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ABSTRACT

CLASSIFICATION OF VESSEL ACOUSTIC
SIGNATURES USING NON-LINEAR SCATTERING
BASED FEATURE EXTRACTION

Gokmen Can
M.S. in Electrical and Electronics Engineering
Advisor: A. Enis Cetin
September 2016

This thesis proposes a vessel recognition and classification system based on acous-
tic signatures. Conventionally, acoustic sounds are recognized by sonar operators
who listen to audio signals received by ship sonars. The aim of this work is
to replace this conventional human-based recognition system with an automatic
feature-based classification system. Therefore, it can be regarded reasonable to
adopt the speech recognition algorithms in classification of underwater acoustic
signal recognition (UASR). The most widely used feature extraction methods
of speech recognition are Linear Predictive Coding (LPC) and Mel Frequency
Cepstral Coefficients (MFCC) and they are also used in UASR. In addition, the
Scattering transform is used to obtain filter bank instead of mel-scale filter bank
in MFCC algorithm. The scattering cascade decomposes an input signal into its
wavelet modulus coefficients and various non-linearities are used between wavelet
stages. The new proposed method is labeled as Scattering Transform Cepstral
Coefficients (STCC). Sensitivity of human hearing system is not the same in all
frequency bands and mel-scale filter bank in MFCC is more sensitive to small
changes in low frequencies than high frequencies. Therefore, number of DWT
decomposition levels is increased in low frequencies to determine accurate repre-
sentation and experimental results shows that non-uniform filter banks provide
better success rates. Non-linear Teager energy and hyperbolic tangent operators
are used to increase the performance of classification in proposed features ex-
traction methods. Non-linear operators and scattering transforms are used for
the first time in UASR to identify the acoustic sounds of the platforms. Teager
Energy Operator (TEQO) estimates the true energy of the source of a resonance
signal. TEO based MFCC, being more robust in noisy conditions than conven-
tional MFCC, provides a better estimation of the platform energy. Although

il



v

TEO has positive effect on MFCC, it decreases the performance of STCC. Differ-
ent non-linear tanh operator is also applied to LPC, MFCC and STCC algorithms
and experimental results show that tanh operator increases the performance of
the classification in all feature extraction methods. This analysis and implemen-
tation was carried out with datasets of 24 different vessel signals recordings that
belong to 10 separate classes of vessels. Artificial Neural Networks (ANN) and
Support Vector Machines (SVM) are used as classifiers. Performance of the pro-
posed methods is compared and experimental results demonstrate that STCC
have the best performance and tanh based STCC achieves highest success rate

with 98.50% accuracy in classification of vessel sounds.

Keywords: Vessel Recognition, LPC, MFCC, Wavelet Filter Bank, Teager Energy

Operator, Scattering Transform.



OZET

DOGRUSAL OLMAYAN SACILMA TEMELLI
OZNITELIK CIKARMA KULLANARAK GEMILERIN
AKUSTIK IZLERININ SINIFLANDIRILMASI

Gokmen Can
Elektrik Elektronik Miihendisligi, Yiiksek Lisans
Tez Damigmani: A. Enis Cetin
Eylil 2016

Bu tez gemilerin akustik izlerine dayanan gemi tanima ve simiflandirma sistemi
onermektedir. Sonar operatorlerin, gemi sonarlar1 tarafindan algilanan akustik
sesleri dinleyerek geleneksel yontemlerle tanima yapmaktadir. Bu caligmanin
amacl, insana dayanan tanima sistemini otomatik bilgisayar tabanlh siniflandirma
sistemi ile degigtirmektir. Bundan dolayi, konugma tanima algoritmalarindaki
oznitelik vektorleri sualt1 akustik sinyallerin taninmasinda da (UASR) kabul et-
mek mantikli bir diigiince olacaktir. Konugma tanimada en yaygin kullanilan
oznitelik vektor gikarma algoritmalari Dogrusal Kestirimei Kodlama (LPC) ve
Mel Frekans Kepstral katsayilaridir (MFCC) ve ayrica bu iki metot UASR’de
de kullanmilmigtir. Ek olarak, siizge¢ bankasini elde etmek i¢cin MFCC algo-
ritmasinda bulunan mel 6lgekli siizge¢ bankasi yerine Sac¢ilma dontigiimii kul-
lanilmigtir. Sacgilma, sinyali ardi ardina aralarinda dogrusal olmayan operatorlerin
bulundugu dalgacik doniigsiimleriyle bolmiis ve dalgacik katsayilarini elde etmistir.
Onerilen yeni metod Sacilma Déniisiimii Kepstral katsayilar: (STCC) olarak
isimlendirilmistir. Insanin duyma hassasiyeti biitiin frekans bantlarmmda aymni
degildir ve MFCC diigiik frekanslardaki degisimlere yiiksek frekansa gore daha
hassastir. Bu nedenle daha dogru bir gosterim yapabilmek i¢in diigiik frekanslarda
DWT saymm arttirarak daha ¢ok boliinme iglemi yapilmistir ve deneysel sonuclar
gostermistir ki esdagilim yapmayan stizge¢ bankasi daha iyi bagar1 gostermistir.
Onerilen 6znitelik cikarma metodlarinda simflandirma performansini arttirmak
icin farkli dogrusal olmayan operatorler kullanilmigtir. Dogrusal olmayan op-
eratorler ve sagilma dontigiimiiniin uygulanmasi akustik giiriiltii tireten platform-
lar1 tamimada ilk kez kullanilacaktir. Teager enerji operatorii (TEO) bulunan
MFCC’nin gitriltiilii ortamlara daha dayanikli oldugu ve platformlarin enerji-
lerinin daha iyi tahmin edilmesini sagladigi goriilmiigtiir. TEOnun MFCC’de
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positif etkisi olmasina ragmen STCC’de performansi diigiirmiigtiir. Ayrica farkh
bir dogrusal olmayan tanh operatorii LPC, MFCC ve STCC’ye uygulanmig ve
deneysel sonuclar bu operatoriin biittin 6znitelik ¢ikarma metodlarinda perfor-
mans1 arttirdigi gosterilmistir. Analiz ve uygulama 10 farkh sinifa ait 24 farkh
gemi sesi kaydinin oldugu veri kiimesi ile yiirtitiilmustiir. Simiflandirici olarak Ya-
pay Sinir Ag1 (YSA) ve Destekei Vektor Makinas: (DVM) kullamlmistir. Onerilen
metotlarin performanslar: karsilagtirilmigtir ve deneysel sonuglar STCC'nin en
iyi siniflandirma performansina sahip oldugu kanitlanmistir ve tanh uygulanan
STCC’nin gemi seslerini siiflandirmada %98,50 dogruluk ile en yiiksek orani

bagarmigtir.

