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The use of multiple angle acoustic scatter to discriminate between two taxa of fluid-like
zooplankton, copepods and euphausiids, is explored. Using computer modeling, feature extraction,
and subsequent classification, the accuracy in discriminating between the two taxa is characterized
via computer simulations. The model applies the distorted wave Born approximation together with
a simple system geometry, a linear array, to predict a set of noisy training and test data. Three feature
spaces are designed, exploiting the relationship between the shape of the scatterer and angularly
varying scattering amplitude, to extract discriminant features from these data. Under the assumption
of uniform random length and uniform three-dimensional orientation distributions for each class of
scatterers, the performance of several classification algorithms is evaluated. Simulations reveal that
the incorporation of multiple angle data leads to a marked improvement in classification
performance over single angle methods. The improvement is more substantial using broadband
scatter. The simulations indicate that under the stated assumptions, a low classification error can be
obtained. The use of multiple angle scatter therefore holds promise to substantially improve the in
situ acoustic classification of fluid-like zooplankton using simple observation geometries. © 2007
Acoustical Society of America. �DOI: 10.1121/1.2697471�
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I. INTRODUCTION

Zooplankton play a major role in the global ecosystem
and the employment of remote sensing techniques for mea-
suring abundance and behavior continues to be a venerable
goal. Compared with optically based methods, acoustic ones
have an inherent advantage in that sound is attenuated less
than light. This leads to both larger detection distances as
well as sampling volumes. Unfortunately, problems associ-
ated with a lack of specificity have hindered the use of
acoustic techniques on a routine basis. Work by McNaught1

and the subsequent development of multiple frequency meth-
ods by Holliday and colleagues have revealed both the great
advantages and also challenges that exist when using this
technique.2–6 Although additional work with broadband
sound to discriminate between three groups of zooplankton7,8

indicated that it was possible to correctly classify specific
examples from each group with reasonable success �80%
overall average correct classification�, the goal of robustly
mapping acoustic volume scattering to biophysical param-
eters of zooplankton under various oceanographic conditions
has remained elusive. One problem has been the confound-
ing influence of both orientation and material properties on
backscatter magnitude. This often prevents investigators
from making the necessary link between animal size and
backscatter magnitude. Additional complications have been
that there is substantial scatter from nonbiological sources
such as suspended sand, bubbles, and perhaps even
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microstructure.9 If a way could be found to discriminate
among various taxa acoustically, in spite of these problems,
it would be of great value.

In this article the potential increase in classification ac-
curacy that results from observation of reflected sound from
multiple angles is considered. It has recently been proposed
that sound scattered at multiple angles can be used in order
to both size and measure the orientation of fish bladders.10

The underlying concept is that the spatial structure of the
sound field from a single, strong scattering target, has a char-
acteristic pattern related to its size. The success of the
method was illustrated with a well-known data set11 and vari-
ous sampling theorems were proved to obtain unaliased sam-
pling of the scattered sound field. Here, the use of sound
scattered at multiple angles in order to discriminate among
two zooplankton taxa is explored via forward modeling and
subsequent classification.

Many have considered the formulation of acoustic mod-
els to predict backscatter as an important component of a
program to characterize animals in situ. A family of scatter-
ing models can be successfully used to predict the acoustic
reflectivity of several different types of zooplankton.12–15 The
situation with respect to crustacean zooplankton is especially
good as use of the distorted wave Born approximation
�DWBA� has been validated.16,17 A website maintained by
Benfield18 provides public access to several zooplankton
models and their morphologies.

Outside of the realm of ocean ecology, recent work in
the acoustic classification of stationary targets from multiple
views has demonstrated that the multiple views can signifi-
cantly improve target classification when combined with
suitable feature extraction and classification algorithms.19–22

20,22
Applications such as underwater mine detection, airborne
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target identification,23,24 and unexploded ordinance
detection25 have been considered. Most algorithms apply a
hidden Markov model �HMM� to account for either the un-
known sensor-target aspect,20,21,26 or the unknown target
type.22 One approach decomposes the target reflections into a
set of discrete angular regions yielding a set of possible
states in the HMM.26 Alternatively, a nonlinear backpropa-
gated neural network has been used to fuse the classification
results for multiple views in a wavelet packet based feature
space.19 This formulation demonstrated very good perfor-
mance in discriminating between mine and nonmine like tar-
gets from multiple aspect scattering measurements.

