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ABSTRACT

This thesis discusses the issues of Automatic Speech Recognition in presence of
additive white noise. Comb Filter Decomposition (CFD), a new method for
approximating the magnitude of the speech spectrum in terms of its harmonics is
proposed.  Three feature extraction methods from CFD coefficients are
introduced. The performance of the method and resulting features are evaluated
using simulated recognition systems with Hidden Markov Model classifiers and
conditions of additive white noise under varying Signal to Noise ratios. The
results are compared with the performance of the existing robust feature
extraction methods. The results show that the proposed method has a good

potential for Automatic Speech Recognition under noisy conditions.
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NOTATION

All the math shown in this thesis is in discrete time, where n is the sample number. For
sampling theory basics please refer to [4]. The bold symbols signify vectors and matrices, for
which the dimensions, if not stated, should be apparent from the context. This wotk attempts
to use symbols consistently throughout all the sections, but some might change their meaning

for different contexts. Below is the symbol list with the associated meaning for a given

context:
* - convolution operator
(as superscript) conjugation operator
| | - magnitude operator
A - state transition matrix
A(z) - denominator of LPC vocal tract model

a(k) - k"™ LPC coefficient for frame t

a - probability of transition from state i to state |
arg{ } -argument operator

b - observation probability vector for frame t

X,

b,(x,) -i" coefficient of observation probability vector for frame t

B - observation probability distribution matrix
c(k)  -k" cepstral coefficient for frame t
Ciy - mixing coefficient for the g" Gaussian of the k" state

dB - (Signal spectral context) dB = 20log,,(a) , where "2’ is a magnitude spectrum

value at a given frequency
(SNR context) dB =10log,,(a), where 'a' is the ratio of signal to noise variance

det() - determinant operator

E[] - expectation operator

Ef (k) - k" spectral entropy coefficient of the K-region analysis for frame t
f - frequency

f,() - nonlinear vocal tract configuration function

g - index variable

G - (GMM context) number of Gaussian distribution in GMM model
G, - Gain at sample n

h(n) - convolutional noise

i - index variable

j - (FFT context) squate root of -1
- (as subscript) index variable
k - index variable

vii



K - (CFD context) number of delays in CFD analysis
(HMM context) number of pronunciation of a word of given class
(Spectral entropy context) number of regions in spectrum
L - (Cepstral feature adjustment context) number of frames used for normalization
(HMM context) number of frames in a word pronunciation
(Short-time spectral analysis context) frame overlap in samples

Lk - number of frames in k™ pronunciation of 2 word
A - HMM model

m - frequency sample

M - total number of phoneme labels in ASR alphabet

max| | - maximum operator
min| | - minimum operator

P - mean vector for g” Gaussian of the k™ state
n - sample number

N - number of samples in a frame of speech

0, - (HMM context) phoneme label

w(k) - (LSF context) k" LSF coefficient for frame t
Q - set of M phoneme labels

p - number of coefficients in feature vector

p - speaker parameter vector

T - initial probability vector

T, - i coefficient of the initial probability vector
q, - hidden state for frame t

Q - HMM hidden state sequence

s(n) - speech signal

s(n) - speech sample n from frame t

S(m) -DFT ofs(n)

o, - standard deviation of the speech signal

o, - standard deviation of the noise

X, - covariance matrix for g" Gaussian of the k" state
t - as subscript frame number

T - as superscript: mattix transpose

u(n) - speech excitation source signal

v(n) - additive noise

vt(n) - vocal tract impulse response

VT(2) -vocal tract response for frame t

w(n) - Short-time spectral analysis context: window applied to speech frame
Wy - k™ CFD coefficient

wk) -k® CFD coefficient for frame t

X, - feature vector for frame t

x(k) -k coefficient of feature vector for frame t
X - observed feature vector sequence

y(m) - noisy speech signal

z - z-domain operator

viii



Chapter 1

INTRODUCTION

The basic principles of Automatic Speech Recognition (ASR) that are in use today have been
laid out in the 1970’s [1]. Over the years, the advancements in the fields of Digital Signal
Processing (DSP), pattern recognition, language modeling, as well as the increase in processing
power allowed the creation of real-time continuous, speaker independent (or speaker adaptive),
systems with large vocabulaties (up to 65,000 words) that are very capable in recognizing clean
speech. The recognition rates for such systems with high signal to noise ratio (SNR) input give
around 5% error rates [2]. ‘This is a significant achievement considering the size of the
vocabulary and the complexity and variability of the speech signals due to differences between
speakers, moods, mannerisms, etc. For small vocabulary systems the error rates fall below 1%
[2]. In most of the applications however, there is a significant amount of background noise
present in the speech signal. Human auditory system, having evolved in environments where
the ability to distinguish noise from the signal of interest was a key to survival in many
situations, is extremely well adapted for this task. The ASR systems on the other hand have a
hard time dealing with situations where there is a relatively small amount of noise present in
the speech signal. Being trained under certain conditions and with a finite set of training data,
those systems have trouble when the test circumstances are not similar to those at the training
time. Needless to say, current state of the art ASR systems cannot match, or come even close,
to the human ability to recognize speech in various types of noisy environments. Most of the
present methods can deal with a specific type of noise, very often at a cost of decrease in
recognition for clean speech. For instance, speech enhancement algorithms typically increase

Signal to Noise ratio (SNR) at the cost of intelligibility (and vice-versa).

Research in the field of robust speech recognition has led to a vast array of different
approaches and methods, which can be categorized into three classes: speech enhancement,
robust feature extraction, and noise independent classifiers. In this work, robustness is defined

as ability to cope with noise. Selected methods from all the categories will be presented in the



thesis and used in the simulations for comparison purposes with the focus on robust feature

extraction.

1.1 Problem Statement

Most of the applications for speech recognition require the ASR systems to perform in
environments with a significant amount of background noise. For instance, a speaker on a
busy street is accompanied by noises of passing cars, wind blowing, other people talking in the
background, etc. Present ASR technology requires a training of the system, with limited
amount of training data, which "teaches" the system how to recognize and categorize cettain
speech patterns. The background noise, present during the operation stage of the ASR system,
often introduces discrepancy between the training and operation conditions, and modifies the
patterns of the ASR input. These changes introduce errors in the recognition process which

diminish ASR performance.

The human auditory system is an example of speech processing that is immensely robust in
presence of all kinds of background noise. This ability is the result of the evolution of certain
mechanisms and redundancies in the human speech production and auditory systems for
coping with noise that was always present in the surrounding environment. One such robust
attribute of the speech is the harmonic structure of the voiced sounds. A good ASR system
should exploit the harmonic structure of the speech signal to improve recognition in presence

of background noise.

1.2  Objectives

The objective of this thesis is to study current methods that attempt to improve performance
of one-microphone, small-vocabulary ASR systems in the presence of additive background
noise, and propose a number of feature extraction methods based on the harmonic analysis of
the speech signal. This work will deal with white Gaussian noise, a fairly basic type of noise,
which can model a large number of background noises encountered in speech processing, and
is still problematic for current ASR systems. The thesis will attempt to give an intuitive
overview of robust speech processing and present a new method for robust feature extraction.

The results of simulations will evaluate the existing and introduced methods.



1.3 Thesis Contributions

This work contributes to the area of Automatic Speech Recognition with the following :

e A new method for data analysis that exploits the harmonic structure of the speech signal
and shows more robustness in the presence of additive white Gaussian noise than current
methods

e Two variants of the above mentioned method for performance-complexity trade off

o Three feature extraction methods based on the above mentioned method

e A concise and intuitive overview of various branches of ASR technology with consistent

notation pertaining to the word-level recognition

1.4 Thesis Outline

The thesis is divided into 6 chapters. Chapter 1 is the introduction. Chapter 2 gives an
overview of the current state of the ASR technology. Issues of noise in ASR and some
methods developed for coping with it are discussed in Chapter 3. Chapter 4 introduces the
new method for speech signal analysis and robust feature extraction, and Chapter 5 gives the
tesults of the simulations that test the new method against existing ones that were presented in

previous chapters. Chapter 6 contains the summary and discussion on the results.

There are two Appendices explaining the details of calculation of LPC coefficients and HMM

training and classification. The thesis is concluded with the References and Index sections.






2.1

Chapter 2

OVERVIEW OF AUTOMATIC SPEECH RECOGNITION

ASR System Structure

A common ASR system will process a speech input in the following stages [0]:

® Preprocessing — where various operations on the signal are performed in order to

prepare it for the feature extraction

e Feature extraction — where the features of interest are extracted from the signal and

formed into a set of feature vectors

¢ C(lassification — where some type of pattern recognition algorithm assigns labels to

feature vectors.

Typically this would be done in two stages: training, whete the

classifier derives the relationship between the feature vector and its proper label, and

classification, where the labeling is performed on feature vectors.

Input Signali

- Preprocessing

Preprocessed
Speech Signal_ |

Feature
Extraction

Feature
Vectors

|

g%

/

Classification
— ]

Classifier

Classification
Resuits
»

Training

Training
Algorithm

Figure 1 General speech recognition system

It is assumed that speech is already sampled before entering the preprocessing stage. Current

ASR systems process speech on a frame basis, deriving a feature vector for each frame and

classifying that frame from the feature vector.



2.2 Speech Characteristics and Principles of Auditory Perception

A good overview of speech characteristics and the speech production process can be found in
[4],[5],[6] - The speech signal is created by the passage of a sound wave through the human
vocal tract. The vocal tract shapes the sound wave into speech with the position of the
tongue, lips and operation of vocal cords to produce the desired sounds. This process can be

modeled as a nonlinear system acting on a specific excitation source:
s(n) = 1,(p, G,u(n)) @1
where s(n) — is the speech signal

p — the speaker parameter vector, which contains information pertaining to

characteristics of individual speakers, such as pitch, length of vocal tract, etc.
u(n) — input, or excitation source

G, — gain on the input signal

f,() — nonlinear function representing the vocal tract configuration.

The goal of a speech recognition system is to determine the vocal tract configuration function
£,0 from the observation of speech signal s(n). Speaker recognition systems attempt to deduce
the speaker parameter vector p.