Anahtar sozcikler: Gemi Tanima, LPC, MFCC, Wavelet siizge¢ Bankasi, Teager
Energy Operatorii.
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Chapter 1

Introduction

Detection, classification and tracking of vessels are very significant for underwater
surveillance system and improving coast and off-shore security. Passive underwa-
ter acoustic sensors are used to detect vessels noise and gather data. Vessel noise

is an acoustic signature and it can be used for vessel detection and classification.

Underwater acoustic signal detection methods are based on sounds produced
by moving vessels. The main sources of vessel noise are propellers and engine
mechanisms (blades, rotation and propeller radiated pressure). Passive acoustic
methods have been used in submarines for years, and they were published after
World War IT [3] [4]. There is also environmental noise such as the noise generated

by waves, wind, rainfall, etc.

Every person has a unique voice and the characteristic of this voice is used
for speaker identification in speech recognition. Similarly, every ship also has a
different noise source combination (number of blades, rotational speed and pro-
peller radiated pressure etc.).This combination creates a unique signature sound
for every vessel. This uniqueness can be considered as an acoustic signature for
vessels. As a result, automatic speaker recognition (ASR) and classification al-

gorithms developed in speech recognition can be used for Underwater Acoustic



Signal Recognition (UASR) to identify platforms based on their acoustic signa-

tures.

At the top level, there are two main modules which are feature extraction and
feature matching in all signal classification systems. First step feature extraction
is a process which extracts a small amount of data from acoustic signatures. These
feature extractions will be used for representation of each object. Second step is a
feature matching process which identity the unknown objects feature parameters
from input sound using the set of known extracted features in database. Main

parts of acoustic signatures classification system is basically given in Figure 1.1

[1].

Mo g i i

CLASSIFICATION SYSTEM (8

Hydroaeoustics
.'ijgmrrlrrrn

DIGITAL
MEASURING
SYSTEM

F[nfmp{lmw i

Figure 1.1: Main components of the classification system [1].

Feature extraction is the most important and difficult part for classification.
Because feature extraction process will be unique for a given source of sound
or acoustic signature and this process will not change independently with exter-
nal noise. Also, for successful classification, classification system should not be
complex and operate real time. Therefore, feature extraction part is the most

essential part of the quality of the success.

Conventionally, classification of vessel signatures is carried out by an experi-
enced submarine sonar operator who listens to the acoustic noise coming from the
ship sonars. It is evident that it would be more feasible to develop a computer

based vessel signature recognition system using ASR methods. Therefore, widely
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used speech recognition methods are used for feature extraction in our work and
it is shown that these methods can be easily be adapted to classification of vessel

noise with good success rate [5].

Different Speech Recognition methods are used for extraction feature vectors in
UASR and this article starts to examine Linear Predictive Coding (LPC) method
for features. LPC is a signal source modeling method and most widely used
in speech and speaker recognition. LPC method estimates extremely accurate

spectral envelope and different speech parameters.

This thesis continues with a second method for classification of ship signatures
which extracts feature vector using Mel Frequency Cepstral Coefficients (MFCC)
frame by frame. It is widely used in speech recognition systems and produces

good results on speech recognition and identification.

This thesis offers a modified version of MFCC that utilizes TEO for classi-
fication of vessel signatures. Applying non-linear Teager energy operator can
suppress environmental noise and increase the classification performance [6, 7].
TEO is used in various speech recognition applications, but it will be used for
the first time in UASR and a good candidate for proposed feature parameters in
vessel signatures. The proposed features are evaluated to show that TEO-MFCC

is more robust than MFCC and LPC with higher classification success rate.

This thesis continues with a third novel method. MFCC feature vectors are
extracted using wavelet transform instead of the mel-scale filter bank and Fast
Fourier Transform. In conventionally MFCC; magnitude spectrum of windowed
frames are calculated, than mel-scale triangular filter bank is applied to magni-
tude spectrum to obtain energies of each filter bank. However in this method,
energies of filterbank are obtained using Scattering Transform which is consist
of cascading DWT and non-linear modules. Signal component are estimated
in different frequency bands using DWT and energies are obtained from DW'T
coefficients. Windowing, logarithm and DCT blocks are the same with MFCC
algorithm. Cepstral coefficients based on scattering transform will be labeled as

Scattering Transform Cepstral Coefficients (STCC).



STCC already depends on non-linear operators in filter bank, but different
non-linear operator tan(x[n|/a) where a is the positive number greater than 1, is
also applied to LPC and MFCC algorithms to increase the performance of the

classification success rates.

(Classification of feature vectors problem is analysed by two methods. First
classification method is Neural Pattern Recognition Application in Matlab Neural
Network toolbox [8]. Application classifies features into a set of target categories
using a two layer feed-forward network. Network structure has one hidden layer
and one output layer. These layers are trained to classify test data according to
target classes. Second classification method is support vector machines (SVMs) in
Matlab Classification Learner Application. This application performs supervised
machine learning by supplying a known set of input data (observations) and
known responses to the data (classes). Various classifiers can be used in this

application, linear and quadratic SVMs are selected in our thesis.



Chapter 2

Background Information and

Experiment

In this chapter, we review the existing methods for classification of vessel sounds.

Current methods include;

e Linear Predictive Coding (LPC),
e Mel-Frequency Cepstral Coefficients (MFFC), and

e Discrete Wavelet Transform based feature extraction methods.

2.1 Linear Predictive Coding (LPC)

LPC method is extensively used in speech coding, speech recognition, speaker
recognition and verification. LPC is an encoding method using linear prediction
model. Basic idea of linear prediction model is that, trying to predict next point

as linear combination of previous values [1].

Definitions and derivations of LPC are explained in following equations [9]:



z(n) = azz(n — k) + e(n), (2.1)

P
k=1

where x(n — k) are past or previous signal samples, a; is prediction coefficient, P
is model order, and e(n) is error of prediction.

The prediction signal &(n) can be written as follows:

#(n) =Y az(n — k) (2.2)

Application of this method is for compressing a signal by coding residual or er-
ror signal. Residual signal is difference between original and predicted (estimated)
signals. Predictor coefficients (ax’s) can be computed by several methods. Our
coefficients are determined by minimizing the sum of squared differences between

the actual signal samples and linearly predicted signal samples.