Adaptation of multiple angle scatter techniques to zoop-
lankton classification has promise to confer benefits when
used in conjunction with the more traditional backscatter
techniques. However, animals are dynamic and therefore re-
quire an observation system in which multiple views are ob-
tained almost simultaneously. One solution is to use simulta-
neous multiple angle scatter measurements. A second issue is
related to the feature space used to represent the data. Previ-
ous work in target classification considered rigid objects and
therefore applied wavelet packets19,22,27 or matching pursuit
with an elastic scattering based dictionary.20,26 However, the
resulting feature spaces are not appropriate for the fluid-like
weak scatterers considered here. A more appropriate idea for
this problem is to exploit the relationship between the shape
of the scatterer and the angularly varying scatter amplitude.

This paper explores, through simulation, the use of a
one-dimensional array to collect multiple angle scatter and
subsequently use these data to discriminate among zooplank-
ton taxa. The case treated is that of differentiating between
two taxa of crustacean zooplankton: copepods and euphausi-
ids. The motivation for treating these animals stems from
their significance in zooplankton populations of the Califor-
nia Current. As shown here, the large morphological differ-
ence between the two groups28 will allow this discrimination.

Section II summarizes the theoretical basis14,17 for for-
ward model computations which are used to generate the
synthetic data. Section III defines the feature spaces that are
applied to reduce the raw data to a small set of discriminant
parameters. Section IV describes the nearest neighbor and
multilayer perceptron classification algorithms that have
been used for classification. Section V discusses the perfor-
mance of the classifiers as a function of the various param-
eters that are available. Section VI summarizes the results
and identifies future research areas.

II. FORWARD MODELING: THEORY AND NUMERICAL
IMPLEMENTATION

In this section, an acoustic forward model for generating
synthetic data is proposed using linear system theory and the
DWBA. The forward model permits the prediction of the
received signal for a known transmit signal using the impulse
response of the scatterer. This depends on both the physical
properties of the scatterer such as size, shape, and material
and also the orientation of the scatterer and the geometry of
transmitters and receivers. Under the assumption of linearity,

and neglecting effects of spreading and medium attenuation,
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the received signal p�t� is given by the convolution of the
transmitted signal s0�t� with the impulse response of the scat-
ter s�t ,ki ,ks ,� ,� ,��,

p�t� = �
−�

�

s0��� � s�t − �,ki,ks,�,�,��d� , �1�

where ki and ks are the incident and scattered wave vectors,
� and � define the orientation of the scatterer, and � is a
parameter matrix describing the size, shape, and material
properties. Assuming values for these parameters permits the
prediction of the impulse response of the scatterer using the
DWBA. This model does not include propagation effects,
however the effect of scatterer position in the beam is in-
cluded. A description of the multiple angle DWBA is given
in Sec. II A. Section II B defines the size and orientation
distributions that are used to generate synthetic data. Section
II C describes the procedure for generating synthetic data.

A. Multiple angle DWBA scattering model

The scattering model used to obtain the impulse re-
sponse of the scatterer is the DWBA.14,17 This model relates
the size, shape, and material properties of the scatterer to the
complex scattering amplitude at a particular frequency. The
impulse response of the scatterer can be obtained from the
complex scattering amplitude by an inverse Fourier trans-
form. The expression for the complex scattering amplitude
S�k� is

S�k� =
k1

2

4�
� �

R

� ����r0� − ���r0�cos 	�eik·r0dv0, �2�

where

k = k2�es − ei� , �3�

and

cos 	 = es · �− ei� . �4�

The scalars k1=2�f /c1 and k2=2�f /c2 are the wave num-
bers in the medium and body of the scatterer, respectively, ei

and es are unit vectors in the direction of the incident and
scattered sound waves, and 	 is the angle between the nega-
tive incident wave vector and the scattered wave vector. The
term ���r0�−���r0�cos 	 is the gamma contrast.17,29

The gamma contrast inside of the volume integral is a
function of the density and sound speed of the surrounding
medium and the body of the scatterer where �omitting the
explicit dependence on position in the body� ��= �1
−gh2� /gh2 and ��= �g−1� /g. The term g=�2 /�1 is the ratio
of the density of the scatterer to the density of the surround-
ing medium and h=c2 /c1 is the ratio of sound speed in the
scatterer to the sound speed in the surrounding medium.
Equation �2� provides the basis for the forward model used

in the numerical experiments presented in this paper.
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Using Eq. �3�, the resultant wave vector k can be written
as

k = k2
sin�� − 	�
sin�	/2�

d , �5�

where

d =
es − ei

�es − ei�2
, �6�

is the unit vector that points in the direction of the difference
between scattered and incident wave vectors. It is apparent
that the multiple angle DWBA is closely related to the
DWBA for backscatter17 only now with a scaled and rotated
wave vector. This important relationship allows the DWBA
for multiple angle scatter to be computed using existing nu-
merical methods for backscatter with only minimal modifi-
cation.

