circlues =

sediment samples used for classification.

Methods for Textural Analysis and Texture
Classification

Texture Classification using GeoTexture

GeoAcoustic Limited’s GeoTexture, provides a texture mapping
system designed to classify seabed material. The texture mapping
system is strongly reliant on user input. The GeoTexture system
must be trained to recognize image textures. To quantify the
description of a particular texture, ‘feature’ values must be extract-
ed at the position on the image, correlating to a specific texture. The
definition of this “feature™ vector is essentially what defines the tex-
ture mapping system and differentiates it from other mapping meth-
ods. GeoTexture aims to extract the maximum possible information
from the strength of the backscatter signal in a sidescan record
(Tamsett, 2003). GeoTexture’s features are amplitude dependent,
and so rely strongly on normalization of backscatter values for
accurate training.

Texture Classification

The system classifies a pixel by extracting features from the image,
centred on the pixel. A field is created, in feature space, to describe
the features for every characterized texture. The system then com-
putes, for the pixel being classified, the ‘separations’ between the
centre of the field and the position in feature space. The program

will map the pixel to the characterized texture, which yields the
minimum ‘separation’. GeoTexture requires the user to choose
between two different modes of classification.

In the first mode, for ‘normal classification’, a feature vector is
extracted from a weighted window centrally disposed on the pixel
of an image. This classification for a pixel is made on the basis of
the feature vector for the pixel. In the second, for ‘enhanced classi-
fication’, feature vectors are extracted across a weighted window,
not just at its centre. To define the textures, which are used to clas-
sify each pixel, the user must first characterize the textures and cor-
relate the image texture with the actual seabed material. In mosaic
mode, rectangles are drawn around various areas in the image to
which the user ascribes specific image textures. If appropriate, more
than one texture may be mapped to a single ground material. The
size of the rectangle affects the classification procedure because it
defines the features that represent the specified texture. As the width
of the rectangle increases, the resolution of detail in the classified
images decreases. However, the rectangle must still be large enough
for a texture to be properly represented within it.

After classifying the image, GeoTexture produces an output
matrix to represent the texture discrimination in the image. The
matrix shows the probabilities of classifying each of the texture
classes as belonging to its own individual class. A second matrix
displays how separate each texture class is from another, thus pro-
ducing a quantitative measure of texture contrast.
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The user must define certain parameters to initialize classifica-
tion. First, a pixel on the image will be classified as ‘unrecognized’
when its feature vector is more separate from all of the textures in
the collection of characteristics than the decision threshold parame-
ter. A second parameter that needs to be set is the feature vector def-
inition, which defines the mode for texture characterization and
classification. For textures that are mainly dependent on image sig-
nal level, the parameter should be set to ‘Aleph’. Alternatively the
parameter can be set to ‘Bet’, which is strongly textural and useful
for those sediments whose texture definition is dependent on
aspects of texture as well as signal level. The ‘Bet’ function is rec-
ommended for sidescan sonar. Third, the classification mode must
be set. GeoTexture requires the user to choose between ‘normal’
classification and ‘enhanced’ classification mode to govern the
method for feature extraction.

Texture Classification using Wavelets
Introduction

Two approaches to the wavelet method of classification were
explored in this study, including unsupervised classification and
supervised classification. The use of Hidden Markov Models
(HMM) and wavelets results in texture measures differing in nature
relative to conventional texture classification methods (Clausi,
2001). Here, a new HMM, called HMT-3S is used to provide statis-
tical texture characterization in the wavelet-domain (Fan and Xia,
2003; Song and Fan, 2002, 2003).

Wavelet Theory

Wavelets are functions that divide data into different frequency
components, and then analyse each component with a resolution
matched to its scale. Wavelet analysis utilizes approximating func-
tions that are contained neatly in finite domains, with the ability to
analyse signals that contain discontinuities and sharp spikes effec-
tively. The 2-D Discrete Wavelet Transform (DWT) represents an
image in terms of a set of wavelet functions (Song and Fan, 2002,
2003).

Hidden Markov Models

A Markov model is a probabilistic process over a finite set of states.
This method is designed to find the probability of successive states,
which may depend on the prior history. It is only the outcome, not
the state, visible to an external observer and therefore states are
“hidden”, hence the name Hidden Markov Model. A wavelet-
domain hidden Markov tree (HMT) is a tree-structured probabilis-
tic graph capturing statistical properties of the wavelet transforms
of images. The HMT-3S is developed by grouping the three DWT
sub-bands into one quad-tree structure (Fan and Xia, 2003). It has
the benefits of the HMT in capturing joint statistics, combined with
the ability to exploit the cross correlation across DWT sub-bands.
Image features can be characterized by the statistical model HMT-
3S, which approaches classification by capturing dependencies
across DWT sub-bands. For natural textures, in particular structur-
al textures, HMT-3S provides accurate classification as these tex-
tures display regular or periodic spatial structures or patterns result-
ing in statistical dependencies across the DWT sub-bands.

48

Texture Classification

The wavelet-domain HMT-3S can characterize image features in
the wavelet-domain, providing the foundation to perform both
supervised and unsupervised classification. Multiscale context
models can be used to obtain contextual information. The super-
vised approach incorporates knowledge of image features using a
new joint multi-context and multiscale (JMCMS) approach to
Bayesian segmentation. The JMCMS is used to capture contextual
information, by integrating multiple context models of distinct
advantages (Fan and Xia, 2003). Multiscale Bayesian approaches to
image segmentation have proven efficient in applying contextual
behaviour, on a coarser scale, to guide decisions on a finer scale.
This approach has the advantage of capturing statistics at all scales.

The unsupervised method uses HMT-3S and JMCMS for tex-
tural analysis and classification. In addition, K-means clustering is
used to identify the training samples for unknown textures based on
the likelihood disparity of HMT-3S (Song and Fan, YEAR?). The
unsupervised method is based on the coarsest scale, each node con-
taining the statistical information from all other descendants at finer
scales, providing a robust computation of the model likelihood.