P'™ order linear prediction system form can be written as follows:

P() =53 = > apz (2.3)

()=

The prediction error signal e(n) can be written as follows:

e(n) =z(n) —z(n) = z(n) — Z agz(n — k) (2.4)

The transfer function of the prediction error system’s A(z) can be expressed

as follows:

Al) =+ &= 1-P(z)=1-) az* (2.5)

And, H(z) is the inverse filter of A(z):

H(z) = (2.6)



A(z) —— H(z)

x[n]

P(z) |a—A

Figure 2.1: Linear Prediction System

We need to determine the predictor coefficients a; to minimize mean-squared
prediction error over short segment of signal. Shortly, end of the minimizing
mean-squared prediction error, autocorrelation matrix will be obtained and solved

with Levinson-Durbin algorithm to find predictor coefficients [10].

LPC represents the spectral envelope of signal using linear predictive model
and it is used for transmitting envelope information. Impulse response of the
LPC-systems transfer function gives the envelope information and LPC order
arranges the quality of the envelope. Spectral envelopes of vessel types are plotted
with various LPC order to show differences. Performance of various orders will

be given to compare classification success rates.
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Figure 2.2: LPC Spectrum of Vessel-A 5knot

When LPC order increases, the algorithm produces a better spectral envelope.

It is obviously shown that 30 and 40 orders are enough to provide good spectral

envelope as shown in Figure 2.2 2.3 and 2.4.
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These three examples are enough to understand the effect of the LPC spectrum
envelope. LPC orders are plotted disjoint to see differences. Peaks and format
points are estimated well in type-A vessel spectrum. However, type-B and type-C
spectrum envelopes are not estimated well as type-A. This may be due to reason
that peaks are very close to each other and environment is not clear as type-A
environment. LPC coefficients are no longer used in speech recognition. The

most widely used method is MFCC, which will be covered in the next section.

2.2 Mel-Frequency Cepstral Coefficients (MFCC)

Sound is generated in humans by vocal cords and the shape of the vocal tract
(tongue, teeth etc.) filters this sound. This shape or filtering determines what
sound comes out. If shape is determined accurately, an accurate representation
of the produced phoneme can be obtained. This shape appears in the envelope
of the power spectrum of the generated sound. Since the shape of the vocal tract
can be represented by MFCC accurately, this method is widely used in ASR [11].

We expect that MFCC also can represent vessel sounds accurately.

The block diagram of the MFCC algorithm is given in Figure 2.5. Each block

is explained in the following subsections.

Input Pre-emphasis Windowing

Mel-filter

Bank
Log Mel-spectrum
Mel-spectrum Mel-filtering

MFCC

Figure 2.5: Block Diagram of MFCC
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2.2.1 Pre-emphasis Block

This step is the filtering of the vessel acoustic noise by the filter defined in Equa-
tion 2.7.

y[n] = z[n] — 0.95z[n — 1] (2.7)

This filter boosts higher frequencies so that after filtering, the energy of the
signal increases at higher frequencies. The noise signal has smaller amplitudes at
high frequency components with respect to low frequencies. After this block, high
frequency components of the signal become more significant and more information

about the acoustic model is obtained [12].

2.2.2 Framing Block

The importance of this block is that much shorter frames have unreliable spectral
estimate and longer frames change too much. Although speech signal is non-
stationary, short time scales will be stationary. The reason for this is that the
width of the frames is chosen as 25ms with 10ms overlap. In this case frames are
15ms shifted.

—_—
Frame 1l
Frame 2
: Frame 3
Frame e S
Shift rame size

Figure 2.6: Framing Structure
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2.2.3 Windowing Block

Windowing functions are used before computing the Fourier transform.

In this thesis, Hamming window is used for this purpose:

i WX 1w
' 0.5 4
05
: A
M v I L i
| | |
-:, o5 h‘ 5 08 R
. 50 100 150 200 20 % o ] 7% 5 0
Samgle Number (nl Samgple Number (n)
Pre-Emphasized Frame of audio N = 256 Windowed Frame N = 256

Figure 2.7: Effect of the Hamming Windowing [2]

(2.8)

0, otherwise

il — { 0.54 — 0.46c0s(2m) 0<n< N —1
In Figure 2.7 a sound waveform block and its windowed version are shown.

2.2.4 Mel-Filter Bank
2.2.4.1 Mel Scale

Sensitivity of human hearing system is not the same in all frequency bands. Mel
(melody) is a unit of measure based on human ears perceived frequency. Human

ear’s are less sensitive at higher frequencies, and more sensitive to small variations

12



in low frequencies compared to high frequencies. Mel-scaling based frequency
warping makes our features closer to what humans hear. 1 kHz is defined as 1000

mels as a reference [13].

Warping expression from linear-scale to mel-scale in frequency domain is given
by:

Mel(f) = 2595 x logio(1 + =—), (2.9)
700
or
Mel(f) = 1125 x In(1 + =) (2.10)
700
Converting formula from mel-scale to linear-scale is given by:
Mel™Y(m) = 700 x etizs 1, (2.11)

Below 1 kHz, mel-scaling is similar to linear frequency spacing. Above 1 kHz,

it is more logarithmic as shown in Figure 2.8 [14].

13
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Figure 2.8: Linear vs Mel-scaling

2.2.4.2 Mel Filterbank

Mel filterbank is implemented as follows:

e Decide on the lower and upper frequencies of the filterbank based on the

sampling frequency, and convert to limits from frequency to mels.

e Decide the number of filters. (n+2) frequency values are needed for n filters.

These mel values are linearly spaced between the limits in mel domain.
e Convert these (n + 2) mel points into frequency domain.

e Based on the FFT size and sampling rate, it is required to convert the
frequencies into FF'T bin numbers. Exact values in frequency domain should
be rounded to the nearest FFT bins and this process does not affect the

accuracy.

e First filter start with first point, maximize at second point and return the

zero again at third point [11].
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In Figure 2.9, triangular windows are uniformly spaced according to the mel-

scale.

ai

> w Energy in
(8)
- o Each Band

Figure 2.9: Triangular mel-scale filter bank

Filterbank has not equal gain distribution, because filters have different fre-
quency widths. But it is experimentally observed that it does not matter in

speech recognition [15].

After calculating mel-scale filter bank in frequency domain, we apply them to

the spectrum of the signal. The Figure 2.10 summarizes this operation:

Time Domain Signal Spectrum
Xtk)
n=0,1,...L.-1 k=0,1,...L/2-1

Figure 2.10: Mel-filter bank processing
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Last step of the mel-filter bank is to calculate the energies of the filter bank
outputs. Multiplying each filter bank by the magnitude spectrum of the signal
and then adding up the coefficients yields how much energy there is in each filter
region. In Figure 2.10, Y(m) is the energy at the output of the m-th filter and M

is the number of filters.