B. Scatterer size and orientation distributions

An important aspect of the simulations is the choice of
size and orientation distributions for the ensemble of scatter-
ers. These data have been generated using a single shape for
each class, scaled in volume and rotated in three dimensions.
The shapes used for the copepod and euphausiid classes were
taken from an online database of zooplankton scattering
models.18 Pictures of the cross section of the base shape used
for each class are shown in Fig. 1.

The volume scaling is parametrized by a length param-
eter L, the length of the scatterer from head to tail. In order to
simplify the treatment both length classes were drawn from
uniform distributions according to U �2 mm,4 mm� for the
copepods and U �4 mm,15 mm� for the euphausiids. Note
that the length distributions overlap slightly and the distribu-
tion for the euphausiids is centered around medium length
juveniles rather than the larger adults.

Similarly, for the orientation distributions, a simple ap-
proach was taken. Representing the orientation of the scat-
terer by a � and � angle where � is the angle relative to the
z axis, and � the angle between the x and y axis �Fig. 2� the
orientations were sampled uniformly in three dimensions ac-
cording to

� � arcsin�U �− 1,1�� , �7�

FIG. 1. Cross-sectional view of the scatterer shapes used to define each
class. The copepod shape �a� and euphausiid shape �b� are displayed at
different scales. The scale is defined in the lower right corner.
� � U �− �,�� . �8�
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C. Creation of model realizations

The simulation of a single realization of received scatter
on the array is described in this section. The configuration of
the array is shown in Fig. 2. There are eight total elements,
M =8. The j=1 element acts as both transmitter and receiver
while the j=2, . . . ,M elements act only as receivers. The
total angular span of the array is 60° with an angular sam-
pling frequency of one sample per 8.57°. The orientation of
the scatterer relative to the array is shown in Fig. 2 and is
defined by the angles � and � as mentioned previously.

The synthetic data are generated by predicting the re-
ceived pressure signal on each of the eight array elements for
a given scatterer orientation. The data generation process is
represented graphically in Fig. 3. The first step is the selec-
tion of a model: copepod or euphausiid. Each three-
dimensional scatterer shape is represented as a series of cy-
lindrical segments of thickness 0.016 mm and location x, y,
and z corresponding to the center. The segments have radius
a, and relative density and sound speed g and h. The ith
segment can be represented as the vector �i

= �xi ,yi ,zi ,ai ,gi ,hi�T and the entire model of the body by a
matrix �= ��1 , . . . ,�S� with S being the total number of seg-
ments. Ambient sound speed c is fixed at 1500 m/s. For all
simulations performed in this work, the values of gi and hi

are held constant throughout the body of the scatterer such
that gi=1.035∀ i and hi=1.027∀ i. More information about
these parameters, the scattering models, and the algorithm
used to compute the DWBA is available from the Acoustic
Scattering Models of Zooplankton website. 18

For each realization, a random sample from the distribu-
tions for � ,� ,L is selected. These parameters are combined
with the sound speed c, the incident and scattered wave vec-
tors for each array element: ki

j �incident� and ks
j �scattered�

FIG. 2. View of the array configuration used to generate data. The scatterer
is represented by the gray ellipse where the nose of the scatterer is directed
along the unit vector defined by the angle � in the x-y plane and � from the
z axis. The angular span of the array is 60° with an angular spacing of 8.57°
between elements. The j=1 element functions as both transmitter and re-
ceiver, while the j=2, . . . ,8 elements receive only.
for j=1, . . . ,M, and the model for the scatterer �. The
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DWBA is evaluated for the given model parameters at each
frequency yielding the complex scattering amplitude

Sj�k� = DWBA��,�,L,c,ki
j,ks

j,�� , �9�

where k represents the index of a particular wave number
bin.

To incorporate the effect of a range-dependent sample
volume in the simulation, for each realization, the scatterer is
assigned a uniformly random three-dimensional position
relative to the array. The position is defined by the parameter
�.

The range-dependent sample volume is studied by cal-
culating the position of the scatterer in the transmit and re-
ceive beam. As the beam shape changes with frequency, the
incident sound intensity, and received sound intensity will
vary in a predictable way. For the simulations considered
here, the transducers are assumed to be disk shaped in which
case the product of the transmit and receive beam shapes is
given by


 j,��k� = �2J1�kr sin����
kr sin���

2J1�kr sin����
kr sin���

� , �10�

where r is the radius of the transducer, J1�x� is the Bessel
function of the first kind of order 1, and � and � are the
angles between the vector from the transducer to the scatterer
position, and the incident and scattered wave vectors, respec-
tively, for a particular transmitter-receiver pair. For a wave
vector k and scatterer position �, the angles are given by

