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Abstract

Gaussian Mixture Model, GMM, is used to classify the
underwater sound signals that are produced by different
platforms. Mel-Frequency Cepstrum Coefficients (MFCC),
Preceptual Linear Predictive Cepstrum Coefficients
(PLPCC) and Relative Spectral Preceptual Linear Predictive
Cepstrum Coefficients (RASTA-PLPCC) are extracted and
are used within the GMM. A set of sound signals is used for
the train phase of the recognition model, whereas another set
of signals is used for the test phase. The GMM identification
rate is calculated using each type of extracted features. The
calculation is repeated while varying some parameters such
as the length of the sound signals and the number of the
Gaussian components of the model. The effect of varying
these parameters on the performance of the recognition
model is investigated.

Introduction

GMM have been widely used for voice recognition. Many
parameters affects the performance of the recognition
process, such as the best feature for the classification, the
length of the train and that of the test signals, and the
number of Gaussian components used within the model.
Many techniques for feature extraction, MFCC, PLPCC and
RASTA-PLPCC, have been developed and used for the
classification problem. In [1], it is shown that RASTA-
PLPCC does not represent the ideal approach for clear
underwater audio signals, but either MFCC or PLPCC
seems to be a better candidate. Moreover, it specifies 24
coefficients to be used for the classification problem.

The aim of this paper is to evaluate the performance of the
recognition process while varying the length of the train and
the test signals and for various number of Gaussian
components.

Feature Extraction

Feature extraction is the process that transforms the raw data
into data that can be used by a classifier. There are no
special methods for feature extraction of ship underwater
acoustic signals. As the human ear seems to be the best
method for identifying them, then applying techniques for
feature extraction similar to those used for speech analysis
will not be wrong [2]. This paper uses MFCC, PLPCC and
RASTA-PLPCC to describe the sonar signal.

Davis and Mermelstein (D&M) [3], coined the term ‘Mel-
frequency cepstrum coefficients (MFCC) in 1980 when they
combined non-uniformly spaced filters with the discrete
cosine transform (DCT). The Perceptual linear predictive
(PLP) model was developed by Hermansky in 1989 [4].
This model uses three concepts from the psychophysics of
hearing to estimate the auditory spectrum. The concepts are
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the critical-band spectral resolution, the equal-loudness

curve and the intensity-loudness power law. Then the

resulting auditory spectrum is approximated by an

autoregressive all-pole model. The principle of RASTA

processing is that, linearly filtering the time trajectories of

each element of the parametric representation of the signal

[5]

Recognition Engine

A Gaussian distribution is defined by three parameters: the
mean, the variance and the number of Gaussian components
used by the model. The GMM uses density models to
describe the distribution of a data set [6]. The parameters of
the mixture of Gaussians model are estimated using the
iterative Expectation Maximization algorithm during the
training phase[7]. The model is fitting the training data to the
recognizing test data that have a distribution similar to that
of the training data.

Database

Ships sounds with predefined characteristics like number of
shafts , blades per shaft, speed, direction and distance are
simulated. The database consists of sound signals that are
produced by three-surface and three-subsurface ships with
different numbers of blades and shafts. Every ship's sound
was recorded in course 000° with four different speeds, also
was recorded with four different ranges and finally was
recorded with four different directions degree. Every range
and direction was measured in relation to own ship with
course 000°. Now the data sets contain (6X3X 4 =
72) audio files from 6 different types of simulated ships.
Each file was recorded using mono-format with same
microphone, same sound card, and has approximately
durations of 9 seconds long. Each file was sampled at
44100 Hz; 16-bit quantization level was used. Next the data
were segmented into approximately 23 ms frame length,
overlapped by 50% of this frame. A Hamming was then
applied to each frame.

Simulations & Results

Simulations

The first test is conducted to determine how the train signal
length affects the identification rate. Split each recording
file into intervals of 3 s for test and 1 s from the remaining
file length for train. The train and the test signals are used
for the classification problem and the identification rate is
obtained. Repeat the classification using various duration in
seconds for train signals, 2, 3, 4, etc., as shown in figure 1.

The second test determines the effect of the test signal
length on the identification rate. The classifier uses a train
signal of 3 s duration, whereas the classification is repeated
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for various duration of the test signals. The identification
rate is calculated for each case. The results are plotted in
figure 2.

The aim of the third test is to evaluate the effect of the
Gaussian number on the GMM identification rate. The test
is repeated using various values for Gaussian number (2, 4,
8, 16, 32 and 64) as shown in figure 3.

All previous tests use 24 coefficients for MFCC, PLPCC
and RASTA-PLPCC discarding 0™ order cepstral
coefficient[1].

Results and Discussion

Figure 1 shows that the identification rate increases as the
train signal length increases, especially in RASTA-PLPCC
where the identification rate increases from (4.2%) at 1
second train signal length to (38.9%) at 6 seconds train

signal length.
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Figure 1: Identification Rate (%) versus Train Signal
Length.

Figure 2 shows that the identification rate increases as the
test signal length increases. Moreover, for MFCC and
RASTA-PLPCC the identification rate does not vary
significantly when the test signal length is greater than or
equals the train signal length.
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Figure 2: Identification Rate (%) versus Test Signal
Length.

Figure 3 shows that using MFCC and PLPCC the
identification rate reaches its maximum value at Gaussian
number that is equals to two. The identification rate
decreases for larger values of Gaussian number, whereas the
computational time increases. For RASTA-PLPCC the
identification rate increases, and reaches a maximum at
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Gaussian number that equals to eight, and then the
identification rate decreases significantly.
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Figure 3: Identification Rate (%) versus Gaussian Number.
Conclusions

This paper deals with three types of features, MFCC,
PLPCC and RASTA-PLPCC, to describe the passive sonar
signal. Each feature type is used within the GMM to
investigate the performance of the recognition process
while varying the length of the train and the test signals. In
addition, the performance is investigated using various
number of Gaussian components. The simulation tests show
that for MFCC and RASTA-PLPCC the identification rate
does not vary significantly when the test signal length is
greater than or equals the train signal length Moreover, for
MFCC and PLPCC Gaussian number of two yields to
maximum identification rate, whereas for RASTA-PLPCC
maximum identification rate is obtained at Gaussian number
that equals to eight.
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