This approach requires certain parameters to be defined before
proceeding with classification. First, the “weight” parameter needs
to be defined. Due to limitations in computer precision and memo-
ry, the “weight” parameter requires initialization to prevent over-
flow occurring when calculating the results; this parameter must be
set between 50 and 300. Second, the number of training runs must
be defined to indicate the number of iterations of the algorithm. The
user can specify any number between 6 and 30. The program also
requires the user to input the number of classes that lie in the region.
This forces the program to determine, up to a limit, the number of
textures that should be classified from the region. The current ver-
sion of software used for this study can define any number of class-
es up to a limit of 6.

Seabed Classification based on Space-domain
Texture Analysis and Neural Networks

Method 1: Traditional Space Domain Textural Analysis

Three space-domain textural features are extracted to classify
backscatter images, namely grey-level run-length features, spatial
grey-level dependence matrix, and grey-level difference vectors.
Grey-level run-length is defined as a set of consecutive, collinear
pixels having the same grey-level value, with the number of points
in the run matching the run length. A run-length matrix can be cal-
culated for any given direction. The Spatial Grey-Level
Dependence Matrix (SGLDM) is commonly known as ‘grey-level
co-occurrence’ matrix (GLCM; Haralick et al., 1973). Each spatial
grey-level dependence matrix determines the number of times two
pixels of respective grey levels occurs in a particular direction at a
specific distance. A SGLDM is a square matrix whose size is equiv-
alent to the number of grey levels present in the input image. The
grey-level difference vector (GLDR) records the frequency with
which a given grey-level difference occurs between two adjacent
pixels. GLDR is a one-column array, the length corresponding to
the number of grey levels in an image. The grey-level run-length
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features, spatial grey-level dependence matrix, and grey-level dif-
ference vectors are calculated in four directions (vertical, horizontal
and along the 2 diagonals), to account for both directionality and
anisotropy. By averaging these 4 features, the effect of the orienta-
tion that any feature may have in a given sub-area is removed. A full
list of the features extracted is listed in Mller et al. (1997). This
textural image analysis approach is used to identify three different
types of sedimentary image textures associated with mud, sand and
gravel (representative images in Figure 3).

Method 2: Grey-level Co-occurrence Iteration
Algorithm

Due to a desire to increase computational speeds for determining
texture features, the grey-level co-occurrence iteration algorithm
(GLCITR; Clausi and Zhao, 2003) is applied. The program utilizes
texture features generated from Haralick et al.’s (1973) grey-level
co-occurrence matrix (GLCM). GLCITR features do not differ
greatly from the features created with the traditional space-domain
method. Instead, the differences are in the efficiency of data storage
utilized with GLCITR, using linked lists and hash tables to store
data entries. Hash tables are data structures allowing rapid access
between nodes. Sorted linked lists can be implemented, ensuring
that only non-zero co-occurrence probabilities are stored. The fea-
tures created by GLCITR can be generated in any direction speci-
fied by the user. This characteristic allows the anisotropy of textures
to be considered, allowing the process of perceptual grouping of
textural patterns to be guided. As seafloor textures are not necessar-

ily isotropic (e.g., ripple fields), textural anisotropy was explored,
meaning texture attributes may vary depending on azimuth. The
GLCITR approach to classification allows the option to take this
characteristic into account.

Texture Classification

Artificial neural networks (ANN) have been increasingly applied to
remote sensing data as they have shown potential in processing pat-
tern recognition problems (Zhang et al., 2003). Artificial neural net-
works techniques are effective at solving non-linear problems, and
accurately approximating the non-linear relationship between obser-
vations and target parameters. After calculating the statistics, in either
one of the aforementioned methods, the features created are used as
inputs to train the network to recognize image textures. The Matlab®
Neural Network Toolbox is used to generate the ANN used for this
method. Neural networks are routine oriented devices that can be
trained to recognize known textures in other areas of the image.
‘Feed-forward’ neural network architectures, as used in this case,
consist of a set of processing units and neurons arranged in layers.
The behaviour of the neural network is defined by the way the neu-
rons are connected and by the strength of these connections, or
weights, to the neurons in adjacent layers. The input layer consists of
one neuron for each discriminating feature vector chosen from the
statistics defined above. The number of hidden layers can be chosen
with a specified number of nodes in each layer, defining the network
architecture. The output layer contains one neuron for each desired
output, being the three sediments to be defined, plus the no data class.
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Figure 3. Supervised Classified Image (‘normal’ mode) with GeoTexture — Balls and Blues region. Pale grey = gravel; mid-grey = sand;

dark grey = mud.
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The network is trained, using a training dataset of ground-truth
samples, until it can approximate a function or associate input vec-
tors with specific output vectors, known as classification. Training
the network with back-propagation is a popular method, by which
the weights and biases of each node are iteratively adjusted, until
the error is minimized to a degree whereby the network approxi-
mates the function to a desired level.

Feature Extraction

The first method for textural analysis is carried out with Matlab®,
creating feature vectors for sub-images representing different tex-
tures. To account for directionality and anisotropy, grey-level run-
length matrices, spatial grey-level dependence matrices and grey-
level difference vectors are calculated in four directions: vertical,
horizontal and along the two diagonals. These four statistics are
averaged for each feature to remove the effect the orientation of any
feature might have in a given sub-area. The total of 52 features cal-
culated consist of the mean and standard deviation of grey-level
intensity in each window, and the four directional mean and vari-
ances of statistics calculated from the grey-level run-length matri-
ces, spatial grey-level dependence matrices and grey-level differ-
ence vectors. The second method (Zhang et al., 2003) is executed in
a Unix environment with the software implemented in the C-pro-
gramming language. In this approach, nine statistics are used,
including the maximum probability, entropy, dissimilarity, unifor-
mity, contrast, inverse difference, inverse difference moment, corre-
lation and mean (Clausi and Zhao, 2003).