� = arccos	 ki
Tki − ki

T�

�ki�2�ki − ��2

 , �11�

and

� = arccos	 ks
Tks − ks

T� 
 . �12�

FIG. 3. Block diagram of the creation of a single realization of scattering on
and the Gaussian noise W�k�. The model parameters which are constant for
each array element ki

j and ks
j for j=1, . . . ,M and the scatterer model �. The

the position of the scatter in the transmit and receive beam pair. The Gaussian
shape factor 
 j,��k�. The result is then multiplied by the FFT transmit signal
jth array element. The pressure is computed for each of the M array elemen
of training and test data.
�ks�2�ks − ��2
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The geometry for the above-presented calculations is
shown in Fig. 4. For all of the simulations, the parameter r is
set to 12 mm, and the components of � selected according to
U �−5 mm,5 mm�. The horizontal distance from �=0 to the
array is defined to be 3 m, and thus the majority of scatterer
positions are within the −6 dB beam width of the array ele-
ments at the highest frequency. To compare the effect of the
sample volume on the classification performance, the simu-
lations are performed with and without including the beam
shape factor. The case without the beam shape factor is
equivalent to setting 
 j,� �k�=1 for all realizations.

The received echoes in any practical system will be cor-
rupted by noise due to reverberation, electronics, and other
sound sources. Noise due to reverberation will be in the same
frequency band as the received echo whereas noise from
electronics and other sound sources will have energy in other
frequency bands as well as the band of the received echo.
Since out of band noise can be reduced by filtering, rever-

rray. Randomness is included in the model through the parameters � ,� ,L ,�,
lizations are the sound speed c, the incident and scattered wave vectors for

m shape factor 
 j,��k� is computed for each array element and accounts for
e W�k� is added to the product of the scattering amplitude S�k� and the beam
�. The real part of the inverse FFT of the product yields the pressure on the
his process is repeated 1000 times for each scatterer class to generate a set

FIG. 4. View of the method for calculating beam shape for a scatterer
positioned at � and a transmitter and receiver pair. The angles between the
scatterer position vector, and the vector to each element are defined by � and
�. The angles are used to compute the change in sound intensity as a func-
the a
all rea

bea
nois
S0�k
ts. T
tion of frequency.
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beration noise in the same frequency band as the transmit
signal is added to the scattering amplitude. The noise is gen-
erated by taking the product of the fast Fourier transform
�FFT� of the transmit signal S0�k� with the FFT of a realiza-
tion of white Gaussian noise Wj�k�.

A constant reverberation level is used and thus the signal
to noise ratio �SNR� varies as a function of length and ori-
entation of the scatterer. The SNR for the copepod data
ranges from −11 to 24 dB whereas the SNR for the eu-
phausiid data ranges from −20 to 35 dB. These ranges for
SNR were selected such that the average SNR was close to
7 dB for the copepods and 15 dB for the euphausiids. These
values were deemed to be comparable to what is achieved in
practical systems 30,31. The noise level can also be defined in
terms of an equivalent target strength of −110 dB.

In generating the data, the noise term Wj�k� is first added
to the product of the scattering amplitude and the beam
shape factor at each wave number bin to yield the noisy
scattering amplitude

Ŝj�k� = Sj�k�
 j,��k� + Wj�k� . �13�

The convolution defined in Eq. �1� is accomplished in the
frequency domain by computing the product of the FFT of
the transmit signal S0�k� with the noisy scattering amplitude

Ŝj�k�. Using Eq. �13�, the pressure signal on the jth element
is then obtained by an inverse FFT �IFFT�,

pj�n� = Real� 1

N
�
k=0

N−1

S0�k�Ŝj�k�e2�ink/N
 . �14�

This process is repeated for each of the M array elements

FIG. 5. Typical examples of simulated data for both the copepod and euphau
output are plotted on top of the target strength as modeled by the DWBA. T
matched filter.
building up the vector
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p�n� = �p1�n�, . . . ,pM�n��T. �15�

In order to explore the classification success as a function of
carrier frequency and bandwidth several different types of
signals were used. For the narrowband signals �10% band-
width� frequencies of 1 and 2 MHz were selected. For the
broadband signal, a linear frequency modulated �LFM�
chirp was used with a starting frequency of 1 MHz and
ending frequency of 2 MHz. The signal duration and en-
ergy was kept constant for all signals. The range of fre-
quencies was selected based on past experience with mea-
suring scatter from animals of the size considered here.

