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Abstract

This classification of speech vs. noise or speech vs. music can be used in speech/audio
signal processing applications as an important part to achieve a lower bit-rate or to enhance
the performance of coding in multimedia communications. In recent years, some research
on the classification has been published. In the previous work some traditional
classification algorithms were used, such as linear Least Mean Squares, the Nearest
Neighbour and the Quadratic Gaussian algorithms. Some of the previous work also used
machine learning software and neural networks with basic training algorithms. This thesis
provides an extensive experimental simulation of the speech classification problem. In this
thesis, the Extended Kalman Filter algorithm is proposed to train a neural network
classifier. Our experiments show that using neural networks in speech/noise/music
classification produces a more robust and powerful classification than other traditional
algorithms. Furthermore, the Extended Kalman Filter provides a fast convergence and
gives results near the global optimal. Our results show that the learning algorithm chosen
to train the neural network is very important to the final results. Therefore, the neural
network classifier trained with the Extended Kalman Filter is compared with the traditional
classification methods but also with other neural classifiers trained with different learning
algorithms. The experiments performed for the thesis are clean speech vs. noise
classification, clean speech vs. music classification and active/inactive speech

classification of noisy speech.
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Chapter 1

Introduction

1.1 Motivation:

This thesis focuses on the classification of speech, noise, and music. Classification is not a
new subject in data processing. During the last couple of decades, its principles and
methodologies have been widely and successfully used in the development of almost every
field in science and engineering, such as artificial intelligence, weather forecast, even
medical diagnosis. Its use has been especially accelerated by the developments in the
computer technology. However, it is still a fascinating field for researchers. In the

following paragraphs some applications of classification in modern speech/audio
processing are presented.

1. One of the most well known applications of classification in speech processing is the
VAD (Voice Activity Detector) in speech coding. This technique is widely used in recent
ITU and ETSI speech coding standards [1] [2]. Although the detailed algorithms of these
two groups are a little bit different, the general idea is the same, i.e. using different encoder
for speech and noise, reducing the coding quality in noise/inactive periods, to achieve a
lower average bit rate for multimedia transmission, such as wireless transmission or Voice
over IP. In this technique, VAD is used to classify speech into two classes: active and
inactive, which are processed using different encoders. ITU G.729B VAD is an example
[1]. It selects 4 parameters describing the energy and spectral content of the signal. These 4
parameters construct a 4-dimensional vector space. It supposes that the parameters of

active speech occupy a certain area in the vector space, and that the inactive/noise is



clustered in another hyper-volume. It uses linear four-dimension decision boundaries to

separate one class from the other.

2. A similar application is needed in combined speech/audio coding [3]. It is important in
many multimedia applications. Obviously to get a good quality of music we need more bits
compared with that of speech. During a digital program of radio or over the Internet,
speech and music occur alternately. This classifier discriminates speech from music, using
lower bits speech codecs to treat speech, and using audio codecs to process music. The

overall bit rate is reduced significantly.

3. Another application is in multi-mode coding. In the new proposed 4 kbit/s candidate for
speech coding [4], it attempted to provide toll quality speech coding at 4 kbit/s for all
conditions. To achieve this aim, the classification is used too. Instead of a 2-class
classification as in ITU G.729 VAD, the speech is classified into 2 modes and 5 classes
according to whether the signal is periodic or stationary. After that, according to different

service requirements and the results of classification, it assigns different coding schemes.

4. Classification in speech coding is also sometimes used to classify different types of
noise for good performance of CNG (Comfort Noise Generator). Usually, in speech
coding, a CNG algorithm is added in the decoder accompanying a VAD in the encoder to
compensate the abnormal silence inserted by the VAD during the conversations. CNG
works according to the received SID (Silence Insertion Descriptor) signal. The decoder
gets the information about the inactive voice from the SID, and generates an output signal
which is similar to the background noise in the sender side, to make the transition between
active and inactive voice imperceptible/comfortable. But a SID containing only power
level and power spectrum information (LPC coefficients) may not be accurate to get good
CNG quality. More accurate descriptions about the inactive voice (such as the types of
noise or stationary/non-stationary) are preferred. Then in the decoder some pre-recorded/
pre-designed excitation signals can be used for each type. This needs to be done by
classifying the inactive speech further [5].



1.2 Contributions:

A new method based on non-linear neural networks with fast convergent learning, the
Extended Kalman Filter algorithms, was used. It was compared with the traditional
classification algorithms (including Least Squares algorithm, Nearest Neighbour
algorithm, and Quadratic Gaussian algorithm). The test was done on both speech vs. noise
and speech vs. music classification, and using clean speech and noisy speech. In this thesis
our results of classification using different algorithms under different situations are
presented. The results show that neural networks are the most robust, powerful tool for

speech classification.

The main contributions of this thesis are:
1. Compared classification results for not only clean speech but also noisy speech;
2. Compared classification results for both speech/noise and speech/music
discrimination.
3. Compared classic classification methods with neural network methods, and
different neural network training methods (Extended Kalman Filter, Levenberg-
Marquadt, Back Propagation, etc.) for classification.

4. Compared the computational complexity of the different classification methods.

1.3 Thesis Layout:
The remaining chapters will be divided as following:

Chapter 2: Characteristics and features of speech, noise, and music

In this chapter, the differences among these three types of signals are compared, and
described using basic DSP tools. Then the features used in our work are described and the

reasons why they extract the characteristics of these signals are explained.



Chapter 3: Algorithms for Classification

In this chapter we briefly introduce the traditional classification algorithms first, then the
basic structure of neural networks, with the standard Back Propagation learning. A fter that
the Extended Kalman Filter algorithm is explained in details.

Chapterd: Experimental results for clean speech

In this chapter the experimental results of classification on clean speech vs. noise and clean
speech vs. music are presented step by step, one by one. At the end, we get the detailed

understanding of each algorithm, the parameters in each algorithm, the structures and the

effect of features.

ChapterS : Experiments for noisy speech

In this part the resulting structures from the previous chapter are used to classify the noisy
speech under different SNR ratios.

Chapter 6: Computational complexity

In this chapter the computational complexities of all the algorithms are compared.

Chapter 7: Conclusion and future works

In the last chapter we conclude the thesis by discussing the main results and contributions

of the thesis as well as the possible future work that may enhance the results presented

here.



Chapter 2

Characteristics and Features of Speech / Noise / Music

To achieve a good classification performance, it is required to have some a priori
knowledge of speech, noise, and music, and good features are needed to extract the
characteristics of the signals. In this chapter, the production mechanisms of these signals
are described. We use some basic digital signal processing tools to visually present the
differences among them. Then, the features that were used in our work (LSFs, ZC, Ef, El)

are explained. It shows that these features properly and significantly extract the main

differences between the three types of signals.

2.1 Production mechanisms of these three types of signals:

Speech is produced by a vocal tract excited by the passing airflow from the lung [7]. When
we want to speak, the brain orders the muscles of vocal organs to move and to force the air
in the lung flow across the vocal tract. The vocal organs make up a vibration tube, and
make some constraints on the airflow in some cases. This causes different sounds. The air
source and the nature of its flow are referred to as the excitation signal. The vocal organs
shape the frequency characteristics of the vibrating air traveling through the vocal tract.
The excitation signal and the vocal tract shape decide how the speech sounds. There are
voiced and unvoiced speech. Voiced sounds are generated by periodic excitations, whereas
the unvoiced sounds are produced by turbulence, which is caused by forcing the air passing
through the constrained vocal tract. In fact the vocal tract is a slowly time-varying system.
However compared to the variation of the excitation, its variation is slower. So the vocal

tract can be considered as a LTI system during a short interval 5~ 50 ms [8].



The next type of sound, noise, is produced by friction between materials, or a combination
of a large number of un-correlated sounds (such as the office noise, babble noise, and so

on). It is usually whiter and flatter. The energy is mostly uniformly distributed along the

frequencies.

The third type of sound, music, is the creative product of the musicians. It is carefully
controlled, a harmonic combination of different tones or different instruments. The
physical properties of music in the DSP domain are mainly affected by the mathematic
characters of the instruments [9]. A brief categorization of the instruments is the following:
string instruments, tubes, and percussion instruments. Strings can be further classified as
plucked, struck, and bowed. Drums are examples of percussion instruments. Music is
produced by the vibrations of a string (wave traveling through the string), or acoustic tube
resonances excited by the player’s lip vibration or the breath stream, or the vibrations
caused by striking some materials. For music to achieve beautiful rhythms, the tone
durations are long, the envelopes of the spectrum are smoothly changed. Music rhythms
are complex, not as fine structured as speech because they are usually combinations of a lot

of elements. More energy is focused on the low frequency [10].

To sum up, all sounds can be treated as stochastic processes. From digital signal
processing theory, we know that “ a wide-sense stationary process can be represented as
the output of a causal and causally invertible linear system excited by a white noise
process. The condition that the system is invertible also allows us to represent the WSS
random process by the output of the inverse system with a white noise as the input”[11].

An Auto-regressive filter (AR filter) is a suitable model for sound production [7].

2.2 Visual representation of the main characters of speech, noise, and music

From a digital signal processing viewpoint, frequency response and energy distribution are
two important parameters in system analysis. In this section we use basic digital signal
processing tool to give a straightforward presentation of the frequency response and energy
distribution of these three types of signals one by one, processing normalized 8 kHz, 16

bits PCM digital speech, noise, and music. In particular we will consider:



> Time-domain waveform representation;
> Spectrum in frequency domain representation;

»> Spectrogram representation.

1. Time domain waveform representation:
Time domain waveform presents the change of the amplitude along the time axis. It

gives us a rough idea of the difference among the three types of signals.
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Figure 2-2: Waveform of car noise and 0.1s short segment

For noise, the values flip over zero randomly, the amplitudes are less-correlated with

each other, as shown in Fig. (2-2). For voiced speech, there are apparent periodic



segments such as the segment in Fig. (2-1). Amplitude changes regularly. For music,
there are obviously harmonic components and periods as in Fig. (2-3).
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Figure 2-3: Waveform of classical music and 0.1s segment

2. Frequency response:

Frequency response is a powerful DSP analysis tool. It shows how the signal behaves in
the frequency domain. As explained in a previous section, the Auto-Regressive (AR) filter
is often used to model the vocal tract. The speech is generated by passing an excitation
signal through the AR filter. In speech processing, this filter is estimated using linear
prediction. The estimated filter is usually termed synthesis filter, denoted by 1/A(z) [12].

The frequency response of this filter indicates the formant envelopes, which are different



for each person because of the pronunciation. However, they are well structured. There are
usually 3 ~ 4 formant peaks in active speech. From the spectrum graph, we can see that
there are clear periodic components for voiced speech. However, it is a kind of pseudo-
period. Especially, only in the short segments of voiced speech the periods are distinct in

real conversations. For the most part of a speech conversation, the pitches are not obvious,

and not regular.
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Figure 2-5: Power spectrum of car noise, 20 ms segment
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From Fig. (2-5), it is clear that the frequency response of car noise is quite flat up to 3

kHz, almost an all pass filter and there is no regular and periodic pitch in the spectrum
plot.

wavefrom of classic music, 20ms segment
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Figure 2-6: Power spectrum of classical music, 20ms segment
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Music is a combination of lot of harmonic tones, so its frequency response changes
smoothly. The numbers of peaks in the envelope are different under different situations.

More instruments usually means smoother frequency changes. But it is still more or less

a low-pass filter, not as flat as noise.

For the guitar signal in the following figure, no matter what rhythm it is performing,
most of the energy is located in lower frequencies, and there are peaks at about
100,1600 and 3100 Hz. In the waveform plot, there is an exact pitch period. For a single
instrument, this is always the case. But usually music is a combination of a large
number of instruments. This makes things difficult for classification. In the following

chapter we will show that for classification of speech vs. music the results are worse

than that of speech vs. noise.

ce waveform of Guitar, 20ms segrment

-0.85 20 40 60 80 100 120 140 160

o frequency response of synthesis filter 1/A(Z), 20 rms segment

Magniide B

o] S00 1000 1500 2000 2500 3000 3500 4000
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20 log rmagnitude spectrum of guitar, 20 ms segment
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Figure 2-7: Power spectrum of guitar, 20ms segment

3. Spectrogram representation:

The spectrogram is a two-dimensional representation (time-frequency with different colors
mapping the levels of energy). It presents the energy distribution along time and frequency.
It is a good tool to give us a visual expression of the abstract frequency numbers. As
shown in the following figure, the energy of noise is almost uniformly distributed along
time and frequency axis. For classical music, the tones last very long. There are energy
lines lasting as long as 1 s, while for voiced speech, the vowels last about 100 ms,

obviously shorter than that of classical music. The energy changes from voiced vowels to

unvoiced frictives.
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Figure 2-8: Spectrograms of three types of signal

In an orchestra, with more instruments combined, the energy is higher and widely

distributed along frequency axis.
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Figure 2-9: Spectrogram of orchestra and guitar

For a guitar, there are some continuous energies in lower band, and there is a lot of
harmonic tones spared in the frequency axis. The tones last a short time, similar to the

vowel in speech.

2.3 The features selected [1] [6]

1) Linear Spectrum Frequency (LSFs):
By the analysis of the speech production mechanism, we know that the sound can be
modeled by an AR filter excited by some kind of periodic or non-periodic excitation. In the
basic Digital Signal Processing theory, Linear Prediction is a powerful method to estimate
the system (AR filter) producing a stochastic process [12]. We can use it in our analysis.
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This problem can be solved by the Levinson-Durbin algorithm, a computationally efficient
algorithm for linear prediction with time series. It minimizes the error between the original
input and the reconstructed speech signal. Through the linear prediction algorithm we get
the linear prediction coefficients (LPs), denoted by A, which model the structure of the
vocal tract. Their values affect how the speech sounds. A 10™ order linear predictor was

used to get the LP coefficients A={a, ay, ..., aj0} for each frame. The corresponding AR
filter is 1/A(z), where
AZ)=1+a,z”" +a,z7 +...+a,z™"°.

For speech coding, experiments have showed that the LP coefficients are more sensitive to
the quantization error, especially when the poles are located near the unit circle. There are
some transformations of LP coefficients for better quantization, such as the reflection
coefficients, arccosine reflection coefficients. Among them, the Linear Spectrum
Frequencies (LSFs), denoted by o, , are among the best, and experiments have shown that
they are more compact in their vector space, i.e. more separable [13]. A lot of research in
speech classification uses LSF coefficients[1][14][15]. The algorithm for getting the LSFs

(w; ) from the LPs (A(z)) is the following.