2.2.5 Logarithm Operation

The human perception of sound intensity approximates the logarithmic scale
rather than linear. This means that, humans are less sensitive to small changes
at high amplitudes than low amplitudes. That is why logarithm of Y(m) are
computed before computing the DCT.

2.2.6 Discrete Cosine Transform Block (DCT)

This block converts logarithmic mel-spectrum into quefrequency domain and the
result is labeled as Mel Frequency Cepstral Coefficients (MFCC):

T

27) k=0.1.M—1 (2.12)

ylk] = 3 log(IY (m)])cos(k(m — 0.5)

We need to show that MFCC values should be independent of the speed of
a given vessel and distribution is similar regardless of the speed of the vessel.
However, different types of vessels with the same velocity should have different

MFCC values, otherwise we cannot use values as feature vectors of vessel sounds.

The following Figures 2.11, 2.12 and 2.13 show MFCC distribution and filter-
bank energies. Although Type-B 5 knot and 10 knot have similarity, Type-B and
Type-A 5 knots have different distributions.
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Figure 2.11: Type-A 5knot Filterbank Energy and MFCC
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Figure 2.12: Type-B bknot Filterbank Energy and MFCC
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Figure 2.13: Type-B 10knot Filterbank Energy and MFCC

2.3 Teager Energy Operator (TEO)

TEO is an energy operator and it can eliminate the effect of noise in feature
extraction. It provides a good estimation of the real source of energy and ensures
that the system will be more robust in noisy environments. For clean conditions,

the system performs similarly [16].

Teager Energy Operator is defined for real continuous-time signals in the fol-

lowing equation:

U(x(t)) = o(t)* — x(t)i(t) (2.13)

,and for real discrete-time signals can be written as follows:

U(z[n]) = z[n)? — x[n — 1z[n + 1] (2.14)
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The case of complex continuous-time signals, the equation is given as:

O(x(t)) = U(Real{z(t)}) + T(Im{z(t)}), (2.15)

and for discrete-time:

O(z[n]) = Y(Real{z[n]}) + V(Im{z[n|}) (2.16)

2.4 Discrete Wavelet Transform

Wavelet transform is the decomposition of a signal with orthonormal basis
Umn(x). It is known as the mother wavelet and, signal is obtained through
translation and dilation of the basis functions. Fourier transform is used sines
and cosines function for basis, but wavelets transform is represented by different
types of basis functions. Fourier basis are localized in only frequency domain, not
in time. Small frequency changes in the Fourier transform will affect everywhere
in the time domain but wavelets are local in both frequency (because of dila-
tions) and time (because of translations) domain. This is a advantage of wavelet

transform.

Umn(®) = 272272 — n) (2.17)

where m and n are integers. The wavelet coefficients of a signal f(x), can be

written as follows because of the orthogonality property;

—+00

Cn = f(@)mn(x)de (2.18)

and following formula will be used to obtain f(x) from wavelet coefficients;
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f(ZL') = Z Cm,n"vbm,n(x) (2.19)

Before construction of mother wavelet, scaling function ¢(x) should be deter-

mined with satisfying following two equations;

¢(x) = V2> h(k)p(2z — k) (2.20)

and,

v(@) =v2) g(k)p(2x — k) (2.21)

where

g(k) = (=1)*n(1 — k) (2.22)

The coefficients of h(k) given in Equation 2.20 need to satisfy some conditions.
Set of basis wavelet functions must be unique, orthonormal, and have a certain
degree of regularity. There are a lot of sets of coefficients h(k) satisfying the
above conditions in literature like Haar, Daubechies, Fejer-Korovkin, Lagrange
etc. wavelet filters [17, 18, 19, 20, 21].

The coefficients h(k) and g(k) play a very crucial in discrete wavelet transform

because ¢(x) and ¥ (z) are only depends on h(k).

The procedure starts with passing this signal (sequence) through a half-band

digital lowpass filter with impulse response h[n].

The DWT coefficients of a input signal is obtained by passing through a series
of filters. The procedure starts with passing the input signal through a half band
digital lowpass filter with impulse response h[n] and highpass filter with impulse
response g[n] simultaneously. Half of the samples will be eliminated according to
the Nyquist’s rule, and maximum frequency of signal will be /2 radians instead

of m. Therefore, signal is downsampling by 2 to eliminate half of the samples.
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Figure 2.14: Block Diagram of 1-Level DWT

Mallat’s common notation is as follows:

Yiow[n] = _ x[n]h[2k — n], (2.23)

n

where Y, [12] are the approximation coefficients and the detail coefficients are:

ynignln] =Y _ alnlg[2k — 1] (2.24)

n

In this thesis, a multilevel DW'T filter bank is used to obtained wavelet coeffi-

cients and details are given in Chapter-4.

2.5 Experiments

The data sets containing the records of 19 acoustic signatures from 6 types of
vessels were provided by ASELSAN. The acoustic signatures were recorded by
an acoustic sensor submerged underwater from a stationary vessel while another
vessel moves and produce noise (its acoustic signature). The moving vessel ap-
proaches and moves away from the stationary sensor at different velocities and
records are taken at varying distances. The distance between the moving and sta-
tionary vessels is measured both by GPS and laser rangefinder and this distance

is synchronized with the acoustic recordings.
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Figure 2.15: Map of Experiment and Position of Vessels

On the stationary vessel, Reson TC4032 hydrophone is used as the acoustic
sensor. Data acquisition is performed at 100 kHz or 200 kHz sampling rate.
Records are decimated by a factor of 5 or 10 to provide 20 kHz sampling rate
and also divided into smaller frames in order to be treated as a short record of

the underwater acoustic signatures.

In addition to records provided by ASELSAN, records found on National Park
Service (NPS) open-internet source were used in the experiments in order to
get more realistic experimental results. However in these open-source records;
distance between sensor and vessel and velocity are generally unknown. Different
classes of vessels were chosen (ferry, freighter, cruise ship, and outboard) with

respect to previous vessels to increase database.
The data set contains 24 noise records coming from 10 different types of vessels
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Table 2.1: Vessel Database and Description

Type of Vessel | Description Velocity | # of Round | Total #
(knot) Trip of frames

Type-A Tug-Vessel 5,7.5,10 | 2 1788
Type-B Tug-Vessel 9, 10 2 1192
Type-C Tug-Vessel 6,8, 85 |1 894
Type-D Commercial Vessel | 5, 13 1 596
Type-E Commercial Vessel | 20, 26 1 596
Type-F Commercial Vessel | 20, 26 1 596
Type-G Outboard 60hp 10, 20 1 596
Type-H Freighter - 1 298
Type-1 Cruise Ship - 1 298
Type-J State-Ferry - 1 298

and duration of each record in the database is 3 seconds long. 3 seconds records

are divided into 25 ms frames with 10ms overlap. Our proposed method is tested

with various velocities of vessels between 5 knots and 26 knots.