To improve the SNR of the data input to the feature
extraction algorithms, the raw echo data resulting from the
simulation is passed through a matched filter.32 For the trans-
mit signal s0�n�, and a received echo on array element j
defined by pj�n�, the output of the matched filter is

M j�n� = �
p=−�

�

s0�p�pj�p − n� . �16�

The matched filter output is windowed around the peak in
the output with a window size of W=50, corresponding to a
time of 5 �s or a distance of 7.5 mm. For the broadband
signal the time-bandwidth product is 120, yielding a pro-
cessing gain of roughly 20 dB. For the narrowband sig-
nals, the time-bandwidth product is much lower, and thus
the processing gain is low as well, around 10 dB.

To visualize the type of noise, and its effect on the esti-
mation of the scattered signal, the model target strength is
displayed along with the estimated target strength for the

lass. The estimated target strength using the raw echo, and the matched filter
gh level of noise is clearly visible, as is the improvement obtained from the
siid c
he hi
broadband signal type in Fig. 5.
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III. FEATURE EXTRACTION

In order to facilitate the classification procedure the data
are mapped to a feature space which dramatically reduces the
dimensionality of the data while simultaneously highlighting
interclass differences. The three feature spaces used in this
work are described in the following.

A. Single frequency based feature space

To explore the result of using only a single frequency
rather than a broad spectrum of frequencies, a single fre-
quency based feature space is defined in which the FFT of
the matched filter output on each array element is computed
and its magnitude squared is integrated over a small band-
width. Only the narrowband data are used in this feature
space. The resulting sum squared magnitudes on each array
element are then combined to form a single feature vector.
Specifically, assuming that the jth array element collects N
samples, the power in the narrow bandwidth of the signal
�kmin to kmax� is

Pj = �
k=kmin

kmax ��
n=0

N−1

M j�n�e−2�ink/N�2

. �17�

For the simulations presented here, N=1200. The single fre-
quency feature vector is then defined as

y = �P1,P2, . . . ,PM�T. �18�

The bandwith �kmin to kmax� is set equal to the transmit sig-
nal bandwidth of 10% of the center frequency. The center
frequencies used are 1 and 2 MHz.

B. Discrete cosine transform based feature space

The discrete cosine transform �DCT� has numerous
qualities that make it attractive as a feature mapping. For
one, the coefficients of the DCT are uncorrelated. It can also
be shown that the DCT can embed most of the energy in the
data into a small number of coefficients. While there is no
guarantee that such an embedding will yield a discriminant
feature space, this is often the case in practice. The DCT
based feature space uses the power spectrum of the matched
filter output for the broadband 1–2 MHz data. The power
spectrum is computed as

Pj�k� = ��
n=0

N−1

M j�n�e−2�ink/N�2

. �19�

For the results presented here N=1200. Having com-
puted Pj�k� for each array element, the DCT of the power
spectrum is computed as

Ej
DCT�l� =� 2

N

�l��

k=0

N−1

Pj�k�cos	�l�2k + 1�
2N


 , �20�
where
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�l� = � 1
�2

, l = 0

1, l = 1, . . . ,N − 1
� . �21�

The values of the K largest �ordered by magnitude� coeffi-
cients in the transform are retained in the feature vector for
the jth array element

y j = �Ej
DCT�l1�, . . . ,Ej

DCT�lK��T, �22�

where the features are arranged such that l1
 l2
 ¯ 
 lK.
This procedure can be interpreted as an adaptive threshold of
the DCT of the power spectrum. Finally, the feature vectors
at each array element are combined into a single feature vec-
tor,

y = �y1
T, . . . ,yM

T �T. �23�

The feature vector, y captures the K most energetic wave
number bins in the power spectrum of the received signal at
each element of the array. A range of values for K were
analyzed. It was found that the values K=1, K=2, and
K=4 yield the best performance. As K increases, the feature
vector is able to capture more of the variability in the
frequency response of the scatterer at the cost of a larger
feature space dimension. A wave number bin width of
�l=35 rad/m was used throughout the simulation.

C. Frequency correlation based feature space

One of the major drawbacks of the previous two feature
spaces is that they do not naturally combine the multiple
angle data. Instead, the features from each angle of the mul-
tiple angle data are lumped together as one big feature vec-
tor. This can cause problems in the case of the DCT feature
space as the dimensionality of the feature space grows as K
times the number of angles M. In this section, a feature map-
ping which combines the multiple angle data systematically
while extracting the features is defined. The features are the
eigenvalues of the frequency correlation matrix.