Fi@-[A@+z" AY(1+z") = [T -2g,z7" +27);

i=1,3...9

F2)=[A@rz" ANz = [T0-2g.27 +27);

i=2.4....10
The above polynomials are symmetric. Each polynomial has five conjugate roots ¢, on the
unit circle. The g, are called Linear Spectral Pair (LSP) coefficients.
w; =acos(q;), i=1,2,...10. 2-1)
The coefficients @, are defined as the Linear Spectral Frequencies coefficients (LSFs).

They are responsible for formant peaks in the LP spectrum. It must be mentioned here that
the LSF coefficients are in increasing order, i.e. they are ordered as

O<w, <@,...<o,<x.
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We have explored the statistical distribution of the LP coefficients and the LSF

coefficients for different sounds. We evaluated the norm, mean, and standard deviation. It

showed that LSF coefficients are more preferable than LP coefficients.

The norm is defined as N = -!— Zx,.z , wherex; is the elements in the input feature
i=lk

vectors, k is the dimension of the feature vectors, and L is the total number of frames.

LP (the 10™ order) LSF (the 10™ order)
Speech 0.0404 0.0793
Noise 0.0525 0.0860
Classical music 0.0374 0.0725

Table 1: The Norm of LPs and LSFs

L
The mean vector is x4 = (u,, 4, ..., 44, ), Where u, = lei ,
=]
l L 1/2
The standard deviationis o; = (—Z(x,. —-4;)*) ,where u;isthe mean values.

=l

mean 1t 2d 3d | 4 Sh 6h 7th 8h  oh 10

speech -1.1372 0.5611 -0.2235| 0.1264 -0.0783. 0.0504 00624 0.0513 -0.1371 0.0764
LPs noise  -1.1005: 0.6323 -0.4258| 0.3688' -0.2862! 0.3007: -0.2292' 0.1926- -0.1258. 0.0793

speech _ 0.1976 03532 0.5848| 09280, 1.2346. 14995 1.8779 2.1525 24917 28048

LSF noise  0.2228' 04401 0.6963| 0.9617' 1.2645 1.5327' 1.8365! 2.1188' 24431 27007

Table 2: The mean of the 10 coefficients in LPs and LSFs

STD 1 2d 3d 4h Sh  6h Th & % 10h

speech 0.9068' 0.9049: 0.7751 0.6194 0.6349' 0.5250: 0.5370 0.4720: 0.3700. 0.1821
LPs noise 02781 0.3580 0.3800 04613 04257° 04259 0.3329' 0.3187 0.2234 0.1537

speech 00757’ 0.1353 02152 02009 02232 02217 0.1797 0.1602 0.1558 0.1114
LSF noise  0.0895 0.0610! 0.0781: 0.0720: 0.0737 00641 0.0672 0.0656' 0.0616 0.1178

Table 3: The standard deviations of the 10 coefficients in LPs and LSFs
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Comparing the stochastic character of the LPC and LSF coefficients, we can find that the
standard deviations of LSF coefficients are definitely smaller than that for LPC
coefficients. It means that LSF coefficients are more concentrated around their average
values. Also, considering the distance between the mean of speech and the mean of noise
over the standard deviation, we found that for six out of ten coefficients the normalized
distances of LSFs are bigger than the normalized distances of LPs, especially for the first
three and the last two coefficients, where they are several times of those of LPs:

mean of speech -mean of noise

normalized distance = |
STD of noise

[
The comparison is shown in Table 4.

1st 2nd

6th

_ 5th _Tth _ 8h  oh
LPs  0.1320: 0.19891 0.5324] 0.5255| 0.4884; 0.5666! 0.8750; 04434 0.0506
LSFs - 028151 1.4246/ 1.4275| 04681 04057 0.5179; 0.6161 0.5137' 0.7810

3rd 4th

Table 4: Comparison of the normalized distance of LPs and LFSs

This means that small distance of the same quantity accounts for a bigger proportion in the
decision when we use LSF coefficients. In normalized space, the LSFs are more separated.
So LSFs are more powerful in pattern classifications. The following is the result of 1-NN
(Nearest Neighbour algorithm) speech vs. noise classification using 10" order LPs and
corresponding 10" order LSF coefficients. For each class, there are 20 centroids for the
prototype. (The detailed explanation of the algorithm will be given in Chapter 4.) It shows
that using the LSFs, the performance is improved by about 50%. So in the rest of this
thesis we will use LSFs as a main set of features in classification. More details on the

experiments setup will be provided in Chapter 4.13

LPs LSFs
Error for | Error for | Total Error for | Error for | Total
speech noise error speech noise error
21.31 4.25 15.93 10.7 1.9 7.9

Table 5: Error rate of 1-NN classifying speech vs. noise (%)(20 centroids)
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2) 2C:
ZC is the zero-crossing rate of the time domain waveform. It provides a measure of the
average of the spectral energy distribution in the waveform, the spectral center. It has been

widely used in practice as a strong feature to detect fricative (or noise) from voiced speech.

ZC=—2%{-2[Isgn(x(i))-sgn(x(i—l))I], 2-2)

where M is the length of the frame.

3) Full-band Energy:

Energy is another important feature to classify the different acoustic signals. We know that
vowels are usually higher energy events containing at lower frequencies. Noise-like signals
have lower spectral energy distributed more uniformly and more towards the higher
frequencies. Full band energy Ey is the logarithm of the normalized first autocorrelation
coefficient R(0).

R(0)

E, = 1010310[7] (2-3)

4) Lower-band Energy:
Low band energy E; is measured on the 0~1kHz band.

E, =10|ogw[—lA7h’Rh]; 2-4)

where 4 is the impulse response of a 10™ order FIR filter with cutoff frequency at 1 kHz.
R is the Toeplitz auto-correlation matrix with the auto-correlation coefficients on each

diagonal. N is the number of samples in the frame.

2.4 How the features extract the most information about the differences

In the previous sub-sections, we provided the definitions of some features. We analyzed
the differences among three types of signals too. Matching them with each other, we can
see that the features that we used extracted main aspects of the differences.

1. LSFs: As explained in this chapter, this set of parameters gives us the information

about the formant envelope, the formant peaks. From the analysis of the speech
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production mechanism we know that the synthesis filter designs how the sounds
sound. From the figures of the frequency response it shows that there are large
differences. Between the three types of signals LSFs are the most important

information about the sound.

ZC: it is a way to measure the time-domain waveform. It shows how often the
amplitude flips around zero. It is a measure of the average frequency of a segment.

It illustrates the average frequency in a short segment.

Energy: from the spectrograms we see that there are different energy distribution
styles for the three types of signals. For noise, the energy is nearly uniform. For
music more energy is concentrated in the low frequency part. So, we use full-band

energy and lower-band energy, two parameters to extract the information about the

energy distribution.
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Chapter 3

Algorithms for Classification

In this thesis, four different kinds of classifiers are compared. Here the basic algorithms of

each kind of classifiers are explained.

3.1 Linear Classifier [12]:

The linear classifier assumes that the class boundaries can be defined by a linear
combination of the input features. It uses mean-square optimization to find the optimal
estimation using a linear function. If the class boundaries are not a linear function of the

input features, this method will find the nearest linear estimation to match them.

Assume the classifier output is a linear function. It can be expressed as:

Y, =wWiX, WXyt w,x, +b
where w,,w,,...,w, are the weights, b is a bias, x,,,x,,,...x,, are the elements of the i the

feature inputs, and y; is the corresponding system output . The bias b can be treated as a

constant input 1 with a weight w, .
Wi

1
l Wn(h\
w»

— 4
X %

X

Figure 3-1: Structure of a linear classifier
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We can also define a vector notation with X;=/ 1 x;; xz;, ..., X,J' and W=[wo,w;ws,...,
wy]7, then the system can be expressed in vector notation:

Yi=X'W=WX;
The linear classifier is tuned by finding the optimal weight vector W that minimizes the
energy of the error e;, distance between the classifier output y; and a target signal d;:

e =d;, -y,

e =(d,~y;) =d’ +W XX W-2d,XW,;

Assume that e;,d;, X; are stationary over all input vectors,

E(e )=E ((d; ~y,)")=E(d;") + WTE(X, X, W +2Ed, X)W,
Let R =E(X;X;"), P=E(d;X;") = E[dc;; dixs.... dix,, E(e)=E( d’)+W RW+2PW.
For the expected error E(e,z), the minimum is achieved when the differential of the

expected error E(e;’) with respect to W is zero, i.e.
_OF . oE OoF oE
oW “ow, ow,  ow,

This holds when RW*=P, i.e. W*=R'P, (3-1)

1= 2RW-2P=0.

where W* is the optimal weight vector. Under this condition, the expected error E(e?)
achieves the minimum, it means the overall distance from the actual outputs to the desired
outputs is minimum. So the linear system described by #* is the optimal estimation for the

linear classification.

Vectors (o be Classifiec

0.5 02 (¥ a3 035 Qs
8]

Figure 3-2: Two-dimensional illustration of the linear classification
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In fact, W * defines a hyper-plane to separate the feature space. Fig. (3-2) shows this in the
two dimensions case. Because the features that we want to classify are not always linearly
separable, what the linear classifier gives us is just the optimal linear approximation that it

can get.

3.2 Nearest Neighbour Method

As the name implies, the Nearest Neighbour Method uses the distances between
observations and the centroids of each class to classify them. Suppose that we have three
classes 1,2, and 3. Each has one centroid--- centl, cent2, and cent3. If x is nearer to cent 1,
it will be classified into class 1. Many distances can be used to measure the proximity of a
centriod. The Euclidean distance is the simplest one, and we have used it in the

calculations.

Class 1
Point x

Class 2

Class 3

Figure 3-3: Nearest Neighbour with one prototype each class

When the classes are not normally distributed with equal variances in all directions,
misclassification will occur. That is because a single point in each class does not represent
the class very well. As shown in Fig. (3-3), class 1 spreads wider than class2 and 3. It is
obvious that the point x is more likely to belong to classl. But if we check the distance to

each centroid, x should be in class2.
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So we introduce another term---prototype [16]. It means that if we have a priori knowledge
that some points are in class i, we refer to them as the prototypes. If a new observation is
near one prototype in class i, it is assigned to class i. The best way could be to use all the
points in the training data as the prototypes. But it would need a lot of memory and
computations to cover all probabilities. In practice, we divide classes into smaller pieces to
make their distributions comparable, and use the centroids of subclasses to represent the

prototypes. Then each class is represented by multi-prototypes instead of a single point.

Class 1 Point x

pmmm——m———
-

Figure 3-4: Nearest Neighbour with multi-prototypes

As shown in Fig. (3-4), by dividing the class 1 into pieces, we got two centroids to
represent the class 1. This processing makes the distribution fair and comparable with the

other classes. In the new system, the point x is classified into class 1.

The algorithm for Nearest Neighbour classification based on multi-prototypes is the
following[14]:

xeclass, if D(x,cent,"' )= min [D(x,cent,™ )],

afl M cent



where cent,™ is the m" of centroids of class i, M, is the number of sub-classes for class i,

2

N
M is total number of centroids for all N classes, M =) M, . D(x,cent,™ )= |x —cent,™ |

i=|

it is the distance from x to the centroid cent,™ .

Arrange all the centroids from 1 to M, denoted in vector notation, the distance from x to

the i'" centroid cent; is
d(i) = D(x,cent,) = |x - cent |’ =(X - C;)"(X - C,)
=X"X-2X"C,+CC=X"X-Q2X"C,-C/C)),

where Ci denotes vector notation of the i" centroid cent; , X is the vector notation of the

input signals. The first part is constant for all i. To seek min[D(x,cent,)] is equivalent to
$

seeking

min[-2X"C, +C,"C,] fori=1,2...M.

Each class is separately clustered into sub-classes, M; sub-classes for class i. The centroids

are labeled according to the classes, the total number of centroids for all classes is

N
M =ZM,. , where N is the total number of classes. During testing, all the M centroids of all

i=]

classes are checked, according to the label on the centroids to identify them.

K-mean clustering algorithm [17] from Vector Quantization can be used to separate each
class into subclasses. The basic algorithm of K-mean is the following:
1. Decide the training data X and the number of subclasses M; for each class i ;
initialize the centroid for each subclass;
2. Calculate the distance between each training data and each centroid . If d(j) is the
smallest within the M; values, assign x(i) to subclass j; iterate to check all the

training data.

3. Calculate the new centroids by averaging all the training data classified in each
sub-class and update them.
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4. Check the convergent condition. If the decrease in the overall distance (sum of all
distance for all the training data) is less than 0.1%, stop. Else go back to step 2.
Because the K-mean algorithm only finds a local optimum, we need to train many times to

get a better clustering, i.e. to get a smaller overall distance.

There are several ways to initialize the centroids.

1) Regular pick of the centroids from training data;

2) Random pick of the centroids from the training data;

3) Random values as the initial centroids.
Our simulations have shown that the first way can get a fast performance (smaller overall
distance). But because it is fixed, it is possible that the training focuses on only a subset of
the input data and it is usually not the best. The second way randomly chooses the initial
centroids from the training data. The overall distance D is more or less around the average.
But it can get a smaller D in several trials. As for the third, because the coefficients used
have some stochastic distribution and various mean, this way needs more times of trial to
get a good result. The first approach was used to get a threshold performance (on the

overall distance), and then the second method was used to get a better solution.

The number of centroids affects the result of the classifier significantly. We will present

our experimental results in chapter 4 and 5.

3.3 Quadratic Gaussian Method:

The Quadratic Guassian method is also called Bayesian Optimal classifiers, which are
based on probabilistic information on the population of the training data. It is one of the
major pattern recognition techniques. It assumes that the feature vectors of each class obey
a multivariate gaussian distribution. In our case, according to the Large Number theory in
statistics, this assumption is acceptable when we use a large number of data to train the

classifiers.

Below is the basic theory of Bayesian optimal classifiers [18]. First, we define some terms

that are used in the analysis.
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1. f{x | wy, the conditional probability distribution function of observation x given that

x is chosen from class i.
2. p(wy, the a priori probability that x is chosen from class i.

3. p(xew;| x ), the conditional probability, showing the probability that x is in class i

while given the observation x.

4. c(i | j), cost of misclassification, which means the cost of misclassifying x from j to

i. All the costs are set to positive values, and c(i] {)=0.

5. Lai(x), cost ( loss) of misclassification for one particular decision di given that
X€®; ,itisthe cost of misclassifying x from other classes to decision i.