Vocal Cords
Open

i ddh

u(n K s(n)

Vocal Tract
Configuration

NS
Vocal Cords Speech signal
Vibrating pr
Speaker

characteristics

Figure 2 Speech production model



The excitation source u(n) can be generally divided in two categories :
¢ Noise - the air breathed out when a person speaks
® Periodic impulse - created by vibration of the vocal cords, usually accompanied by a higher

gain G,

These two types of input result in unvoiced (non-petiodic) and voiced (periodic, where the
fundamental period is referred to as pitch) sounds, respectively. However, depending on the
speaker characteristics and the type of sound produced, the excitation signal might consist of a
mix of noise and periodic impulse. The basic acoustic units of speech are called phonemes,
and similar phonemes are grouped into families, such as vowels (voiced) and consonants

(voiced and unvoiced) [4].

Speech is a non-stationary process, but due to physical limits on how fast the human vocal
tract can reconfigure itself, it can be treated as a quasi-stationary process for 10-30ms intervals.
This means that it can be treated as a stationary process for those short time periods [4]. The

quasi-stationarity assumption is more proper for voiced than unvoiced sounds.

Speech signal can be well characterized in the frequency domain. The frequency span of
human speech goes up to approximately 7 kHz [5]. Voiced speech consists of harmonics of
the fundamental frequency FO, which is also termed the pitch, and it relates to the fundamental
period of the excitation source u(n). The average pitch is around 130Hz and 230Hz for
males and females respectively [5], but it varies even for the same speaker, as the tone,
expression, or mood of the speaker changes (for instance, a question phrase usually ends on a
raised pitch). The resonances of the fundamental frequency amplified by the vocal tract are
called formants, and it has been shown that their position on a frequency scale is important for
human perception of a given voiced sound [5]. Formants are labeled according to increasing
frequency, therefore F1 will be the lowest frequency formant and F5 will be the highest

frequency formant’. While for the voiced speech it is the spectral content that is important for

* There are times when the formants, tracked in time, overlap and sometimes switch position, for instance making I'3 lower on
the frequency scale than IF2 [5].
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Figure 3 FI'T Magnitude of a 20ms frame of spoken phoneme: (a) ‘a’ — voiced; (b) ‘s’ - unvoiced

perception of given sound, for unvoiced speech it is the changes of the spectral content with

time that are of more significance.

The difficulty in speech recognition comes from the diversity of speech sounds which is the
result of an enormous number of variables present in the speech production process due to
different speaker characteristics, such as pitch, shapes of the vocal tract, length of various parts
of the vocal tract, etc. The characteristics of speech will change even for the same speaker,
most notably when the mood or expression of the speaker alters. Therefore, for instance in a
same type of voiced sound some formants may be less pronounced than others, and in general

positions of all the formants vary.

There is a lot of redundant information in the speech signal. Most of the current ASR systems
remove the redundancy. For instance, it has been determined experimentally that the human
auditory system is less sensitive to phase information than the energy spectrum of the speech
signal [6], and therefore almost all the ASR systems today discard the phase information from
the speech signal. Experiments have shown that the human auditory system is sensitive to the
spectral content of speech on a logarithmic scale — both for the spectrum amplitude and

frequency resolution [4],{5].



Current ASR systems use a linear approximation for the nonlinear vocal tract configuration
function (') in equation (2.1), resulting in a speech model represented as a convolution of a

time-variant vocal tract response vt(n), and an input signal u(n).

s(n) = vt(n) * G u(n) 2.2

This simplification makes the estimation of vt(n) easier at the expense of the response
becoming a cotrelation of the vocal tract configuration and speaker characteristics. The vocal
tract is modeled as a tube concatenated from a number of pieces of different lengths and
cross-sections, which depend on speaker parameters and the vocal tract configuration [4].
Existing methods attempt to determine the vocal tract response using the knowledge of
characteristics of the excitation source u(n), and decorrelate the speaker variability from the

speech content.

2.3  Short-time spectral analysis

Since the vocal tract is time-variant, but quasi-stationary, the speech is processed in frames

s,(n) = s(tL + n)w(n) (2.3)
n=0,1.,N-1 L<N

where t-is the frame number
n — the sample number in the frame
N — the total number of samples in a frame
L — the number of new samples that each frame is taking

w(n) in equation (2.3) is a window (a Hamming window for instance) that is used to attenuate
the speech signal near the edges of the frame in order to reduce the "leakage" effect in the
frequency domain [43]. The transformation of the framed speech into the spectral domain is
called the Short-Time Fourier Transform (STFT), and it is based on the Discrete Fourier

Transform(DFT), most often implemented with a Fast Foutier Transform (FFT) algorithm



2.4

il j2nmn
Si(m) = Zs,(n)e ¥

n=0

m=201..N-1

where m — is the frequency sample

The FFT algorithm allows for an efficient and teal-time computation of the STFT. The

spectral content can be visualized with a spectrogram, where the signal power

| S, (m) = S,(m)S; (m) 2-5)

for all the frames is shown on a frequency-time axis with a logarithmic scale represented by a
color map. Figure 4 shows an example waveform and spectrogram of the speech sequence
"dark suit" spoken by a female. This sequence will be used as an example throughout this
work, therefore a detailed transcription of the phoneme content is provided. The sequence is

650 ms long sampled at 8kHz.
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Figure 4 Example of a) speech signal and b) spectrogram for the spoken sequence “dark suit”
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2.4 Pteprocessing

In the preprocessing stage of ASR systems various operations on the speech signal are done in
preparation for feature extraction. This might involve accentuating characteristics pertaining

to speech, or removing the components that are of no interest.

24.1 Preemphasis

The preemphasis filter consists of a differentiator used to boost the higher frequencies of the
signal, see equation (2.6). This is especially beneficial for voiced sounds, for which the spectral
content, on average, falls down at a rate of 6dB/octave - that is the amplitude falls down by
6dB from frequency f to frequency 2f [3]. Although for unvoiced speech this filter tends to
decrease the SNR, the benefits of the preemphasis justify the side effects.

s(n) = s(n) —as(n—-1) (2.0)
a=09

Frequency response of preemphasis filter

Magnitude (dB)

i i ) 1 1
0.1 02 03 04 a5 06 07 08 09 1
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i i L

i ] i R = S
0 01 02 03 04 05 06 07 08 08 1 0 100 200 300 400 500 600
Normalized Frequency (xx rad/sample) Time (ms)
a) b)

L~ 1
ol 1 1 1

Figure 5 a) Frequency response of a typical preemphasis filter and b) spectrogram of the sequence "dark
suit" after filtering with the preemphasis filter
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2.4.2 Mel-scale filtering

Mel-scale filtering is an attempt to imitate the human auditory response, which has a higher
resolution for low frequency content and a lower resolution for high frequency content
[4],[5],[6]: Mel-scale conversion maps the frequencies to a new scale, which is approximately

linear up to 1kHz and logarithmic above 1kHz (see Figure 6a).

m,,, () =2595log,,(1+ f/700) @7

where f is the frequency in Hz.

Melscale
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o
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o
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)
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5001

Frequency (kHz) Fraquency (kHz)
) b)
Figure 6 a) Mel-scale; b) 20 filter mel-bank for an 8kHz signal

In Mel-bank filtering, the signal is filtered through a bank of filters created on a mel-scale (see
Figure 6b). The output of the filter bank represents a spectrogram mapped to the mel-scale

(see Figure 7) and it can be used as the spectrum for later analysis.

Spectrum of Mel-bank filtered speech a8

Melfrsquency

200 300 400 500 600
Time (ms)

Figure 7 Mel-bank filtered spectrum of the sequence "dark suit"
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2.4.3 PLP processing

The Perceptual Linear Prediction (PLP) method was introduced in [21] as a feature extraction
method that combined perceptual preprocessing of the signal followed by extraction of LPC
coefficients. In this work PLP is treated as a preprocessing method only, which can be
followed by any feature extraction technique. Like mel-bank filtering, PLP was inspired by

charactetistics of human auditory system, but it attempts to exploit more characteristics than

just the increase of resolution for low frequency content.

The first stage of PLP processing maps the signal to a Bark frequency scale, which is very

similar to the Mel-scale (see Figure 8a).

. (2.8)
sk (f) = 61n(6£70+ ()7 + 1)

where fis the frequency in Hz.

Bark frequency
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Figure 8 a) Bark frequency scale; b) Critical-band masking curve
Then, critical band analysis is performed by convolving the Bark scale power spectrum of the

signal P (my,,) with the critical-band masking curve W(my,,), which approximates the shape of
human auditory filters (see Figure 8b).
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2.5 2.9
0,(Mpo ) = Z Fi(k —my,, )Y (k) @9

k=-13
where Pi(k) = Re[Si(k)]* + Im[S,(k)]?

( 0 M Bark < —l.3,mBa,k > 2.5

10250 8ak403) 1.3 < mpau < 0.5
¥ (mpan) = < >

1 ,— 0.5 <mpau < 0.5
1071 0meai=05) 0.5 < mpyy < 2.5

N

The increment on k in equation (2.9) is not uniform and it depends on the sampling of
S(my,,), which becomes denser as my,, increases. The curve 6(my,,) is re-sampled at

approximately 1-Bark intervals and it is preemphasized by a simulated equal loudness curve

E(w)
B, [muu (@)] = E(@)0,[my,,, (0)] (2.10)
Elo) = (0?+56.8x10% Yo'
 (0+6.3x109) (07+0.38x10°)
where @ = 27f is the angular frequency in rad/s.
Finally, the signal goes through a cubic-root amplitude compression
0.33 (2.11)

(Dt(m Bm‘k) = E,[m Ba/‘k]

The PLP processed spectrum can be used for later LPC analysis by taking the Inverse DFT of
® (mg,,), or Cepstrum coefficients can be extracted directly from @ (my,,) [21].

Spectrum of PLP processed speech

Bark frequency

100 200 300 400 500 600
Time {ms)

Figure 9 PLP processed spectrum of the sequence "dark suit"
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2.5 Feature Extraction

The purpose of feature extraction is to identify key characteristics of the signal that will
contribute to recognition. Aside from charactetization, this process reduces the dimensionality
of the data, which simplifies the classification. The two feature extraction methods presented
below are the most common in ASR systems today. Both of those methods model the
envelope of the speech frame spectrum in an attempt to extract information pertaining to the

vocal tract configuration.