The frequency correlation matrix is obtained by comput-
ing the correlation between all pairs of received wave forms
in the frequency domain. Specifically, the correlation matrix
C is defined as

C = FHF , �24�

where

F = �f1, . . . ,fM� , �25�

and

f j�k� = �
n=0

N−1

M j�n�e−2�ikn/N �26�

is the FFT of the matched filter output for the received data
on element j. Thus, the individual elements of the frequency
correlation matrix are the cross correlations between the Fou-
rier transforms of the data on the array elements

Cij = fi
Hf j . �27�

The features are extracted from the frequency correlation
33
matrix using an eigenvalue decomposition
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� = QHCQ , �28�

where �=Diag��1 , . . . ,�M� is the diagonal matrix of eigen-
values. The feature vector is then formed by taking the
diagonal elements of �,

y = ��1, . . . ,�M�T. �29�

The eigenvalues �features� are not simply related to the
data at each angle as in the case of the previous two feature
spaces. Each eigenvalue is derived from data at all angles.
This is the key benefit over the other two feature spaces. The
number of nonzero eigenvalues is upper bounded by the
number of angles, yet may be lower depending on the degree
to which the echoes received at each angle are correlated
with one another in the frequency domain. For example, if

fi
Hf j � �0 for i � j

� for i = j
� , �30�

the frequency correlation matrix C��I and the eigenvalue
spread is nearly flat. In contrast, if

fi
Hf j � � ∀ i, j , �31�

the frequency correlation matrix is approximately rank one,
and the eigenvalue value spectrum will be highly peaked at
the first eigenvalue. The first example can be thought of as
representing a complex shape, where the spectrum of the
received signal varies substantially as a function of angle.
This second example corresponds to scattering from an an-
gularly symmetric shape. Therefore, in the presence of noise,
the variability at each array element is due only to noise.

IV. CLASSIFICATION OF FEATURES

Given a set of features that have been extracted from
these data, the next task is to develop a method for assigning
a class label to each feature so as to minimize a particular
loss function. As is commonly done in pattern classification,
the “0-1” loss function is applied which assigns equal penal-
ties to classification errors made for either class.34 In the
zooplankton classification problem considered here, this is a
reasonable loss function due to the fact that each class has, in
effect, equal significance. It can be shown34 that the classifi-
cation rule which minimizes the “0-1” loss function is the
Bayes decision rule �BDR�

i* = argmax
i

PC�Y�i�y� , �32�

where the class i*, having the maximum a posteriori prob-
ability given the feature vector y, is chosen. The BDR can be
written in terms of the class conditional density �CCD�
pY�C�y � i� using Bayes rule, and assuming a prior class distri-
bution PC�i�, as

i* = argmax
i

pY�C�y�i�PC�i� . �33�

In practice, the prior probability may or may not be
known. For the procedure considered here, it is assumed that
the priors for each class are equal. As a result, that term

drops from the maximization. The remaining task is that of
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maximizing the CCD which is equivalent to computing the
maximum likelihood estimate of the class label.

Unfortunately, the CCD is almost always unknown. In
the best case, only the form of the density is known, but not
the parameters that define the actual shape. This is one of the
fundamental difficulties encountered in pattern classification
and is the point at which a priori knowledge or training data
must be used to learn about the structure of pY�C�y � i�.

Here, two popular classifiers are considered: the nearest
neighbor �NN� classifier, and the multilayer perceptron
�MLP� classifier. The properties of each of these classifiers
are briefly reviewed as the implementations used here are
standard.

The NN classifier assigns a class label to a new pattern
based on the label of the training pattern which is “nearest”
to the new pattern according to a particular distance metric.
For a given training set D= ��y1 , i1� , . . . , �yN , iN�� where yn is
a feature extracted from the data according to the methods
defined in Sec. III and in is the associated class label, the NN
classifier under the 2-norm assigns the label ik where k is the
index of the nearest neighbor,

k = argmin
i

�y − yi�T�y − yi� . �34�

In contrast to the NN method, the MLP tries to learn the
mapping from feature space to class label space using mul-
tiple levels of weighted combinations of the components of
the features rather than using the training data explicitly to
represent the underlying CCDs. In essence, the MLP learns
to approximate PC�Y�i �y� via experience gained from analyz-
ing numerous examples. It has been shown that this type of
classifier can yield very good results in underwater target
classification19 as it is one of the best methods for approxi-
mating a high dimensional function.

Given the two class problem, the MLP has two output
nodes. The number of input nodes is the same as the number
components of the feature vector y. A single hidden layer is
used with the number of nodes selected to be twice the num-
ber of input nodes. The network is compactly expressed35 as

ck = U	�
j=0

2M

w̃kjV	�
i=0

M

wjiyi

 , �35�

where U and V are nonlinear mapping functions, w̃kj and wji

are network weights, yi is the ith component of the feature
vector, and ck is the kth component of the classification
vector. The weight matrices of the network are initialized
randomly at the start of training, and updated at each it-
eration so as to minimize the error on the training set.
Both mapping functions are selected to be the softmax
function,34 and the network is trained using the scaled
conjugate gradient method. Prior to training and testing,
all inputs to the network are z-scaled in the log domain.
The training is implemented in MATLAB �The Mathworks;
Natick, MA� using the NETLAB toolbox.36

V. RESULTS AND DISCUSSION

Classifier performance. The classifiers defined in Sec.