Network Architecture

In back-propagation networks each input is weighted with an appro-
priate value. These weighted inputs are added to a bias, summed
and passed to the transfer function. Any differentiable function may
be used to generate the output from each neuron. Three transfer
functions are commonly used in back-propagation networks: log-
sigmoid, tan-sigmoid, and a linear function. Given a net input, rang-
ing from negative to positive infinity, the log-sigmoid transfer func-
tion generates outputs in the range 0 to 1, and the tan-sigmoid trans-
fer function generates outputs ranging from -1 to +1. For the pur-
pose here, a network with tan-sigmoid transfer functions in the two
hidden layers and a log-sigmoid transfer function for the output
layer is chosen. A log-sigmoid output transfer function is necessary
because the output is given in terms of zeros and ones.

After completing the design of the network, it is applied to a
dataset in three steps: 1) training based on known input, 2) perform-
ance testing using both training data, as well as test data unknown
to the neural network, but whose class-labels are known to the user,
and 3) classification of unknown input. All modelling was carried
out using Matlab®. Various algorithms are available for training a
neural net. A common problem is that the global error minimum
may never be reached due to trapping in a local minimum. To avoid
this and to reduce training times, it is desirable to employ an adap-
tive learning rate to keep the learning step as large as possible while
retaining stable learning. This can be achieved by making the learn-
ing rate responsive to the complexity of the local error surface by
utilizing Levenberg-Marquardt optimization (Hagan and Manhaj,
1994), which represents a blend of the gradient descent and Gauss
Newton methods depending on the rate of success during training.
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To further optimize learning, a performance function can be
applied. The default performance function for feed-forward net-
works is the mean square error. The function minimizes the sum of
the average squared error between the network outputs and the tar-
get outputs.

RESULTS

GeoTexture Classification

The GeoTexture classification program provides a supervised
approach to texture segmentation and the output is strongly depend-
ent on the user’s input, in terms of tying backscatter textures to
seafloor sediment types. At present, GeoTexture does not support
unsupervised texture mapping. GeoTexture can provide georefer-
enced information for all areas on the image. The geographic coor-
dinates of the available seafloor sample data were transformed into
Eastings and Northings to provide data in the same reference frame
that the UTM-projected mosaic is displayed with. The size of the
user defined image squares was set at a constant width of 25 x 25
and centred on a total of 66 sample sites, divided into 22 sand, 22
gravel and 22 mud samples. To map a pixel on an image to a char-
acterized texture, a feature vector is extracted for a weighted win-
dow on the image centrally disposed on the pixel (i.e., ‘normal’
classification). For ‘enhanced’ classification, feature vectors are
extracted across the weighted window, not just at its centre. Both
‘enhanced” and ‘normal’ classification modes were utilized in this
section to compare classification accuracies.

The manual, interactive definition of the 25 x 25 pixel large
mosaic sub-areas centred on samples is a labour intensive approach,
and GeoTexture provides no automated approach for using sample
sites for supervised classification. Using a Matlab® script, the clas-
sification accuracies for each classification mode were automatical-
ly generated by comparing the classified images with the entire
available seafloor sample dataset in the survey area (75 gravel, 103
sand and 67 mud samples over all the classified swaths). Supervised
training, using ‘normal’ classification, resulted in higher classifica-
tion success for all sediment classes than “enhanced” mode. The
Balls and Blues region displayed the highest classification accura-
cies; sand classified at 42%, gravel at 58% and mud at 80% accura-
cy. The mud class exhibited the highest classification accuracies
and 3 regions obtained accuracies at 80% or above. Sand was clas-
sified with the least accuracy in the Darling West region where none
of the 6 sandy areas in the region were identified correctly. These
classification results are listed in Table 1 and illustrated in Figures
3 and 4. The results gained by averaging all accuracies for the input
regions, obtained with normal classification, have sand classified at
29%, gravel at 56% and mud at 70%. Using enhanced classification,
the classification success for the sand, mud and gravel classes, are
29%, 63% and 63%, respectively.

GeoTexture also outputs a discrimination, or confusion,
matrix. This matrix is able to inform the user of the likelihood of
two image textures being confused during image classification.
The discrimination matrix for the 66 characterized textures was
examined to inspect the separation between the different texture
classes. When a particular entry, corresponding to a sub-sample,
contains a value of zero in the discrimination matrix, the probabil-
ity of the system being “confused” when classifying is zero. Any
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Table 1. Initial statistics to calculate training and testing accuracies

Table 2. Classification accuracies for GeoTexture-improved

Training Accuracy (%) Testing Accuracy (%)

No No

Parameter Gravel Sand Mud data Gravel Sand Mud data
Net 1 88 59 92 60 88 77 66 100
Net 2 92 62 92 100 83 41 66 100
Net 3 77 77 96 100 77 88 60 100
Net 4 100 100 92 100 88 65 88 100
Net 5 88 74 51 100 7 61 54 100

non-zero entries are representative of the similarity in textural
properties between 2 sub-images. To attempt to improve classifica-
tion, 10 sub-samples displaying non-zero entries were removed.
These 10 non-zero entries were a result of the correlation of the
sub-sample to other sub-samples in different texture classes. These
samples could work to confuse GeoTexture when classifying. Due
to time constraints, only 3 regions were mapped with this reduced
dataset. Normal classification was used with a decision threshold
of 5 to minimize run-time costs, and classification accuracies
improved somewhat (Table 2). Sand was still poorly classified in
relation to mud and gravel, although the new dataset was able to
raise the average accuracy of sand to 47%. The average classifica-
tion over the 3 regions for gravel and mud were 67% and 77%,
respectively.

Classification Sand Gravel Mud
Region mode accuracy (%) accuracy (%) accuracy(%)
Darling Normal 35 76 89
-50 cm
New Balls Normal 52 58 75
-50 cm
New Steele Normal 55 n/a 68
-50 cm

Results from Mapping using Wavelets
Unsupervised Approach

The unsupervised method requires no previous knowledge to per-
form the classification. Because there is no prior knowledge, the
model training is directly performed on the entire image obtaining
a global statistical characterization and the software used for this
approach (Song and Fan, 2002) is designed to read 256 x 256 sized
images in the .raw format. To convert images to this format, the
mosaic areas were automatically segmented into smaller images
using a Matlab® script, and then converted into the .raw format.
This conversion was done using Photoshop® Version 7.0 to batch-
convert these image formats. This conversion had negligible effects
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Figure 4. Supervised Classified Image (‘enhanced’ mode) with GeoTexture — Balls and Blues region. Pale grey = gravel; mid-grey = sand;

dark grey = mud.
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on program run-time. The program was initially tested on the Balls
and Blues region mosaic, binned at 1 m resolution. The number of
training runs and weights were experimented with to investigate the
effect of these variables on program run-time. The run-time costs,
when performed on a SUN Solaris 8 Blade 1000 computer, are list-
ed in Table 3. The results show an increase in program run-times
when a greater number of training runs is specified, as expected,
because more iterations require more computational time. Raising
the weight parameter resulted in run-times escalating, although this
was not a major consideration when initializing program parame-
ters, as the weight function is not important for the algorithm, only
for the implementation by the computer.