6. ECM, the expected loss of the misclassification for class ;.

7. R;, The optimal decision regions, it is defined by R; = {x | di(x) 2 dj(x) for all j } for
class i, where d(x) is the decision function of the classifier. Then if xe R;, the

classifier assigns x to @ ;.

In our analysis, the misclassification of a decision includes two parts: (1) x €w;, but

during classifying, it is assigned to other class ®,; (2) x comes from other classes, but is
classified as class j. As shown in Fig. (3-5), suppose the decision is x € ®, , misclassifying

occurs in the overlapping area for case (1) or for case (2). In other words, the purpose of
this classifier is to set a suitable region Ri by a decision function such as to minimize the

probability of misclassifying. So the next aim is to find the decision function d(x).

i

Figure 3-5: Quadratic Gaussian classification and the decision region
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With the normal distribution assumption, according to Bayes’ rule, the conditional cost of
misclassification for one particular decision d; given that x e @ ; [19],
p(x|@;)p(@;)

p(x)

Assume that all the observations are chosen randomly in the universe X of the feature

Luy=c@| )p(xew; |x) = c(i]))

domain, then p(x) is constant. The above equation can be further simplified as
c(i| Np(x|w;,))p(w;).
The expected cost ECM; (x) for class i (misclassify x from @, to d, or misclassify x from i
tosj,/=L:M, j=i)is
ECMi(x)= ) c(i|j)x p(xew; |x)+ Y. c(jli)p(xew,|x)

=M j=tM
j=i j=i

_ 1 iy PEl@)p@) L Px|o;)p(w;)
,:;Wc(:mx ) ,,E,,c“")" 5

As same as above, the equation can be further reduced to

ECM '(x)= Y c(i| j)p(x|@,)p(@;) + Y c(jlDp(x|o;)p(w,) (3-2)
j=l:M =M

So the decision function of the classifier is the one that minimizes the ECM "(x).
For example, suppose that we have two classes, 1 and 2. The universe X=R1 UR2, R1 is
the range of class 1 and R2 is the range of class2, they are exclusive and exhaustive.

The expected cost for misclassification of classlis equal to
ECM'i(x)= c2|D)p(x| x e @) p(@,) +c(1|2) p(x | x € ,) p(@,)

For the optimal classier, the ECM’|(x) should be minimized. Let’s see under what

condition this is achieved.

ECM1(x) = ¢(2]1) [f(x|xe@))dx -p(@,) +c(1|2) [f(x|xcm,)dx- p(a,);
R2 Rl

Changing the integral region to the decision area R1,

Rl

ECM'i(x) = c(2[Dp(@,)(1 - [£(x|x€m)dx )+c(1|2)p(@,) [£(x|x e @,)dx

= c2|D)p(@,) - c2|Dp(@) [ (x| x e @)dx+c(1[2)p(@,) [f (x| x e, )dx
R1 R1
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=cIDp(@)-[cQRDp@) [f(x|x €@,)dx-c(112)p(@,) [£(x|x € @,)dx ]
=cDp(@,)- [[eIDp@,)f (x| x € @) - c(112) p(@, ) (x| x € @, )ldx
—— R — _

(N ()

The first part of above equation is positive. The minimization of ECM,’ is achieved by

ensuring that the integrants (the second part) in the above equation is a positive quantity

and as large as possible, i.e.

cQlhp(@)f(x|xew)-cl|2)p(@, X f(xew,) 20;

or c(2IDp(@,)f(x|x€@) 2 c(1|2)p(a, ) f(x|xc,). (3-3)
This criterion equation sets the optimal region to minimize the misclassification loss.

If we assume that the costs of each misclassification are the same, the criterion function is

reduced to:
p@)f(x|xew)2 p(@,)f(x|xew,). (3-4)

The decision function is thus di(x)= p(@,)f(x|xew,).

In general, x € @, when p(a),)(f(xlxea)_,)=m&)!( p()f(x|xew,) (3-3)

If 4, and Z , are the mean and covariance matrix of the class i, the distribution function

of x can be expressed as:

fxlo,)= rexpl-o G- ) (X ) x-p)] i=IM (3-6)

1
(2”)"/2|Z,

where n is the dimension of vector x, then Eq. (3-4) can be evaluated.

Trying to classify speech and noise or speech vs. music using the above equation directly,
only very poor results were initially obtained. Analyzing the stochastic character of the
LSF coefficients for speech, noise, and music, it was found that all ten coefficients overlap
badly. As shown in Fig. (3-6), speech scatters widely in the feature domain, the standard
deviation of speech is twice that of noise, and the means are very near to each other.

Speech overlaps with music and noise in a lot of areas.
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Figure 3-6: Stochastic distribution of some LSF coefficients of speech (s), noise (n),

classical music (c), and pop music (p)
It was thus chosen to sub-divide the speech or both speech and noise / music to make the

standard deviation similar and comparable, and make the means separable. Borrowing the

idea from the Nearest Neighbour method, the speech and noise / music were divided into
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subclasses, then the stochastic parameter u; and Z ; were extracted from each subclass.

A count was made of the number of training data that were found in each subclass, and
normalizing the counts by the total number of training vectors, we obtained the probability

of p(wi). In classifying, the probability function was calculated using Eq. (3-6), and then
multiplying by p(w;). If the largest resulting value was obtained with x4, and Z ; and p(w;)

then x was classified to class i.

3.4 Classification using neural networks:
3.4.1 General introduction of neural networks

A neural network is an artificial intelligent network with massive parallel processing units
working together. It is inspired by the human brain and nervous system, using linear or
non-linear parallel computation to learn from the environment knowledge, to store the
information, or to perform a particular task. In short, the neural network models human
brain. The potential benefits of an artificial neural network are that it provides a higher
computation ability and a great degree of robustness. It is a powerful tool for pattern

recognition and parameter classification [20].

The basic unit of a neural network is the neuron. In an artificial neural network, like the
neurons in the human brain, they are the basic information processing units. A neural
network consists of typically a large number of neurons. The structure of a McCullon- Pitts
neuron is shown in Fig. (3-7) [21]:

nauron

Figure 3-7: The structure of McCullon-Pitts neuron
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The elements of the neuron include the following:
1. Synapse( --w--) : It is a connecting link between inputs and the adder with a
weight.
2. Summing junction (adder, Z): It coilects all the input information with respect to
the weights.

3. Activation function (f{ - ) ): It maps the output of the neuron with the summation

of weighted inputs of the same neuron.

4. The bias: an offset, it can be seen as unit input and weight wy.

In mathematical terms, we can express it as the following equation:

net; =Zw,.,.x,. +b,.
1

yi=f(net))=f(Q w;x, +b,)

The activation function can be linear or non-linear. The commonly used activation

functions are shown in Fig. (3-8).

L A L |F

hardlim purelin logsig tansig
0 net <thresh . 1 " —e "
= =ne =— =
1 net 2 thresh Y Y l+e™™ Y e™ +e "™

Figure 3-8: Activation Functions used in neural networks

A number of neurons connected together construct a neural network. The structure of a
neural network is intimately linked with the leaming rules used in training. There are fixed
weight networks, supervised networks, and unsupervised networks [21]. The commonly
used one is supervised network. For supervised networks, each observation vector is
associated with a desired response from the network’s output neurons. The network

updates the weights according to the error between the actual output and the desired
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output. For speech classification, we know the training data and its corresponding class.

We can use the supervised structure.

In general, the different types of supervised neural network architectures are single-layer
feed-forward networks, multi-layer feed-forward networks, and recurrent networks.
Among them, the multi-layer feed-forward networks are the most popular artificial neural
network structure being used today. The figure of a multi-layer neural network is shown in

the Fig (3-9), each “o” indicates a neuron having the inner structure as that in Fig (3-7).

1 hidden layer neural network

output
y=1 speech
y=0 noise

hidden leyer
( n neurons)

Figure 3-9: The structure of a multi-layer neural network (1 hidden layer)

Learning is the process in which the networks modify the parameters (weights) of the
networks according to the environment information and particular learning laws. The next

sub-section describes some learning algorithms.

3.4.2. The Standard Back Propagation Algorithm [17] :

Back Propagation is the most widely used learning law for multi-layer neural networks. It
provides a computationally efficient method for the training of multi-layer neural
networks. It is an approximate steepest descent algorithm in which the cost function is the

mean square error E, i.e. it updates the weights to minimize the mean square error £ and
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. . . o . . 0E
modifies the weights in the direction opposite to the measured gradient vector ——. For a

n

single-layer neural network, the derivatives with respect to the weights can be computed
easily. In the multi-layer neural networks the calculation is more complex. We need to use

chain rule of calculus to alter the weights backwardly. This is why the algorithm is named

Back Propagation.

Let w;; denote the synaptic weight connecting the output of the neuron i to the input of
neuron j while / and ; indicate different neurons in the network. Then we can express the

basic idea of steepest descent algorithm in a mathematic equation:
Ze; e, =d, -y,
/

y; is the output of /™ neuron in the output layer, d; is the target, desired output for

new old aE old

w =w r;-aw—=w_,, +Aw,, where E =
"

| —

neuron /, e; is the corresponding error signal.
1. For the single-layer network:

OFE _aE-ae, . d, .anetl
ow de, Oy, Onet, ow

” !

=e, .(—l).f'(ne’]).xl

n

ﬁ_}
OE
Onet,
oF . ah -
Aw, =""aw,, =n-6,-x,, x;isthe " input.
. . OFE
We define §; the local gradient of neuron /, as 6, = - oy
net

2. For multi-layer network:
1). For the neurons in the output layer the situation is similar with the previous case.
Aw, =-n-e -(-1)-f'(net;)-y, =n-6,-y,
where y; is the output of the previous hidden layer.
2) . For the neurons in the hidden layer, the derivatives are complex.
_OE _ OE  Onet,

Aw . =— =—n.
Wi =0 ow . " Onet, oOw

=n-9,-y,

iy Jt
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OE
Onet .

J

with §, =—

= f'(net,)- Zé‘ «Wy, » kindicate the neurons in the upper layer.
k

In general, the modification A w;; applied to the synaptic weight w;; is defined by the delta

rule:

weight learning local input signal
modification| = rate * | gradient | * |of the neuron j
A wji n 5 Yi

input signal or
output signal of
the lower layer

neurons

Although the standard Back Propagation algorithm works well for small networks or
simple problems, there are many parameters to guess in its initialization, and the
convergence is poor if the problems become complex. Alternative fast learning algorithms

in the training are needed.

3.4.3 Levenberg-Marquadt Learning (LM) [22][23]:

Although the Back Propagation is the most common learning algorithm, it converges very
slowly. It needs hundreds, even thousands of epochs. In practical application some fast
algorithms are developed, most of which are modified Back Propagation. There are some
fast convergence learning algorithms, such as conjugate gradient algorithm, quasi-Newton,
and Levenberg-Marquardt used in Matlab Neural Networks Toolbox. Matlab toolbox
compared these faster learning algorithms. In the conclusion, it claims that Levenberg-

Marquadt learning is the fastest in most of cases [23].

LM algorithm is based on the Gauss-Newton algorithm. It combines the speed of the
Newton algorithm with the stability of the steepest descent method. The LM algorithm
uses the following formula to update the weights of the network.

W =w, —(J[J, +ul)"'Jle G-
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where u is the learning rate, J is the Jacobian matrix of the output errors with respect to the
weights of the neural network, J = ;% . For =0, it becomes the Gauss-Newton method.

For large x4 the LM algorithm becomes the steepest descent or BP algorithm.

3.4.4 The Extended Kalman Filter (EKF) [24] :

The problem of computing the weights of a feed-forward network to accomplish a desired
input/output mapping can be viewed as a high dimensional non-linear system identification
problem. In this area, the Kalman Filter is an interesting approach. Unlike the gradient
technique, it computes the optimal value of the weights based on all the previous observed
data. It relies on the state space representation and can cope with non-stationary and time-

varying signals.

Standard Kalman Filters work on linear systems [25]. Extended Kalman Filters extend the
power of Kalman Filters to non-linear situations. Extended Kalman Filters linearize the
estimation around the current estimate using Taylor series, to get a set of recursive

equations for non-linear systems. Here the Extended Kalman Filter is briefly explained.

The state space representation of a non-linear finite state discrete time system is the

following:
x[n +1]= f(x[n]) + g(x[n]) - u[n] + win} (3-8)
y[n]=h(x[n]) +v[n] (3-9)

while u[n] is the input vector at time n, y[n] denotes the corresponding output vector at the
same time, w[n] is the process error, v[n] is the measurement error, x[n] is the state of the
system at time n. f{).g(),h(-) are non-linear functions of the states. Assume that the initial
state is x[0] and sequences { win] },{v[n]} are independent and Gaussian distributed with
v[n]~N(O0,R[n]) and w[n]~N(0,Qfn]), where R/n] and Qfn] are the standard deviation of
v/n] and w[n] respectively. Our problem of identifying the system is to find an estimate
[n+1]of x[n+1] given u[j], y[jl, 0<j<n. We denote this estimate by

¥n+1|{n]=E(x[n+1]JU",Y"), while U" is the sequence {u[0], u[1],...u[n]}, ¥" is the
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sequence of {y[0]y[1],..y[n]}. If the non-linear functions f(), g(-), h(-) are differentiable,

using the Taylor series we can expand them around the state a posteriori estimate &{n] and

a priori estimate x[n |n - 1].

S(x[n]) = f(x[n]) + F(n)- (x[n] - X[n]) +.... (3-10)
g(x[n]) =g(x[n]) +...=G(n) +... -1
h(x[n) =hE(n|n=1])+ H (n)-(x[n] - Z[n{n—-1]) +... (3-12)

Oh .
x=£(n]? H(”) = a l.r:.i[mn—ll ’ G(n) = g(.‘["]) .

where F(n)= 1[
Ox
Neglecting higher order terms and assuming knowledge of x[n] and x[n|n-—1], the
system can be approximated as:
x[n +1]= f(x[n]) + Fn]-(x[n] — X[n]) + G[nJu[n] + w[n]
= Fnlx[n]+ G[nJu[n] + f(x[n]) = F(n]x[n]) + win]
= F[nlx[n]+ G[n]u[n] + w'[n] (3-13)
The estimate is X[n +1]= F[n]x[n] + G[nli[n] and w'[n]= f(x[n]) — F(n)x{n]) + win]
yinl=h(iln|n-1]) + H" [n]-(x[n] - &[n|n ~1]) + v[n]
= HT[n}x[n] +v[n]+h(Z[n|n-11)- H  [n]%[n|n -1]
= HT[n)x[n] + v'[n] (3-14)
The estimate j[n]=H"%[n], and v'[n]=h(xX[n|n —-1]) = H  [n]&[n|n -1].