IV are now evaluated quantitatively on a set of test data
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mapped into each of the feature spaces defined in Sec. III.
The results are displayed as the absolute probability of error
as a function of the number of angles �or array elements� that
are combined in the classifier. Specifically, the number of
angles is equal to the number of array elements included in
order starting from element 1. So, for example, three angles
would correspond to using array elements 1, 2, and 3, and
four angles would correspond to using elements 1, 2, 3, and
4. The probability of error is computed according to

p�error� =
p�c�e� + p�e�c�

2
, �36�

where p�c �e� is the probability of classifying an euphausiid
as a copepod, and p�e �c� is the probability of classifying a
copepod as an euphausiid. Here, the fact that each class is
equally likely in this simulation has been used. A conse-
quence of the equal representation for each class is that a
system which randomly guesses the class would have a prob-
ability of error of 50%. Therefore, 50% probability of error
can be achieved with no effort, and any classification strat-
egy should have an error below 50%. The classification ex-
periment is performed both for the case where beam shape is
neglected from the simulation, and where the beam shape is
included. The results of the classification for both cases of
data are shown in Fig. 6.

The 1 and 2 MHz curves result from using the single
frequency feature space and the respective narrowband data.
The DCT and CM curves result from using the DCT and
frequency correlation feature spaces with the broadband
1–2 MHz LFM chirp data. The DCT�1�, DCT�2�, and
DCT�4� curves apply the DCT method outlined in Sec. III
with K=1, K=2, or K=4, respectively. Figure 6 illustrates
that there is a general trend of decreasing probability of error
as more angles are used in the classification. The amplitude
and frequency response of acoustic scatter from crustacean
zooplankton is directly related to the scatterer shape, size,
and orientation. The addition of more angles in the classifier
can be interpreted physically as observing the scatterer from
multiple views. The probability of error is reduced as more
angles are used in essence because there is less uncertainty
about the shape of the scatterer.

When only one angle is used, observing scatter over a
broad range of frequencies �1–2 MHz� reduces the probabil-
ity of error substantially over the single frequency case. This
is a consequence of the fact that single frequency scatter is
much more sensitive to scatterer orientation and size then
broadband scatter due to the effect of coherent interference at
a given frequency. As broadband data excites many frequen-
cies, it is far more robust to changes in scatterer shape and
orientation.

The effect of including beam shape on the probability of
error can be clearly seen by comparing the top and bottom
rows of Fig. 6. The effect is essentially to shift the curves
toward higher probability of error. This is a consequence of
the fact that the random position of the scatterer in the beam
adds another kind of noise to the data. However, it is possible
this that kind of noise can be corrected by exploiting the

angular diversity of the array to locate the scatterer in the
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beam, and correct for the beam shape. While not considered
in this paper, this process will be investigated in future work.

The frequency correlation feature space clearly outper-
forms all of the other feature spaces for both classifiers. This
is to be expected since it is the only feature space which
naturally combines the echoes at each angle when extracting
features. It may be inferred from the poor performance when
only a single angle is used that the variation in the echo as a
function of angle is most discriminant between the two
classes. The frequency correlation feature space efficiently
extracts this information from these data. The performance
�in terms of correct and misclassification� of each classifier
using all eight angles with, and without including beam
shape is displayed in Tables I and II. Interestingly, there is a
wide variation in the correct and misclassification results for
the different feature spaces. The improvement in classifica-
tion performance as additional angles, and as a result in-
creased array aperture, are used is a direct consequence of
having additional independent views of the scatterer. The
additional views reduce the uncertainty in the shape of the
scatter by way of the intimate link between scatterer shape,
and angularly varying scattering amplitude as defined in Eq
�2�. Since the two classes of scatterers have distinct shapes,
the reduced uncertainty in shape leads to improved classifi-
cation performance. In general, all of the feature spaces, and
classifiers have slightly higher accuracy for the copepod
class rather than the euphausiid class except for the fre-
quency correlation feature space which is inconsistent be-
tween the two classification algorithms. This is likely a con-
sequence of the large number of orientations for which
scattering from the euphausiid is very weak due to the elon-
gated body. There is also a systematic increase in probability
of error for the 2 MHz data over the 1 MHz data for both
classifiers. This is likely caused by a greater similarity in
scattering amplitude at 2 than 1 MHz between the two
classes. This could be caused by the fact that at 2 MHz, the
scattering is further into the geometric regime, and thus the
scattering amplitude is less sensitive to the scatter size. Fi-
nally, the best results, are misclassifications of 9.0% and
6.2% for the copepod and euphausiid, respectively. As a re-
sult, the total absolute probability of error is 7.6% in the best
case. This gives an improvement over random guessing of
84.8%.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, the use of multiple angle acoustic scatter to
discriminate between two classes of ecologically important
zooplankton has been explored using simulations. The re-
search is motivated by the current need for more descriptive
acoustic sensors for studying zooplankton in situ. Past work
in this area has been limited by the inherent ambiguity in
discrimination ability due to the sensitivity of acoustic scat-
tering to material properties and scatterer orientation. These
difficulties have been confirmed here where it has also been
shown that it is possible to use scatter measured over a mul-
tiplicity of angles to achieve a higher rate of correct classi-
fication. Using synthetic data, generated via the use of the