Table-1 shows

acoustic noise of platforms, their velocities and number of frames. The records

of Tug-vessels and commercial vessels (Type A-F) were provided by ASELSAN

as explained in previous chapter, other records were found on NPS open internet

source and only the velocity of outboard is known [22].

Pictures of tag vessels (Type A and B) are given in following figures:
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Figure 2.16: Vessel Type-A

Figure 2.17: Vessel Type-B
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2.6 Classification Algorithms

2.6.1 Artificial Neural Networks (INN)

(Classification of feature vectors problem is solved by Neural Pattern Recognition
Application in Matlab Neural Network toolbox. Application classifies features
into a set of target categories using a two layer feed-forward network. Network

structure has one hidden layer and one output layer.

Hidden Output

Figure 2.18: Two Layer Feed-Forward Network

The length of input is equal to the length of the feature vector, the number of
output layer neurons is equal to the number of target classes and the number of
hidden layer neurons is chosen as 10. The target data should consist of vectors
of all zero values except for a 1 in element i, where i is the class they are to
present. Therefore, application is supervised learning and it updates the weights

according to the scaled conjugate gradient backpropagation method [8].

& Randomly divide up the 150 samples:

W Trining: 70% 104 samples
@ Validation: 15% 'r: 23 samples
W Testing: 15% 'r: 23 samples

Figure 2.19: Distribution of Training Data in NN

Randomly chosen; 70% samples of input data is used for training, 15% is used
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for validation and 15% is used for testing. Testing samples have no effect on
training and so provide an independent measure of network performance during

and after training.

2.6.2 Support Vector Machines (SVM)

Support Vector Machines (SVM) are based on the concept of decision planes that
separate between a set of objects having different class memberships. A concept
example is given in Figure 2.20. Matlab Classification Learner Application is

used for implementation of SVM.

Figure 2.20: Concept Example of SVM

Figure 2.20 is a basic linear classifier that separates a objects into green or
red group with a line. The separating line defines a boundary for targets. Most
classification tasks, distribution is not that simple so more complex structures are
needed in order to make an optimal separation. Example in Figure 2.21 would
requires a curve instead of a line for full separation of the GREEN and RED
objects. Lines to separate objects of different class memberships for classification

task are known as hyperplane classifiers.

Location of original objects (left side of Figure 2.22) are rearranged using a
set of mathematical functions, known as kernels. The process of rearranging the
objects is known as mapping and mapped objects (right side of Figure 2.22) is
now linearly separable instead of constructing the complex curve. The reason of

this process is to find optimal line for separation of red and green objects
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Figure 2.21: Curve Separation for SVM

Input space Feature space

Figure 2.22: Kernels Mapping for SVM

2.7 Results

2.7.1 LPC Classification Results

LPC coefficients are calculated for all records with various orders. Each record
in the database is 3 seconds long and they divided into 25 ms frames with 10ms
overlap using Hamming windowing. LPC coefficients of frames are classified
using Neural Network and success rates given in Table 2.2. NN retrains 10 times
and average is calculated for success rate, because different initial conditions and

sampling could generate different results.
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Table 2.2: LPC Cla

ssification Success Rates

Train/Order 10 15 20 25 30 35 40
1. 82.4% 86.6% 83.0% 79.9% 79.5% 76.8% 76.5%
2. 83.4% 83.6% 78.1% 78.1% 75.7% 79.3% 78.1%
3. 78.4% 84.0% 83.4% 78.5% 72.9% 78.6% 70.9%
4. 83.5% 82.9% 81.2% 77.9% 77.9% 79.7% 66.1%
5. 76.8% 85.8% 80.8% 78.4% 75.5% 72.8% 77.2%
6. 78.0% 81.9% 81.1% T7.7% 77.8% 77.1% 81.3%
7. 82.3% 85.9% 79.8% 76.3% 77.5% 71.5% 72.7%
8. 82.6% 83.2% 80.3% 71.7% 75.0% 74.9% 81.0%
9. 82.6% 87.1% 80.6% 76.6% 72.9% 79.1% 74.2%
10. 82.6% 77.6% 82.6% 75.7% 73.9% 71.5% 78.5%

Mean 81.26% | 83.86% | 81.09% | 77.08% | 75.86% | 76.13% | 75.65%
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Figure 2.23: LPC Success Rates
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2.7.2 MFCC Classification Results

Following parameters were used to extract the feature vectors of MFCC methods;

Frame duration is 25 ms

e Frames are overlap with 10 ms

Pre-emphasis coefficients is 0.97

Number of Cepstral Coefficients is various between 10 and 22

Number of filter-bank channels is 15

Lower and upper frequencies of filterbank are 40 Hz and 4 kHz

Table 2.3: NN classification success rates of MFCC

c Train |, 2 3 4 5 6 7 8 9 10 | Mean
10 81.3% | 81.4% | 81.7% | 82.0% | 79.5% | 81.8% | 81.0% | 81.0% | 80.5% | 81.1% | 81.13%
11 82.6% | 82.2% | 82.7% | 81.2% | 80.5% | 81.4% | 82.1% | 82.6% | 83.2% | 81.2% | 81.97%
12 82.5% | 83.6% | 83.2% | 83.5% | 81.0% | 84.5% | 81.3% | 82.7% | 83.3% | 84.7% | 83.03%
13 85.2% | 84.6% | 83.6% | 83.7% | 83.4% | 85.4% | 80.5% | 85.3% | 81.9% | 85.0% | 83.86%
14 85.2% | 82.3% | 85.4% | 81.1% | 84.6% | 85.8% | 83.4% | 84.5% | 82.7% | 82.9% | 83.79%
15 97.0% | 96.6% | 97.3% | 95.6% | 95.8% | 96.5% | 94.0% | 97.3% | 95.7% | 97.3% | 96.16%
16 97.9% | 96.2% | 95.6% | 97.4% | 95.5% | 96.0% | 94.6% | 96.5% | 97.7% | 96.2% | 96.36%
17 95.1% | 96.5% | 96.8% | 97.0% | 95.4% | 93.6% | 97.5% | 95.7% | 96.4% | 93.6% | 96.17%
18 95.9% | 95.9% | 97.2% | 95.1% | 93.8% | 97.1% | 96.2% | 96.8% | 96.1% | 95.6% | 95.97%
19 95.8% | 96.2% | 96.6% | 94.7% | 96.5% | 96.5% | 97.4% | 96.3% | 96.1% | 95.7% | 96.18%
20 96.5% | 96.3% | 95.1% | 96.0% | 96.5% | 97.3% | 96.6% | 95.7% | 95.5% | 94.6% | 96.01%
21 96.4% | 96.0% | 94.8% | 96.0% | 96.6% | 95.5% | 97.0% | 97.4% | 96.5% | 94.5% | 96.07%
22 95.9% | 95.4% | 96.8% | 95.6% | 96.4% | 96.5% | 96.9% | 96.9% | 96.0% | 95.8% | 96.22%