2.5.1 Linear Prediction

Linear Prediction Coding (LPC) is based on the concatenated tube model, where the vocal
tract is modeled as a series of tubes of different cross-sections [4]. In the z-domain, the vocal

tract is represented as an all pole system

V,(2) = = — 21

1—2@(/{)2"‘

k=1

The speech model in equation (2.2) converted to the z-domain gives

S, (z2)=VT,(2)G, U,(z) (2.13)

Substituting for VT (z) and converting back to the time domain, this gives the Auto-Regressive
(AR) speech model, where the current sample is predicted from a linear combination of past

samples.

P (2.14)
s.(m) =3 a,(k)s,(n~k)+G, u,(n)

where p - is the number of coefficients used for the prediction.

a (k) —is the k™ LPC coefficient of frame t
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The LPC coefficients are calculated for each frame and combined into feature vector x,
T
x, =la,() a @) .. a(p)] (2.15)

Typically, p=12 coefficients are extracted, and combined into a feature vector. Each pair of
the coefficients normally corresponds to a peak of the spectrum envelope, which for voiced
phonemes would correspond to locations of a formant. With the assumption that a speech
frame is stationary, the LPC coefficients can be calculated using the autocorrelation function
of the frame [5] (see Appendix A for details). This method requires no FFT, but the

autocorrelation is still computationally expensive.

LPC value P jope from LPC i d8

Frequency (kHz)

LPC coefficient number
o
S
8 SN

100 200 300 400 500 800
Time (ms) Time (ms)

L !
LA
0

= e b b L i
100 200 300 400 500 600

Figure 10. Result of a 12-coefficient LPC analysis and the spectrum envelope they describe for the spoken
sequence “dark suit”

2.5.2  Cepstrum Coefficients

Cepstrum coefficients (CC) are another method of modeling the envelope of the frame
spectrum [4]. Cepstrum coefficients are calculated by taking the Discrete Cosine Transform

(DCT) of the logarithm of the spectrum of the speech frame.

1 2 = 2 2 x(2m=1)k (2-16)
c,(k)=log | S,(0) P+ JZlog| S, (m) | cos(=Cmk)
w =2

The lower DCT coefficients express the slow variations of the spectrum, ie. the envelope. The

higher coefficients correspond to faster variations, such as pitch, which can be used for

16



speaker recognition/verification (see Figure 11). When the Mel-bank filtered signal is used for
the spectrum |S(m)|, the DCT transformation gives the Mel-frequency Cepstrum
Coefficients (MFCC). Typically, 30 Mel-bank filters are used resulting in |S(m)| for
m=0,1,..29. After the DCT, the lowest 7-12 coefficients are used to form a feature vector —

c,(0) is not used, so the first coefficient is ¢(1).

x, =[c() ¢ .. ¢ @.17)

MFCC value Spectrum envelope from MFCC L]
- e -t PR

. S

MFCC number
Frequency (kHz)
~N

3 . L s
300 [ 100 200 300 400 500 600
Time (ms) Time (ms)

100 200

Figure 11 Result of a 7-coefficient MIFCC with 20 Mel-bank filters and the spectrum envelope they
describe for the spoken sequence “dark suit”

2.6 Pattern Recognition and Classification

The speech model from equation (2.2) is a linear approximation of the true nonlinear speech
model. The feature extraction methods discussed above are all based on the linearized
approximation, and while they attempt to dissociate what was said from how it was spoken,
there still remains a considerable correlation between the speaker and speech content in the
feature vectors. Thus, sophisticated classificaion methods are needed that can deal with
complex relations and variability in the feature data. Cutrently, statistical methods are most
widely used to cope with this difficult task, the reason being that varying data can be described

or estimated statistically.

17



General developments and methods of statistical learning theory can be found in [8],[10].

Vapnik [10] indicates three types of statistical learning problems:

e Classification - where the pattern detection is used to categorize data into classes

e Regression - where the patterns are required to estimate unknown continuous signals from
noisy observation

e Probability density estimation - where the patterns describe the statistical information
about the signal

Speech processing deals with all three problem types: classification for making decisions on

speech content in ASR, regression in removing noise from the speech signal, and probability

density estimation as an intermediate step in the classification using Hidden Markov Models

(HMMs). The p X 1 feature vectors ate treated as p-dimensional points in feature space, and

depending on the similarity measute used, various patterns in the data can be distinguished.

The challenge in statistical pattern recognition is learning complex patterns from a limited set

of training data and establishing a proper generalization of the pattern types that does not

overfit to particular training set while maintaining the ability to distinguish different classes

[10].

These statistical pattern recognition is based on Baye's rule, which constitutes an optimal
classifier in the statistical sense [8],[9],[11]. The rule sates that for a p X 1 feature vector x,, and
a set of M class labels Q = {w,, ®,, ..., 0y}, the posterior probability of a class being labeled ©,

given observed feature vector X, is given by the relation

dox)P 2.18
P(a)klxl) = p(x i‘z(:)(l‘;‘)l)(a)’() ( )

The classification is done by finding k, the class label, that maximizes the posterior probability
P(w|x). Since p(x) does not depend on k, it does not contribute to the maximization

process, and it can be removed from the equation.

label, = arg, {max[p(x, | @, ) P(®,)]} (2.19)
k=1..,M
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The prior probability P(w) is independent of the observed signal, and it is derived from a
language model (for instance it could be the probability that a phoneme ‘@’ is spoken in a K
phoneme alphabet) [11].  This thesis is concerned with feature extraction and speech
enhancement for small vocabulary systems, where language modeling doesn't play a role as
important as in large vocabulary systems, so we remove the ptrior probability from the

equation.

label, = arg, {max[p(x, |w,)]} (2.20)
k=1,..,M

The difficulty in Bayesian classification is that the likelihood probability density function
p(x,|w,), or class-conditional density function, is not known and has to be estimated. The
estimation can be done from the training data using Maximum Likelihood (ML) methods. ML.
algorithms assume a probabilistic model of the data, and find the parameters of the model that

give the highest probability of the training data occurring [11].

261 HMM
In speech, aside from estimating the likelihood p(x |w,), it is also important to relate the
probabilities for different frames t=1,..,L.. This is most often modeled with Hidden Markov

Models (HMM). The model attempts to find the hidden state sequence Q =1{q,,9,,...,q, }

from the observed feature vector sequence X ={x1,X2,...,X;}. Ina word-recognition

problem, the hidden states are related to the phoneme labels 41 € {@1,...,0u}, so there are
M states for M possible phonemes. The temporal dependencies of the hidden states are

assumed to obey the rules of a 1% order Markov process, where:

P(g: = 0ilqi-1 = 0,412 = 04,...) =P(q: = 0ilg1 = ©;) (2.21)

These dependencies can be shown unfolded in time by using a Dynamic Bayesian Network
(DBN) [32],[33] representation (see Figure 12). The probability of the next state being q, = ,
depends on the previous state q.; =w, and the likelihood that the feature vector x, is observed

in state q=w,.
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Figure 12 DBN representation of a general HMM model

A complete HMM model A=(A,B,n) is described by three parameters:

A —is the state transition matrix, which describes the probabilities of transition from state i
to j

aj = P(q: = 0ilgr-1 = 0;) (2.22)

where 1 < i,j <M > ay >0,Vi,j ;

M
Yay=1 Vi
j=1

a, a, e iy

MxM

B - the parameters describing the probability distributions for observing a given feature

vector at time t, while being in a given state w;.
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bi(x;) = p(xig: = w;) (2.23)

T

bx, = [ b](xl) bz(Xp) bM(xl) ]
The estimation of the observation distributions cotresponds to estimating the likelihood
density in equation (2.20). ‘The observation density is modeled by 2 continuous

distribution function with B being the collection of distribution function parameters (see

Section 2.6.2 for detalils).

7 — the initial probability vector, which gives the probability of the first state being o,

i = plg = ;) (2.24)
n:[ir, Ty . 7Z'M]T M X1
The joint distribution for the whole HMM model is:
(2.25)

p(x, . a0 ) = )] r@. e D] 19,)

The training is done using the Expectation Maximization algorithm, which finds the HMM
model that maximizes the likelihood of observation sequence X given a desired state

progression (see Appendix B for details).

A* = arg, {max[p(X|A]} (2.20)

For a small vocabulary ASR, the states in the HMM correspond to different possible
phonemes. One HMM is created for each word class, therefore for K wortds, there are K
HMMs {A ..., A}, Each HMM is trained with a number of observations from a training set
of the corresponding wotd class (see Figure 13). The classification is done by running a
Viterbi algorithm on each HMM to find the best state sequence for a given observation
sequence X [11] (see Appendix B for details). The HMM with the highest probability along its

best sequence is selected as the word class.

label = arg, {max[p(X | 1,)]} (2.27)
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Ergodic HMM model Ergodic HMM model

Left-right state HMM model

Left-right state HMM model

Figure 13. Example of two 4-state HMMs with state transition probabilities for words "ask”, and "cast"

2.6.2 GMM
A common model for a class-conditional probability distribution is a Gaussian Mixed Model

(GMM). This model is parameterized with G normal distributions N, (p,XZ,), Ny(ppZ,),--

Ng(po.Lo) related by mixing coefficients c,,cy...cc. A GMM model is created for each

phoneme class wy.