distorted wave Born approximation, two ecologically impor-
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tant classes of zooplankton—copepods and euphausiids—
were classified. The classification performance, measured in
terms of probability of error, is dramatically improved over
single angle observation methods via the use of additional
angles. This improvement is even more substantial when
broadband scatter is used.

The simulations performed here were geared toward a
practical system which could be deployed in the field. There-

FIG. 6. Comparison between the NN classifier and the MLP classifiers for th
spaces. The 1 and 2 MHz curves correspond to the single frequency based
method outlined in Sec. III with K=1, K=2, or K=4, bin indices included a
outlined in Sec. III.
fore, constraints were placed on the bandwidth of the trans-
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mit signal, and the angular distribution of the receivers in
this context. The length distributions for both classes were
chosen to be typical of those encountered in the Southern
California region.37,38 In order to understand the ramifica-
tions of the proposed method in the presence of noise, a
constant level of noise that resulted in an average SNR of
7 dB for the copepod and 15 dB for the euphausiid, or an
equivalent target strength of −110 dB, was used. This noise

e of no beam shape �a�, �b� and beam shape �c�, �d�, in six different feature
ure space. The DCT�1�, DCT�2�, and DCT�4� feature spaces use the DCT
h angle. The CM curves result from the frequency correlation feature space
e cas
feat

t eac
level is consistent with practical systems that have been used
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�

in the field.30,31 In addition, although a strong effort was
expended in order to make the work realistic, the perfor-
mance of a field system may be limited by issues that have
not been considered in this work. Specifically, the models
used here, while accurate for weak sound scattering, do not
include variability due to individual shape, or body pose.
Furthermore, uniform orientation distributions were used
here, where as in the field, the distributions may be different.
Given the promising results observed here, these additional
degrees of freedom certainly warrant further investigation
through more complex simulations, as well as observation of
live animals.

A curious, but potentially very helpful aspect of our re-
sult is that a one-dimensional array is capable of capturing
enough information from a random three-dimensional orien-
tation to yield good classification performance. It may there-
fore be that simple array geometries, which can dramatically
reduce the development and deployment cost associated with
such systems, constitute a pragmatic solution to the in situ
classification of zooplankton after all.
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TABLE I. The correct and misclassification probabilities for each classifier
when beam shape is excluded from the simulation.

Classifier

Copepod Euphausiid

Total
p �error� �%Correct �%� Mis �%� Correct �%� Mis �%�

NN/1 MHz 76.1 23.9 71.2 28.8 26.3
NN/2 MHz 74.1 25.9 64.6 35.4 30.6
NN/DCT �4� 87.5 12.5 85.4 14.6 13.5

NN/CM 90.8 9.2 87.0 13.0 11.1
MLP/1 MHz 76.3 23.7 70.4 29.6 26.6
MLP/2 MHz 70.3 29.7 66.1 33.9 31.8
MLP/DCT �4� 85.0 15.0 84.5 15.5 15.2

MLP/CM 91.0 9.0 93.8 6.2 7.6

TABLE II. The correct and misclassification probabilities for each classifier
when beam shape is included in the simulation.

Classifier

Copepod Euphausiid

Total
p �error� �%Correct �%� Mis �%� Correct �%� Mis �%�

NN/1 MHz 74.1 25.9 70.1 29.9 27.9
NN/2 MHz 67.8 32.2 60.2 39.8 36.0
NN/DCT �4� 83.5 16.5 82.3 17.7 17.1

NN/CM 85.8 14.2 81.5 18.5 16.3
MLP/1 MHz 75.8 24.5 74.2 25.8 25.0
MLP/2 MHz 69.9 30.1 63.1 36.9 33.5
MLP/DCT �4� 85.3 14.7 81.0 19.0 16.8

MLP/CM 91.2 8.8 90.7 9.3 9.0
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