Table 3. Run-time results when specialized parameters are varied

Varying Image size  Weight ~ Training Number of Time
parameter (square)  function runs classes  (sec)
Training runs 256 50 6 3 36
256 50 15 3 41
256 50 30 3 50
Weight function 256 50 6 3 38
256 150 6 3 58
256 300 6 3 58

Table 5. Run-time results when specialized parameters are varied

Input image Time (sec)

170

=
—_

28

A third parameter that must be set is the ‘number of classes’
parameter, representing the different texture classes that lie in the
region. For unsupervised classification, the number of classes is
assumed to be known before classification. This parameter forces
the program to determine, up to a limit, the number of textures that
should be classified from the region. The program was run whilst
varying the ‘number of classes’ parameter (Table 4).

Table 4. Run-time results when specialized parameters are varied

Varying Image size  Weight ~ Training Number of Time
parameter (square)  function runs classes  (sec)
Number of 256 50 6 1 32
classes 256 50 6 3 36
256 50 6 4 56

Input image size 256 50 6 6 71
256 50 6 3 36

4000 50 6 3 1684

The type of input image also seemed to affect computation
costs. When the input image had significantly less texture classes
present than that specified with the ‘number of classes’ parameter,
the time for classification increased but, when the image obviously
displayed a range of textures, and the class was chosen appropriate-
ly, the program run-time was notably slower. This produced a range
of classification times when using the same parameters on different
images. The times averaged anywhere between 28 and 170 sec for
classification of a 256 x 256 image. The difference in the classifica-
tion times are listed in Table 5.

For some sub-images, larger weight values provided sharper
texture boundaries, however, the weight contributed significantly to
run-time costs. To compromise between run-time cost and classifi-
cation accuracy, a training number of 6 and weight of 50 were cho-
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sen to keep run-time costs at a minimum. To try and distinguish 3
textures and the no-data class, the program was run with the ‘num-
ber of classes’ parameter set at 4.

Results

A single class parameter could not be found to provide a consistent
output result based on visual comparison of the classified image and
the processed backscatter mosaic where the sample sites were over-
lain. This is a simple consequence of not all 256 x 256 pixel sub-
areas having the same number of classes represented. Both 3 and 4
classes were used to texture segment the sub-images. The program
parameters, defined for the entire mosaic, were initialized with 82%
of the sub-images mapped to 3 classes, with the remaining 18%
mapped to 4 classes. The weight was predominately set to 50 with
only 4% of the sub-images requiring a weight of 150. The number
of iterations remained consistent at 6. After the sub-images were
classified and segmented, they were converted back from .raw into
.bmp format using Photoshop® Version 7.0. With the use of a
Matlab® script, the images were rejoined to represent the original
mosaic displayed in Figure 5. The classification success for this
method was evaluated by visual interpretation of the classified
image where the sediment samples were overlain (Figure 6). The
highest classification accuracy was obtained for gravel types
(100%). Sand was classified with the least accuracy out of all tex-
ture classes at just 32%.

Supervised Approach

The supervised method of Bayesian classification is based on sub-
images in .raw format with a size of up to 512 x 512 pixels. To
choose areas that most accurately represent a given type of sediment,
sub-areas with the greatest number of sediment samples of the same
type in an area of 512 x 512 pixels were chosen. The program was
trained with 3 selected images representing homogeneous sand, mud
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Figure 5. Unsupervised classification with Wavelets — joined mosaic.

and gravel. The time for the training of the supervised Bayesian seg-
mentation, with each sub-image being trained with a weight of 50
(default) and number of training runs set at 50 (default) was 164 sec
on average (Table 6). This form of textural analysis requires the
training computation to be performed only once, as the training
results (model parameters) for each texture can be saved into data
file and applied to any future segmentation of related mosaics.

Using a Matlab® script, the mosaic is then automatically seg-
mented over the region into 512 x 512 pixel sub-images. To initial-

Table 6. Run-time results when generic parameters are varied

ize the program, the weight, number of training, and number of
classes for the image must be specified. The program’s run-times
using a constant weight of 50 and 6 training iterations, but varying
other parameters, are listed in Table 7.

The output sub-images, after classification and segmentation,
are converted back to .bmp format and rejoined into a mosaic. The
results are displayed in Figure 7. Using the same method to deter-
mine the classification accuracy as that used in the unsupervised
training, it was found that supervised classification had adverse

Table 7. Run-time results when generic parameters are varied

Image Window size  Number  Creating
Varying size (or segmented of number of  Time
parameter (square) image size)  classes  sub-samples (sec)
Number of 4000 25 3 243 286
classes 4000 51 3 243 315
4000 101 3 243 322
Input image 256 25 3 100 180
size 512 25 3 419 520
4000 25 3 25,600 32,658

Varying Input image Number of Time
parameter size (square) classes (sec)
Input image size 512 3 54
2000 3 336

4000 3 586

Number of classes 512 3 44
512 3 54

512 3 132
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Figure 6. Unsupervised classification containing only three sediment classes. The image on the right is used for interpretation with the sed-

iments overlaid.
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Figure 7. Rejoined image after supervised classification with wavelets.

effects on classification accuracies. Using this method, the classifi-
cation success was 100% for gravel, 29% for sand and 36% for
mud. This illustrates that image textures associated with sediment
types sampled at a point-location on the seafloor have a substantial
variance, and that this method does not allow for sufficient training
to capture the natural variance of image textures associated with
individual sediment types.
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Neural Network-based Classification — Space
Domain Feature Extraction Approach

Feature Extraction Initialization

Actotal of 92 samples from the 3 different texture classes, along with
the “no data” examples from the image, were initially used for train-
ing, with 67 samples extracted for testing (22 samples from each
texture class with one sample representing the “no data” class). The
extraction of these sub-samples involves the mosaic being cropped
into sub-images centred on a sample site. The time taken to perform
the segmentation of the sub-areas varies depending on the size of
the segmented image. The run-times, when executed on a SUN
Solaris 8 Blade1000 computer are summarized in Table 6.