G (2.28)
p(xt | wk) = chgp(xt | ”’kg’zkg)

g=1
i —-;—(x,—pkg) TE;;(Xt—Pkg)

X \ L) = ———e
where p( tlukg kg) f_—anet(Zkg)

P, — is the pX1 mean vector of the g" distribution for phoneme k
Zkg — is the pXp covatiance matrix of the g‘h distribution for phoneme k
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state q4

Class
w;

The HMM model with GMM class-conditional probability can be represented with a DBN
graph (see Figure 14). In HMM notation, the class conditional probability is defined as

Mixture
Component
Cig

Figure 14 DBN representation of HMM model with GMM

observation

state qu

Class
Wy

state gz
Class
—
w;
Mixture
Component
Cig

Mixture
Component
Cig

b, (x,) = p(x, ;a)k)zzckgp(xt |”kg’zkg):p(xr [©;)

where ©,={c,,..,C.,Hk15+-sMkG, Zk1,-.-,2kG} is the collection of parameters and mixing
coefficients for all G Gaussians corresponding to state k, and B={ @,,..., ®,,} is the collection

of all GMMs for all M states. B can be derived from supervised training using the EM

g=l

algorithm (see Appendix B for details).
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2.7  Summary

This chapter presented a condensed overview of Automatic Speech Recognition with the most
common digital processing and pattern classification techniques in use today. These methods
have been shown to be very successful when they operate on a clean speech signal. However
in most of the applications some kind of background noise is inevitable. This noise is
unpredictable and almost always time varying, although certain assumptions about its
characteristics can be made. The next chapter analyses the effects of additive noise on the
speech signal and presents methods that attempt to maintain high recognition rates in ASR

systems with a lower SNR speech input.
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Chapter 3

NOISE IN ASR

Noise contaminates the speech signal and changes the feature vectors. This causes a
significant mismatch between the training and test data. Another source of mismatch is the
fact that a speaker aware of the noise will often modify his/her speech characteristics in an
effort to overcome the noise. This phenomenon is called the Lombard effect [23]. The
overall mismatch between the training and testing condidons often increases the error rates
even when performing recognition with a higher SNR than in training. A significant amount
of research effort has been put into the development of methods for robust ASR and an
excellent summary on various methods existing before 1995 has been done in {23]. This work
will not attempt a similar overview, but it will briefly present the methods that have been used
for comparison purposes in this research, as well as highlight some of the most recent and

promising approaches.

3.1 Effects of additive white noise on speech

A general model of noise in speech signal is given by
y(n) =s(n)* h(n) +v(n) CRY
where y(n) — is the observed, or noisy speech signal
s(n) — is the clean speech signal
h(n) — is the convolutional noise
v(n) — is the additive noise

* - represents a convolution operator
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In most of the applications the major factor of noise is the additive noise, often with Gaussian

characteristics. This work addresses the problems of additive white (Gaussian with zero mean)

noise. This simplifies the noise model to:

y(n) = s(n) +v(n)

(3.2)

Over the years, vatious approaches emerged for noise treatment in speech processing, and

they usually correspond to various stages of an ASR system (see Figure 15). Thus:

. Speech Enhancement - these methods attempt to separate the speech content from the

noise. Typically these algorithms would be used in a pre-processing stage, to improve the

SNR ratio before feature extraction.

e Robust Feature Extraction — these methods, as the name suggests, are employed at the

feature extraction stage, and they attempt to find speech features that are not affected by

noise

e Noise independent classifiers — these methods employ a special type of classifier that is not

affected by changes in features due to certain types of noise.

Speech Signal
_

Speech
Enhancement

l
Y

Raobust Feature

Preprocessing

Preprocessed

Speech Signal
e e

Noise independent

classifier

Extraction
Feature f Classification
Feature Vectors Classification " Results
Extraction - » Classifier >
Training Training
Algorithm

Figure 15 Methods for dealing with noise in ASR systems
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Additive white noise has a flat spectrum, meaning it has on average an equal amount of energy

in all the frequencies. The assumption that noise is not correlated with speech implies that it

is also additive in the frequency domain:

Y(m) = §(m)+Q(m)

(3.3)

The result is a raised mean of the magnitude spectrum of noisy speech that usually drowns the

spectral nulls and the weaker frequency components of the signal (see Figure 10).
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Figure 16 Waveform and spectrum of a clean a), ¢) and noisy with 5dB SNR b), d) sequence "dark suit”

The human auditory system is well equipped to deal with such noise probably due to:

The ability to normalize

The ability to process redundant information and combine it for recognition purposes
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3.2 Effects of additive white noise on features

In this section we will examine the effect of noise on the standard features extracted from the
LLPC and MFCC methods. LPC analysis models the spectral envelope of the signal, and since
the noise removes the spectral nulls and flattens out the lower parts of the spectrum, the peaks
in the envelope, which are important for recognition, are less pronounced, often disappearing
entirely. Differences between weaker and stronger peaks diminish and the resolution is
decreased. The peaks tend to be spread out mote or less evenly throughout the frequency,
rather than concentrate on particular areas of the spectrum, which are more important for

recognition (see Figure 17).

EFFECTS OF NOISE ON LPC COEFFICIENTS
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Figure 17 LPC analysis of a frame from the spoken phoneme "aa' for clean and noisy 5dB SNR signal
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MFC coefficients, similarly to LPC, model the shape of the entire spectrum and therefore are
affected by the lack of spectral nulls and the flattened envelope. Mel-bank filtering
deemphasizes the higher frequency content of the spectrum, making MFCC more robust to
noise than LPC for voiced sounds. It has been shown that the norm of the cepstrum

coefficients decreases along with the decrease in SNR [23].

EFFECTS OF NOISE ON MFCC
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Figure 18 MFCC analysis of a frame from the spoken phoneme 'aa’ for clean and noisy 5dB SNR signal

The major disadvantage of LPC and MFCC for dealing with noise is that they represent a
snapshot of the entire spectrum envelope of a speech frame in a way that information from
various patts of the spectrum is correlated in each coefficient of the representation. This is
highly desirable in noiseless situations, because the relationship of various parts of the
spectrum captured in the feature vector is important for recognition. However, in the

presence of noise this is not desired, as the parts of the spectrum affected by noise which
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contain misleading information affect the representation of the parts of the spectrum that have
been contaminated to a lesser extent. For instance in LPC, while the position of lower
formants in voiced speech, indicated by poles near the right-hand side of Figure 17 €) and f),
remains relatively unchanged, the other poles, corresponding to higher formants, differ
between the clean and noisy speech signals. Since the LPC coefficients are the results of a
polynomial of all the poles, all the coefficients are affected, leaving no part of the feature

vector to remain unaltered.

3.3 Speech Enhancement for robust ASR
3.3.1 Kalman Filtering

Kalman filtering (IKF) is a very popular and successful method for cleaning the speech content
from additive white Gaussian noise [35]. The algorithm usually utilizes the LPC speech model,
where the excitation noise of the speech signal and the observation noise are assumed to have
Gaussian characteristics. Other models, including non-lineat ones, can also be used thanks to
Extended Kalman Filtering (EKF) [30]. KF in its initial form required that the variances of
the excitation source and the observation noise be known a ptiori, but new methods have been
proposed that do not require any knowledge of noise characteristics and address the issue
where the additive noise is colored [34]. Since KF, with the exception of Dual Kalman
filtering [30], does not explicitly address the issue of predicting the speech model parameters,
but rather relies on other methods to estimate the model parameters in order to perform

speech enhancement, it will not be discussed any further in this work.

332 RASTA

Relative Spectral (RASTA) processing is temporal filtering on each frequency band of the log
STFT spectrum of the signal [22]. The assumption here is that the rate of change of speech is
limited by the physical structure of the vocal tract, and can be assumed to fit in a certain range.
The rate of change of the non-speech components of the signal often will reside outside that

range. The RASTA filter is a bandpass filter that suppresses the spectral components of the
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signal that have a slower or faster rate of change than that of typical speech. The frequency

response of the filter is as follows:

H(z) = 0.225+0.le2;'—908.122—0.22 (3.4

Frequency response of the RASTA filter
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Figure 19 Trequency response of the RASTA filter

The spectrum of RASTA processed clean and 5dB SNR noisy signal is shown in Figure 20.

RASTA filtered spectrogram of the clean speech waveform aB RASTA filtered spectragram of the noisy speech wavelonn dB
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Figure 20 Spectrum of the RASTA processed sequence "dark suit™: a) clean waveform; b) 5db SNR

waveform

If the signal is pre-processed with PLP, the RASTA filtering is done before cubic-root

amplitude compression (see section 2.4.3)
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3.4 Robust features

The challenge of deriving robust features is to have features that are unaffected by the noise,
and at the same time still convey all the information that is important for recognition. This is
not a trivial task, as most of the robust features methods result in decreased performance in

noise free conditions.

3.41 Line Spectral Frequency

Line Spectral Frequency (LSF) coefficients are a transformation of the LPC coefficients

[36],[37]. The inverse filter from equation (2.12) is taken

4:z) = 1+a,()z7" +.. . +a,(p)z? (3.5)

and used to form two polynomials, from which the roots are calculated to find the LSF

coefficients. For even p, the polynomials are calculated as follows:

P(2)=A(2)+z "4z )=0~2") [] (-2z"coso,(k)+z7) O

k=2,4,...p

0,(2)=4,(z)-2""4E")=0+z") [] (1-2z"cosw, (k) +z7?)

k=1,3,...,p-1

where (k) —is the k™ LSF coefficient for frame t.

The coefficient order in equation (3.6) is such that (2)<e®)<..<w(p) and
o,(1)<w,(3)...<w(p-1). The feature vector is formed as follows:

%, = [ 0(1) 0.Q2) ... 0:/p) ]T G0

It has been shown that LSF coefficients show a better quantization and classification

petformance than LPC coeftficients [38].
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3.4.2 Delta features

Delta features attempt to model temporal behavior of the coefficients in feature vectors. They
approximates the time derivatives of each coefficient x(i) for i=1,2,.p calculated from
corresponding coefficient values from previous and following frames t-d,t-d+1,...t+d. Thus,

for a featute vector x,, the delta vector is calculated as follows [29]:

) Z‘/:;—d Kxi (3.8)

XA, = ”

k2
k=—d

A typical value of d is 3 [29] resulting in a time average over 7 frames. The delta vector XA, is

appended to the feature vector x, forming a new 2p X 1 feature vector.

3.4.3 Cepstral feature adjustements

It has been shown that the norm of the cepstrum coefficients decreases along with the
decrease in SNR {23]. A number of normalizing methods have been proposed to remove the
effects of noise from the cepstral feature vector. Cepstral Mean Subtraction (CMS) and
Cepstral Normalization (CN) normalize the cepstral feature vector with respect to the mean

and variance of the vector [24].