Success rates are given for various numbers of filter-bank channels and cepstral

coefficients in following Table 2.3 and 2.4.
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Table 2.4: Performance of MFCC according to various # of channels

Cepstral Ceoff. | M=12 | M=15 | M=18
10 82.97% | 81.13% | 83.24%
11 83.22% | 81.97% | 83.88%
12 96.82% | 83.03% | 84.37%
13 96.87% | 83.86% | 85.42%
14 96.93% | 83.79% | 86.92%
15 96.90% | 96.16% | 87.00%
16 96.95% | 96.36% | 87.06%
17 96.92% | 96.17% | 87.05%
18 96.92% | 95.97% | 96.11%
19 96.90% | 96.18% | 96.32%
20 96.96% | 96.01% | 96.47%
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Figure 2.24: Performance of MFCC According to Various # of Channels
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It is found that; when the number of cepstral coefficient is equal to the number
of filter bank channels, classification success rate increases rapidly and it is stable
after that point with high success rate. This information should be considered

when choosing the number of cepstral coefficients and channels.
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Chapter 3

Teager Energy and Hyperbolic
Tangent Operators based
Features of Existing Methods

3.1 Tanh Operator based LPC Features

Non-linear tanh(@) operator is applied to vessel noise before framing and LPC

process. Block diagram is shown in Figure 3.1;

i . )
Vessel tanh (. [ ]) Wmd-owmg&
Noise & . Framing »

Figure 3.1: Applying Tanh Operator to LPC Process

LPC

Block m—_LPC
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3.2 TEO based LPC Features

Non-linear Teager Energy Operator is applied to vessel noise before framing and

LPC process. Block diagram is shown in Figure 3.2;

Vessel [ Windowing & | LPC
Noise '/_/ Framing — 7 .=/LPC

Figure 3.2: Applying TEO to LPC Process

3.3 TEO based MFCC Feature Parameters

Non-linear Teager-energy operator is applied in time and frequency domain. They
are labeled as t-TEO MFCC and TEO MFCC.

3.3.1 Classification using t-TEO MFCC

Applying non-linear Teager-energy operator in time domain (t-TEO MFCC) re-

quires the following process:

Input Pre-emphasis Framing Windowing ¥Y()

eager [Energy
Opetator
————————— ——— 3
t-TEO Mel-filter
MFCC nee Log Bank [FFT|
Log Mel-spectrum -
Mel-spectrum Mel-filtering

Figure 3.3: Block Diagram of t-TEO MFCC

33



e The vessel signature signal is first passed through the pre-emphasis, framing

and windowing blocks as explained in MFCC block diagram.

e TEO (red block) is applied to the output of the windowing block for each
frame in time domain. Real discrete time signal formula of the TEO will

be used.
U(z[n]) = z[n)? — z[n — 1z[n + 1] (3.1)

e Magnitude spectrum of W(x[n]) and other following steps are the same as
MFCC computation. Output of the block diagram in Figure 3.3 is labeled
as t-TEO MFCC, because TEO is applied to the signal in time domain [7].

3.3.2 Classification using TEO MFCC

Applying non-linear Teager-energy operator in frequency domain (TEO-MFCC)

requires the following process:

Pre-emphasis

Mel-filter
Bank
Log

Mel-spectrum Mel-filtering Teager Energy
Oiperator

TEO-MFCC

Figure 3.4: Block Diagram of TEO MFCC

e Blue blocks in TEO-MFCC flow diagram is the same with MFCC compu-

tation.

e TEO (red block) is applied to the output of the FFT block for each frame
in frequency domain. Complex discrete time signal formula of the TEO will

be used.
O(z[n]) = Y(Real{z[n]}) + V(Im{z[n|}) (3.2)
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e Magnitude of ®(X|k]) will be calculated and then, it is weighted by Mel-
filter bank processing explained in Figure 2.10.

e (Calculation of the energy of each filter bank and other following steps are
the same as MFCC computation. Output of the block diagram in Figure
3.4 is labeled as TEO-MFCC [7].

Major difference between proposed TEO based parameters is that; TEO-
MFCC is applied to the vessel signature in frequency domain using Equation
3.2. t+-TEO MFCC is applied in time domain using Equation 3.1.

3.4 Tanh Operator based MFCC Feature Pa-

rameters

Non-linear tanh(@) operator is applied to vessel noise before MFCC process

explained in Figure 2.5. New block diagram is shown in Figure 3.5;

Vessel

x[n]
Noise tanh (T') Block mm—p . Tanh-MFCC

Figure 3.5: Applying Tanh Operator to MFCC Process

3.5 Results

LPC order is chosen as 15 that found in Table 2.2 according to maximum success
rate and Table 3.1 demonstrates that Teager Energy and tanh operators increase
the performance of classification success rates of LPC features in different meth-
ods. The same LPC parameters in Chapter-2 are used like frame duration and

windowing type.
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Table 3.1: Tanh and TEO based LPC results

Classification Method | LPC Tanh based LPC | TEO based LPC
Neural Network 83.86 % 86.21 % 86.47 %
Linear SVM 78.30 % 80.90 % 78.10 %
Quadratic SVM 86.60 % 87.50 % 87.10 %

Tanh operator generally has better performance on LPC feature. Small differ-
ences in NN could be ignored because different initial conditions can affect the
results. Therefore, NN retrains 10 times and average is calculated for success

rate.

(Classification success rates of TEO based MFCC are given in Table 3.2 with
various number of cepstral coefficients when number of filterbank channels equal
to 15. The same MFCC parameters explained in Chapter-2 are used for TEO
based MFCC features.