The sub-images are used as inputs to a Matlab® script which
performs the textural analysis. One feature vector is created for each
sub-image comprising 52 statistics calculated from the grey-level,
run-length features, spatial grey-level dependence matrix, and grey-
level difference vectors. The run-time costs for the extraction of
these features, with varying window size, are listed in Table 6. The
time to create feature vectors increases with increasing window
size. A window size of 25 x 25 pixels required 286 sec to perform
textural analysis compared to 322 sec when creating the feature
vectors over a 101 x 101 pixel sized sub-sample.

Areas of 25 x 25 pixels were chosen because smaller areas
are not large enough to contain textures characteristic for different
seafloor classes, while larger areas may contain seabed of more
than one sample class. After individual feature vectors are creat-
ed, they are grouped according to sediment type and saved into
classes.
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It has been shown previously (Muller et al.,

Table 8. Accuracies for various network functions and nodal structure

1997) that many features do not necessarily pro-
vide discriminatory characteristics between class-

Training Accuracy (%) Testing Accuracy (%)

es. Such features must be discarded before training ~ Varying No No
the neural network. To find the most texturally dis- parameter ~ Parameter ~ Gravel Sand Mud data Gravel Sand Mud data
tlng[rl:ls(jhlnghjtizrlst)tgs fo_r teaCh CIaST_ é:in(tj fOIr fiﬁh Network ‘purelin’ 52 78 65 10 31 33 18 100
method, a iatlab® script was applied 1o plotthe ¢y eions  hardlim' 100 0 15 100 40 0 10 0
textural statistics against sample number to com- "poslin 100 0 0 100 50 0 0 0
pare the discriminatory ability of each statistic. 'logsig’ 76 91 40 100 13 81 0 100
Sixteen of the 52 statistics were found to exhibit ~ Nodesin 6 nodes 52 100 32 80 44 0 12 77
the largest variance between classes, thus offering hidden 8 nodes 100 71 47 100 77 0 22 0
the greatest level of discrimination. The selected layer 10 nodes 66 93 0 100 55 22 0 0

12 nodes 83 50 99 100 44 28 20 100

statistics are listed in Appendix A.

Network Initialization

The network was initially configured using Levenberg-Marquardt
optimization for training. The gradient descent method, that has an
added momentum for the reduction of the mean square error, was
utilized for program learning. To optimize learning, the number of
epochs was set to 65, the goal parameter set to 0.05, and ‘tansig’
‘tansig’ ‘logsig’ functions were used as an initial combination of
network transfer functions. Execution time, associated with training
and testing a neural network, requires approximately 50 sec. This
figure varies with the number of training samples, number of
epochs, the weights and biases of the network.

The neural network requires definition of the structure of the
layers and number of nodes, which will differ for the two methods.
The numbers of hidden layers and corresponding nodes in each
layer have a considerable impact on the performance of the net-
work. The number of distinguishing input vectors defines the num-
ber of nodes in the first layer, and the number of target classes
defines the nodes in the output layer. The first layer was set to 16 to
represent the most discriminatory statistics chosen previously. The
number of nodes in the output layer was defined as 4 corresponding
to the 3 sediment classes and no-data class. Using the number of
nodes in the hidden layer set to approximate 2 to 2.5 times the num-
ber of nodes in the output layer, the hidden layer was initially set to
contain 10 nodes.

Classification Results

The use of the initial network structure produced accurate training
results for all texture classes. The classes could be consistently
trained to high accuracies by implementing the
‘tansig’ and ‘logsig’ transfer functions, ‘learngdm’

when defining network architecture, was altered to see the effects
on classification accuracy (Table 8). Twelve nodes were chosen for
subsequent network training, as the accuracies obtained when using
this network structure surpassed network structures from all differ-
ent architectural layouts.

However, low testing accuracies necessitated implementation
of an early stopping technique to prevent the network from over-fit-
ting the data. Early stopping is a technique that makes use of a val-
idation set, in conjunction with both training and testing sets, to
monitor the error on itself during the training of the network. To fur-
ther improve the testing accuracy, the number of training samples
was increased to 108, with 55 samples used for the testing and val-
idation datasets respectively. The network has a larger likelihood of
texture classification with a greater number of samples used.

The training and testing results, obtained with use of the early
stopping technique and generation of more training samples, are
listed in Table 9. The implementation of early stopping was
affirmed as all successive runs were stopped by validation suggest-
ing that the network was previously being over trained. The testing
accuracies were found to increase with the introduction of early
stopping. The use of a larger number of training samples was found
to increase the classification accuracy, but was still found to be
inadequate for texture classification.

Therefore, the selected feature vectors were reviewed and an
additional seven statistics (Appendix A) were chosen that were
found to contribute additional textural information for each class.
The network was re-run with 23 nodes comprising the first layer, 12
nodes in the hidden layer, and four output nodes. The statistics cho-

Table 9. Training and testing accuracies obtained from varying parameters

learning function, and the ‘msreg’ performance
function. Altering these functions had either detri-

Training Accuracy (%) Testing Accuracy (%)

mental or negligible effects on training accuracy.  Varying No No
The ‘hardlim’ function caused the average accura- ~ parameter Parameter Gravel Sand Mud data Gravel Sand Mud data
cy for training to drop to 30% from the average

Introduction Net 1 0 94 40 100 0 100 33 100

accuracy obtained from the ‘logsig” function.