CMS 1 - (3.9)
¢ (k) = ¢, (k) — Ele, (k)] = ¢, (k) = 1 D ¢, (k)
i=]
A () BN 1 ) 3.10
¢ (k)= Bl & G149
1Y g
Cepstral Gain Normalization (CGN) is a further normalization on the CMS vector [25].
c{(‘GN (k) — o (k) (311)

max, g, Lo (R)]-miny g, [ (K)]

Also, methods have been proposed to use Higher Order Statistics (HOS) to normalize the
cepstral feature vectors [26],[27].
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envelopes for the speech sequence "dark suit”
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3.4.4 Spectral Entropy

A new method for extracting features from the speech signal was proposed in [36]. 'This

method converts the spectrum of the speech frame to a probability mass function (PMF)

Sy (m) = —Sdm m=0,1,...,N-1 612

Y s

K
The PMF is then divided into K equal regions, each consisting of v samples, and the entropy

of each region is calculated according to the formula:

kxK -1 . 3.13
EF(y=—Y S (i)-log, (5™ (i) -

i=(k-D*K

This calculation is redone for a varying number of regions, and as suggested in [30] is typically
done for K=1,2.....5. Entropy values from each calculation are concatenated into a feature

vector, and so for K=1,2,....5 this results in a 15 X 1 vector x,
x, =|[El) EX) E2Q@ EXD) .. EX® EG) (3.14)

Spectral entropy feature vectors for a clean speech signal Spectral entropy freature vectors for a noisy speech signal

Coefficient
Coefficient

300 300

Time {ms) Time (ms)

a) b)

Figure 22 Spectral Entropy feature vectors for a) clean and b) noisy speech sequence "dark suit"

Spectral entropy features are potentially more resistant to additive white Gaussian noise,

because they measure the "peakiness" of various regions of the spectrum [36] - the lower the

35



entropy, the flatter the region. This makes the measure relatively unaffected by the general
increase of mean of the spectrum, although it is still sensitive to the fact that peaks are less
pronounced in the noisy spectrum. Also, the regions with peaks that are buried by the noise
give a predictable result of entropy going towards zero, rather than producing false peaks as

the case may be with LPC or MFCC analysis.

3.5 Noise independent classification
3.5.1 Multi-conditional training

One of the most obvious attempts at removing the discrepancy between training and noisy test
conditions is to train a classifier under various scenarios, that is, to do multi-conditional
training. For additive white Gaussian noise, the training can be repeated with the same
training data at various SNRs, thus enabling the classifier to adapt to features derived from
corrupted signal. The problem with this approach is that only a final set of predetermined
noise scenarios may be used for training, which may still differ considerably from the noise
during testing. Also, the noisy training data may create enough overlap between the features
from different classes, that it is not possible anymore to obtain a good generalization of the

pattern classes.

3.5.2 Missing Data approach

An interesting and very promising concept for robust ASR and speech enhancement are the
algorithms that are generally classified as the Missing Data approach [40],[41]. These
algorithms attempt to identify certain regions of the speech spectrum that are less affected by
the noise. From these a spectrographic mask is formed [40], which separates spectrum into
"reliable" and "unreliable" regions. For ASR the training is done with the information
contained in the "reliable" part of the spectrum, and similarly the recognition is done using
only the "reliable" portion of the data. A simplest example for voiced signals would be using
only the low frequency content of the spectrum for training and recognition, because it is less
affected by noise. In order to enhance speech, a relationship must be established between
"reliable" and "unreliable" characteristics, which later can be used to recover the missing data

of the noisy speech. The performance of these algorithms depends on the ability to form
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good spectrographic masks, which will correctly indicate the "reliable" data, while retaining

enough of the spectrum to allow for proper recognition.

3.5.3 Hybrid HMM classifiers

In Chapter 2, an HMM with GMM for observation probability density function was presented
as a common classifier used in ASR. GMM however is not the only, and not necessarily the
best, model for observation probabilities. The hybrid HMM classifiers proposed in [16],[17]
combines the ability of HMM to leatn temporal patterns from feature vectors with the power
of Artificial Neural Networks (ANNs) [18] to form complex non-linear mapping of feature
vectors to HMM states. In this approach, Multilayer Perceptron Networks (MLPs) and
Recursive Neural Networks (RNNS) are trained to produce probabilities of obsetving feature
vector X, while being in state q. The ANN has p inputs corresponding to the number of

coefficients of a p X 1 feature vectot, and M outputs corresponding to the states of the HMM

q: € {®1,...,0p}. The number of hidden states and neurons is arbitrary, but good
suggestions based on expetimental data are given in [16], and [17].  When presented with a

feature vector x, at the input, the output gives the set of probabilities b, which are used in the

HMM classification (see 2.6.1 and Appendix B for details on HMM training and classification).

Temporal characteristics of the data can be included in the probability derivation by
concatenating a number of feature vectors x, from different frames at the input of the MLP, or
by using RNNs which implicitly capture temporal characteristics of the input data. The
advantage of ANNs over a GMM model is that they can capture much more complex
dependencies in the data and may be more robust to noise. On the other hand this comes at
the price of a much longer and intense training, and the danger of overfitting the classification
to the training data. Support Vector Machines (SMVs) [20] have been suggested as an
alternative classifier to ANNs for Hybrid HMM approaches [19].
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3.6 Summary

In this chapter, the effect of additive noise on speech has been discussed and a number of
existing methods for coping with noise in ASR systems has been presented. The next chapter
will introduce the proposed new robust feature extraction method based on Comb Filter

Decomposition.
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Chapter 4

A NEW ROBUST FEATURE EXTRACTION METHOD BASED ON COMB
FILTER DECOMPOSITION

The Comb Filter Decomposition (CFD) is an attempt at analyzing the speech signal in terms
of its harmonic contents. The motivation is to emphasize the harmonic peaks in the speech
spectrum from which we can obtain feature vectors that are less sensitive to noise, especially
for voiced signals. This chapter gives a short introduction to comb filters and presents the

Comb Filter Decomposition analysis of the speech signal.

4.1 Feedback Comb Filter

A comb filter is a filter with a frequency response consisting of 2 number of peaks spread
equally throughout the frequency axis. A basic comb filter is a k-delay feedback filter with

transfer function:
4.1)
H Z)= S (
k ( ) l—wkz_k

This filter has a graphical representation shown in Figure 23: z % in the diagram represents the
delay with k being the number of samples the signal is delayed by; w, is the coefficient of the

delayed sample, u(n) is the input and s(n) is the ouput.

- s(n)

u(n)

Figure 23 Feedback Comb Filter
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The input-output relationship of the feedback comb filter is:

s(n) =u(n)+w,s(n—-k) 4.2)

The delay k determines the number of harmonics — there are k harmonics in the frequency
range [-n,n] of the filter. This characteristic of the comb filter becomes apparent when looking

at the location of the poles and zeros of the filter's transfer function in the z-domain. There

are k zeros at 0, and k regularly spread equal-magnitude poles z; where T=1,..k.

H(Z) — 1 — z (4.3)

for wy > 0. Z; = wkTejTT

for w, <0: —w kel Th =

where T = 1,...,k

The coefficient w, is real, its sign determines the offset of the poles from the real axis, and its

absolute value dictates their magnitude (see Figure 24).
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4.2 Comb Filter Decomposition

In the proposed Comb Filter Decomposition (CFD) the speech spectrum is modeled by a
series of independent comb filters of varying delays. The goal is to determine the values of the
coefficients w, for various delays that give the best fit of the speech spectrum. This can be

accomplished by rewriting equation (4.2) to have
u(n) = s(n)—w,s(n—k) (4.4)

and finding w, that minimizes u(n) for a given k. This value can be found from the least mean
squares method [42] . The cost function ] is defined as the expectation of u*(n), which from
equation (4.4) results in:

J = E[u’ (n)] = E[s*(n)] - 2w, E[s(n)s(n — k)] + w} E[s* (n - k)] (4.5)
Then the derivative of ] with respect to w,is taken

4L = 2 E[s(n)s(n— k)| + 2w, E[s* (n— k)] (4.6)

dwg

dJ
Setting the derivative dw, to zero, equation (4.6) can be solved for w,

E[s(n)s(n-k)] _ r(-k) @7
E[s¥(n-k)]  T-x(0)

W, =
N-1

with  p (<k) = Z s(n)s(n — k)
n=0

0= s(n— kY

The expectation of s(n)s(n-k) is the autocorrelation of s(n) at lag —k and the expectation of
s(n-k)s(n-k) is the autocorrelation of s(n-k) at lag 0. The quasi-statonary assumption of the

speech signal is not used here.
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The CFD finds the value of w, for k=1,2,3,...K using equation (4.7). This gives the
coefficients of different comb filters, each producing a different set of harmonics that

approximate the signal.

Figure 26 shows the diagram of the CFD method as compared to the LPC. In essence, the
CFD filter is a structure that finds different sets of harmonics in the signal independently,

rather than finding the shape of the spectrum envelope.

b) CFD
Figure 26 Diagram of a) standard LPC and b) CFD filter

An example of a CFD coefficient vector for up to 160 lags calculated from a single frame of

speech is shown in Figure 27 ). Figure 27 b) and c) show how the comb filters for selected

lags approximate the spectrum of the speech sound.
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If we assume that the speech signal s(n) is stationary during the time period K, we can replace
1,,(0) in equation (4.7) with 1 (0) and the CFD becomes the autocorrelation sequence
normalized by the autocorrelation value at lag zero. This simplifies the computational
complexity of the method, but the stationarity assumption might not be valid for rapidly

changing speech. This normalized autocorrelation will be referred to as ACFD.

Equation (4.7) is similar to the definition of the autocorrelation detector (COR) in [44] and
{45]. The Subband-Autocorrelation (SUBCOR) method described in those paperts is different
from the proposed CFD method in the fact that it is a filter-bank analysis stemming from a

joint synchrony/mean-rate model of speech processing [46], while the CFD is the calculation

44



of the coefficients that gjve, independently and in the mean squares sense, the best fit of

different comb filters to the speech spectrum.

