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ABSTRACT

Automatic recognition of an acoustic signature in underwater environments is an important and active field with
multiple applications, one of which is vessel recognition. When a vessel moves through the sea, its engine and the
cavitation generated by its propellers produce an acoustic wave of unique characteristics that allow for its individual
identification. The problem of identification involves several variables, such as ambient noise, biological noise, and even
noise produced by its own machinery, which means that the signal produced, is complex to treat. This paper presents a
method based on Fourier transform and digital signal processing to extract a set of features allowing for automatic ship
classification (by type). Computational intelligence techniques such as Artificial Neural Networks (ANNs) and Support
Vector Machines (SVMs) are used for the classification stage. Results showed that the vessel recognition system has

accuracy close to 92%.
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INTRODUCTION

Underwater acoustic signal identification is an
important field in areas dealing with coastline
surveillance, security in the seas, war strategies and
tactics, among others. Acoustic signals produced by a ship
are caused mainly by its machinery and the cavitation
produced by the propellers, combined with the marine
environment, which can include noise from other ships,
biological noise such as that produced by dolphins and
whales, and even rainfall. Such signals, however, are
unique for each type of vessel, and therefore can be used
for identification and tracking purposes.

Underwater acoustic signals are detected,
recorded and classified by using sonars, which are an
important military tool that helps determine if a ship is a
friend or enemy. The task of ship classification by sonar is
sometimes carried out by a sonar operator that must
perform a series of analysis; therefore, the necessary time
for vessel recognition increases considerably and depends
on operators' skills.

Recent works aimed at developing automatic
identification systems of acoustic signals approach the
issue as a stationary process, given its variability and short
duration [1-3].

Initially, techniques used for automatic ship
detection have been based on the extraction of features in
the frequency domain by using Fourier fast transform
(FFT) [4-10]. An example of this is found in [4], where an
omnidirectional hydrophone is used; the power spectral
density is extracted from the signal, and the information is
used to train a feed forward neural network. Similarly, in
[8] sonar information is processed by extracting the
amplitude spectrum and transforming it by means of
principal component analysis. The objective is to separate

the sets or types of ships to be classified, and such
information is used as input for a neural network serving
as non-linear classifier. With a similar approach, [9]
proposes a process that uses neural networks with
supervised and unsupervised learning, comparing their
performance given the same spectral information as input.
Other works make use of an auto-regressive model. In
[11], spectral information is used to build an ARMA (Auto
Regressive Moving Average) model. In [12], an
autoregressive model is created, from which the poles are
extracted periodically, in order to differentiate the source
emitting the noise signal to finally classify the different
signals by means of statistical classifiers.

Given the results of the application of Fourier
transform, interest has broadened to include Wavelet
transform [7]. In [7], two pre-processing algorithms are
used: the first one, known as Two-Pass Split-Window
(TPSW), separates the windows in two steps, extracting
information about mean power spectral density from input
data; the second one uses Wavelet transform with the same
data. For the classification stage, four different classifiers
are used, so that a comparative analysis among them is
carried out.

Neural networks have a particular and special
place in the classifying stage in many of the proposed
strategies [8-10], [13-15]. In [15] a Kohonen neural
network was used with smoothed spectral data and the
differences between components of k order as input. Other
works with neural networks include [16-19].

Different approaches can be found in [20], which
uses fractal techniques for acoustic signature identification
and classification.

Two different schemes for the identification of
acoustic signatures are addressed in [21]; in both, feature
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extraction is carried out by using Mel-frequency cepstral
coefficients and Linear Predictive Coding (LPC) derived
from cepstral coefficients, which have been broadly used
for speech recognition. In [22], a robust algorithm is
presented to detect the arrival of certain types of boats
when there is background noise. The algorithm performs
an analysis of the acoustic signature against an existing
database of acoustic signals recorded and processed. In
[23], the problem of noise in acoustic signals is analyzed,
not from the statistical viewpoint, as static noise (white
noise), but from the viewpoint of fractal analysis.

This article presents an underwater acoustic
signal classifier that allows for the automatic identification
of vessel types. Two classifiers were implemented to carry
out the classification of the acoustic signal emitted by
vessels: a back propagation neural network and a Support
Vector Machine. The main feature of the method proposed
in this paper, that makes it different from others found in
the literature, is the processing and extraction of
information from the signal. Information extraction for
signal processing is based on processing techniques
involving spectral analysis, Gaussian windowing,
estimation and reduction of the noise contained in the
signal by using Fourier transform.