These alternate parameters, listed with associated of early
accuracies in Table 8, were not implemented in the stopping
network. Generation
of more

The number of nodes in the hidden layer, training
which is one of the most important parameters samples

Net 2 85 70 88 100 77 58 20 100
Net 3 7 85 55 100 66 77 1 100

Net 1 92 44 74 100 88 55 57 100
Net 2 0 74 96 100 0 68 70 100
Net 3 85 59 92 100 96 48 45 100
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sen were found to have beneficial impacts on the results, with the
output network able to classify unknown data with higher accuracy.
Of the five networks run with these parameters, Network 4 has the
best overall test success (Table 1). When tested on a sample of
unknown data (the validation dataset), Network 4 obtained accura-
cies of 89%, 92% and 84% for the gravel, sand and mud classes
respectively.

Applying the Trained Network

After a satisfactory network has been generated, it is used classi-
fy the entire image. This method requires the input image to be
segmented into smaller images, to obtain a feature vector for the
sub-image, before being simulated with the neural network. This
function is performed with a Matlab® script, which outputs the
class most likely to be represented by the sub-image. The classifi-
cation is only determined for the pixel centrally located on the
sub-image, not for every pixel in the image. In a 4000 x 4000
image a total of 25,600 sub-images were processed (Figure 8).
The overall time to classify this input image utilizing Network 4
is 32,658 sec.

Neural Network-based Classification — GLCITR
Feature Extraction Approach

Feature Extraction Initialization

Textural analysis using this method requires an input image in the
VIP format (Tong and Clausi, 2002). This conversion can be
achieved utilizing the program XV, which transforms the input
image into an 8-bit mode, grey-scale VIP image. All mosaics were
converted in this manner with negligible run-time costs. The feature
extraction initialization parameters and their associated run-time
costs when executed on SUN Solaris 8 Blade 1000 computer are
listed in Table 10.

The time for program execution was found to increase when a
greater number of statistics were calculated. The increase in compu-
tation time was not linear as individual statistics require different
numbers of calculations resulting in varied execution times. The
time difference for creating feature vectors over the entire image
ranged from 148 sec, when calculating just one statistic, to the max-
imum 925 sec required for 9 statistics (Table 10). Altering the dis-

Figure 8. Classification with space-domain feature extraction utilizing neural networks: gravel = white; sand = light grey; mud =

dark grey.
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Table 10. Run-time results when selected parameters are varied

Image size Window size (or seg- Number of Creating number
Varying parameter (square) Displacement (degrees) (mented image size) statistics of sub-samples Time (sec)
Number of statistics 4000 45 25 1 15,808,576 148
4000 45 25 4 15,808,576 529
4000 45 25 9 15,808,576 925
Input image size 4000 0 25 9 15,808,576 924
4000 190 25 9 15,808,576 924
4000 Rotational invariance 25 9 15,808,576 934

placement in either the x or y direction had negligible effects on
program run-time. Altering the window size had severe implications
for program run-times. The time to create feature vectors increased
substantially with increasing window size. A window size of 25 x
25 pixels required 925 sec to perform textural analysis compared to
2865 sec when creating the feature vectors over a 101 x 101 sized
sub-sample. The input image size further influenced program run-
times. Increasing the image size had corresponding increases in
execution time. The results are listed in Table 11.

To maintain consistency with method 1, a window-size of 25 x
25 was used to initialize the program. Despite the increase in com-
putation times, the maximum of 9 statistics was generated to pro-
vide a greater description of the image, increasing classification
accuracies. The algorithm was applied in four directions (x, y, and
diagonals).

The difference between the east-west oriented statistics, aver-
aged with the difference between the north—-south oriented statistics,
was appended to the existing rotational invariant features using
Matlab®. The average of the statistics of the four orientations pro-
vides a rotation invariant approach to classification. This increases
the number of statistics generated to a total of 18. The program cal-
culates statistics for a pixel centred on the window for every orien-
tation specified. The window is run across the entire image, creat-
ing feature vectors for every pixel in the image, excluding the bor-
der. These feature vectors are saved to file in the binary format.

Features were extracted for the 92 training and 66 testing
datasets, as before. These features are grouped according to sedi-
ment type and saved into texture classes. To find the most textural-
ly distinguishing statistics for each class and for each method, the
results for the statistics were plotted against sample number. The
mean and logarithm of the data are taken to spread the data to a
degree to allow comparison between classes. Sixteen statistics,
from the total of 18, offered the greatest contribution to the level of
discrimination between textures (see Appendix B).

Network Initialization

The network was initially configured using the same parameters as
for our initial trials in Method I. To test the effects of introducing
directionality into the feature vector set, training and testing results
were compared for both rotationally invariant and variant
approaches.

Classification Results

The results obtained from training the network with just eight sta-
tistics was slightly lower in comparison to the results obtained when
utilizing the directionality information. The 8-7-4 network structure
displayed low and inconsistent test accuracies (Table 12). The
results obtained when using 16 statistics were slightly higher.
Altering the transfer, learning and performance function parameters
was found to be ineffectual (Table 13). Using “purelin’ as a transfer
function produced comparable results, although it did not improve
the accuracy of the network overall. The classes could be consis-
tently trained with reasonable accuracies by implementing the ‘tan-
sig” and ‘logsig’ transfer functions, ‘learngdm’ learning function,
and ‘msreg’ performance function.

Testing of the network did not produce accurate classification
results. The texture classes were most often classified with less than
50% accuracy. In attempts to increase testing accuracies, ‘early
stopping’ was implemented. Following the previous method, the
number of training samples was increased resulting in a correspon-
ding decrease in testing and validation samples (Table 14). The
addition of early stopping did not significantly improve the net-
works ability to distinguish different textural classes. However, the
addition of more training features resulted in the training dataset
containing 108 samples, with the testing and validation sets contain-
ing 55 samples each. The addition of more data samples corre-
sponded to an increase and stabilization in classification accuracies
(Table 14).

