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Abstract Seafloor sediment classification based on echo

characteristics obtained from single-beam echosounder is

very useful in remote and instant sediment classification.

Results of different classification techniques using such

data provide robust results when the acoustic beam has a

normal incidence with the seabottom. This may not always

be true and show poor classification, with the data acquired

during rough sea periods corresponding to both oblique and

normal incidence of the acoustic pulse, due to roll and pitch

motion of the ship. In the present study, an attempt is made

to exploit the artificial neural network (ANN) techniques

for better classification with such data. Learning Vector

Quantisation (LVQ) is a supervised learning algorithm of

ANN that is found to be an effective tool and show good

performance. The input data to the network include the

roughness index (E1) and hardness index (E2) derived from

echo characteristics. The network utilizes the competitive

learning, a distance function in the first layer and a linear

function in the second layer. The network was tried with a

different size of hidden neurons and training data size to

see the influence on classification. It is found that with ten

neurons in the first layer and four neurons in the second

layer good performance in classification for the data was

achieved.
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Introduction

There are a good number of techniques used to exploit the

acoustic backscatter energy from single beam echosounder

in remote marine sediment classification. The techniques

are mostly based on statistical properties (Legendre et al.

2002), eg., echo shape (Schlagintweit 1993; Prager et al.

1995; Heald and Pace 1996), fractals (Tegowski and

Lubiniewski 2000) and some are based on fuzzy neural

networks (Dung and Stepnowsk 2000). In single beam

echosounders, the data pertain to normal incidence of the

acoustic signal. Usually single or multiple echoes are

considered. In the present work, the data based on first and

second echoes are taken into account for the analysis. The

advantage of a single beam echosounder is that it is cheap

and a commonly available equipment for any survey ship/

boat. With additional provision for recording the first and

second echo data can provide some information about the

seabottom characteristics. Unlike multibeam echosounders,

which provides spatial coverage, the single beam echoso-

under gives information of the seabed below the survey

track lines, due to normal incidence of the acoustic pulse.

In case of a multibeam echosounder, a relatively expensive

system, provides information on backscatter energy for

different grazing angles of acoustic beams, covering some

swath on either side of the track lines, will be exploited to

characterize the seabed. In the present study, we deal with

single-beam echosounder data only.

Usually, echosounder data are acquired along the survey

tracks during the calm sea periods. When the sea is calm,
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the beam is at a normal incident angle. When sea is rough,

the beam is at inclined angle due to the heave and roll

motion of the ship, causing changes both in shape and

travel time of the echo signal and resulting incorrect

depths. In general, most of the approaches in sediment

classification are calibrated over the known seabed to as-

sign the limits of feature vectors extracted from echo

characteristics, in order to classify any area under investi-

gation. Two feature vectors, roughness index (E1) and

hardness index (E2), derived from first echo and second

echo respectively, are most commonly used (Fig. 1a). E1 is

the energy or area under the stretching portion of the first

echo, representing roughness index, while E2 is energy of

the second echo represent the hardness index as well as

acoustic impedance of the seabed. There are two systems

commercially available, namely RoxAnn and QTC utilize

the concept of E1 and E2 for sediment classification.

However they have not revealed any formula for estimating

E1 and E2. Similar concepts were adopted for classification

from the multi-frequency echosounder data (Justy et al.

2000) using acoustic pressure estimated from the algorithm

(Heald and Pace 1996) given below,

p2
obs ¼ p2

o

Zhb

ha

ðmsðh1ÞG2ðh1ÞðR00Þ
4ÞdA1

where, po is the source pressure at a distance of 1m from

the source, dA1 ¼ 2pR
02
0 tan h1dh1;R

1
0 ¼ R0

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ tan2 h1

p
;

Gðh1Þ is the transducer gain and, msðh1Þa<2 and

msðh1Þaðr=TÞ2, where <2 is acoustic pressure reflection

coefficient, r the rms height of the surface roughness and

T, the correlation length of the surface roughness, h1 is the

incident angle of the acoustic wave on the bottom. To

estimate the roughness (E1), the integration limits for

ðha; hbÞ in the equation are taken between 20� and 31.6� for

38 kHz, after falling edge of the first echo pulse, whereas

for hardness (E2), integration of the complete envelope of

the second acoustic bottom scatter are taken (Justy et al.

