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Abstract-Due to the complexity of underwater transients and
background interference, model based approaches to transient
detection/classification  are often not practical. This has
motivated an interest for data-driven, model-free methods. One
such method was presented in [2] and modified in [1], where it
was applied to the detection of underwater transients. In this
article, we will extend that approach, to allow its use in the more
demanding environment of a brown water environment, where
background noise is constituted by a multitude of different
interferences, nen-white, and highly non-stationary.. Also, the
assumption of linear separability amongst the transients and the
background noise in the time-frequency or related domains will
be discarded, leading to the use of an additional classifier stage.
A technique to minimize the number of prototypes on this
classifier will be presented. The developed methods are used to
detect and classify real underwater transients, recorded off the
Portuguese coast. Esiimation of the overall error rate of the
method is obtained using cross-validation with the available
data set, showing that these methods can effectively be used in
real environment situations.

I. INTRODUCTION

In [1], a time-frequency based, data driven method was used
to classify underwater acoustic transients. The method was
based in a proposal made in [2], where use is made of the fact
that any bilinear time and frequency shift covariant time-
frequency distribution p (¢, £) (this class of distributions is
usually referred to as Cohen's class) can be interpreted as the
result of "smoothing" the Wigner-Ville distribution (WD)
with a 2D kerne! function ¥ (¢, /) [3]. That is,

pstt fy= 0¥ (u-1,v- FYWDs(u,v) dudv,

where

M

Y, )= 98,0070+ gpqr. )
Each choice of the kernel ¢{#,7r) will originate a different

time-frequency distribution, to which we will refer as a
generalized time-frequency distribution.

The link between generalized time-frequency distributions
and optimal detectors comes from the fact that the Wigner-
Ville distribution obeys Moyal's formula [4]:
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1wD,, WD, 1) didf = l[ p(t)s (:)dx[ (3)
This means that we can implement the optimal quadratic
detector by computing the inner product of the WD of the
received signal with the WD of the prototype signal to be
detected. Since the WD is time/frequency shift covanant, a
time/frequency shifted WDp (r,/) is the WD of the

correspondingly timeffrequency shifted prototype. This
means that, under the assumption of stationary white noise,
the double convolution of the WD of a signal with a time-
frequency reversed WD of the prototype generates a set of
optimal quadratic detectors covering all points of the delay-
doppler space. Considering (1), we conclude that any
generalized time-frequency distribution can be interpreted as
a set of optimal quadratic detectors tailored to the particular
signal whose WD is the function Y (/,f) smoothing

WD(t, f), the WD of the received signal [2]. Since, by

construction, all delay-doppler space is searched, what we
have, in fact, 1s a scheme whose detection capability is delay-
doppler independent. This method has been applied to real
signals, collected in the controlled environment of an acoustic.
tank, with good results [1].

iI. COMPUTATIONAL COST

The computational cost to obtain the set of quadratic
detectors represented by p(f,f) is very high. The
straightforward approach to the method would imply -
compuiing the WD of the received signal, and then its
smoothing with the WD of the prototype. The number of
multiplications involved in such a direct implementation of
(1) is of the order N*. One possible approach to decrease the
computational cost of the method relies on the possibility of
computing directly the generalized time-frequency
distribution p ¢(z, f), avoiding the intermediate steps of
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evaluating the WD and applying the smoothing kemnel for the
desired distribution. Some of these generalized distributions
can be computed directly from the signal with reascnably low
computational costs. The Margenau-Hill distribution
MH (¢, ), for example, can be directly computed with a

total cost of approximately 2N*+NlogN, which is
considerably faster than obtaining it by using (1) with the
appropriate smoothing kernel.

However, in our application, we do not have the freedom to
choosc a particular distribution. To obtain the set of optimal
quadratic detectors for a given transient, ¥ (¢, /) in (1) must

be the WD of the transient to be detected. According to (2),
this uniquely determines the kernel function ¢(f,7) to be

used. Therefore, we will not be able to decrease the
computational effort by conveniently choosing the
distribution to be used. We can, however, approximate the
generalized distribution needed by a linear combination of
‘fastly computable distributions. If the npumber of basis
distributions necessary for an adequate approximation is
small enough, we may gain some benefits in the overall
computaticnal cost of the method.

Such a method was analyzed in [5], where generalized
distributions were implemented as linear combinations of
specirograms. Since specirograms are relatively fast to
compute, considerable computational gains can be obtained.
This depends, of course, on the number of spectrograms that
one must compute to build an acceptable approximation to
the desired generalized distribution.