METHODOLOGY

The stages of the proposed method include a
processing stage, followed by a feature extraction stage,
and finally vessel classification. The procedure is shown in
Figure-1.

Sound & Signal Feature Recognition!] Vessel
recording| | processing extraction | algorithm | | type

Figure-1. Block diagram of the system identification.

Signal pre-processing

The use of Fourier discrete transform to analyze
the noise signal coming from a vessel is inadequate due to
the complexity of the signal. When dealing with a signal
of finite length, the output spectrum shows spurious
frequency bands around the fundamental frequency
hindering differentiation. Therefore, it is useful to
determine the instant frequencies of the signal at different
points in time, providing a dynamic understanding of
signal features regardless of its length in time [6].

The signal must be split into smaller samples in
order to carry out proper frequency analysis. One option is
to multiply the signal through a straight pulse; the
equivalence on frequency of this pulse signal, however,
gives as a result a Sine function capable of adding
detrimental information to the spectrum.

This work proposes the use of a windowing of the
—(x-b)?
formf(x) = ae ¢ , for any real constanta > 0,b,c.
Ifc? = 2the result of the function is an eigenvalue of
Fourier transform, that is, the result of Fourier transform
of a signal multiplied by a Gaussian window is another
function multiple of the original signal.

Feature extraction

In order to extract the relevant features of the
processed signal, three methods have been applied: peak
detection, energy analysis, and smoothed signal analysis.
The feature vector is formed by the value of the highest
peak of the original signal, with eight energy values
corresponding to the energy of the first eight 500-Hz
segments and the central frequency of the smoothed signal
(see Figure-2).

Original signal Smooth
' ’ signal
i ———.  ——— "
Max Central
Peak | Frequency

Energy values
Figure-2. Signal features vector.

a) Peak detection

Peaks provide information on the signal's
topological features and indicate special behaviors in the
phenomenon they represent; for instance, depending on
the scenario, they can represent highest demand,
bandwidth increase, price increase, consumption increase,
among others. In this context, a peak is defined as high
values with a strong tendency rapidly followed by strong
drops, generating a narrow base [24]. Algorithms for peak
detection have been developed in different areas:
bioinformatics,  spectrometry,  astrophysics, image
processing, among others. In this work, we follow the
procedure described in [24] for peak detection.

Let T = x4, x5, ..., xybe an univariate, uniformly-
sampled signal containing N values, and x; be the i-th
value of T; an S function, or peak function, is estimated,
which associates a positive S(i,x;, T) value to the i-th
value of T. Thus, point x; is a peak if S(i,x;, T) = B,
where [ is a predefined threshold. Where S is defined as
follows:

K K s
(xi ]_1sz ]>+<xi 1—1}:1*‘1)
S(k, i,xi,T) =

2

ey

where k is a positive integer that determines the size of the
neighborhood of points coming before and after each x;
value.
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b) Energy analysis

Energy estimation for short segments is a simple
and effective classification parameter for acoustic signals
with or without voices [25]. In general, energy estimation
is defined as the sum of the squares of the amplitudes
froma segment. In order to characterize the acoustic
signal, and since most of the information is found in the
band of lower frequencies at 4 kHz, the spectrum was
divided into eight 500-Hz segments. In this way, the
energy of each individual segment is calculated to form a
vector which is a discrete representation of the signal
frequency information and comprises a set of individual
features.

For a discrete signal with N samples T(N), the
energy of short segments measured at point n may be
identified in three ways [26], [27]:

E =3 T@)? )
E =3¥N . logT(i)? 3)
E =XLITO)| “)

In this work, the traditional definition established
by equation (2) was adopted.

¢) Smoothing

Smoothing allows obtaining an approximate
representation that keeps the general structure and the
main features of the original signal as well as the tendency
and the cyclical components while avoiding random
variations. In general, taxonomy of smoothing methods
comprises two groups: average methods and exponential
methods. The drawback of average-based methods in
general is assuming that there is no tendency in the data.
Because of this, in this work, the exponential method to
smooth the original signal was used, defined in this way:

Ripr = ax; + (1 — a)s; &)

where, X;is the smoothed value, « is the smoothing
constant 0 < a < 1, the value x; is the i-th value of the
data set and s; the last smoothed value.