2000).

The ranges of E1 and E2 vary with sediment type as

they comprise of different physical properties and grain

sizes. A typical distribution map of E1 vs. E2 for different

sediment type is shown in Fig. 1b and one can guess the

type of sediment based on their distribution, whenever a

new data set is presented.

The earlier mentioned techniques are effective for nor-

mal incidence data of a single-beam echosounder. However

the same is not true with the data acquired during rough

seas, as they represent both normal and inclined beams,

resulting a totally different nature of echoes for the same

sediment type. Such data (E1, E2) distribution appears to

be outliers when compared with corresponding normal

incidence data. Thus efficiency of the most of approaches

becomes poor with such data.

The objective of this work is to exploit artificial neural

network (ANN) techniques for effective sediment classifi-

cation, even with noisy echo data due to oblique incidence.

In the present study, learning vector quantization (LVQ), a

supervised companion of self-organized feature map

(SOFM) of neural networks, whose capabilities are proven

in many application fields such as pattern classification and

data compression, is used in sediment classification.

Experimental data with ground truth are used to train and

validate the network model.

E1and E2 were obtained from a RoxAnn Unit, inter-

faced to an echosounder with 40kHz operational frequency,

of Marimatech make. The echo data were collected at 10

locations over the seabed mainly composed of four type of

sediments, i.e silty-clay, silty-sand, clayey-silt and sand.

The data were divided into two sets, of which the first part

was used for network learning and the second part as test

Fig. 1 (a) E1 and E2

representation from the echo (b)

boxes showing E1 and E2

variation corresponding to

different sediment type
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data set. Figure 2 shows the E1 vs. E2 data used for net-

work training. It can be noticed that the scattering of points

over wide range, unlike normal incidence data.

Learning vector quantisation network

Neural network training algorithms based on competitive

learning (Rumelhart and Lelland 1986) are frequently used

to solve classification problems. When little a priori

knowledge about the statistical properties of the training set

is available, the use of an unsupervised approach is

advisable (Kohonen 1988). However the number of classes

into which the pattern space must be divided is known in

advance, such information can be used during the training

phase. One of the most commonly used paradigms of such

classifiers, developed by Kohonen (1990) is the so called

Learning Vector Quantisation, which is actually a family of

variants of basic algorithm.

LVQ is a supervised classifier and works by using

classes generated by the self-organizing feature map

(SOFM) algorithm, with the two layer architecture. In LVQ

networks there are mainly two stages. In the first stage, the

input space is divided into a number of distinct regions, and

each region in the input space is represented by set of

encoded vectors or weight vectors also called Veronoi

vectors according to the nearest-neighbor rule based on the

Euclidean metric. This is done by SOFM technique. In the

second stage the LVQ provides the mechanism to modify

the Veronoi vectors utilizing the class information for

improving the classification (Simon Haykin 1999).

In LVQ network the first layer is the competitive layer

and the second is a linear layer (Fig. 3). The competitive

layer learns to classify input vectors usually referred as

subclasses, while the linear layer transforms the competi-

tive layer’s classes into target classification defined by the

user. The competitive layer and linear layer will have the

number of neurons equal to subclasses and targets

respectively. Thus, the neurons in the first layer will always

more than the second layer. The schematic of the LVQ

network architecture is shown in Fig. 3.

Competitive learning

The neurons of the competitive networks learn to recognize

the groups of similar input vectors. The net input vector n1

of a competitive layer is computed by finding the Euclidean

distance using distance function ‘ndist’ between the input

vectors p with Rx1 elements and the initial weight vectors

w of dimension S1xR, where S1 is number of neurons in the

first layer.