The CFD analysis is somewhat similar to the LMS harmonic canceller in [47], where the
frequency response of a comb filter is also modeled to fit the input signal's spectrum.
Although the intent of the canceller is to remove an undesired component of a known
fundamental frequency, the weights of this adaptive filter could be potentially used as feature
vectors, which would model the envelope of the speech signal at a2 known pitch interval. The
difference is that the CFD requires no knowledge of the fundamental frequency, and the set of
derived coefficients represents the weights for a number of single-weight comb filters (of
various harmonics), as opposed to one comb filter of a specific harmonic (as it is in [47]). The
CFD is designed to produce a feature vector with coefficients corresponding to different
harmonics in the signal frame, while the LMS harmonic canceller would produce a feature

vector per each harmonic.

4.3 Features from CFD

In this section three methods will be proposed for deriving features from the CFD (these
methods apply to the ACFD as well). The simplest one is forming a feature vector from the

first 12 CFD coefficient for delays k=1,...12.

x, =[w® w@ .. w2l #8)

These coefficients correspond to the first 12 lowest harmonic comb-filters, where the lower
harmonics are those that have a smaller number of harmonic peaks in the spectrum. These
low harmonics describe the general shape of the speech spectrum, which is related to the

envelope of the true spectrum.
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Figure 28 12 CID and ACFD coefficients for the spoken sequence
“dark suit” in clean and noisy conditions.

Another proposed feature extraction method is calculating the cascade frequency response of

the comb filters, and then computing of a LPC analysis on the inverse FFT of the resulting

cascade spectrum. First, the frequency response Hy(m) for each comb filter k=1,..,K is
. j2r 2L, .
calculated by substituting z = ¢’7K in equation (4.1) for m=0,1,..K -1

4.9)

A +7J
Hy(m)=Hy(e

m
27rK

)

Then the magnitudes of the frequency response of all the comb filters are multiplied to form
the CFD cascade spectrum. Next, the natural log is taken to compensate for the exaggeration

of the harmonic peaks due to the previous multiplication. The cascade spectrum is divided by

K for normalization:
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K . 4.10
|H (m)| = %m HlHk (m)' @10
k=1

Figure 29 shows an example of the true spectrum and the CFD and ACFD cascade spectra of
the frame for the spoken phoneme 'aa' under clean and noisy conditions. It can be observed
that for voiced signals the CFD and ACFD cascade spectrums are faitly immune to additive
white Gaussian noise. This is because the CFD (and ACFD) cascade spectrum emphasizes the

harmonic peaks of the speech spectrum, which are less susceptible to corruption by additive

white noise than other parts of the speech spectrum. From IH (m)|, an inverse FFT" is taken

and a standard LPC analysis is done to derive a feature vector from the envelope of IH (m)| .

Figure 30 demonstrates the robustness of LPC coefficients derived from CFD and ACFD

cascade spectra as compared to standard LPC analysis for the voiced phoneme 'aa.

* Some re-ordering may be needed to compensate for the wrap-around effect of the inverse FI'T before doing the LPC

analysis.
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The third feature extraction method follows the same steps as the previous method with the
addition of LSF conversion after the LPC analysis. Figure 31 shows an example of LSF

coefficients formed from the CFD and ACFD cascade spectrum for the spoken sequence

"dark suit".

CLEAN SPEECH NOISY SPEECH 5dB SNR

CFD+LSF coefficients
CFD+LSF coefficients

300 400 300 400
Time (ms} Time (ms)
a) b)

CLEAN SPEECH NOISY SPEECH 6dB SNR

ACFD+LSF coefficients
ACFD+LSF coefficients

300 400 300 400
Tima (ms) Time (ms)
c) d)

Figure 31 12 LSF coefficients from a), b) 160-CFD cascade
spectrum; ¢), d) 160-ACFD cascade spectrum for the clean and
noisy spoken sequence "dark suit"
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4.4 Computation Complexity

The computational complexity of the CFD when the number of samples in the frame N is
significantly larger than the number of coefficients K is of the order ~ON?), which is more
complex than LPC under the same conditions. On the other hand, the ACFD has a
complexity of order ~O(N). This is less complex than LPC, because all that is required is the
autocortrelation of the speech frame without the Levinson-Dutbin calculation. When K=N, as
in the case of CFD+LPC and CFD+LSF, the CFD complexity grows to ~O(N’). With
additional calculations needed to detive the cascade spectrum, the IFFT, LPC coefficients (and
LSF if required), the method can become computationally expensive. The ACFD+LPC
complexity for K=N is ~O(N?), which is more manageable.

4.5 Summary

In this chapter, the Comb Filter Decomposition (CFD), a new method for robust feature
extraction based on harmonic decomposition of the speech signal was presented. An
interpretation of normalized autocorrelation in terms of CFD, the ACFD, was given and three
feature extraction methods based on the CFD and ACFD were proposed. The chapter
concluded with the analysis of the CFD's and ACFD's computational complexity. The next
chapter presents simulation results that evaluate the robustness of the new proposed feature

extraction methods and their performance as compared to the existing methods.
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Chapter 5

SIMULATIONS AND TEST RESULTS

51 Setup

Simulations were done in Matlab 7.0. The ASR system was built using HMMs with GMM
observation probability functions for the classifier. The system was built using standard

Matlab functions in addition to:

e VOICEBOX Toolbox for MFCC feature extraction [48]
e BNT Toolbox for HMM with GMM training [49]
e PLP-RASTA Toolbox for some of the preprocessing {50]

5.1.1  Preprocessing

All the data used for the simulation was taken from the TIMIT speech database using single
word utterances without silence at the beginning or end — it was assumed that the data was
preprocessed by some Voice Activity Detection (VAD) method. The speech data was
downsampled to 8kHz, divided into 20ms frames with 50% overlap. A Hamming window

was applied to the frames for all the methods with the exception of the CFD.

For testing the ASR with the input speech at different SNRs, random noise v(n) was added to
the speech data. The noise was modeled as a Gaussian process with the following

charactetistics:

v(n)~N(0,0%) G.1)

, where the noise variance was calculated from the desired SNR

(5.2)
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2
The O is the variance of the clean speech signal, and the SNR is expressed in dBs describing

the ratio of clean signal to noise according to the relation:

SNR = 10log, (%) =

5.1.2 Feature Extraction

The feature extraction and preprocessing methods used in the simulations are identified by the

labels that show the order of the processing delimited by '+' for each cotresponding method:

e LPC- 12 coefficient LPC

¢ PLP+LPC —PLP processing followed by 12 coefficient LPC

e RASTA+LPC — RASTA filtering followed by 12 coefficient LPC

® PLP+RASTA+LPC — PLP processing with RASTA filtering followed by 12 coefficient
LPC

e MFCC - 30 filter Mel-bank filtering followed by 7 coefficient CC

¢ MFCC+CMS+CN - 30 filter Mel-bank filtering followed by 7 coefficient CC with CMS
and CN

¢ MFCC+CGN - 30 filter Mel-bank filteting followed by 7 coefficient CC with CGN

e LSF—-LSF from 12 coefficient LPC

e SENT - 5 coefficient spectral entropy feature extraction

e CFD — 12 coefficient CFD

¢ ACFD — 12 coefficient ACFD

® CFD+LPC - 12 coefficient LPC from 160 CFD cascade spectrum

¢ ACFD+LPC - 12 coefficient LPC from 160 ACFD cascade spectrum

¢ CFD+LSF —12 coefficient LPC from 160 CFD cascade spectrum followed by LSF

¢ ACFD+LSF —12 coefficient LPC from 160 ACFD cascade spectrum followed by LSF
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Simulations with delta features are matked by D at the end of a feature label (for example
PLP+LPC+D"). Delta processing is done on the final features with 7-frame windows and the
resulting delta vector is appended to the original feature vector resulting in new double length

vectof.

Simulations with a preemphasis filter are marked by pf at the beginning of a feature label (for
example 'pf+PLP+LPC'). The speech data is filtered with a preemphasis filter with coefficient

a=0.95 prior to any other processing.

5.1.3 Classification

Recognition was performed on a 10-word dictionary consisting of the words: suit, like, greasy,
oily, dark, year, rag, ask, wash, don't. 10 HMMs were created, one for each word class, and the
states in the HMMs corresponded to phonemes of the whole phoneme alphabet for the 10-
word dictionary. The training of each HMM was done by running the EM algorithm using 20
utterances of the HMM's corresponding word class, where the phoneme label for each frame
of speech was available. Testing was done with 100 different utterances of each word by
running the Viterbi algorithm on each HMM to find the best state sequence for features from
a given test utterance. The word class of the test utterance was declared to be the one
corresponding to the HMM that returned highest probability of its best state. The testing was
done for input data at various SNRs generated according to the method described in Section

5.1.1.

Figure 32 shows a flowchart of all the possible methods that constituted the ASR system for
the simulations. The signal s(n) represents the speech input and the label C; represents the
class of the input sequence as declared by the ASR for the i=1,2,...,10 word vocabulary. The
greyed-out boxes in the figure represent the methods that were mentioned in this paper, but

not implemented in the simulations.

Since the purpose of the simulations was to evaluate various feature extraction and
preprocessing methods in noisy conditions, the results stress the changes of recognition error
rates with decreasing SNR, rather than the actual recognition rates for clean speech. There

was some effort spent on getting reasonable recognition rates for high SNR input, but the
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ASR systems were not optimized to match the performance of current state of the art ASR
systems on clean speech. The performance is shown in terms of recognition error rates, which
is the percentage of the test words that were misclassified. Increased error rate translates into

degrading ASR system performance.
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Figure 32 ASR System Flowchart
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5.2 Recognition performance

The results are displayed in groups of four simulations where the evaluated ASR included:
standard features, preemphasis filtering, delta features, preemphasis with delta features. This
was done to facilitate the change of the feature extraction performance for vatious ASR

systems.

5.2.1 LPCvs. MFCC

100

b LPC J high SNR <- 1 -> low SNR

e pf+ LPC E high SNR <- | -> low SNR
904 | —sh— ptMFCC !