All bilinear time-frequency distributions can be written as

*j2;r(|9r—rf+ﬁu)

T * T
peti, 1=10 s(u+;)s (u-?qj(e,r)e dudé dr,

from where we easily obtain

(4

A(t,7) being the inverse Fourier Transform of the kernel
function wrt 8,

pet, )= s+ %)s*(u - %) AGt— 1,00 42y gr

Atr,r) = [4(0,0)ed 20 4g.
For real valued time-frequency distributions,

$0,0)=¢ (8.-1)

&)

and then

*
A(f,T) = A (I,*T).
Hence, under very mild conditions, A(t,1)

decomposed into an orthonormal basis of eigenfunctions u P

can be

corresponding to real eigenvalues Ay 5 as follows (see [5] for
details):
T =*x T
A(!,r):)l:{)ukuk(m E)H k(t—;}. (6)
Substituting (6) in {4), we conclude that
o5t )= 1 4 [ s(@u’ £ e 72

This means that real valued generalized distributions can be
decomposced into a sum of spectrograms.
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This decomposition can really decrease the computational
cost, depending on how fast the eigenvalues ﬂ'k decrease

and, therefore, on how many spectrograms are needed to
maintain a reasonable degree of approximation. This also
depends on the particular generalized time-frequency
distribution and, consequently, on the transients to be
detected.

In this article, we will be classifying two different transients,
recorded on shallow waters in a brown water environment,
where background noise is constituted by a multitude of
interfering man-made noises, non-white, and highly non-
stationary. One of the transients (try) ts the sound produced
by hitting a metallic tube with a metallic hammer, and the
other one (tr;) was produced with the same tube being hit
with a rubber hammer. Using a simple perceptron, trained
with Rosemblat's algorithm {see e.g. [6), for details on the
perceptron concept, design and training), we obtained the
A(t,7) corresponding to one of the transients (hit with the
metallic hammer). Its first 60 eigenvalues can be seen in Fig.
1,

)
.
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Fig. 1  First 60 eigenvalues of tr,.

As can be seen, there is not a small number of dominant
etgenvalues. This means that, to approximate the generalized
time frequency distribution corresponding to this transient,
we would need a large number of periodograms, and ne
computational savings could be obtained. The same can be
said for tr,.

We thus conclude that, in the particular case of the transients
considered in this article, no computational savings will be
obtained by this technique of decomposition in periodograms.
As an alternative, we can decrease the computational effort of
the procedure by working in the ambiguity plane. The
ambiguity plane is the double inverse Fourier Transform of
the time-frequency plane. This means that, in this domain, the
convolution in {l) can be implemented with a cost of
4N’logN+N* multiplications, corresponding to the direct and
inverse 2D FFT’s, plus N” multiplications.

The full procedure to implement the set of quadratic detectors
in (1) thus becomes:
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Compute the Ambiguity function A{f.,t)of the
received  signal N*+NlogN
multiplications}:

(approximately

A(e ,T): [S(I+ %)S*([A %)ejzﬁefdr;

Multiply A4(8.,7) by the (pre-computed) ambiguity
domain kemel ¢ (8,1) corresponding to the particular
transient to de detected
multiplications);

Take the 2D IFFT to transform back from the
ambiguity domain to the time-frequency domain
(approximately 2N*logN multiplications);

2n B+t
ptr )= 11 40,00’ O sy
In general, and unless the particular transients to be detected

admit a decomposition in a small number of periodograms,
this is the best approach frem a computational viewpoint.

(approximately N°

1IL. NEAREST NEIGHBOR CLASSIFICATION

In cases where there is very little information about the
probability distribution of the data, and when that data is
highly irregular, non-parametric classification techniques
tend to outperform parametric ones [7). The most popular
technique for non-parametric classification is probably the
nearest neighbor rule ([8], [9]) and it’s derivates. To use a
nearest neighbor classifier, one must have a set of daa
patterns for which the class, or label, is known. This set is
called the training set, and in a nearest neighbor classifier the
entire set 15 stored without any processing. These stored
paiterns are sometimes called prototypes. When the system is
called upon to classify a new data pattern, the distance to all
stored patterns is calculated, and the new pattern is assigned
the same label as it’s nearest neighbor.

With the ever growing memory and processing power of
computers, nearest neighbor classifier have become more
atracticve, and a great deal of research on this area has been
made [10], [11]. The basic concept of nearest neighbor
classifiers has been used in a variety of different areas with
many different names, such as lazy leamning or memory-
based systems [12].

One of the main advantages of the nearest neighbor rule
is it’s theoretical soundness and the fact that asymptotically,
as the number of training patterns grows, the expected error
rate will converge to less the twice the optimum bayes error
({91, [13]). Even when using finite training sets, it has been
proved that the expected error is very close to that value [14].
However there are a few major drawbacks in using nearest
neighbor classifiers:

a) Memory requirements are very large, since the entire

training set must be stored;
Processing requirements during classification are
very demanding, since the similarity between the
new data pattern and all stored patterns must be
computed;

c) The classifier is quite sensitive to outliers.

Many improvements have been proposed to address these
shortcomings, and they can broadly be summarized into data

b)

14

editing techniques that aim at eliminating outliers, and data
condensing techniques, aiming to decrease the number of
stored patterns.  In this paper, we will present a data
condensing technique, called Q-set minimization [15], which
can be used to select a reduced set of pattems to form a
simple, yet efficient, nearest neighbor classifier.