Table 3.2: MFCC and TEQO based MFCC classification rates

Cepstral Coefficients | MFCC | TEO-MFCC | t-TEO MFCC
10 81.13% 83.28% 30.2%
11 81.97% 83.67% 29.9%
12 83.03% 85.48% 29.8%
13 83.86% 85.54% 30.1%
14 83.79% 84.88% 29.7%
15 96.16% 97.26% 65.9%
16 96.36% 97.33% 65.5%
17 96.17% 97.20% 66.0%
18 95.97% 97.39% 67.1%
19 96.18% 97.37% 68.1%
20 96.01% 97.22% 68.3%
21 96.07% 97.11% 68.2%
22 96.22% 97.43% 68.3%
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t-TEO MFCC results have extremely lower recognition success rate than we
expected. It is overall deeply lowest, so we will focus on MFCC and TEO-MFCC
features. MFCC and TEO-MFCC feature parameter are plotted in Figure 3.6
to analysis the performance of TEO clearly and TEO-MFCC is more robust and
has always better performance than MFCC.
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Figure 3.6: Comparison of MFCC and TEO-MFCC Performances

Linear Support Vector Machine (SVM) and Quadratic SVM classification
methods are also used to compare performance of the proposed features. Number

of filterbank channel is chosen as 15 and Cepstral Coefficients are various between

10 and 22.
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Table 3.3: Results of various classification methods in MEFCC features

Cepstral MFCC TEO-MFCC
Coefficients NN Linear | Quadratic NN Linear | Quadratic

SVM SVM SVM SVM
10 81.13% | 76.9% 83.9% 83.28% | 78.9% 86.3%
11 81.97% | 77.5% 84.3% 83.67% | 79.2% 86.9%
12 83.03% | 79.0% 85.2% 85.48% | 81.1% 87.9%
13 83.86% | 81.3% 86.5% 85.54% | 82.9% 88.8%
14 83.79% | 81.4% 86.6% 84.88% | 82.8% 89.0%
15 96.16% | 95.3% 97.7% 97.26% | 95.8% 98.1%
16 96.36% | 95.2% 97.6% 97.33% | 96.0% 98.1%
17 96.17% | 95.2% 97.2% 97.20% | 95.8% 98.0%
18 95.97% | 95.2% 97.5% 97.39% | 95.7% 97.9%
19 96.18% | 95.3% 97.3% 97.37% | 95.7% 97.6%
20 96.01% | 95.3% 97.4% 97.22% | 95.8% 97.8%
21 96.07% | 95.3% 97.1% 97.11% | 95.7% 97.9%
22 96.22% | 95.3% 97.1% 97.43% | 95.8% 97.6%

Numbers of cepstral coefficients and filterbank channels are chosen 16 and 15

respectively that found in Table 3.3 according to maximum success rate.

MFCC Features
T
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95 |

—&— Neural Network
—¥— Linear SVM
Quadratic SVM
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10 12 14 16 18 20 22
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Figure 3.7: Comparison of Classification Methods in MFCC Features
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TEO-MFCC Features
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Figure 3.8: Comparison of Classification Methods in TEO based MFCC Features

According to Figure 3.7 and 3.8, Quadratic SVM classification method always

has better accuracy than others.

Table 3.4: TEO and Tanh based MFCC results

Classification Method | MFCC | TEO based MFCC | Tanh based MFCC
Neural Network 96.36 % 97.33 % 97.90 %
Linear SVM 95.20 % 96.00 % 96.50 %
Quadratic SVM 97.60 % 98.10 % 98.10 %

Table 3.4 demonstrates that both non-linear operators increase the perfor-

mance of classification success rates of MFCC in different classification methods.

Although their effects are very close to each other, tanh gives better performance

than TEO. Quadratic SVM is also better classification method than others for

tanh and Teager operators.

39




Chapter 4

Scattering Transform Based

Feature Extraction

Scattering transform is proposed for audio data analysis. Scattering transform
is computed using a cascade of wavelet transforms and various non-linearities
between wavelet stages [23, 24]. Discrete wavelet transform coefficients are ”scat-
tered” using a nonlinearity. DWT is usually computed using a pair of high and
low pass filters as discussed in Chapter-2. Outputs of filters are downsampled

and non-linearly scattered.

4.1 Scattering Transform Cepstral Coefficients
(STCC) Features

The block diagram of the STCC algorithm is shown in Figure 4.1:
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Figure 4.1: The Block Diagram of the STCC Algorithm

Pre-emphasis, framing, windowing, logarithm and DCT block is the same as
MFCC computation and also same parameters like frame size or type of win-
dowing function are used in these blocks. The significant difference is filter bank
block. Mel-filter bank is used in MFCC algorithm to obtain features. In STCC,
scattering transform is used to implement the filter bank. The scattering cascade
decomposes an input signal into its wavelet modulus coefficients, then energies of

each decomposed signal is calculated. The filter bank without nonlinear scatter-

ing is given Figure 4.2.
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Figure 4.2: The filter bank without nonlinear scattering

In the filter bank, hin] is the low-pass, g[n] is the high pass wavelet filters.
Wavelet filters need to satisfy some conditions and there are a lot of sets of
coefficients h(k) satisfying the conditions in literature like Haar, Daubechies, etc.
Instead of design wavelet filters, literature filters in Matlab Wavelet Toolbox are
used and biorthogonal wavelet family is chosen. ”wfilters” function in Matlab

and following filters are used for decomposition.

We use the following filter pair:

hin]={-0.0138 0.0414 0.0525 -0.2679 -0.0718 0.9667 0.9667 -0.0718 -0.2679 0.0525
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0.0414 -0.0138}

and

g[n)={0 000 —0.1768 0.5303 — 0.5303 0.1768 0 0 0 0} (4.1)

In our scattering transform. FEnergies of subband signals are calculated as

follows;

=

1

Ek:N

|x3ubband;€ [n” (42)

Il
o

Filter bank is obtained by scattering transform and DW'T coefficients of sub-
band signals are used to obtain cepstral coefficients through DCT.

4.2 Tanh Operator based STCC Feature Pa-

rameters

Non-linear tanh(%) operator is applied to input and outputs of the first and

second stage subbands in scattering filter bank. Various numbers are tried in

parameter of "a” and experiments show that tanh(@) provides best success rate

in our database. New filter bank is shown in Figure 4.3. Calculation of cepstral
coefficients using tanh based scattering filter bank will be labeled as tanh-STCC.
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Figure 4.3: Scattering filter bank using the nonlinearity tanh(@) function

Classification success rates of tanh-STCC are shown in Table 4.1 according to
various number of cepstral coefficients. Without using any non-linear operator in
scattering filter bank is labeled as wavelet filter bank. Cepstral coefficients using
wavelet filter bank is also labeled as Wavelet Transform Cepstral Coefficients
(WTCC). The same parameters (filters, frame size, and classification method)

are used to compare the effect of non-linear tanh operator.
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Table 4.1: Tanh based STCC results