Just like linear systems, we can get the recursive equations of the Extended Kalman Filter
as the following:

The desired estimate x[n|n —1]can be obtained by the recursion:

X[n|n—1]=f(x[n—-1]) (3-15)
Xnl=x[n|n-1)+K[n]-(¥[n]-h(x[n|n-1)) (3-16)
K[n]= pin|n—1]- H[n]-(R[n]+ H  [n]p[n |n -1]H[n])™ (3-17)
P[n|n—=1]= F[n]P{n —1]F " [n]+ Q[n] (3-18)
P[nl=p[n|n—=1]-K[n]H" P[n|n —1]) (3-19)

K[n] is called the Kalman gain. P[n] is the conditional error covariance matrix.
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Next we will show how the multi-layer feed-forward network can be cast into the form of

the extended Kalman algorithm. [26]

Suppose that the multi-layer neural network has a structure as in Fig (3-9) with L layers,
and N(k) neurons in the & layer . The input layer is layer 0 with N, dimensional inputs.
The total number of weights in the system is M =2(N(k—-l) +1)-N(k). The system
k=1

inputs (or outputs of £ layer neurons) is denoted as «*[n] at time n. Let the weights in the
system constitute the state x of the nonlinear system, thus consisting of all the weights
arranged in a linear array with the dimension equal to the total number of weights M in the
system. The new system state space representation is the following:

x[n +1)=x[n] (3-20)

d[n] = h(x[n),u[n]) + e[n]= y[n] + e[n] (3-21)
where u[n] is the input vector, d[n] is the corresponding desired outputs, y{n] is the actual
output of the designed system, A( - ) denotes the non-linear relationship between the inputs,
weights, and outputs of the net. Compared with the system that is denoted by Eq. (3-8) and
(3-9), here the net has f{ - )=1, g( - )=0.

The initial state x[0] of the network is defined as the Guassian random variable with an

N(Xx[0], P[0]) distribution, where mean and standard deviation X[0], P[0] reflect the a

priori knowledge about the net. In the absence of any knowledge, an N (O, l1 ) distribution
£

can be used, while € is a small number (we set €=0.001) and 7 is the identity matrix.

For the system in Eq. (3-20) and (3-21), the Extended Kalman Filter simplifies to the

following equations (Here x[nr]is equal to %{n|n —1] in previous equations):

x[n +1]=x[n] + K[n]-(y[n] = h(x[n], u[n]) (3-22)
K{n]=P[n]H[n]-(R[n]+ H [n]P[n]H[n])™" (3-23)
P{n +1]=P[n] - K[n]H " [n]P[n] (3-24)
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In feed-forward nets, & (-) is the activation function, usually one of those in Fig. (3-8).

Then H .. = Vi is a M*N matrix, M is the total number of neurons in the network, N is the
* ox
o

number of neurons in the output layer.

The final set of weights x(w) is obtained as the limit of a search lim x[7] = x(),

updated at iteration step n with knowledge of [U", Y"].

Suppose that R[n] = 711-1 .» where /) is a N*N identity matrix, Eq.(3-23) is
K[nl=A"'P[n]H[n]-(I, + A H P{n]H[n])™" (3-25)
Pln +1]=A"'P{n] - A" K[n])H " [n]P[n] (3-26)

Set P[0]= —::I ,,and €=0.001 where /> is a M*M identity matrix.

We get the set of equations to update the network weights using the extended Kalman filter

algorithm, exchanging X to W, we have:

P[0] =§[ ) £=0.001 (3-27)
K[nl=A"'P(n)H[n)*[I, + 7' HT [n]P[n]1H[n]]" (3-28)
W(n +1}=W[n]+ K[n]-e[n] (learning rate nis 1) (3-29)
Pln+1]=A"Pn]- A"'K[n)H [n]P[n] where 1=0.999, (3-30)

These four equations were used in our implementation.

The Extended Kalman filter algorithm computes the optimum values of the system
parameters as each new input/ output data is seen. It updates parameters consistently with
all previously seen data. Usually it converges very fast, and achieves a better local
optimum than the solution found by standard Back Propagation. Thus it can prove to be a

better classifier as it will be reported in subsequent chapters.

Following is a detailed explanation of how to compute the H[n] matrix.

For the output of the neuron £ in the output layer
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ek =dk —yk k=l,2---N
Error vector e = [e,, e;... ey], N is the number of neurons in the output layer.

Counting all the neurons in the entire network from the first layer to the output layer, the

total number of weights is M; then

W=[w,,w,,...w,, ]", Mis the total number of weights.

oY .oy o,
H=——=[2L 22
Gw ow

¥y
= yor—=—]=[H,H,,..H\], 3-
7 ) =lH H, o H (3-31)

¥ ¥ 9

where H; is a column vector, H, =
T Cow, Tow, T ow,,

1"

Whatever the architecture of the network is, it is possible to arrange the weights W in the
above way so that the columns of H(n) contain the derivative of the global outputs with
respect to all the synaptic weights. Eq. (3-27) to (3-30) were used to adapt the weights
sequentially until the goal of minimum error energy was achieved. A significant benefit on
top of the fast convergence and better achieved minimum is that there are less parameters

to guess in this algorithm.

It is possible to show that this algorithm is consistent with the steepest descent method.
In the steepest descent method, the modifications to the weights are the negative of the

gradient vectors of the cost function.

Onet
Aw, =-n oF — oE oy, ;

ow, 'y, oner, ow

Ji
\_w_/
5/ H‘—J

H

n

oE
Onet !

In the Back Propagation we define the local gradient &, =- s Aw,=n-6,-y,,

while in the Extended Kalman Filter algorithm (3-23) (3-31) a new global symbol H is
defined.

-9

ow

The Extended Kalman Filter algorithm then uses the de-correlated version of H, K/n], in

the calculations to achieve a fast convergence.

AW =-n-H-e.
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Chapter 4

Experimental Results for Classification of Clean Speech

In this chapter the testing environment will be explained first. Then the results obtained
using this environment to test all classifiers/ algorithms in classification of clean speech vs.
noise will be presented one by one, followed by the results on clean speech vs. music. The
training and testing were performed using feature vectors extracted on 20ms frames. All
test results provided here are hard decisions based on a single frame only. In practice, some
hangover algorithms will be used to get a soft decision based on the hard decision of the
current input frame and decisions from several previous frames, for example as in the ITU-
T G.729b standard. Still, as it will be shown in this thesis, good classification results can

be obtained only based on a hard decision from a single 20 ms frame.

4.1 Testing Environment

Before any algorithm could be used, a proper training and testing data set had to be found.

In this section, the pre-processing of the sound files before the feature extraction is

introduced, and then the database is introduced.

The original sound files are .SRC(speech and noise) or .MP3 (music) files. They were
converted into 16 bits PCM format .wav files with sampling frequency of 8kHz, band-
limited between 0~ 4000 Hz. In clean speech classification, all files, including speech,
noise, and music, were normalized by setting the highest magnitude in time domain to the
same level. The files were divided into frames and then features were extracted frame-by-
frame based on 20ms frame size. Because our experiments focused on extracting the

characteristics of sound, there was no use of look- ahead windowing, each frame was non-
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overlapping, and processed by a 160 coefficients (20ms under 8kHz sampling frequency)
Hamming window. The LP coefficients were calculated frame-by-frame using a 10™ order
Linear Prediction algorithm. The Levinson-Durbin algorithm was used for the linear
prediction. Then the LP coefficients were converted to LSF coefficients according to Eq.
(2-1). The zero-crossing rate ZC, full-band energy Ef, and low-band energy El were
calculated frame-by-frame as in Eq. (2-2), (2-3), (2-4). For each frame there is thus the 10
LSF coefficients, 1 ZC, 1 Ef, and 1 El, which construct a 13-dimension vector. In the

future experiments some dimensions or all dimensions will be used.

10 female speech files and 10 male speech files were used for the experiments, along with
files for the most common occurring noise: car noise, babble noise, street noise, and
factory noise. The silence was discarded from the speech sequences manually, and only the
active speech portion of the files was kept. All the resulting files were grouped into
speech.wav, which was made up by all the active voices (female and male), whereas the
noise.wav was made up by the four common noises. To be fair among all kinds of noises,
we used almost the same number of frames of each noise to construct the database. For

each frame of the sound files the desired output of the classification was known.

For the classification of speech vs. music, the speech files without silence were used same
as in classifying speech vs. noise. The classical music files were obtained from the
orchestra Swan Lake and pop music files were cut from some pop songs with music only
parts selected, not including the vocal parts. These two groups were trained and tested
separately because the characteristics of music are more complex, the classical music and
pop music are totally different in some aspects. The classical music is a combination of
lots of instruments. The tones last longer. The formant envelope changes smoothly. The

pop music is usually made up of guitars and drums. The rhythms change fast.

In total, 4300 frames of speech, 3600 frames of noise, 4900 frames of classical music, and
4800 frames of pop music were used. The features were extracted for each frame. Then the
orders of the feature vectors were randomized. The first 1800 frames of each class were set

as the training data, the others were set as the testing data. During testing, speech and noise
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were chosen as 40% : 60% ratio ( this percentage comes from the general occurrence of
active/ inactive speech during practical conversations) from the testing database, speech
and music were chosen on a 50% : 50% ratio from the testing database. Here all the testing
data were new for the classification system, it is referred to as out-group testing, whereas

the in-group testing is the test using the training data.

In the following sections the results are presented by error rate percentage in tables. In the
tables the “error for speech™ means the error rate that speech is misclassified as noise or

music.

number of frames of speech that is misclassified

(4-1)

€ecn = - -
#e<h "~ total number of frames of speech used in the testing

The “error for noise or music’ is the error rate that noise or music is misclassified as

speech.

number of frames of noise(or music) that is misclassified

4-2)

¢ noise

" total number of frames of noise (or music) usedin the testing

The *total error rate” is the overall error rate, calculated by

correctly classified speech + correctly classified noise (or music)
e .

toual total number of the testing data

4-3)

4.2 Experimental results for clean speech vs. noise classification:

In this section the schedule of experiments for different classifiers is explained in detail.
The parameters are adjusted to achieve the best results. The results of classification for
clean speech vs. noise using different classifiers/ algorithms with different parameters are

presented. At the end, the performance of these algorithms is compared.

4.2.1 Linear Classifier:

As mentioned in Chapter 3, the linear classifier assumes that the feature space can be
separated by a linear function of the features. It designs a linear continuous hyper-plane in

multi-dimensional vector space, which separates the vector space into left and right for two
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classes respectively. In our case the two classes are not linearly separable, they are
overlapping in many areas. So the results obtained from the linear classifier for classifying
speech vs. noise are very weak compared with the other methods. On the other hand, just
because of its weakness, the effects of each set of features are enlarged. This helps to
understand about the roles of each feature in the classification, and the degree of

overlapping and the separability of the two classes.

Before the details of the results are presented, some comments about the desired output of
the linear classifier will be provided. As used in many papers on linear classifiers or neural
networks, there are several pairs of possible desired outputs, such as -1 and +1, -0.5 and
0.5, 0.99 and 0.01, 0 and 1, and so on [28][29].

From our experiments it was found that setting the output to a symmetric pair around zero,
such as (-1, +1), (-0.5 0.5), gave us the same results because they all set a threshold at 0. If
the desired output is 0 or 1, it means that the threshold is set for the output at . It is equal
to shift the line in Fig. (3-2) right with respect to the (-1,+1) pair. In fact all of pairs
separate the plane into two parts. They gave us similar results under large training and
testing database. It was thus decided to set the desired output for speech as 1, for noise as
0.

Another thing which needs to be explained is the bias. Without bias, the algorithm forces
the hyper-plane to pass through the origin of the multi-dimensional vector space. In the
two dimensions case, like that in Fig. (3-2), it means that the line must pass through the
origin. As shown in Fig. (3-2), in most cases this is not a good solution. Setting a bias
gives the system more freedom in finding an optimal result. Suppose that the dimension of
the feature vectors is L, we add one dimension to the vectors and set it to 1, and then the
bias can be treated as a constant input 1 with a weight like the input 1 and wy shown in Fig.
3-1).

Now there is enough context introduced so that the results using the linear classifier can be

presented. The two classes were trained together to get an optimal weight vector #*. In



testing, after calculating the actual outputs, the distances from the actual output to 1 and 0
were compared. If the actual output was closer to 1, the input signal was classified as

speech, otherwise it was classified as noise. Following are the experimental results (error

rate percentage).

Feature vectors used | error for speech error for noise total error rate
(%) (%) (%)

ZC+Ef+El 43.667 16.722 27.50

10" order LSF 24.833 22.0556 23.1667

10" LSF +ZC 21.667 13.722 16.90

10" LSF+ZC+Ef 19.0833 6.667 11.633

10" LSF+ZC+Ef+El | 12.5833 v 1.5 5933

Notes: training set: speech : noise =1800 : 1800 frames
testing set : speech : noise = 1200 : 1800 frames

testing method : Linear classifier;

Table 6: Experimental results of linear classifiers for classifying clean speech vs. noise

Comparing the data in the Table 4, the improvement is significant. The first two rows show
that using ZC+Ef+EIl only, an acceptable result in noise is obtained, but it is almost a
random choice in speech, while using the 10" order LSFs comparable result in both speech
and noise are obtained. This shows that LSFs extract most of the important information for
both speech and noise, whereas ZC+EF+EIl are auxiliary. The next three rows show that
using more features plus the 10" order LSFs the performance on the noise side is improved

more than twice while the speech side is also improved.
Of course even using all the four sets of features in the linear classifier, the results were

still far from ideal. We will see that using other methods, even with the 10" order LSFs

only, we can surpass the best performance of the linear classifiers.
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4.2.2 Nearest Neighbour Classification:

The Nearest Neighbour algorithm uses the prototypes and the distances to the prototypes to
classify the inputs. It separates the vector space into several hyper-spheres, some of them
belong to class 1, the others belong to class2. They may overlap in some degree. The
centroid of each sphere represents a prototype. The key target in this algorithm is to find
the sufficient and proper prototypes for each class.