I
I
I
i
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50

Recognition Emor{% )
Recognition Emor(% )

Figure 33 Simulation results for MFCC and LPC

Figure 33 compares the standard LPC and MFCC feature extraction methods. Generally the
MFCC gives a better performance (ie. lower etror recognition rates). Preemphasis does
improve MFCC slightly for high SNR at a cost of slightly higher etror rates for low SNR.

Delta features improve the ASR performance significantly for clean or high SNR.
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5.2.2 LPC with PLP and RASTA
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Figure 34 Simulation results for LPC, PLP+LPC, RASTA+LPC,
and PLP+RASTA+LPC

Figure 34 shows the performance of robust featute extraction methods based on LPC. PLP
preprocessing mmproves the overall performance of the system, while RASTA filtering
improves the recognition rates for low SNR (especially in systems with delta features) at a cost

of a significant decrease in performance for high SNR.
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5.2.3 LPCvs. LSF
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FFigure 35 Simulation results for LPC and LSI

Figure 35 compares the performance of LPC to LSF. Generally LSF imptoves performance
of the ASR system, especially in the high SNR.
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5.2.4 MFCC with Cepstral normalization
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Figure 36 Simulation results for MFCC, MIFCC+CMS+CN, and
y f

MFCC+CGN

Figure 36 shows the performance of robust feature extraction methods based on cepstral
normalizations. While MFCC+CGN does not seem to give any improvement over the
standard MFCC, MFCC+CMS+CN improves the system performance significantly for low
SNR, while maintaining the same performance as the standard MFCC in high SNR.
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5.2.5 Spectral Entropy vs. LPC and MFCC
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Figure 37 Simulation results for MFCC, LPC, and SENT

Figure 37 compares the spectral entropy (SENT) robust feature extraction to the standard
LPC and MFCC methods. The SENT generally matches the LPC in high SNR and it
outperforms both LPC and MFCC for low SNR. In the ASR system with pteemphasis and
delta features, the SENT matches the MFCC in high SNR and gives a very significant

improvement in low SNR.
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5.2.6 CFD vs. LPC and MFCC
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Figure 38 Simulation results for LPC, MFFCC, CID, ACFD,
CFD+LPC, ACFD+LPC, CFD+LSF and ACFD+LSF

Figure 38 shows the performance of the proposed CFD and ACFD methods as compared to
the standard LPC and MFCC. Three CFD-based feature extraction methods are shown —
CFD, CFD+LPC and CFD+LSF. The same is done for ACFD-based features. In the ASR
system without preemphasis and/or delta features, the CFD+LSF significantly improves the
petformance of the system in low SNR while matching LPC in clean conditions. ACFD+LSF
slightly outperforms CFD+LSF in noisy conditions, but it has a higher error rate in high SNR.
Performance of both CFD+LSF and ACFD+LSF declines for ASR systems with preemphasis
and/or delta features. In those systems, the CFD and ACFD features give the best overall

performance.
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5.2.7 Most robust features
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IMigute 39 Simulation results for PLP+LPC, MFCC+CMS+CN,

SENT, CFD+LSF and CFD

Figure 39 compares the best robust feature extraction methods from the previous figures.

CFD-based features give the best performance in low SNR, while giving around 8% higher

error rates than MFCC+CMS+CN for high SNR. CFD+LSF is most robust for the ASR

without preemphasis and/or delta features, while CFD is most robust in other scenarios.

Table 1 shows the recognition error rates for all the methods implemented in the simulations.
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Table 1. Percent etror recognition rates for 8kHz data

F SNR (dB)
eature type
35 30 25 20 15 10 5 3 1

LPC 149 159 17.9| 268 | 491 | 704 ] 796 | 824 | 858
pf+LPC 168 1811 196 | 31.7| 540 | 748 878| 888 | 90.7
LPC+D 107 1014 122] 175 406 | 721} 834 | 865 | 893
pf+LPC+D 11.9] 11.56| 132 229 431| 715 800 799 814
PLP+LPC 127 | 141 174 ]| 259 | 417| 63.8| 826 86.7| 896
pf+PLP+LPC 101] 10.8| 135] 18.0| 286 519| 713| 775| 815
PLP+LPC+D 5.6 5.9 67| 117 231 446 | 750]| 831} 86.1
pf+PLP+LPC+D 5.0 5.0 5.6 89| 156 | 314 | 608| 73.1] 793
RASTA+LPC 265] 314 | 358 434 524 650 | 787 | 835| 855
pf+RASTA+LPC 26.8| 332| 381| 469 | 541 | 656 | 795| 84.0| 866
RASTA+LPC+D 158 | 186 263 | 364 474 | 559 | 67.7| 743 | 80.0
pf+RASTA+LPC+D 156 | 1991 271 ] 357 | 490 | 554 | 67.3| 706 | 78.7
PLP+RASTA+LPC 279 | 277} 304] 36.2| 451 | 59.1| 768 | 833 858
pf+PLP+RASTA+LPC 247 | 247 | 264§ 309| 423] 59.7| 788 824 | 834
PLP+RASTA+LPC+D 1556] 162 | 191 | 266 | 38.0| 569 | 83.7| 89.2| 908
pf+PLP+RASTA+LPC+D | 15.0f 165 | 1861 241 | 347 | 586 | 86.0| 89.5| 90.0
LSF 7.7 95| 184 | 322 | 525| 743 | 835| 873 | 909
pf+LSF 7.5 79| 144 249 476 697 | 828 875| 90.8
LSF+D 2.4 3.6 69| 155| 279 | 528 | 84.5| 889 891
pf+LSF+D 25 34 4.1 88| 233 | 456 774 | 849 885
MFCC 105 111} 149| 235 418 648 | 766 79.0| 832
pf+MFCC 108 ] 116 134 211 | 412| 638 769| 786 | 80.2
MFCC+D 4.6 4.8 71} 174 | 36.2] 63.7| 80.2| 848 | 88.6
pf+MFCC+D 3.6 4.2 48| 106 | 283 | 622 | 824 | 872 | 89.1
MFCC+CMS+CN 111 125 14.7] 19.8| 317 | 524 | 678 73.0| 764
pf+MFCC+CMS+CN 94| 11.0] 129 | 182 29.0| 462 | 634 | 716 | 772
MFCC+CMS+CN+D 5.1 5.7 77 131} 250 | 483)| 669} 728 ]| 76.1
pf+MFCC+CMS+CN+D 35 4.2 4.9 87| 195 | 404 | 622 675 736
MFCC+CGN 106 | 122 ) 157 | 231 | 433]| 676 | 783| 805 | 84.0
pf+MFCC+CGN 114 117} 138| 224 | 468 | 678 | 775| 801 [ 81.7
MFCC+CGN+D 4.0 4.5 72| 134 352 | 623] 799 | 86.0| 88.5
pf+MFCC+CGN+D 4.2 5.3 72] 142 331| 656 | 804 | 84.7| 86.9
SENT 181 | 188 219 | 266 384 | 537 655 69.7]| 743
pf+SENT 160! 159 | 171] 210 317| 510 666 | 695| 748
SENT+D 7.0 8.6 97| 124| 198} 356 | 614 | 678 | 729
pf+SENT+D 5.3 5.6 6.0 83| 102 | 196 | 419 512 | 605
CFD 153| 16.1| 164 | 182 | 190| 284 | 515 66.1| 738
pf+CFD 176 | 181 | 178]| 178 183 | 233| 391 | 50.2| 62.2
CFD+D 8.9 8.8 8.7 95| 118} 199 | 394 | 530 683
pf+CFD+D 9.1 9.0 9.3 8.8 95| 146 | 282 36.7| 430
ACFD 146 151 | 161 | 173 202 | 310] 53.2| 658 73.1
pf+ACFD 138 140 | 149 | 155 173 | 285]| 485| 579 69.7
ACFD+D 6.6 7.5 84| 110} 136 | 223 | 403} 543 | 694
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pf+ACFD+D 7.7 8.2 9.0 106] 141 | 200| 315| 396 | 46.6
CFD+LPC 139 | 159 | 159| 159 206 | 26.5| 33.9| 39.0| 46.6
pf+CFD+LPC 1751 18.9] 186 | 208 | 254 | 343 | 442 | 485 | 534
CFD+LPC+D 1691 185] 191 204 | 223 | 295 | 385 | 428 | 489
pf+CFD+LPC+D 144 156 176 201} 241 | 300 357| 41.0| 40.7
ACFD+LPC 1721 17.3| 186 | 195| 23.1| 33.7| 469 | 53.8| 63.8
pf+tACFD+LPC 271 255| 261 | 255| 274 | 313 | 422 | 464 | 555
ACFD+LPC+D 16.1 | 183 218| 261 | 31.2| 400 | 558 624 | 733
pf+ACFD+LPC+D 139 151 ] 162| 165| 194 | 259 | 374 | 450 ]| 50.7
CFD+LSF 180 184 | 169 | 171 | 175]| 208 | 258 | 29.0 33.6
pf+CFD+LSF 258 | 256 | 266 | 295| 33.7] 401 )| 476 | 536 | 57.8
CFD+LSF+D 19.1] 201 206 ] 222 249 306 | 350 37.8| 387
pf+CFD+LSF+D 247 262 279 | 333| 38.0| 452 | 524 | 533 | 56.2
ACFD+LSF 220 226 | 226 | 219] 223 ] 206 | 240 | 26.1 | 33.2
pf+ACFD+LSF 311 312} 322 346 | 371] 43.7] 482} 519 | 551
ACFD+LSF+D 219 215 217 233| 200 21.2| 244 | 30.1| 341
pf+ACFD+LSF+D 271 274 | 288} 321 378 452 | 533 | 542 | 56.8

Table 1 shows that pf+LSF+D gives the lowest etror rates for clean speech and ACFD+LSF
gives the lowest error rates for noisy speech. In between, the best performance is obtained
with pf+SENT+D and CFD+D features. Generally, preemphasis is beneficial only in high
SNR and delta features improve recognition rates in both high and low SNR (with the

exception of ACFD+LSF, which performs much better without delta features).