Tanh based
Cepstral WTCC
. STCC
Coefficients

Linear | Quadratic | Linear | Quadratic

SVM SVM SVM SVM
12 74.50 81.50 79.50 84.50
13 75.00 82.00 80.20 86.40
14 75.30 83.30 80.30 86.50
15 76.40 83.80 80.40 86.60
16 96.00 97.50 97.60 97.90
17 96.10 97.20 97.40 98.00
18 96.10 97.30 97.40 97.90
19 96.00 97.20 97.40 97.90
20 95.80 96.80 97.40 97.90

It is demonstrated that tanh based STCC (tanh-STCC) has always better
performance than WTCC as shown in Table 4.1.
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Figure 4.4: Comparison of STCC and Tanh-STCC Performances

4.3 TEO based STCC Feature Parameters

Non-linear Teager Energy Operator (TEO) is applied to outputs of the scattering
filter bank and new filter bank is shown in Figure 4.5. Calculation of cepstral
coefficients using TEO based scattering filter bank will be labeled as TEO-STCC;
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Figure 4.5: Scattering filter bank using the nonlinear TEO

—

w € [fm/8.m]

w € [3m/d,m]

w € [31/4.7n/8]

w e [0,m/2]

we [m/4,m/2]

Table 4.2: TEO based STCC results

Cepstral STCC TEO based
Coefficients STCC
Linear | Quadratic | Linear | Quadratic

SVM SVM SVM SVM
12 74.50 81.50 70.50 78.90
13 75.00 82.00 70.70 80.40
14 75.30 83.30 70.60 80.40
15 76.40 83.80 71.80 81.20
16 96.00 97.50 94.90 95.90
17 96.10 97.20 94.80 95.80
18 96.10 97.30 95.10 95.70
19 96.00 97.20 95.00 95.80
20 95.80 96.80 95.00 95.40
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It is demonstrated that TEO based STCC (TEO-STCC) has always lower

performance than WTCC (filter bank without non-linearities) as shown in Table

4.2.
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Figure 4.6: Comparison of WTCC and TEO-STCC Feature extraction schemes

4.4 STCC Based on Non-uniform Filterbank

Sensitivity of human hearing system is not the same in all frequency bands so mel-
scale filter bank in MFCC is more sensitive to small changes in low frequencies
than high frequencies. In STCC, scattering filter bank frequencies are uniformly

divided, but we need high resolution in low frequencies to determine accurate
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representation. Therefore, number of decomposition using DW'T is increased in

low frequencies. New non-uniform scattering filter bank and subband frequency

ranges are given in Figure 4.7. Except filter banks, other blocks and parameters

are the same with Figure 4.1 to compute scattering transform cepstral coefficients.
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Figure 4.7: Non-uniform filter bank without nonlinear scattering

Non-linear tanh (2

) operator is applied to outputs of the first and second

stage subbands in non-uniform scattering filter bank. Tanh based non-uniform

filter bank is shown

in Figure 4.8.
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function

Classification success rates of STCC based on non-linear tanh operator and
non-uniform scattering filter bank are shown in Table 4.3 according to various
number of cepstral coefficients. It is shown that tanh operator increases the
performance of classification of the wavelet based feature extraction. SVM is

used as a classifier.
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Table 4.3: STCC success rates using tanh op. in a non-uniform filter bank

Cepstral WTCC Tanh based
Coefficients STCC
Linear | Quadratic | Linear | Quadratic
SVM SVM SVM SVM
12 78.5% 85.9% 82.8% 89.0%
13 79.3% 86.9% 83.6% 89.5%
14 80.1% 88.0% 84.2% 89.9%
15 80.1% 87.9% 84.4% 90.3%
16 97.0% 98.1% 98.0% 98.5%
17 96.9% 98.0% 97.9% 98.4%
18 96.8% 97.8% 98.0% 98.4%
19 96.8% 97.9% 98.0% 98.4%
20 96.8% 97.9% 97.9% 98.2%

4.5 Comparision of Classification Results

All results are summarized in Table 4.4 to analysis performance of the feature

parameters and effect of the non-linear operators.
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Table 4.4: Performance of the feature parameters

Classification Method Neural Network | Linear SVM | Quadratic SVM
LPC 83.86% 78.30% 86.60%
Tanh based LPC 86.21% 80.90% 87.50%
TEO based LPC 86.47% 78.10% 87.10%
MFCC 96.36% 95.20% 97.60%
TEO based MFCC 97.33% 96.00% 98.10%
Tanh based MFCC 97.90% 96.50% 98.10%
WTCC 84.74% 96.00% 97.50%
TEO based STCC 74.84% 94.90% 95.90%
Tanh based STCC 87.10% 97.60% 97.90%
WTCC using
non-uniform filter bank 86.90% 97.00% 98.10%
STCC based on tanh using
non-uniform filter bank 88.72% 98.00% 98.50%

Experimental results show that STCC based on non-linear tanh operator and

non-uniform filter bank has the highest success rate with 98.50% accuracy in our

data set.
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Chapter 5

Conclusions

In this work, vessel acoustic signature classification algorithms are proposed. Fea-
ture extraction schemes used in speech recognition algorithms and novel methods
are used as feature vectors for vessel recognition. LPC and MFCC methods are
widely used in speech recognition, and the existing vessel recognition methods are
based on LPC and MFCC based features. In this thesis, we use wavelet transform
to implement the filter bank in MFCC algorithm. The use of wavelet transform
allows us to incorporate various non-linearities as ”scatterers” of the sound data.
Different non-linear operators such as tanh and Teager energy operators are also

used to increase the performance of the existing features.

We compare LPC, MFCC and proposed STCC algorithms based feature vec-
tors. The LPC has the lowest vessel signature classification performance. The
recognition rates of classical feature extraction methods increase significantly af-
ter we apply the tanh function to vessel sound data. Human sensitivity is not the
same in all frequency bands so mel-scale filter bank has more channel in low fre-
quencies. Therefore, frequency domain is also divided in a non-uniform manner in
scattering operator using cascading DW'T transformations. Experimental results
show that STCC based on non-linear tanh operator and non-uniform filter bank
has the highest success rate with 98.50% accuracy in our data set. Therefore, our

proposed method has better performance than existing vessel sound recognition
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methods based on LPC and MFCC.

The acoustic data of the vessels were recorded under noise-free conditions. Our
major future work will be to collect acoustic data of more than one vessel at the
same time using hydrophone arrays instead of a single hydrophone and classify
different types of vessels at the same time using this beamformed data. Perfor-
mance of our proposed methods will be tested under noise and beamforming.
Deep neural network based learning techniques and platforms can be also used to
increase recognition accuracy but DNN’s require huge amount of training data.
We will try DNN’s in the future.
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