The number of centroids has a significant influence on the performance: increasing the
number of centroids for speech improves the performance on the speech side. However,
because of the overlapping in the vector space, this increase is not unlimited. When it
passes some threshold the overall error rate actually increases with the number of
centroids. At the threshold situation, the volumes of the subclasses for speech and noise in
the feature space are mostly similar. On the other hand, increasing the number of centroids
significantly increases the computation load in testing, making it not suitable for real-time
applications. Another issue in training is the initialization. In the algorithm, at the first step
the initial centroids are set randomly. This causes a problem of local optimization. So the
system needs to be trained several times to get a good learning result, i.e. the smallest
mean distance from all the training data to the nearest centroids. Usually this needs to be
done 5 ~ 10 times. The Nearest Neighbour algorithm uses unsupervised leaming in
training, groups the features into sub-classes, and uses the centroids of the sub-classes as
the prototypes. So speech and noise are trained separately, and the centroids for each class
are labelled for future testing. In testing, the distances to all the centroids are calculated

and compared, and the class of the closest centroid is chosen.

The following table shows the results for different numbers of centroids tested by 1-NN.
Because most of the noises are compactly distributed compared with speech, the number of
centroids for noise is set to a constant, 30, and the number was changed for speech. From
the table it can be seen that 50~70 centroids (or a ratio of about 2.0) is a suitable range for
speech. Here only the 10™ order LSFs were used. Compared with the linear classifier the
results are very impressive. The next experiments of clean speech vs. noise are all based

on the 10™ order LSFs only, which will give us a fair competition among the Nearest
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Neighbour classifiers, the Quadratic Gaussian classifier, and the neural network classifier.
Of course using all the features (13 dimensions of the vectors), the results would be even
better. For noisy speech classification more features are needed as shown in Chapter S,

where the results of using 13 dimensions will be presented for both clean and noisy speech.

number of centroids | error for speech error for noise total error rate
speech + noise (%) (%) (%)

30 +30 8.9167 1.8889 4.7

50 +30 6.1667 2.5556 4.00

60 + 30 4.00 2.90 3.6667 v

70 + 30 4.4167 3.889 4.10

Notes:  training set: speech : noise =1800 : 1800
testing set : speech : noise = 1200 : 1800
testing method : 1-NN; features: the 10™ order LSFs

Table 7: Experimental results of Nearest Neighbour classifiers using 1-NN testing
for classifying clean speech vs. noise

performance vs. number of centroids (1-NN)

P spéech
9 --"--- total error

c——tae NOISQ

enorrate %

030 S0 60 70
numbaer of centroids

Figure 4-1: Performance of 1-NN under different number of centroids

Some more discussion about the Nearest Neighbour classification is provided here. There
are two ways to perform the classification. One is called 1-NN, which was used in the
previous table, the other one is called K-NN. 1-NN chooses the closest centroid to classify,

L.e. it calculates the distance between the input and all the centroids, both speech and noise,
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then finds the closest one. If this centroid is a prototype of speech, the input is classified as
speech. If the centroid is in the noise class, the input is classified as noise. K-NN finds the
k nearest neighbours first, then chooses the most frequently chosen one among the k or k%
centroids as the result. Here one thing that has to be explained is the frequency
(probability). The frequency is based on the training set. During training, the training data
are clustered into M; sub-classes for each class i. Each sub-class may have a different
number of training points, the percentage with respect to the total number of the training
data is the probability that the point occurs in this sub-class. In the k& nearest neighbour
method, the most frequently chosen (higher probability) sub-class is chosen as the result
even if it was not the nearest one. If the numbers of centroids for two classes were the

same, the frequency can be obtained from the following equation:

bability number of points in the subclass!
probability | =

. 4-4
total number of the training data of class i “-4)

where subclass; denotes the j™ subclass of class /, and probability / denotes the

probability that x is in the " subclass of class i. However, if the number of centroids for
two classes are different, such as 50 for speech and 30 for noise, the same number of
training data distribute among more sub-classes for speech compared with that of noise. To
compensate this unbalance between the two classes, the frequency can be modified by the

number of centroids in each class.

number of points in the subclass’ . [number of centroids

normalized probability! = — - )
total number of training data of class i of class i

4-5)
For example, if 50 centroids are used for speech and 30 centroids are used for noise, then

the normalized probability that a point falls in the subclass j of speech is:

i e number of points in the subclass’ .,
normalized probability =

secch  total number of the training data of speech

*5

(4-6)
and the normalized probability that the input is in the subclass j of noise is:

. e number of points in the subclass!
normalized probability ° = = — —*30 “4-7)
ke total number of the training data of noise
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Applied strictly as defined above, the result of K-NN was not better compared with 1-NN.
Some modifications had to be made. 3-NN was investigated in details. One method tested
was that &-NN is separately used for each class, denoted as 3-NN-sep. In this testing
method, two candidates are chosen first, one for each class, then the probabilities of these
two candidates are compared, and the most frequently chosen one is selected as the resuit.
Another method tested was to choose the majority among 3 nearest neighbours, denoted as
3-NN-major. It favours the nearest one, and adjusts the decision only when the frequency
of the second or the third chosen candidate is significantly greater than the nearest one.
After comparing all the distances, 3 nearest neighbours among all the sub-classes of both
classes are found. They are ordered in increasing order according to the distance, as 1,2,3.
[f the three candidates are all in the same class, it is an easy case. Otherwise, if the nearest
one and the second (or the nearest one and the third) are in the same class, the decision is
set to the nearest unless the probability of the third (or the second) is larger than the sum of
the nearest and the second (or the nearest and the third). The result does not need to be
flipped when the nearest one is in a different class from both the second and third, because
in some cases this is very likely occurring in a remote area. The following is the result
using different testing methods and under different numbers of centroids. Again only the

10" order LSFs were used. The errors are presented in percentage.
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centroids testing method | error for speech | error for noise total error
(%) (%) (%)
30+30 1-NN 8.9167 1.8889 v 4.7
3-NN 18.50 5.667 10.80
3-NN-sep 16.91 2.94 8.533
3-NN-major 8.416 0.333 3.5667
50+30 1-NN 6.1667 2.5556 4.00
3-NN 6.667 6.556 6.60
3-NN-sep 10.9167 2.722 6.00
3-NN-major 5.6667 0333 2.4667
60+30 1-NN 40 v 29 3.3667
3-NN 8.167 5.778 6.733
3-NN-sep 9.833 2.722 5.567
3-NN-major 325 / 0.50 1.60 v
70+30 1-NN 4.417 3.889 4.10
3-NN 6.417 8.556 7.70
3-NN-sep 8.00 3.889 5.533
3-NN-major 4.250 0.778 2.1667
Notes: training set: speech : noise =1800 : 1800
testing set : speech : noise = 1200 : 1800
testing method : several types of Nearest Neighbour
features: the 10" order LSFs

Table 8: Experimental resuits of Nearest Neighbour using different testing methods

As shown in the table, the number of centroids for speech and noise affects the overall
performance significantly. They present the same changing trend. 60 for speech and 30 for

noise is a good choice. It shows that in most cases 3-NN-major testing has better

for classifying clean speech vs. noise

performance than 1-NN.
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Figure 4-2: Comparison of 1-NN and 3-NN

4.2.3 Quadratic Gaussian Classifier:

Quadratic Gaussian classifier is a remarkable method in pattern recognition. It assumes
that the features are Gaussian distributed in the vector space. As explained in Chapter 3,
the decision function is Eq. (3-4). However in practice, the classes can be highly
overlapping, and the standard deviations of the distributions are highly different. The
prototype idea can be imported from the Nearest Neighbour algorithm. First the whole
volume of the feature area is divided into subclasses with comparable standard deviations.
It assumes that the feature points in each sub-class are Gaussian distributed. Each sub-class
has a mean and a standard deviation. Knowing these conditions the probability can be

calculated using Eq. (3-6) and the decision function Eq. (3-5) is used to find the biggest

probability as the result, i.e. x e®; when p(wj)f(xlxewj)=(r=%)'( pw)f(x|xew,),

in which p(w;) is the a priori probability that we choose x from class i. p(w;) is calculated
in section 3.3. If the resulting maximum is in a speech area, the input is classified as

speech. Otherwise, it is set as noise.

In fact, through the decision function of the QG classifier, the method designed a set of
hyper-volumes, bounded by the interface of several Gaussian distributions. Similar to the
Nearest Neighbour method, the training data are clustered into sub-classes first. However,

in QG the ratio of the numbers of sub-classes for speech and noise is different from the
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Nearest Neighbour method because the decision mechanisms are different between these
two algorithms. For a Gaussian distribution, the probability distribution function is related
with the standard deviation, if a standard deviation is smaller, the corresponding f{x) for
the same x will be bigger as shown in the following figure. Even if the distance to one
centroid is small it still will be classified as another class. This is the reason that QG
classifiers were found to produce a better performance for speech, whereas the Nearest
Neighbour classifiers usuaily produce a better result for noise. So the preferred clustering
would sub-classify the data to make p(w,;)f(x|xe®,)comparable (not significantly

distinct).

04

Gaussian distribution function f(x)

03¢ ' \ .

025 i -

Figure 4-3: Figure of Gaussian distribution functions

The testing resuits are shown in the following table. Using QG a better performance was

usually obtained for speech.
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number of centroids | error for speech error for noise total error rate
speech + noise (%) (%) (%)

20+20 2.25 3.167 2.80

30+30 1.333 v/ 3.50 2.633

20+30 1.50 244 v 2067 v

20+40 2.167 3.722 3.10

30+40 1.583 4.44 3.30

Notes: training set: speech : noise =1800 : 1800
testing set : speech : noise = 1200 : 1800

testing method : Quadratic Gaussian; features: the 10" order LSFs

Table 9: Experimental results of Quadratic Gaussian classifiers

for classifying clean speech vs. noise

4.2.4 Classification Using Neural Networks:

Neural networks are powerful tools for classification. Some algorithms of learning for
neural networks were explained in Chapter 3. In practical implementations, there are still
some details that need to be addressed. The main problems are convergence,
generalization, and speed. Convergence properties come from the leaming procedure.
During leamning, the weights are updated in the neural network according to the steepest
descent deviation or some other algorithms. Usually a local optimal is found. In complex
cases the distribution surfaces (cost function as a function of the weights) are wigged,
mixed of curves and peaks. If the estimation falls in a local optimum, it is difficult to get
out for some learning algorithms. This causes the estimated result to be far from the global
optimum. Generalization is referred as the capacity for the designed network to produce
reasonable outputs for unseen new observations of inputs. It is an important point in
practical applications. Speed is also an issue in the experiments. It is measured by the
number of epochs used to achieve the convergence goal, where one epoch indicates one
cycle where all of the training data and targets are presented to the network to update the
weights. From our experiments some leamning algorithms needed thousands of epochs to

reach the goal, while some others needed only less than 10 epochs. In the following part
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we will explain the details of our neural nztworks results, using the standard Back
Propagation algorithm, the Levenberg-Marquadt learning, and the Extended Kalman Filter

learning.

1. The activation function:

The data of speech and noise are overlapping in the feature space as shown in Fig. (4-
4). It is not easy for a linear classifier to separate the two classes as has been shown in
the linear classification results. Non-linear activation functions are preferred. Using
non-linear activation functions the neural network can fit the random shaped curves or
circles. We can use logsig or tansig function as in Fig. (3-8). Although it is traditional
for Back Propagation network to use logsig with activation within [0, 1], there is
theoretical and experimental evidence that [-1, 1] activation functions give better
results [30]. Using tansig as the activation function the output of i neuron yi can be
either positive or negative. This gives more accurate effects on the modifications. The
tansig functions were used in the hidden layers, the purlin functions were used in the
output layer, and a hardlim function was also used at the output layer to check the final
status of the testing. The activation function and its first derivative are the followings.

The structure of neuron used is the same as in Fig. (3-7).

net, ~net,

. o -e
yi =f (nety) = tansig (net i) = S g
of (net;) )
S (net;) =T'=1 -
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Figure 4-4: The first two dimensions of LSF for speech (0) and noise (+)
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2. The stop condition (the goal): In practice, for a complex training data, it is almost
impossible for the network to get to the minimum of the error surface. On the other
hand a good system does not need a complete zero error rate for in-group data. We
should set a condition to let the calculation stop properly. The stop condition was
set to be the average of the mean square error £ over one epoch. If the £ is small

enough (0.025), the iterations were stopped.

3. Number of hidden layers and neurons in the network: A one hidden layer structure
was tried first. In theory, a one hidden layer neural network structure is enough to
track arbitary shape functions. The performance was found acceptable. On the other
hand, as shown in Fig. (4-5) for a curve-fitting problem in two dimensions space,
although the result for in-group data may be perfect in the right figure, if the fitting
line is extreme, then for out-group data the performance will be bad. For a good

generation, we usually want a smoother fitting curve.

Neg N=50

2 2 !
18p t18p ‘i
sl 167 -

A - | ff /
33/\ \//\\,/’ i Zi/\ V\/\]
c2r . a2p

o 22 24 06 28 v 4} 02 0s o8 a8 t

Figure 4-5: An example of curve fitting

The simplest function means the smoothest one that approximates the actual
mapping. Therefore, a smaller number of neurons in the hidden layer should be

tried and increased gradually until the goal is achieved.
4. The training data: To achieve a good generalization it is hoped that the training data

evenly covers all the possible situations including female and male, young and old.

So the training data was randomly chosen in the experiments. For the neural
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network training, it is preferred to normalize the training data first before sending it
into the network, i.e. so that the data fits in the [0, 1] interval. The two classes were

trained together with different desired outputs, 1 and 0.

Our results of classification using neural networks are presented next.

Although the Back Propagation is the most common and basic learning algorithm, it
converges very slowly. It needs thousands of epochs. In the Matlab Neural Network
Toolbox, some faster algorithms are compared with Back Propagation. In the conclusion, it
is mentioned that “in general on networks which contain up to a few hundred weights the
Levenberg-Marquadt algorithm will have the fastest convergence. This advantage is
especially noticeable if very accurate training is required.”[22]. So on top of the standard
Back Propagation algorithm, the Levenberg-Marquadt algorithm will be used to represent
the traditional neural network leaming and compared to the Extended Kalman Filter
algorithm that we suggest. The results obtained from these algorithms are compared in

training speed and generalization that they can achieve.