Once the smoothed version is obtained, a single
value is adopted, corresponding to the maximum point of
the smoothed function which coincides with the central
frequency of the spectrum.

Classification algorithm

Once pre-processing is done and after extracting
the features, they are entered into a classifier, which will
allow identifying the type of vessel. Classification

techniques shall be robust regarding the presence of
ambient noise, the noise introduced by the capturing
device, the capturing depth of the signal, water
temperature changes and the noise produced by biological
organisms, among others.

In this work, classification techniques have been
selected by means of Artificial Neural Networks (ANN)
and Support Vector Machines (SVM). These techniques
allow classifying non-linear and noisy data.

Back propagation artificial neural network

Neural networks with backward propagation or
back propagation use hyperplanes for complex region
separation in the n-dimensional space, by assigning each
input pattern to a determined region. For a three-layer
perceptron, the input units distribute the inputs to the
hidden layer units. Theequationsthat describe this
distribution are:

Xpj = Zﬁ\gl Wi X; (6)
Ynj = f(xns) (7
Xok = Z?Zl Wi jXhj (3
Yok = f(xok) 9

Where x; is the value of the i-th input unit, wy is the
associated weight between the j-th hidden neuron and the
i-th input unit. Ny is the total number of inputs, x;; is the
total input to the j-th hidden neuron, f ((-))is the
transference function, y,; is the output value of the j-th
hidden neuron, w; is the associated weight between the k-
th output neuron and the j-#h hidden neuron. N is the total
number of hidden neurons, x,; is the total input at the k-th
output neuron, and y,; is the output value of the k-th output
neuron. Typically, the transition function is a sigmoid
function, which can be unipolar and continuous (see
Equation 10) or bipolar continuous (see Equation 11).

1

flx) = Tro® (10)
1-e™*
f(x) = m (1 ])
The total network error, denoted by E, is defined
as:
1oNe ©N 2
E =30 ks Vore = tiee) (12)

where y, . is the current value of the k-th output neuron for
the c-th input pattern, #;. is the desired value of the k-th
output neuron for the c-th input pattern, N, is the total
number of output neurons, N, is the total number of input
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patterns. To minimize the error E regarding the weights,
the gradient descent method is applied, the weights are
updated according to:

N OE

Aij(S + 1) = —T] Zczlaij + BAWRJ(S) (13)
N, OE

Awji(s +1) = -7 ZC=1Wﬁ + BAw;;(s) (14)

22 = Gor = Yok (1 = Yor)Vns (15)

owey Yok kJ)YVok Yok)Ynj

wheres represents the current iteration of the evaluation
and s + 1 is the following iteration of the evaluation, 7 is
the learning rate, and £ is the moment factor.

Support vector machine classifier

Support Vector Machines are used for
classification and regression. SVMs use machine learning
theories to maximize the prediction accuracy while
avoiding data overfitting.

Let us consider a linearly separable training data
set, composed by N vectors called patterns, of the type

(xltyl)r (x2'y2)r e (eryN)Where x; € R™i =
1,...,1. Each scalar y; € {+1,—1}. Since it is a
separable problem, there is a hyperplane defined by its
vector. An SVM is a binary classifier that assigns a y; tag
to the X input vector of each class. The main idea of
SVMs is to build a decision hyperplane between two

linearly-separable classes and to maximize the distance
interval between the two classes (see Figure-3).

SupportVectors [l @

4L 4
\ Class 1
\
\ - [
=
Class 2 \ o
o
\
® o Wix+b=1
@ p \
® ° @ N
\
¢ g0 o ,
WTx+b=—-1 WT”";O
AN

Figure-3. SVM classification scheme, H is the
classification hyperplane, W is the normal vector to the

hyperplane, m is the minimum distance between positive
and negative hyperplanes.

model of the

e . 2 . .. 2
classification hyperplane m = T 15 to maximize Tl Ina

mathematical sense, this is equivalent to minimizing

The mathematical given

1 . . . .
> |lw||? and is convenient from a computational standpoint.

To this end, Lagrange multipliers are used, in such a way
that a Lagrangian function L(a) must be built (see
equation 16).