The maximum net input of a neuron will be zero, when

the input vector equals that neurons weight vector. The

competitive transfer function accepts a net input vector for

a layer and returns neuron output as zero for all neurons

except for the winner, the neuron associated with the most

positive element of the net input n1, the winner’s output as

one. Further the weights of the winning neuron are ad-

justed, so as to move closer to the input. This is done by

using Kohonen’s learning rule as given below.

wijðqÞ ¼ wijðq� 1Þ þ aðpðqÞ � wijðq� 1ÞÞ

where qth weight wij(q) is the ith row of the input weight

matrix corresponding to jth winning neuron and ‘a’ is the

learning rate. The learning rate ‘a’ to decreases monoton-

ically with the number of iterations. Usually, the value will

be initially set at small and decreases further with iterations

during weights updating. The Kohonen’s rule allows the

weights of a neuron to learn an input vector, and because of

this, it is useful in recognition applications. In this process,

the weights of the winning neuron is updated more close to

the input vector, resulting the winning neuron more likely

to win in the next time when similar vector is presented and

less unlikely when a different input vector. When more

input vectors presented from a cluster, which will be rep-

resented by a neuron or neurons with output of one.

Thus the output of competitive layer a1 of dimension

S1x1 will have all zeros expecting for winning neurons.

The output of the competitive layer a1 forms the input to

the a linear function in the second layer with number of

neurons (S2) equal to input target class, whose output is a2.

This operation basically assigns the target class to the input

vector. For execution of this study, neural network tool box

of Matlab (Matlab 6.1 2001) was used.

Fig. 2 Distribution of (E1, E2) data used for training the network
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Application of LVQ to echosounder data

The training data comprise of a total of 600 sets of E1 and

E2, spread over wide range as seen from the figure. In

general at a given site, it is expected to be a narrow and

thick cluster, like one at the left top most corner of the

figure. But due to rough sea, change in the angle of inci-

dence of acoustic signal results widen the range of E1 and

E2 for different type of sediments.

In this study, the network architecture comprises of a

one-dimensional grid of 10 neurons in the competitive

layer and 4 neurons in the output layer based on a priori

knowledge of sediment types ie., target class. Once the

network is initialized, the weight vectors are iteratively

updated and moved toward the input vectors. The initial

weight vectors are initiated with mid values of the range of

respective input vectors. The inputs to the LVQ network

are range of input vector elements, number of competitive

neurons, learning rate and element vector of typical class

percentages i.e. the percentage of data of each class with

respective to total data under training. Here the learning

rate of 0.01 is used.

The efficiency and accuracy of the network also depends

on the number of neurons in the competitive layer. The

LVQ network used at present requires that the number of

neurons to be mentioned in the input before starting the

training phase. In fact, the optimal size for such networks

mainly depends up on unknown statistical properties of the

training set of patterns to be classified, rather than upon the

properties of the training set which can be determined in

advance such as size and number of input patterns or

number of classes into which they must be classified. The

performance of the network will be poor, if number of

neurons is too low and therefore the network architecture

must be reconsidered and new training must be performed.

If the number neurons are more i.e., the network is over

sized, it will be inefficient in allocation of resources, al-

though possibly accurate, since the processing time re-

quired for the network to produce a response is roughly

proportional to the number of neurons.

Figure 4 shows that the input vector clusters are repre-

sented by different weights (competitive neurons) based on

their self similarity. This is done by the first part of the

network using competitive layer. This forms the input to

the linear layer where the target class (i.e., silty-clay, silty-

sand, clayey-silt and sand) is labeled. We noticed that silty-

clay and silty-sand show wide range in roughness index

and sand shows more variation in the hardness index.

More number of neurons in the competitive layer show

slow convergence and require more number of epochs.

With 10 number of neurons, the convergence is achieved

within 30 epochs. The solid circles indicate the adjusted

weight vectors representing each class. In case of more

number neurons in the competitive layer, each of the target

class will be further represented by sub-clusters or groups

by competitive neurons, which will improve the further

classification, but time consuming. Since LVQ network

requires the number of target classes as input before

training, the number of neurons in the competitive layer

can be set around that number instead of oversized. In the

present study, the network was tried with 5, 10, 15, 20 and

30 neurons in competitive layer and found that the corre-

sponding classification results were 75, 95, 95.2, 95.4 and

95.5% respectively. However the training time increases

from one and half times for 15 neurons and more than

double time for 30 neurons with respect to ten neurons,

without much improving in classification. With five neu-

rons, the results indicate that the number may be insuffi-

cient to represent subclasses.