1. Standard Back Propagation:

Standard Back Propagation learning is the basic neural network learning algorithm. But
it converges very slowly, often falls in a local optimai, and needs many trials to get a
better result with the same number of epochs. Even with the number of epochs
increased up to 1000, the error rate is still around 12%. The results of 200 and 1000

epochs were similar.

number of neurons | error for speech error for noise total error rate
in the hidden layer (%) (%) (%)
20 20.50 7.1667 12.50

Notes:  training set: speech : noise =1800 : 1800
testing set : speech : noise = 1200 : 1800
testing method : Neural Network learning by standard BP
features: the 10™ order LSFs;

Table 10: Experimental results of Neural Network classifiers with BP

for classifying clean speech vs. noise
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Figure 4-6: Convergence curve of standard Back Propagation learning

So in the future experiments, the standard Back Propagation learning will not be used.

2. Levenberg-Marquadt:

The Levenberg-Marquadt method is a modified learning algorithm based on the

standard Back Propagation. It converged fast at the beginning. But after some threshold

the convergence curve became almost flat, and increasing the number of epochs a lot

did little to improve the performance.

number of neurons | error for speech error for noise total error rate
in the hidden layer (%) (%) (%)
10 6.5833 1.833 3.733
15 5.25 2.11 3.3667
20 5167 1.833 3.167 V
25 6.25 1.944 3.667
30 5917 1.611 3.333
Notes:  training set: speech : noise =1800 : 1800
testing set : speech : noise = 1200 : 1800
testing method : Neural Network leaming by Levenberg-Marquadt
features: the 10" order LSFs;

Table 11: Experimental results of Neural Network classifiers with LM

for classifying clean speech vs. noise
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Figure 4-7: Convergence curve of Levenberg-Marquadt learning

3. Extended Kalman Filter:

Using the algorithm explained in Chapter3, the following results were obtained.

Clearly, the convergence is fast and reaches a very lower goal. It needs at most 5~10
epochs to achieve the goals.

4 convergnece curve of EKF, 1 hicdden layer
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o »
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Figure 4-8: Convergence curve of Extended Kalman Filter
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number of neurons | error for speech error for noise total error rate
in the hidden layer (%) (%) (%)

10 4.1667 1.833 2.767

15 4.083 1.3889 2.4667

20 4.1667 1.1111 2.333

25 4.000 1.222 2.333

30 3833 0944 v 2.100 v

35 3.9167 1.0566 2.200

40 4.6667 0.9444 2.4333

Notes:  training set: speech : noise =1800 : 1800

testing set : speech : noise = 1200 : 1800

features: 10" LSF’s

testing method : Neural Network learning by Extended Kalman Filter.

Table 12: Experimental results of Neural Network classifiers with EKF

for classifying clean speech vs. noise
The experimental results previously presented illustrate that using the same number of
neurons in the hidden layer, the Extended Kalman Filter that we propose achieved

better results than Levenberg-Marquadt learning in all cases.
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Figure 4-9: Performance comparison of Levenberg-Marquadt and
Extended Kalman Filter learning
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4.2.5 Comparison of the classification results of all the methods

Comparing all the algorithms in classification of clean speech vs. noise, it is clear that both
Nearest Neighbour and QG work well, but the performance of Neural Network classifiers
is better. In general, Neural Network classifiers give results in the range 2.1~2.767 under a
large range of number of neurons in the hidden layer, while QG has most results above
2.633 % error rate although there was a good result in 20+30 case. Additionally, both
Quadratic Gaussian and Nearest Neighbour performance are highly dependent on the
number of sub-classes (or centroids). This means that Neural Network classifiers are more
robust, less sensitive to the system structure compared with the other algorithms. However,
it was also observed that the algorithm used for training the neural networks was critical

and high performance algorithms were required. Algorithms such as Levenberg-Marquadt
or Extended Kalman Filter algorithm had to be used.

4.3 Experimental resulits for clean speech vs. music:

The characteristics of different kinds of music are widely different. In this section the
classification of clean speech vs. music was tested separately according to the types of
music. Classical music and pop music were used in this section. Furthermore, in this
section the classification was tested both for the 10™ order LSF coefficients and for 13
dimension features. The results showed that the 10" order LSF coefficients are not enough
for speech-music classification. The implementations of the classifiers have been explained
in detail in section 4.2. In this section, most paragraphs focus on the results only. At the

end, a comparison of the performance is presented.

4.3.1 Classification of speech vs. classical music

In this part the experiments of the linear classifiers, Nearest Neighbour, Quadratic
Gaussian, and Neural Network classification were tested based on 10" order LSF
coefficients or using all 13 features. Because the norms of the energy features are
significantly larger than those of LSF and ZC, for the test the parameters were normalized

when all the 13 dimension features were used, so that all the features had a similar weight

in classification.
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4.3.1.1 Linear classifiers:

Using the same method as expressed in section 4.2.1, the classifier performance was
evaluated for different dimensions of the feature vectors. The desired output for speech is
set to 1, for classical music it is set to 0. In this section, the training data is 1800 frames for

each class, and the testing set is 2500 frames per class, in 50%: 50% ratio.

Feature vector used | error for speech | error for classical total error rate
(%) music (%)
(%)

ZC+Ef+EIl 38.86 16.04 27.45
The 10" order LSF | 24.5217 21.3043 22.9130
LSF +ZC 24.3478 19.2174 21.7826
LSF+ZC+Ef+El 19.8696 v 92174 14.5435 v
Notes: training set: speech: classical music =1800 : 1800 frames

testing set : speech : classical music = 2500 : 2500 frames

testing method : Linear classifier;

Table 13: Experimental results of linear classifiers for classification of

clean speech vs. classical music

4.3.1.2 Resuits from the Nearest Neighbour classifiers:

First, the 10" LSF coefficients were used as the only features for classification. Then the

experiments were done using the 13-dimension feature vectors.
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I-NN 3-NN-major
number of | error for | error for | total error | error for error for | total error
centroids | speech classical rate speech classical rate

(%) music (%) (%) music (%)

(%) (%)

20+20 7.72 7.44 7.58 8.8 3.0 5.90
30+30 8.04 5.76 6.9 7.28 2.36 4.82
40+40 7.48 416 v |5.82 7.16 2.36 4.76
50+50 7.44 5.04 6.24 552 4 (20 V 3.764
50+40 6.12 6.80 6.46 6.40 2.44 4.42
60+40 480 v | 596 5.38/ 5.80 2.36 4.08
Notes:  training set: speech : classical music =1800 : 1800 frames

testing set : speech : classical music = 2500 : 2500 frames

testing method : Nearest Neighbour;

features: 10™ order LSF coefficients

Table 14: Experimental results of Nearest Neighbour classifiers for classification of

clean speech vs. classical music using 10™ order LSFs

1-NN 3-NN-major
number of | error for | error for | total error | error for error for | total error
centroids | speech classical rate speech classical rate
(%) music (%) (%) music (%)
(%) (%)
20+20 7.12 4.84 5.98 10.44 2.52 6.48
30+30 5.24 4.08 4.66 5.24 1.44 3.34
40+40 4.52 3.44 3.98 6.40 1.2 v |3.82
50+50 5.12 224 4 |368 v 4.16 1.40 2.78
60+60 4.44 2.48 3.46 5.12 1.64 3.38
50+40 4.60 3.44 4.02 396 v [224 3.10
60+40 404 v |3.96 4.0 5.12 2.8 3.96
Notes: training set: speech : classical music =1800 : 1800 frames

testing set : speech : classical music = 2500 : 2500 frames

testing method : Nearest Neighbour; features: 10" order LSF +ZC+Ef+El

Table 15: Experimental results of Nearest Neighbour classifiers for classification of

clean speech vs. classical music using 10" order LSFs , ZC, Ef, and El
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The results showed that using all the 13 dimension features, the classification results

were improved a lot.

4.3.1.3 Results from the Quadratic Gaussian classifiers:

The results of Quadratic Gaussian classification are presented in the following table:

The 10" order LSF 10" order LSF+ZC+Ef+El
number of | error for | error for | total error | error for | error for | total error
centroids | speech classical rate speech classical rate
(%) music (%) (%) music (%)
(%) (%)
20+20 3.88 3.52 3.70 1.12 6.88 4.00
30+30 332 / | 432 3.82 1.48 8.92 5.20
40+40 3.80 4.40 4.10 1.60 18.76 10.18
50+50 3.64 304 v (434 / / /
20+30 3.68 3.64 366 v 088 v 10.88 5.88
30+20 3.64 4.92 428 1.88 426 332 /
Notes: training set: speech : classical music =1800 : 1800 frames
testing set : speech : classical music = 2500 : 2500 frames
testing method : Quadratic Gaussian;

Table 16: Experimental results of Quadratic Gaussian classifiers for classification of

clean speech vs. classical music

They show that the distributions of the features of classical music, especially the energy
features, are not quite Gaussian. For the classification of speech vs. classical music the

Quadratic Gaussian classifiers do not work very well.

4.3.1.4 Neural Network classifiers:
The classification results using neural networks show that using the 10" order LSF
coefficients only the results obtained through the Neural Network classifiers are not as

good as those from the Nearest Neighbour classifiers. The following table shows that the
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results of using all the 13 dimension features improved a lot. In general they were better

than the results from the Nearest Neighbour using 13 dimension features.

Levenberg-Marquadt learning Extended Kalman Filter
number of | error for | error for | total error | error for | error for | total error
neurons speech | classical rate speech classical rate
(%) music (%) (%) music (%)
(%) (%)
10 9.44 5.12 7.48 7.65 7.19 7.42
15 8.04 4.40 6.22 6.72 5.16 5.94
20 6.36 5.16 5.76 7.04 4.72 5.88
25 7.36 356 v |5.46 6.04 4.48 5.26
30 5.90 4.20 506 v (424 VY (40 v 412 v
40 528 v (492 5.10 5.32 4.28 4.80

Notes:  training set: speech : classical music =1800 : 1800 frames
testing set : speech : classical music = 2500 : 2500 frames

testing method : Neural Networks; features: 10™ order LSF coefficients

Table 17: Experimental results of Neural Network classifiers for classification of

clean speech vs. classical music

Levenberg-Marquadt learning Extended Kalman Filter
number of | error for | error for | total error | error for | error for | total error
neurons speech | classical rate speech classical rate
(%) music (%) (%) music (%)
(%) (%)
10 6.36 438 5.58 3.64 2.80 3.22
20 4.60 224 v |3.42 3.76 3.44 3.60
30 320 / (244 2.82v 328 v |3.04 3.16¥
40 4.16 2.32 3.24 3.68 264 v |3.16
50 3.64 2.80 3.22 3.88 2.68 3.28

Notes:  training set: speech : classical music =1800 : 1800 frames
testing set : speech : classical music = 2500 : 2500 frames
testing method : Neural Networks; features: 10™ order LSF +ZC+Ef+El

Table 18: Experimental results of Neural Network classifiers for classification of

clean speech vs. classical music using LSF, Zc, Ef and El



4.3.2

Experimental results for clean speech vs. pop music:

This sub-section presents the results of classification for speech vs. pop music.

4.3.2.1 Linear classifiers:

Using the same method as expressed in section 4.2.1, the classifier performance was
evaluated for different dimensions of the feature vectors. The desired output for speech is

set to 1, for the pop music it is set to 0. In this section, the training data is 1800 frames for

each class, and the testing set is 2500 frames per class, in 50% : 50% ratio.

testing set : speech : pop music = 2500 : 2500 frames

testing method : Linear classifier;

Feature vector used | error for speech | error for pop music total error rate
(%) (%) (%)
ZC+Ef+EI 36.32 13.01 24.68
The 10" order LSF | 22.48 23.44 22.96
LSF +ZC 23.56 23.32 23.44
LSF+ZC+EF+EIl 1244 v 836 v 1040 v
Notes: training set: speech : pop music =1800 : 1800 frames

Table 19: Experimental results of linear classifiers for classification of

clean speech vs. pop music

4.3.2.2 Results from the Nearest Neighbour classifiers:

The results of the classification using the 10" LSF coefficients were presented, followed

by the results of using all the 13 dimension features.
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1-NN 3-NN-major
number of | error for | error for | total error | error for | error for | total error
centroids | speech | pop music rate speech | pop music rate
speech+pop | (%) (%) (%) (%) (%) (%)
20+20 16.88 10.28 13.58 14.60 4.16 9.38
30+30 14.92 9.00 11.96 12.32 4.08 8.20
40+40 14.00 8.32 11.16 11.52 336 v | 744
50+50 12.44 8.60 1052 v |924 v |4.0 662 v/
60+60 13.68 752 v 110.60 11.40 3.44 7.42
30+20 13.16 12.56 12.86 8.56 8.04 8.30
40+30 11.64v | 10.16 10.90 9.92 5.16 7.54
Notes: training set: speech : pop music =1800 : 1800 frames
testing set : speech : pop music = 2500 : 2500 frames
testing method : Nearest Neighbour; features: 10" LSF coefficients

Table 20: Experimental results of Nearest Neighbour classifiers for classification of

clean speech vs. pop music using LSFs only

1-NN 3-NN-major

number of | error for | error for | total error | error for | error for | total error

centroids speech | pop music rate speech | pop music rate
speech+pop | (%) (%) (%) (%) (%) (%)
20+20 8.92 292 / 5.92 7.36 1.20 v 4.28
30+30 6.92 4.96 5.94 5.88 244 4.16
40+40 6.60 3.52 506 v 4.12 2.00 3.06
50+50 7.28 3.00 5.14 5.00 3.24 4.12
30+20 5.72 4.36 5.04 4.52 2.76 3.64
40+30 552 / |4.64 5.08 340 v |2.56 298 v
Notes:  training set: speech : pop music =1800 : 1800 frames

testing set : speech : pop music = 2500 : 2500 frames

testing method : Nearest Neighbour

features: 10" order LSF +ZC+Ef+E]

Table 21: Experimental resuits of Nearest Neighbour classifiers for classification of

clean speech vs. pop music using LSFs, Zc,Ef, and El
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4.4.3 Results from the Quadratic Gaussian classifiers:

The results of Quadratic Gaussian classification are presented in the following table:

The 10" order LSF 10" order LSF+ZC+Ef+El
number of | error for | error for | total error | error for | error for | total error
centroids speech | pop music rate speech | pop music rate
(%) (%) (%) (%) (%) (%)
10+10 284 v/ |37.76 20.30 0.72 10.40 5.56
20+20 6.68 8.88 7.74 4 |0.68 10.72 5.70
30+30 10.68 8.16 v |9.42 0.84 11.52 6.18
40+40 12.04 8.52 10.28 064 v |23.12 11.88
20+10 6.40 11.00 8.70 1.44 744 v (444 v
30+20 6.52 9.20 7.86 1.16 7.92 4.54
Notes: training set: speech : pop music =1800 : 1800 frames
testing set : speech : pop music = 2500 : 2500 frames
testing method : Quadratic Gaussian;

Table 22: Experimental results of Quadratic Gaussian classifiers for classification of

clean speech vs. pop music

Again, the features of pop music, especially the energy features, are not quite Gaussian
distributed. The results obtained were not as good as those of the Nearest Neighbour

classifiers.