Table 11. Run-time results when generic parameters are varied

Image size Window size (or seg- Number of Creating number

Varying parameter (square) Displacement (degrees) (mented image size) statistics of sub-samples Time (sec)
Window size 4000 Rotational invariance 25 3 15,808,576 925
4000 Rotational invariance 51 3 15,808,576 1472
4000 Rotational invariance 101 3 15,808,576 2865
Input Image size 256 Rotational invariance 25 3 53,824 17
512 Rotational invariance 25 3 238,144 22
4000 Rotational invariance 25 3 15,808,576 925
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Table 12. Training and testing accuracies when network architec-
ture is altered

Table 13. Training and testing accuracies when network functions
are altered

Training accuracy (%) Testing accuracy (%)

Training accuracy (%) Testing accuracy (%)

No No No No
Architecture Gravel Sand Mud data Gravel Sand Mud data Function Gravel Sand Mud data Gravel Sand Mud data
8-7-4 0 20 80 100 0 4 88 0 ‘purelin’ 92 85 94 3 32 41 21 100
8-7-4 100 0 11 0 79 0 22 0 ‘hardlim’ 59 33 92 44 33 0 44 100
16-7-4 40 37 62 3 0 44 77 0 ‘poslin’ 89 0 62 48 55 0 36 0
16-7-4 81 29 25 3 77 16 9 100 'logsig’ 90 100 85 82 31 27 31 100

The improvement in accuracies was only slight, and the
removal of four statistics that contributed little to discriminating
between the four classes, resulted in the use of just 12 statistics.
This alteration of the feature vectors resulted in a major improve-
ment of training accuracies for all classes. The network structure
used consisted of 12 input nodes, a hidden layer containing ten
nodes and four nodes comprising the output layer. The training and
testing results are summarized in Table 15. Of the five networks run
with these parameters, Network 3 has the best overall test success,
with an average of 87%. Network 3 was used to classify the valida-
tion data, obtaining accuracies of 77%, 88% and 78% for the grav-
el, sand and mud classes respectively. Program initialization for this
method created feature vectors over the entire image and stored
results to file. In a 4000 x 4000 image, a total of 15,808,576 features
were calculated (Figure 9). The overall time to classify an input
image, utilizing Network 3 is 1850 sec.

DISCUSSION
Review of GeoTexture

Supervised classification required textural areas to be defined over
windows of a specified size at defined locations. Maintaining consis-
tencies with textural analysis proved difficult, as human perception
and judgment was required to sustain a constant
window size for characterization. In the absence of

number of samples were found beneficial to classification accuracy.
Although more samples can aid classification, they can also work to
confuse the program, especially when there is a large degree of vari-
ability within a specific class, relative to the differences between pat-
terns in separate classes. This suggests that the quality of the samples
is more beneficial to program training than the number of samples.
The analysis of the discrimination matrix provided valuable insight
to the separation of the characterized textures and promoted the
removal of those textures working to confuse the system.

Review of the Wavelet/Hidden Markov Chain
Method

Both unsupervised and supervised algorithms were tested in this
study and required different training initializations. Images of iden-
tical size have to be used for training and image segmentation, but
training requires selection of sub-images that are isotropic, i.e., con-
tain only one sediment type. Given the relatively large size of the
training images (512 x 512 pixels = 65.536 m?) it is difficult to find
images that unambiguously contain only one texture for training
purposes. If one reduces the size of the training images to overcome
this problem, then the size of images used for segmentation has to
be reduced accordingly, and the problem is turned around, as during

Table 14. Accuracies obtained when parameters are varied

an automated method to position the window, the

location of the textural areas proved labour inten-

Training Accuracy (%) Testing Accuracy (%)

sive. The factors found to have the greatest effects  \zrying No No
on program execution time included whether  parameter Parameter Gravel Sand Mud data Gravel Sand Mud data
‘enhanced’ or ‘normal’” mode was specified for

classification, the number of samples used for tex- ~ Introduction Net 1 18 92 51 34 31 49 42 0
tural analysis and the input image size. Run-times ~ of early Net 2 62 44 59 7483 40 0 100
were found to increase dramatically when stopping Net 3 25 " 0 4 8 3 0 100
‘enhanced’ mode was specified: Linear increases Generation Net 1 81 7 18 0 77 1 29 0
were observed Wlth increases  in the number_ of of more Net 2 37 85 77 30 55 32 35 100
samples characterized, and more time was required training Net 3 70 48 55 3 41 33 52 100
with larger input images. Supervised classification samples

utilized 66 samples for program training. When
simulated with ‘normal’ classification, average
classification times exceeded 300 sec. This value further increased
when enhanced classification was implemented requiring 7 times the
run-time costs for supervised classification set in ‘normal’ mode.

The supervised classification approach produced reasonable
accuracies, but is associated with a labour intensive approach for
textural analysis. The same set of characterized textures was used for
all input mosaics providing consistencies with run-times, and stabi-
lizing accuracies. Despite the correlation between the number of
characterized textures and the time for program execution, a greater
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Table 15. Improved set of statistics to calculate accuracies

Training accuracy (%) Testing accuracy (%)

No No

Parameter ~ Gravel Sand Mud data Gravel Sand Mud data
Net 1 78 59 82 60 38 77 66 100
Net 2 92 62 72 100 83 41 66 0
Net 3 77 77 96 100 77 88 84 100
Net 4 100 100 42 100 88 65 13 100
Net 5 88 74 51 64 77 61 54 100
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Figure 9. Classification with GLCITR method for textural analysis utilizing neural networks: gravel = white; sand = light grey; mud = dark grey.

classification every sub-image is segmented into the same number
of classes (in this case 3 sediment types and “no-data” areas). The
smaller the sub-images for segmentation, the larger the likelihood
becomes that one forces a fixed number of classes onto a sub-image
that actually only contains a subset of these classes. Therefore, there
is a trade-off between optimal training image and segmentation
image size; training would work better with smaller (texturally
isotropic) images, and segmentation would work better with larger
images representing the full heterogeneity in terms of all classes
being represented.