IV. Q-SET MINIMIZATION

Q-set minimization can be done using what are called
positive-only functions, or generalized functions. In this
paper we will use the simpler positive-only functions. The
positive-only Q-set algorithm may be summarized as follows:

Algorithm 1 - Computing Positive-only Q-
sets ‘

Let
Xin be the set of training palterns x
P bethe set of candidate prototypes p
Q@ be a vector with the Q-sets of each pattern,
“initialized to &
Pses be the set of indexes of the selected
prototypes | ¥'| be the cardinality of some set
Y
Do
1 Fori=1to [Xiamn|
BEGIN
2 For =1 to |P}
BEGIN
3 Calculate the similarity s(x;p;)
END :
4 Find the largest value v of s(x;p;), for which the
class of p;is different from that of x.
5 For each s{x;p;), add index j to Q(x;) if s(x;p;)>v
END
6 LetPsy=0
7 Find all @) that have a single element. Add that
element to P, , and remove it from P.
8 For all components of Q, remove them if they have
any element that is also in Pser
9  While there are any components remaining in Q do
BEGIN -
10 For all elements of P, calculate how many times
they appear in Q
" Find the most occurring element, add it o Pgey,
and remove it from P.
12 For all components of @, remove them if they

have any element that is also in Pse
END

Despite it’s apparent complexity, this procedure is only O( |P)
x|X1 %), and relies on two phases: calculating the Q-set {steps
1 to 5), and selecting the prototypes (steps 6-12). The Q-sets
are simply a list of all prototypes in the same class as the
given data pattern, and are closer than any prototype within a
different class. The process of selecting the prototypes 1s
simply a heuristic to solve a set covering problem.

V. CLASSIFYING THE DATA
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While Q-set minimization is more useful for high dimension
problems, using a two dimensional one has the advantage of
allowing us to visvalize what is happening. In our case, we
have a two dimensional problem. For each recording, we
obtained a detection statistic by choosing the maximum of the

set of quadratic detectors pgy(f, f)on the time-frequency

plane, for both the metallic and the rubber hammer cases.
This provided two values, for each recording. We can thus
" .graphically represent our data as seen in Fig.2.
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If we apply the Q-set minimization, we will be able to use
only an average of 44.4 + 3.7 prototypes, and still obtain an
error rate of 22.9%. This error rate is slightly better than the
full nearest neighbor classifiers because, as discussed in [15],
the simpler model will more likely have better generalization
capabilities.

By applying the data editing technique described originally in
[16] with a neighborhood of 3, we will remove 39 data
patterns from the original set. If we now use the same leave-
one-out technique to design the classifiers but use all the
available data (including that removed by the editing process)
for calculating the error rate, we will obtain an error rate of
17.4% * 1.7 with the nearest neighbor classifier (using 108
prototypes). Using the Q-set minimization, we will obtain an
error rate of 15.5% * 1.5, using only 10.8 + 1.1 prototypes.
These values are summarized in the following table:

Fig. 2 - 2D signature of collected data

A strong overlap betwcen the three classes clearly exists

when the detectors yield low values, so a data editing

technique is advisable. A commonly used data editing

Technique Error rate | N. of prototypes
Nearest Neighbors 236 147

Q-set minimization 22.9 44,4 3.7
Edited Nearest Neighbors 174+1.7 108

Edited (Q-set minimization | 10.8+1.1 108+1.1

technique, originally proposed in [16], consists of removing
from the data set any pattern for which the majority of it’s #
nearest neighbors belong to a different class. This wili
sharply reduce the number of outlier prototypes, and remove
data patterns from areas where another class has greater
probability density.

The error rate on the training set using nearest neighbors

is always zero, but we can have an estimate of the true error
by using a leave-one-out cross validation [17]. For cross
validation, one must djvide the available data into a training
set, that is used to design the classifier, and a separate test set,
that will be used to estimate the error. When using the leave-
one-out technique, only one pattern is removed to serve as
test set in each experiment. We thus will have as many
experiments as data patterns available.
When using leave one out cross validation, an error rate of
23.6.% (35 errors) was obtained, using 147 prototypes. Since,
for each run, this technique will yield only a 0% or 100%
error (only one test pattern is used each time), it does not
make sense to assign a variance to this estimated error rate.
The results can be seen in the following table
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As an example, we present in Fig. 3 the decision boundaries
obtained with one of the Edited Q-set minimizations.

VI. CONCLUSIONS

Model free, data driven methods are a workable approach to
detection of underwater transients. The use of a time-
frequency setup provides a useful covariance to doppler and
delay shifts. However, the computational effort of the method
is still considerably high. Kemel decomposition technigues
do not seem to alleviate the problem, due to the fact that the
kemnel is data dependent. The linear separability assumption
between transients does not hold even approximately, for the
transients and background considered in this article. This
forces the use of an additional classifier stage, where some
care must again be taken, namely to alleviate the
computational burden of working with too many prototypes.
A technique to reduce the number of prototypes has been
presented, and shown to be effective. By using this technique
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Fig. 3 - Edited Q-set minimization

(Q-set minimizaticn), we are able to design a simple nearest
neighbor based classifier that uses only 11 prototypes to
classify the recordings into one of 3 classes, instead of the
147 original prototypes.
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