Validation of the network model

Once the network trained with first data set along with

target class, the test data is subjected for validation. In

Fig. 3 Architecture of LVQ network

Fig. 4 E1, E2 distribution of the training data showing the adjusted

network weight vectors for different sediment types
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order to verify the model, the untrained test data consist of

200 sets of E1 and E2 (Fig. 5) is subjected to the LVQ

network model. The results are promising and 95% of the

data were successfully classified (Fig. 6). Only the points,

which are overlapping with neighboring class, show devi-

ation and indicate one of the classes. We tried to verify the

effect on classification, by interchanging the training data

sets and test data sets of E1, E2, and found that the clas-

sification was only 72%. This may be due to the training

data of 200 sets were insufficient to represent the complete

spatial variation of E1 and E2 for each sediment type,

unlike in previous case where 600 data sets used as training

data. Therefore, the training data distribution must cover

and meaningfully represent the each parameter (E1, E2)

bounds corresponding to the each class for better classifi-

cation results, irrespective of data size.

Conclusions

The efficiency of many seafloor classification techniques

designed to deal with single-beam echosounder data cor-

respond to normal incidence of the acoustic beam, and this

degrades when used with data acquired in rough seas. Such

data contain both normal and inclined incidence of acoustic

beams due to ship’s roll and pitch motion. LVQ algorithm,

a supervised learning approach of ANN is found to be quite

robust and an effective tool to deal with such data. The

results show 95% of data were classified successfully. The

performance and efficiency depends on selection of size of

neurons in competitive layer, which correspond to the

number of sub-classes expected. Performance depends on

the selection of training data set, which should represent

the region of each of the sediment type, rather than size of

the training data set.

Acknowledgements The authors express thanks to the Director,

NPOL for giving permission to publish the paper. The authors also

grateful to the reviewers for their valuable comments and suggestions

in revision of the manuscript.

References

Dung TV, Stepnowski A (2000) Seabottom recognition using

multistage fuzzy neural network operating on multi-frequency

data. ACUSTICA-Acta Acustica 86:830–837

Heald GJ, Pace NG (1996) Analysis of first and second backscatter

for seabed classification. In: Proceedings 3rd European confer-

ence on underwater acoustics. Heraklion, Crete, pp 649–654

Justy P, Siwabessy W, Jhon DP et al. (2000) Bottom classification in

the continental shelf: a case study of the north-west and south-

east shelf of Australia. Acoustics 1:1–6

Kohonen T (1988) Self-organization and associative memory.

Springer-Verlag, Berlin

Kohonen T (1990) Improved versions of learning vector quantifica-

tion. In: Proc Int Joint Conf on Neural Networks, vol 1. San

Diego, pp 545–550

Legendre P, Ellingsen KE et al. (2002) Acoustic seabed classification:

improved statistical method. Can J Fish Aquat Sci 59:1085–1089

Matlab 6.1 (2001) Maths Works

Prager BT, Caughey DA, Pockert RH (1995) Bottom classification:

operational results from QTC view. In: Oceans’95 MTS/IEEE,

challenges of our global environment conference proceedings,

vol 3. pp 1827–1835

Rumelhart DE, Mc Lelland JL (1986) Parallel distributed processing.

MIT Press, Cambridge

Schlagintweit GEO (1993) Real time acoustic bottom classification

for hydrographic: a field evaluation of RoxAnn, Candian

Hydrographic service dept. of fisheries and oceans. Light House:

Edition 47:9–13

Simon H (1999) Neural networks: a comprehensive foundation.

Prentice Hall Inc, New Jercy

Tegowski J, Lubiniewski Z (2000) The use of fractal properties of

echo signal for acoustical classification of bottom sediments.

ACOUSTICA-Acta Acoustica 86:276–282

Fig. 5 Test data set (E1, E2) for verification of the network model

Fig. 6 Sediment classification of the test data from the network

Mar Geophys Res

123


	Seafloor sediment classification from single beam echo sounder data using LVQ network
	Abstract
	Introduction
	Learning vector quantisation network
	Competitive learning
	Application of LVQ to echosounder data
	Validation of the network model
	Conclusions
	Acknowledgements
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /Description <<
    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [2834.646 2834.646]
>> setpagedevice