4.4.4 Neural Network classifiers:
The neural network classification results appear in the following tables for the 10™ order

LSF features only and for the 13-dimensions features.
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Levenberg-Marquadt learning

Extended Kalman Filter

number of | error for | error for | total error | error for | error for | total error

neurons speech | pop music rate speech | pop music rate
(%) (%) (%) (%) (%) (%)

10 15.03 9.24 12.12 11.24 12.86 12.04

15 12.14v | 9.24 10.68 14.53 8.87 11.72

20 14.03 6.89 v 10.44 13.1833 8.36 10.76

25 12.46 9.16 10.81 10.76 v | 10.56 10.66

30 13.30 7.40 1035 v [ 12.90 6.85 9.90

40 13.746 | 7.52 10.62 11.41 6.97 9.18

50 12.14 9.3153 10.72 12.54 653 v 9.52

Notes:  training set: speech : pop music =1800 : 1800 frames

testing set : speech : pop music = 2500 : 2500 frames

testing method : Neural Networks;

features: 10™ LSF coefficients

Table 23: Experimental results of Neural Network classifiers for classification of

clean speech vs. pop music using LSFs only

Levenberg-Marquadt learning

Extended Kalman Filter

number of | error for | error for | total error | error for error for | total error
neurons speech | pop music rate speech | pop music rate
(%) (%) (%) (%) (%) (%)

10 6.15 3.50 4.82 4.38 2.71 3.54

20 38 v |3.18 3.52 289 v 2.82 2.86v

30 442 2.31 3.36vV 3.82 3.18 3.50

40 4.78 203 / 3.40 430 235 / 3.32

50 6.35 4.06 5.20 5.27 291 4.08

Notes:  training set: speech : pop music =1800 : 1800 frames

testing set : speech : pop music = 2500 : 2500 frames
testing method : Neural Networks;

features: 10" LSF+ZC+Ef+El

Table 24: Experimental results of Neural Network classifiers for classification of

clean speech vs. pop music using LSFs, Zc,Ef, and El
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4.3.3 Comparison:

4.3.3.1 Comparison of the performance for different sounds:

From the results presented it appears that the classification of speech vs. music is more
complex than that of speech vs. noise. The formant envelope changes in a larger range. The
10" order LSF coefficients were not enough to extract the differences among the speech

and music. The energy features and zero-crossing feature helped a lot to improve the

performance.

4.3.3.2 Comparison of the performance of classifiers:

Comparing the results obtained from different classifiers/ algorithms, it can be seen that in
general the Neural Network classifiers are superior to the other classifiers. Also they are
not very sensitive to the number of neurons in the hidden layer, whereas the Nearest
Neighbour classifiers and Quadratic Gaussian classifiers are all very sensitive to the
number of centroids/ subclasses. It means that the Neural Network classifiers are more
powerful and robust in classification for clean speech vs. noise/music. Furthermore, the
performance of Neural Network classifiers is related to the different learning algorithms. In
general the Extended Kalman Filter performs better than both Back Propagation, and the
fast learning Levenberg-Marquadt algorithm.

To conclude, the following graph provides a general comparison of the classification
among the different classifiers for different sound classifications. It shows clearly the

better performance of Neural Network classifiers.
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Figure 4-10: Comparison of performance of different classifiers
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Chapter S

Experimental Results for Noisy Speech Classification

In this chapter, the results for classification of noisy speech are presented. The main
purpose of this classification is to classify active speech periods from inactive speech/
noise parts in noisy speech under different SNR ratio (Signal to Noise ratio). The
experimental environment and database used will be described first, and then the results of
all algorithms for noisy speech will be presented. As in Chapter 4, the training and testing
were performed using the feature vectors extracted on a frame by frame basis. All test
results provided here are hard decisions based on a single frame only. In practice, hangover
algorithms are often used to get a soft decision based on the hard decision from the current

input frame and results from several previous frames.

5.1 Experimental Environment:

In this section, the method used for obtaining the noisy speech is described. Then the

training and testing environments are explained.

The noisy files were obtained by mixing the clean files with noise. As in Chapter 4, 10
female and 10 male clean speech files were used. The original files are in PCM 16 bits
format. All the files were converted into 8 kHz 16 bits wave files .wav and normalized.
Each clean speech file was originally made up with the active and the inactive parts, where
active speech is talkspurts and inactive is either the silence or the background noise
occurring during the intervals of active speech. In this chapter, the inactive parts were cut

from the clean speech files manually. They were almost silence and were used to construct
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another file, inactive.wav, while all the active parts of clean speech constructed active.wav.
Next, the clean files, both active.wav and inactive.wav , were mixed with three kinds of

noise: car noise, street noise and classical music, under different SNR ratio (20dB, 10dB,

0dB) to construct the noisy files.

The features were extracted using the same methods explained in Chapter 4 using Eq (2-1)
to Eq. (2-4). The database was grouped into several sets according to the different SNR
ratio and the noise types, denoted as:
1. for the active part of noisy speech: active_clean,

active _car_20dB, active _car_10dB, active _car_00dB;

active _street_20dB, active _street _10dB, active _street_00dB;

active _music_20dB; active _music_10dB, active _music_00dB;

[0 ]

. for the inactive part of noisy speech: inactive_clean,
inactive_car_20dB, inactive _car_10dB, inactive _car_00dB,;
inactive _street_20dB, inactive _street_10dB, inactive _street_00dB;

inactive _music_20dB, inactive _music_10dB, inactive _music_00dB.

There were about 4300 frames for each speech set, and 3800 frames for each noise set. For
all sets in the database, the order of the feature vectors was randomized. During training,
600 frames from each set of clean, 20dB, and 10dB SNR are chosen to construct the
training data, all the remaining frames are testing set. The 0dB SNR data was not used in
training because from the experiments we found that they did not improve the
performance, and it made the classification more complex. During testing, as in Chapter 4,
speech and noise were chosen as 40%: 60% ratio for every SNR ratio. In total there were
4200:4200 frames for training, 8000:12000 frames for testing. In the next section the

results are presented in error rate with percentage.
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5.2 Experimental Results:

In this section, the classification of noisy speech is tested. As previously mentioned, the
speech was mixed with car noise, street noise and classical music under SNR ratio 20dB,
10dB, and 00dB, respectively.

§.2.1 Linear classifier:

Using the same procedure as in Chapter 4, the noisy speech classification was
experimented using different dimensions of feature vectors. During training, clean, 20dB,
10dB SNR data were used, with both active and inactive speech. Then during testing, tests
were done separately according to the different SNR. Note again that no 0dB SNVR data was

used during the training, the results of 0dB SNR as expected are very poor.
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features used testing error for active error for total error rate
(SNR) speech inactive part (%)
(%) (%)

ZC+Ef+El clean 35.8 0 14.32
20dB 29.87 0.022 11.96
10dB 5.15 78.38 49.10
00dB 10.83 100 64.33

10" LSF only clean 29.05 21.03 24.24
20dB 28.61 24.6 26.21
10dB 39.88 23.75 30.21
00dB 43.19 27.60 33.83

10" LSF+ZC clean 20.95 16.26 18.14
20dB 23.72 24.51 24.13
10dB 37.97 243 29.77
00dB 39.23 25.88 31.22

10" LSF + clean 23.05 0.433 948

ZC+Ef+El 20dB 23.23 1.399 10.13
10dB 13.3 39.489 2901 v
00dB 7.25 97.486 61.39

Notes:  training set: active:inactive=600:600 per class (clean, 20dB,10dB)

testing set: active : inactive =2000:3000 (40% : 60%) each SNR testing
classifier: linear classifier

Table 25: Experimental results of linear classifiers for classification of

active speech vs. inactive speech

Using linear classifiers, the performance was complex to analyze. In general, the 10" order
LSF coefficients still hold a lot of important information for the classification. But under
lower SNR (higher noise level), the spectral envelopes were mixed with noise became
flatter, especially the unvoiced speech. The characteristics of active speech were faded. So
in lower SNR, the results for active speech were not good, while the results for inactive

were good. On the other hand, energy measures had a good effect in higher SVNR cases,
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they improved the performance a lot. But in lower SNR cases, because usually active
speech has higher energy, when the energy of inactive parts increases with the noise level,
the energy measures will produce misclassification for ina;:tive parts. Furthermore, the
absolute value of the energy measures are several times higher than LSFs and ZC, so they
degrade the performance of 10" order LSFs with high noise levels, when using this simple
linear algorithm. Based on the analysis of above experiments, we can see that the effect of
the energy measures would be fairer with respect to other features if the energy measures
were normalized before they are sent to train when the linear combination were used in
algorithms. In section 5.2.4, when we did experiments on Neural Networks using 13
dimensional features all the features were normalized. On the other hand, from the total
error rate, it can be seen that the performance still improved when using 13 dimension
features in above experiments. So in the following sub-sections, the 13 dimension vectors
are used. In section 5.2.4 on Neural Networks with Extended Kalman Filter learning, a test
using the 10" order LSFs only will be presented. It shows again that the 10" order LSFs
only were not enough for noisy speech classification. So in the most part of the following

sub-sections, the 13 dimension vectors are used.

5.2.2 The Nearest Neighbour classifiers:

The algorithms of Nearest Neighbour classifiers, both training and testing, were explained
in detail in Chapter 3 and Chapter 4. In this chapter, the Nearest Neighbour classifiers were

tested using 1-NN and 3-NN-major. Here different numbers of centroids were tested.
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Number of testing error for active error for total error rate
centroids (SNR) speech inactive part (%)
active+inactive (%) (%)
50+50 clean 22.85 3.2 11.06
20dB 30.53 8.47 17.29
10dB 29.97 17.78 2265
00dB 11.1 97.7 62.9
75+50 clean 214 2.9 10.3
20dB 24.82 7.32 1431 /
10dB 22.03 32.45 28.28
00dB 8.93 98.24 62.52
100+50 clean 18.8 2.9667 93 V/
20dB 22.32 16.08 18.12
10dB 21.93 22.83 22.93
00dB 7.63 97.71 62.75
Notes: traing set: active:inactive=600:600 per class (clean, 20dB,10dB)
testing set: active : inactive =2000:3000 (40% : 60%) each SNR testing;
testing algorithm: 1-NN.
features: LSF+ZC+Ef+EIl

Table 26: Experimental results of 1-NN Nearest Neighbour classifiers for classification

of active speech vs. inactive speech
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Number of testing error for active error for total error rate
centroids (SNR) speech inactive part (%)
active+inactive (%) (%)
50+50 clean 32.00 2.367 14.32
20dB 30.55 1.99 13.41
10dB 22.92 22.32 22.56
00dB 10.07 99.87 63.95
75+50 clean 20.3 2.667 9.72
20dB 22.43 1.478 98 v
10dB 14.22 27.62 2226
00dB 41.5 66.62 56.72
100+50 clean 15.10 2.833 774
20dB 16.367 8.54 11.67
10dB 8.23 51.68 343
00dB 39.6 66.56 55.83
Notes: traing set: active:inactive=600:600 per class (clean, 20dB,10dB)
testing set: active : inactive =2000:3000 (40% : 60%) each SNR testing;
testing algorithm: 3-NN-major.
features: LSF+ZC+Ef+El

Table 27: Experimental results of 3-NN-major Nearest Neighbour classifiers for

ciassification of active speech vs. inactive speech
[t is thus shown that increasing the number of centroids for active speech, the performance
for active speech is improved, but at the same time the performance in inactive part is

deteriorated.

5.2.3 Results from the Quadratic Gaussian classifiers:

In this part, the results of Quadratic Gaussian classifiers are presented.

-77-



Number of testing error for active error for total error rate
centroids (SNR) speech inactive part (%)
active+inactive (%) (%)
30+30 clean 1.3 3.8 2.8
20dB 8.82 8.52 8.64
10dB 17.82 17.55 17.65
00dB 2.72 99.75 60.93
50+50 clean 2.55 2.3667 24 v
20dB 5.45 14.09 10.6
10dB 8.95 34.83 24.47
00dB 1.95 100 60.78
50+30 clean 2.8 2.3 2.5
20dB 7.38 10.37 9.18 v
10dB 14.7 24.13 2036 v
00dB 333 66.61 53.3
Notes: traing set: active:inactive=600:600 per class (clean, 20dB,10dB)

testing set: active : inactive =2000:3000 (40% : 60%) each SNR testing;

testing algorithm: Gaussian classifier.

features: LSF+ZC+Ef+El

Table 28: Experimental results of Quadratic Gaussian classifiers for classification of active

speech vs. inactive speech

Using Quadratic Gaussian classifiers, the performance was improved a lot compared with

Nearest Neighbour classifiers. They had better results for active speech. At the same time

they had similar results for inactive speech.

5.2.4 Classification using Neural Networks:

Levenberg-Marquadt leaming and Extended Kalman Filter algorithm were used for Neural

Network classifiers in this section. A one-hidden-layer structure was shown to be enough

to deal with this classification. The results showed that both Levenberg-Marquadt and
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Extended Kalman Filter leaming performed well under different SNR ratio. At the end, the

performance of the classifier using only the 10™ order LSF coefficients is also presented.