- 1
L(a) =X a0 — > =1 Xj=1 a;a;y;y;(x - x;) (16)

Finally, W can be calculated by using the terms
a, w= Yy ayx;, with b = _71W' [X, + X,], where X,
and X, are a pair of support vectors, one of each class.

Ideally, the model should produce a hyperplane
that separates completely the data from the classes,
grouped in two categories. However, a separation that
completely meets these criteria does not always happen. If
it does, the model cannot be generalized to other data and
will correspond to overfitting. Thus, the model includes
the parameter C which controls the compensation between
training errors and rigid margins, which creates a soft
margin that admits some classification errors. The problem
of the classification hyperplane is reformulated in the
following way:

min {%W W+cdi, fi};
subject to y;(wTx; + b) = 1 —&;; (17)
i=1,...n&§=20i=1,...,n

If the data from the classes do not allow to do a
linear separation in the input space, we consider the input
vector mapping x in a greater dimension space R™, called
feature spaceT, that is provided with a scalar product and
which allows to do a linear separation in R™; but it
represents a non-linear hyperplane R"™, by using the
Lagrange multipliers we have

L@ =X a;— %Z?ﬂ Yo @Yy (Q)(Xi) : ®(Xj)) (18)

The calculation of B(x;) - D(x;) is
computationally expensive because m is much greater than
n. The solution is to use the kernel functions, which cause
that the scalar product appears in the space of features T
but by making the calculation in the input space, which
causes that it is not necessary to know
@ (x;)sincek (x; x;) = @(x;) - @(x;). Therefore, L(a)is
defined as:

L(a) =%, a; - %Z?=1 Yoy iy yiK (x; - x;) (19)

The most common Kernel functions are:
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K(xi,xj) = (xi . x]) (20)
K(x;,xj) = [(x; %)) + c] (1)
K(x, %) = ookl 22)
K(xi,%;) = tanh(b(x; - x;) + ¢) (23)
RESULTS

The tests were performed in a PC with an Intel
Core i7 2.2 GHZ processor and 8GB RAM memory. The
test applications were developed in MATLAB 7.0. A
neural network with the features shown in Table 1 was
built; these features were obtained after having tested
different settings based on the number of samples and the
components of these samples. An average time of 47
seconds for training the network and an average time of 1
second for signature recognition was used.

Signal pre-processing

Figure-4(a) presents an example of an analyzed
spectrum and the result of the smoothing stage. Figure-
4(b) shows the estimated energy in each one of the 8 bands
that subdivide the original signal and Figure 4(c) presents

3000
I Central Frequency
2000+ || Smoothing Frequency

1000- .
0

Energy

1 2

()

Figure-4. (a) Signal spectrum, (b) Higher power spectral
density frequency peaks and (c) Central frequency and
smoothed average frequency.

The method was tested with a data set of 110
samples coming from 2 types of vessels and a data set of
biological noises, distributed in the following way: 42
samples from go-fast boats, 26 from merchant vessels and
42 from biological noise. With the above samples, the
average success percentage attained was 92%. Table-2
shows the success percentages for each sample subset.

Table-1. Building neural network configurations.

the central frequency and the smoothed average frequency. Feature Value
Number of layers 2
E . — gﬁ,ﬁiﬁﬁg Neurons in layer 1 20
é Neurons in layer 2 30
< 20 Number of inputs 10
- Layer 1 activation function tansig
‘ Layer 1 activation function tansig
00_%000 1500 2000 2500 3000 3500 4000 Learning algorithm TRAINLM
Frequency Number of classes to identify 4
(2) Number of training patterns 97
15000 B Energy Number of test patterns 33
By 10000
) Table-2. Precision percentage during recognition.
5 5000
§ % accuracy
12 3 4 5 6 7 8 Source Samples | RNA | SVM
Band number Biologic (Dolphins) 42 90 90
(b) Merchant 26 92 92
Go-fast boat 42 81 71
Total 110 87 84
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CONCLUSIONS

This work describes a method for acoustic
signature recognition of marine vessels. It was shown that
the combined use of Fourier transform with neural
networks and support vector machines attains an accuracy
percentage of 92%. Results showed that with the
computational implementation of the proposed method the
recognition of a vessel from its acoustic signature takes
one second approximately, which constitutes a great
improvement over the time used by a human worker
(around one minute).

As future work, we plan to perform the
development of a system that combines different
classifiers and learning techniques, to increase recognition
accuracy.
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