5.3 Execution time performance

Figure 40 shows the tresults of the execution time benchmark for all the feature extraction
methods used in the simulations with the setup/parameters as described in Section 5.1. The
execution time is normalized by the time taken to perform the standard LPC analysis under the
same conditions. The benchmark was done in MATLAB 7.0 on the same data that was used

for the recognition performance evaluation in Section 5.2.
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Feature extraction benchmark

Figure 40 Execution time for different feature extraction methods as
a fraction of time taken for standard LPC analysis.

Execution time benchmarking confirms that ACFD-based features are less computationally
intensive than CFD-based ones. The 12-coefficient CFD and ACFD feature extraction is
faster than the standard LPC, and in the case of ACFD, it matches the execution time of the
30 Mel-bank 7-coefficient MFCC. On the other hand the CFD+LPC and CFD+LSF take
almost 15 times longer than the standard LPC, while the execution time for ACFD+LPC and
ACFD+LSF is about 10 times that of the standard LPC. The long execution time is the result
of the computationally intensive 160-coefficient CFD and ACFD analysis, and formation of

the cascade spectra followed by the LPC or LSF analysis.
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5.4 Summary

This chapter presented the simulation results for the proposed CFD and ACFD-based feature
extraction methods with comparison to selected existing standard and robust features. The
new features show resilience to additive white Gaussian noise and improved overall
performance of the ASR system in various SNRs. Results for the execution time

benchmarking were also shown.
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Chapter 6

CONCLUSION

Comb Filtering Decomposition was presented as a viable method for speech processing in
ASR systems. Two flavors of the analysis were introduced, the CFD and ACFD, with three
feature extraction methods from the CFD and ACFD coefficients. For a small vocabulary
system and an environment where the noise is additive and white, the proposed CFD+LSF
and ACFD+LSF feature extraction gives over 50% recognition improvement in conditions of
very low SNR as compared to the standard MFCC and LPC. The CFD and ACFD features
generally match, and sometimes outperform, the Spectral Entropy features, which were
reported to be the best existing features for coping with noise. For clegn speech, on average,
the CFD+LSF and ACFD+LSF increase the recognition error by about 10% (5% for the
CFD and ACFE) as compared to the MFCC. The CFD+LPC and ACFD+LPC features
show a similar, although slightly weaker, performance than the CFD+LSF and ACFD+LSF,

respectively.

Whereas the computational complexity of the CFD and ACFD features is smaller than that of
the standard LPC, the CFD+LPC, CFD+LSF, ACFD+LPC and ACFD+LSF are
computationally intensive to the point where the execution time might be impractical for some
of the current ASR applications. Future wotk should address the issue of the complexity
and/or possibly suggest other feature extraction methods from the CFD/ACFD coefficients.
For instance, a method that would place a larger emphasis on the low frequencies of the
speech spectrum might improve recognition rates. Another future improvement to the CFD
analysis could be shaping the frequency response of the comb-filters to obtain a better fit to
the envelope of the speech spectrum rather than using the comb filters with a constant peak

magnitude. This could result in better recognition accuracy in both clean and noisy conditions.
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Appendix A

AUTOCORRELATION METHOD FOR CALCULATION OF LPC
COEFFICIENTS

The LPC analysis models the n* sample of frame speech t, s(n), as a linear combination of

previous p samples s (n-1),...,s,(n-p) multiplied by p LPC coefficients x,. .

) (A1)
si(n) = Z x,8:/(n—k)+ Grun)

k=1

Multiplying both sides of the equation (A.1) in turn by s,(n-1),....8,(n-p) results in p equations

(A.2)

P
smysi(n—1) = Y xys:(n = k)s(n=1) + Grui(m)s(n — 1)
k=1

p
s/(n)s/(n-2) = Z xu8:(n—k)s(n—-2)+ Grun)sn-2)
k=1

P
slm)si(n = p) = Y x4S:(n = k)si(n = p) + G,ui(n)s:(n — p)
k=1

Taking the expectation of both sides of all the equations, and assuming that the excitation

signal at ime n is uncorrelated with past speech samples, we get the relation:

71



) A3
r(=1)=>x r(k-1) )

52 =Y x, r(k-2)

r,(=3)=>"x,r,(k-p)

where

N-1 (A.4)
ri(m) =" s/(n)si(n + m)

n=0

is the estimation of the autocorrelation of the speech signal. Expressing the set of equations
(A.3) in matrix form and exploiting the fact that the autocorrelation is an even function ( r,(m)

= r(-m)), we get:

Rx, =1 (A5
L0 R RQ) .. rp-1) ]
r(1) r(0) r,(l) ”t(P—z)
R[ =
"t(p_l) ”t(P_z) ”t(P'“?’) ”1(0)

T
X,=[xtl Xty - ti ]

v=[ ) n@ ) ]T

Multiplying both sides by the inverse of R, allows to solve for the LPC coefficient vector x,.
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Appendix B
HMM TRAINING AND CLASSIFICATION

EM Algorithm for HMM Parameter Estimation with GMM Observation Model

The Expectation Maximization (EM) algorithm is a maximum likelihood (ML) method of
estimating model parameters that gives the highest probability of observing the training data.
An HMM model is created for each class of word to be recognized by an ASR system. It is
assumed that a set of E training samples W e {w,, w,, ..., w,;} with the pronunciation of the
word corresponding to the HMM is available and that the correspondence of feature vector to
phoneme labels (or HMM state) constituting a word sequence is known:
W= Xy, X0, %)}~ {15 Qor-qr) - Ly the number of feature vectors, may vary from pronunciation
to pronunciation. An HMM consists of M states corresponding to a M phoneme alphabet

q€{©1,0,,-..,0y . The training attempts to find parameters HMM A=(A,B,x) that maximize the

probability of the desired state sequence O =1{q,,9,,...,q,} when the observed sequence is

X = {X1,X2,...,X.}. A reasonable estimate of the initial value of state transition matrix A,
observation probability matrix B and initial probability matrix © is required, and it can be
detived from the known feature vector to phoneme relation (for details on the definitions of
A, 7 see equations (2.22) and (2.24); for details on the definition of B see equations (2.23) and
2.29)).

The following quantities are defined to simplify the notaton [11],{12],[13],[14]. The

probability of seeing the partial sequence x,,%,,....x, and ending up in state o, at time t is:

ai(t) =p(xl’x25---,xt,qt = wlM') (Bl)
a,=[e,@®) @) .. 0] Mx1

The vector &, can be calculated as follows (the symbol ' * ' represents an element by element

multiplication):
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a] =1 l)x| (B'Z)

Q1 = ATU-t * by,

The probability of ending with partial sequence X,,,X.,,--.,X;, given that the start point was in

state , at time t is:

Bi(t) = p(Xpr1,Xp52,...,X71lq: = ®i,A) B.3)
B,=[g0) B .. B,®O] Mx1

The value of {3, can be calculated recursively:

B, - 1 B4
Bt = A(BH.] ¢ bxm)

The probability of the observation sequence X = {X1,X2,...,X1} for a given HMM model

can be calculated independendy from « and :

p(X|A)=%" (L) B.5)
p(X | A) = ZZ ﬂi(l)”ibi(xl)

The probability of being in state o, at time t for the sequence X = {X1,X2,..., X0} is:

() =plq, =0,1X,1) (B.6)
v.=lr0) rn@® .. rof M X 1

The vector ¥, can be calculated from the relation:

a, B, B.7)
Y. =7

The probability of being in state w, at time t and being in state w, at time t+1 for the sequence

X= {XI,X2,...,XL} 1s:

&) =plq, =@,q,, =0;|X,4) B.8)
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cul)  En) o Gy (D)

£ Eva) o Evp (D))

The matrix §, can be calculated from the relation:

5 (t) }/x(t)ay j(xt+l)ﬂj(t+l) (B9)
y Bi (1)

Recalling that the observation probability distribution is modeled by a GMM model, the

probability that the g" component of the i mixture produces observation x is defined as:

Cig POl Tig) _ CigP(X, Mg, Zig) (B.10)
¢1g(t) 71 (t) b(xg - (t) G - -
CigP(X; Mg, Zig)
g=1I

i) e ... @ic(0)

020(1) @) ... @)
(pl =

B om () om(t) ... ¢ mc (1) |

Assuming thete ate K pronunciations of a given word class available for the training, each
pronunciation k, for k=1,2,..K, contains L* frames, and therefore L* feature vectors. The

progression of probabilities %, ¥, and @ are calculated for each pronunciation for t=1,2,...L",

and the update equations for the initial and state transition probabilities are given by:

B.11)



k.
anew = Zfﬂz,l;l lfg(t)

k

D Y 10

K Ik
Cnew . Zkzlzt:{/’ig (1)
] - k
D S W10

K Lk P
unew — Zk=1z,=1¢ig(’)x,
J - 3
S I 320

K Lk new
Snew _ D i D P (O =™ Y™
ig

k

2 k0

Viterbi algorithm

The Viterbi algorithm finds the best state sequence Q={q;,q,...,q, } in the HMM A=(A,B,n) for
a given sequence of feature vectors X={x,x,,...x }. It is similar to the forward calculation
procedure shown in equations (B.1) and (B.2) {11]. The highest probability of being in state

at time t is defined as:

8i(t) = max[P(q1,92,.-.q1-1,91 = @, X1,X2,...,Xi|A)] (B.12)
8, =[6,() 6, .. 5,1

The calculations of §,(t) for t=1,..,L are as follows:

5:(1) = mbi(xy) (B.13)
§;(t) = (max [8:(t - Day))b;j(x,1)
1<i<M
where t = 2,3,...,L Lj=12,..M
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Having calculated the final vector 8, the maximum probability for a sequence X modeled by

the HMM A is given by:
P* =max [§;(L)] (B.14)
1<isM

To find the sequence of states that gives P*, the argument that maximizes 8.(t) in equation
q g > gu i q

(B.13) is saved in variable ¢, (¢):

$:(1) =0 (B3
¢,(t) = arg, max([5, (1 ~ Day]
where t = 2,3,...,L i, j=12,.,M

0, =l8,(0) 50 .. 6,0)]

The state sequence giving the probability P* can be calculated recursively from the relation:

q; = arg, max [6,(L)] (B.16)
1<isM

g; = ¢:(t+ Dg;,)
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