Review of Neural Network Approach

The spatial-domain method for textural analysis requires the extrac-
tion of sub-regions and the calculation of the feature vectors associ-
ated with these regions. These processes can be automated provid-
ing a relatively effortless characterization process. Although requir-
ing minimal labour costs, the problems associated with this method
of textural analysis are related to the run-time costs. The relatively
subjective nature governing the choice of feature vector statistics
can result in very different trained networks based on the same
dataset. All networks benefited from the introduction of “early stop-

ping’ to avoid over-training and from a carefully chosen set of sta-
tistics used for characterization. The GLCIA iterative algorithm for
textural analysis (Clausi and Zhao, 2003) proved to be complex in
nature relative to the traditional space domain method, mainly
because the total number of feature vectors is much smaller, as the
method is not designed to make use of grey-level run-length or
grey-level difference vectors. The use of anisotropy in feature vec-
tors had beneficial results on the training of the network. The choice
of the most discriminatory statistics, coupled with the network
architecture, provided the most significant impacts on the success of
the network (see Appendix C).

Comparison between Methods of Texture
Classification

The objective of this study was to compare different seafloor clas-
sification methods in terms of both classification accuracy and data-
preprocessing and program run times. The latter is an important
consideration before adopting any given method for close to real-
time seabed classification, for example at sea. A standard set of data
points was used to maintain consistency in validating the classifica-
tion success of each respective method.
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From the three different approaches to classification, texture
mapping with GeoTexture was found to require the least time to
perform the classification when mapped utilizing ‘normal’ classifi-
cation mode. However, the data-preprocessing/interactive mosaic
sub-image selection times were excessive for large numbers of
seabed samples. The implementation of ‘enhanced’ classification
results in a substantial increase in computation times, in our case
with worse classification results. GeoTexture can classify an input
image of size 4000 x 4000 within 100 to 300 sec utilizing ‘normal’
classification. The program requires over 2000 sec to texture classi-
fy the same image using ‘enhanced’ classification. GeoTexture per-
formed favourably, but not to the same extent as the neural network
approach to classification, providing an average accuracy for all
texture classes of 63%.

The wavelet-based method for classification provides compet-
itive run-time costs, but unsatisfactory results. The times required
for the supervised approach to classification with wavelets is slight-
ly less than 500 sec, providing a computationally efficient, but
mostly unsuccessful, method of classification, where the average
accuracy for all sediments is 55%. The unsupervised method for
wavelet analysis is less efficient, requiring 1684 sec for program
execution on our sample dataset. The fundamental problem with the
design of Fan and Xia’s (2003) method for this application is that
training and classification image sizes are identical, but for training
a given image must be texturally isotropic, whereas for classifica-
tion images of the same size are always expected to contain all
mapped classes, and neither condition is usually met.

The neural network approach to classification proves to be the
most computationally expensive, but the most successful method.
Utilizing 18 statistics from the iterative method for textural analy-
sis, the run-time efficiency far surpassed the traditional space-
domain method for feature extraction. The neural network approach
to classification generated the highest classification accuracies from
the 3 methods considered. Both methods for textural analysis pro-
vided high accuracies for training and testing, although the results
from the space-domain features produced slightly higher results.
The average classification accuracy amongst the texture classes was
88%, slightly higher than the average accuracy of 81% obtained
from the statistics calculated from the iterative method of feature
extraction.

CONCLUSIONS

The GeoTexture classification method is promising, but currently
relies too much on interactive user-input. Future GeoTexture
advances aimed at increasing the automation of the system may
provide a more reliable and efficient method for performing texture
classification. The supervised wavelet-based method adapted from
Fan and Xia (2003) is currently not suitable for efficient texture
classification of marine backscatter images, but further develop-
ment of this relatively recent method may make it more successful.
The success of the neural network-based methods provides a prom-
ising outlook for further development and application, especially
the GLCIA-based texture mapping approach, which combines com-
putationally efficient texture-mapping with the flexibility and effi-
ciency of neural network-based training and classification.
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Appendix A

Wavelet theory: The 2-D Discrete Wavelet Transform (DWT) represents an image in terms of a set of wavelet functions. The wavelets HI,

LH, and HH.

Frequency

Time

Example of a wavelet function
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Appendix B

Neural Network-based classification — Space Domain Feature
Extraction Approach: Discriminatory Features selected from statis-
tics created with the traditional Space-Domain Feature Extraction
method of classification (Mller et al., 1997)

a) Initial 16 feature vectors which offered the greatest textural dis-
crimination between classes:

1. Mean intensity of region

2. Variance of long-run emphasis

3. Variance of low grey-level run emphasis

4. Variance of high grey-level run emphasis

5. Mean long-run low grey-level emphasis

6. Mean long-run high grey-level emphasis

7. Variance of grey-level distribution

8. Mean spatial grey-level contrast

9. Variance of spatial grey-level correlation

10. Variance of spatial grey-level energy

11. Variance of spatial grey-level contrast

12. Mean variance of grey-level difference

13. Variance in standard deviation of grey-level difference
14. Variance in entropy of grey-level difference

15. Variance in cluster prominence of grey-level difference
16. Variance in cluster prominence of grey-level difference

b) Additional 7 feature vectors which were found to contribute addi-
tional textural information for each class:

1. Low grey-level run emphasis

Short-run low grey-level run emphasis

Run percentage

Variance of short-run low grey-level emphasis

Variance of short-run high grey-level emphasis

Variance of long-run low grey-level emphasis

Variance of long-run high grey-level emphasis

Nogakwdn

Appendix C

Neural Network-based classification — GLCITR Feature Extraction
Approach: 16 Discriminatory Features selected from statistics cre-
ated with the Grey-Level Co-occurrence lterative algorithm
(Clausi, 2002). Statistics 13 to 16 were later removed resulting in a
final set of 12 feature vectors.

Mean

Mean including anisotropy

Angular second moment (energy)

Angular second moment including anisotropy
Dissimilarity

Dissimilarity including anisotropy
Homogeneity

Homogeneity including anisotropy

9. Inverse difference moment

10. Inverse difference moment including anisotropy
11. Entropy

12. Entropy including anisotropy

13. Contrast

14. Contrast including anisotropy

15. Correlation

16. Correlation including anisotropy

NGO~ WNE
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