Number of testing error for active error for total error rate
neurons in the (SNR) speech inactive part (%)
hidden layer (%) (%)
10 clean 45 4.0 420 v
20dB 12.95 2.26 6.54
10dB 20.38 15.277 17.32
00dB 7.48 80.83 51.50
20 v clean 5.85 3.8 4.62
20dB 12.27 1.57 582 ¢
10dB 19.37 12.85 15.46
00dB 10.98 69.00 45.79
30 clean 7.15 5.33 6.06
20dB 13.17 1.73 6.31
10dB 18.37 12.68 1495 v
00dB 8.33 79.58 51.08
Notes: traing set: active:inactive=600:600 per class (clean, 20dB,10dB)

testing set: active : inactive =2000:3000 (40% : 60%) each SNR testing;
testing algorithm: Neural Network, Levenberg-Marquadt learning.

features: LSF+ZC+Ef+EI

Table 29: Experimental results of Neural Network classifiers with LM for classification of

active speech vs. inactive speech
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Number of testing error for active error for total error rate
neurons in the (SNR) speech inactive part (%)
hidden layer (%) (%)

10 clean 7.35 3.033 476 v
20dB 13.28 1.52 6.23
10dB 18.62 16.42 17.30
00dB 7.767 84.04 53.512

15 clean 6.70 4.967 5.66
20dB 13.61 1.32 6.24
10dB 17.38 17.87 17.68
00dB 8.18 69.15 44.76

20 v clean 6.50 4.00 5.00
20dB 12.48 1.42 585 /
10dB 18.26 16.31 17.09
00dB 9.517 78.76 51.07

30 clean 8.85 3.33 5.54
20dB 13.55 2.19 6.73
10dB 17.27 16.00 16.51 v
00dB 5.87 95.11 59.41

Notes: :  traing set: active:inactive=600:600 per class (clean, 20dB,10dB)

testing set: active : inactive =2000:3000 (40% : 60%) cach SNR testing;
testing algorithm: Neural Network, Extended Kalman Filter learning.

features: LSF+ZC+Ef+El

Table 30: Experimental results of Neural Network classifiers with EKF for classification of

active speech vs. inactive speech

Using Neural Network classifiers, a good performance was obtained for most cases, clean
speech and higher SNR ratio noisy speech such as SNR=20dB, 10 dB. For very low SNR

ratio ( 0dB), most of inactive parts were still misclassified as active speech (recall that 0dB

SNR data is not used in training).

performance is improved.
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Figure 5-1: Performance of Neural Networks with different number of neurons

in the hidden layer (EKL)

For clean speech and high SNR noisy speech, the performance of Neural Networks with
different number of neurons was compared and shown in Fig. (5-1). For clean speech and
20dB SNR noisy speech, a 20 neurons structure works better, while for 10 dB SNR ratio

noisy speech, it is preferred to use more neurons in the hidden layer. However the overall

performance were not very different.

The following is the result from the Neural Network classifier using the 10™ order LSF
coefficients only. Compared with the above two tables, it is clear that for classifying noisy
speech, using only the 10™ order LSF coefficients is not enough. They performed badly in
clean speech and 20dB SNR ratio noisy speech. For 0dB noisy speech, although the total
error rate was lower, it was obtained by having a higher error rate for active speech.
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Number of testing error for active error for total error rate
neurons in the (SNR) speech inactive part (%)
hidden layer (%) (%)
10 clean 7.65 19.86 14.98
20dB 15.82 11.24 13.07
10dB 34.00 9.6 19.36
00dB 46.48 11.16 25.29
Notes: traing set: active:inactive=600:600 per class (clean, 20dB,10dB)
testing set: active : inactive =2000:3000 (40% : 60%) each SNR testing;
testing algorithm: Neural Network, Extended Kalman Filter learning.
features: the 10™ LSF coefficients

Table 31: Experimental results of Neural Network classifiers with EKF for classification of

active speech vs. inactive speech using 10" order LSFs only

5.3 Results Analysis:

The next table compares the performance of all the classifiers. Although Quadratic
Gaussian classifier produced the best performance for clean speech, when more realistic
data was used in testing (20dB SNR and 10dB SNR), the performance of Quadratic
Gaussian classifiers degraded severely. In these noisy situations, Neural Network
classifiers with LM and EKF produced a much better performance than all the others. It is
clear from the results that Neural Network is the most powerful and robust technique
tested. It has a better performance for noisy speech. And it is not too sensitive to the
structure of the network, the number of neurons in the hidden layer does not affect the
performance greatly. For noisy speech classification using Neural Networks, we found
that the performance gain of the extended Kalman Filter over the Levenberg-Marquadt
algorithm disappeared (at least for the final solution found by the algorithms). Both

algorithms produced a very similar performance.
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classifiers testing error for active error for total error rate
(SNR) speech inactive part (%)
(%) (%)
Linear classifier | clean 23.05 0.433 9.48
(10" LSF+ | 20dB 23.23 1.399 10.13
ZC+Ef+El) 10dB 13.3 39.489 29.01
00dB 7.25 97.486 61.39
Nearest clean 18.8 2.9667 9.3
Neighbour 20dB 22.32 16.08 18.12
classifiers 10dB 21.93 22.83 22.93
(100+50,INN) | 00dB 7.63 97.71 62.75
Nearest clean 20.3 2.667 9.72
Neighbour 20dB 22.43 1.478 9.86
Classifers 10dB 14.22 27.62 22.26
(75+50, 3_NN) | 00dB 41.5 66.62 56.72
Quadratic clean 2.8 2.3 2.5 v
Gaussian 20dB 7.38 10.37 9.18
classifiers 10dB 14.7 24.13 20.36
(50+30) 00dB 333 66.61 53.3
Neural Network | clean 6.50 4.00 5.00
classifiers 20dB 12.48 1.42 585
(20 neurons | 10dB 18.26 16.31 17.09
with EKF) 00dB 9.517 78.76 51.07 /
Neural Network | clean 5.85 3.8 4.62
classifiers 20dB 12.27 1.57 582 /
(20 neurons | 10dB 19.37 12.85 1546
with LM) 00dB 10.98 69.00 4579
Notes: :  traing set: active:inactive=600:600 per class (clean, 20dB,10dB)

testing set: active : inactive =2000:3000 (40% : 60%) each SNR testing;

features: LSF+ZC+Ef+El

for classification of active speech vs. inactive speech
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Figure 5-2: Performance comparison for noisy speech

Fig. (5-2) also compares the performance of the methods with the best produced

classification results showing the best performance of Neural Networks for noisy speech.
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Chapter 6

Computational Complexity

In the previous chapters, several classification algorithms and their performance were
analyzed. In this chapter the computational complexity of the algorithms in the testing
phase is compared. The testing phase corresponds to the normal or practical use of the
classifiers mentioned in this thesis.

Let N denote the total number of sub-classes or centroids for the two classes, and M denote
the dimension of the feature vectors. The computational complexity is estimated for one

input vector.

1. Linear Classifiers:

The linear classifier gets an optimal weight vector #* from training. In testing, it uses
a dot product X7 -* to get the actual output, then compares it with 1 and 0. Here X is
an (M+1) by 1 vector (one dimension of the input vector is for the bias), W* is a (M+1)
by 1 vector too. The computational load for each input vector is only a vector dot
product. So the complexity C = ~ (M+1) multiplies
M additions.

This load is very low. For example if M=13 as in Chapter S, then only 14 multiplies per
input vector are required. However, the performance of the linear classifiers is very

poor.
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Nearest Neighbour classifiers:

During testing of the Nearest Neighbour classifier, it needs to calculate the distances
from the input vector to all the centroids, then compare them. The main computation
focuses on computing the distances. It was mentioned in Chapter 3 that the distance
from the current input X to one of the centroids, cent, can be reduced to an expression:
distance=2X-cent '+cent - cent’,
where X is an M dimensional vector, and cent is also a M dimensional vector. There are
two dot products to be computed for each centroid. So the overall computation load is
C= N ( 2( M multiplies + (M-1) additions) +1 multiplies + 1 additions)
(2M+1)N multiplies
= N(2M-1) additions
plus the comparison among N values (and their probabilities in the k-NN
algorithm)

As an example, if M=13 and N=150 as in Chapter 5, the number of multiplies per input
vector would be 4050 multiplies.

Quadratic Gaussian Classifiers:

The discriminant function of Quadratic Gaussian classifiers is f{x| w; )p(w;). Most of
the computation is in calculating the probability f{x| w; ). For each sub-class w,, the

classifier calculates f{x| w; )p(wi).

f(xlw:) 172 exp[-%(x—tu:)r(z ')‘l(x_#')]

1
(2”)MIZIZ ’

%" is a M by M matrix, and g; is M dimensional vector.
Yy

Suppose all the g;, X, !
(2”)‘"/2

and p(wi) are pre-calculated and stored in

Z ,,IHZ ?

the software (which would require a very significant amount of memory) . Then the

calculation complexity is the following:
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C= N (M additions +M* (M multiplies + (M-1) additions)+ M multiplies+(M-I)
additions+3 multiplies +1 exponential)
N( M+M+3) multiplies
=|  N(M +M-1) additions
N exponentials, look-up table.
Plus the comparison among N numbers
This computation load is more than M times greater than for the Nearest Neighbour
classifiers assuming the same number of sub-classes N, which is not necessarily in the

case.

For example if M=13 and N=80 as in Chapter 5, the number of multiplies per input

vector would be 14,800 multiplies, on top of a very large amount of memory required.

Neural Networks:

Neural networks find a good combination of the weights during the training. In the
testing phase, they compute a linear combination before every activation function.
Suppose that all the activation functions are ransig, and can be designed as a single
look-up table, then most of the computational complexity is the linear combinations.
Suppose again that M is the dimension of the input feature vectors, and that:

n; is the number of neurons in the first hidden layer,

n; is the number of neurons in the second hidden layer,

no is the number of neurons in the output layer, with a linear activation

function (not tansig) (we used no=1)

Then for the one hidden layer structure neural networks,

C=n; ((M+1) multiplies + M additions)+ ((n,+1) multiplies + n, additions)
niM+2 ni+1 multiplies

= n; ( M+1) additions
n; activation functions (look-up table)

For two hidden layers structure neural networks,
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C= n; ((M+1) multiplies + M additions)+ n; ((n,+1) multiplies + n; additions)
+(( na+1) multiplies + n, additions)
ny (M+ ny+1)+2 ny+1 multiplies
=< mM+ ny ni+ ny additions

(n+ ny) activation functions (look-up table)

For example, if the one hidden layer structure with M=13 and n1=20 is used (as in Chapter
5), then the number of multiplies per input vector would be 301 multiplies. This is
significantly less than the Nearest Neighbour or Quadratic Gaussian classifiers
(respectively 4050 multiplies and 14,800 multiplies) on top of producing better

classification results.

The computational complexity of the different classifiers is summarized in the following
table. It also gives an example of the complexity assuming that the dimension of the
feature vector is 13. It is again clear that the complexity of the Quadratic Gaussian method
is the highest, above M times those of Nearest Neighbour and Neural Network classifiers.
Except for the linear classifiers, the load of the Neural Network classifiers is the lowest,

and at the same time, they usually have a better performance with higher robustness.



Parameter used in the example column: M=13

classifier computational complexity example
Linear Classifier multiply M+/ 14
addition M 13
others one comparison 1
Nearest Neighbour | multiply M+1)N 27N
Classifier addition QM-1)N 25N
others N number comparisons N
Quadratic Gaussian | multiply NM +M+3) 185N
Classifier addition NM+M-1) 181N
others N number comparisons, N
N look-up table search N
Neural Network | multiply Mn\+2n+1 1S ny+1
Classifier addition M+ ny 14 n;
(1 hidden layer) others n, look-up table search n
Neural Network | multiply ny M+ny+1)+2 na+1 n(14+ n;) +2n34,
Classifier addition mM+ ny ni+ ny m(13+ n2)+ n;
(2 hidden layers) others m+ ny look-up table | m+ n;
search

Notes( Parameter ranges):

N denotes the total number of sub-classes/ centroids for the two classes,
50~ 100;

M denotes the dimension of the feature vectors, 10 ~ 13;

n; denotes the number of neurons in the first hidden layer, 10 ~ 30

Table 33: Comparison of the computational complexity of different classifiers
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Chapter 7

Conclusion and Future Work

In this thesis, the classification of speech, noise, and music was explored, in particular
using the Extended Kalman Filter training algorithm for Neural Network classifiers. The
performance was compared with the traditional classification algorithms: the linear
classifiers, the Nearest Neighbour classifiers, and the Quadratic Gaussian classifiers. It was
also compared with other Neural Network learning algorithms--- standard Back
Propagation learning and fast learning algorithm, Levenberg-Marquadt learning. The
experimental results presented in the thesis illustrate that in general the Neural Network
classifiers found using the Extended Kalman Filter learning produce a remarkable and
robust performance for classification of both clean speech vs. noise/music and active

speech vs. inactive speech in noisy situation.

7.1 Summary

The applications of classification in speech signal processing and audio signal processing
were introduced. Good classification can improve the performance of speech coding and
audio coding in reducing the overall bit-rate of codecs or in improving the quality of
speech signal processing. These applications require classification of speech vs. noise or

speech vs. music in clean or noisy situations. In this thesis these cases were explored.

Chapter 2 provided an introduction of the sound production mechanisms. Through the
different production mechanisms, speech, noise, and music have different characteristics.
The features that extract these characteristics were explained. In Chapter 3, the algorithms
for several types of classifiers were explained. The Extended Kalman Filter was introduced

in detail at the end. The algorithm is extended from the standard linear Kalman Filter
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algorithm. It extends the power of the Kalman Filter to non-linear situations. The

parameters in the algorithm were explained.

Chapter 4 and Chapter 5 presented the experimental results of several types of algorithms
in different situations. It showed that Neural Networks with the Extended Kalman Filter
learning are usually substantially more robust then the other classifiers. In the noisy speech

classification, they also work very well.

Chapter 6 provided a comparison of the computational complexity among the classifiers.
Except for the linear classifiers, the Neural Network classifiers have the lowest

computational load. The Quadratic Gaussian classifier has the highest computational cost.

To sum up, the Neural Network classifiers were found to be very powerful for
classification of speech/noise/music and have a lower computational complexity at the
same time. To achieve the best results, using all the features (the 10" order LSF
coefficients, zero-crossing rate, full band energy and lower band energy) is preferred,

especially in the noisy case.

7.2 Future work:

1. In this thesis most of the work focused on the algorithms. From the experiments we
found that besides the algorithms, the features used also highly affected the final
erformances. Here we used the 10™ order LSF coefficients, ZC, Ef and El features.
But the actual effects of each feature were not explored in detail. It is possible that
some of them have more weight in extracting the important information, and have
more influence in the classification. Classification using other features would also

be of interest

2. Another aspect that could be improved is the classification under very noisy
conditions (0dB SNR). Our results using 0dB SNVR noisy speech during training
were not conclusive, which led to training without 0dB SNR speech and poor

performance during the testing phase for the 0dB SNR noisy speech. Neural
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Networks are likely to be a good solution to this problem, but different
configurations would have to be tested. There are some other complex algorithms
used in related areas, such as Hidden Markov Models (HMM), which may be

interesting alternatives for this classification problem.

Multimode classification is interesting in practical applications. It classifies the
input into several classes (for example male speech, female speech, classic music,
pop music, car noise, white noise, etc.). This classification problem could be done
by one single classifier, or it could require several classifiers with pair-wise
classification in each one (hierarchical architecture of classifiers). Neural Networks

would still be a good candidate for this problem.
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