Chapter 1

Introduction

1.1 Motivation

Communicating with a computer or machines using nature speech, just like
people do in the science fiction, has been the dream of everyone for a long time. Due
to the maturity of the automatic speech recognition technologies, the dream will come
true. The improvement on the computation hardware makes many complex
algorithms feasible in a practical ASR with a low cost. The ASR is useful for many
applications, such as automatic tickets booking, voice command, speech-to-text or
text-to-speech system, etc. The ASR works very well when they are trained and tested
under similar acoustic environments. However, with the deployment of ASR in real
word, the input speech for recognition could not always be received in the similar
acoustic conditions. The performance of the ASR will decrease as long as the training
and testing environments are mismatched. The mismatch happens in many situations,
such as the additive background noise, channel effects, different speaker
characteristics, etc. The aim of the work presented in this thesis is to make automatic
speech recognition systems robust to the additive background noises.

In past years, many approaches dealing with the additive noise have been
proposed. These approaches can be roughly categorized into three classes. First is to
develop a special robust feature so that it is less sensitive to the various acoustic
conditions, e.g., the short-time modified coherence representation (SMC)[1], the
perceptual linear prediction (PLP), and the relative spectral (RASTA) approach[2].
Second class of approaches try to modify the speech features obtained in the

application environment and make them better match to the acoustic conditions for



the clean speech models, e.g., the spectral subtraction (SS)[3], the code-book
dependent cepstral normalization (CDCN)[4], and the probabilistic optimal filtering
(POF)[5]. In the third class, the compensation is performed on the clean speech
models, so that the modified models will be able to match the testing speech features
collected in the application environment, e.g., speech and noise decomposition (SND)
[6], vector Taylor series (VTS) [7], the model-based stochastic matching [8], and the
parallel model combination (PMC) [9]. The method proposed in this thesis belongs to
the third class.
1.2 Overview

The chapter of thesis is organized as follows. In chapter 2, the front-end
techniques of the speech recognition system will be introduced, including the MFCC
feature extraction. In chapter 3, the Hidden Markov Model and its training and
recognition procedures will be described. In chapter 4, the parallel model combination
method will be introduced first, and then, the method of robust speech recognition
using the pre-trained noisy models will be proposed. The experiment results will be
shown in the last of this chapter. The conclusions and future works will be presented

in chapter 5.



Chapter 2

Speech Signal Pre-Processing and Parameterization

In general, it is difficult to process speech signals directly in time-domain due to

the fact that speech signals change fast with time. Fortunately, a speech signal is

known to be short time stationary, i.e., any two successive short periods of a speech

signal almost have the same characteristics. Due to this property, the short-term

spectral analysis can be applied to get the features useful for speech recognition.

There are several kinds of methods to obtain speech feature parameters, such as

Linear Prediction Coding (LPC)[10], LPC-derived Cepstrum (LPCC)[11], Mel

Frequency Cepstrum Coefficient (MFCC)[12], and Perceptual Linear Predictive

analysis (PLP)[13], etc. Since the MFCC is a common and useful method to obtain

the speech features, it will be introduced and used in this thesis. The procedures to get

MFCCs are shown in Fig.2.1 and will be described in the following sections.
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Before getting the MFCCs, speech signals has to be processed through a

high-pass filter, known as the procedure of pre-emphasis. The high-pass filter is often




represented as

F (z)=1-az"", 09<a<1.0 2-1)

pre
From the production model of voiced speech, there is an overall of —6 dB/oct decay,
with —12 dB/oct due to excitation source and +6 dB/oct due to the radiation
compensation, in speech radiated from lips as frequency increases. Therefore, a
pre-emphasis filter providing +6 dB/oct in high-frequency will be adopted to

compensate the overall —6 dB/oct decay.

2.2 Frame Blocking with Hamming Window

As mentioned before, since the speech signals are of short time stationary,
windows with fixed length are commonly employed to block the speech signals frame
by frame. Usually, there are three factors, called frame duration, overlap, and frame

period, which should be considered for utilizing a fixed length window shown in

Fig.2.2.
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Fig. 2.2 The diagrams of the frame, overlap and frame duration.



The frame duration is the length of the window, which is often chosen as 25ms or
30ms in speech process. Commonly, the frame duration 25ms is selected for the
sampling frequency 16 KHz, each frame containing 400 samples. As for the sampling
frequency 8 KHz, the frame duration 30ms is adopted, and then each frame contains
240 samples.

Besides, to avoid the characteristics of two successive frames changing too
rapidly, an overlap between them will be purposely added. Usually, the overlaps 15ms
and 20ms are selected for the sampling frequency 16 KHz and 8 KHz, respectively.
With the overlap, the frame period, or frame shift, is defined as the difference between
the frame duration and the overlap.

To fulfill frame blocking, in general, a fixed windoww[n],0<n < N —1, will be
required for the speech signals s[n], where N is the length of the window. Then, the
blocked frame is represented as

SInsm] = s[njwim —n] (2-3)

where m is the end position of the frame. Its Discrete-Fourier Transform becomes

o0

F(esm)= Y [sln]wim—n]le™""

n=—0

- ,,i'o [s[n] {i‘[’” W (e )e " dOV e

— LY slnle e W (e e a0
/i

(2-4)

1 7 J(w-6) —joN  jm0

=—[ S/ W(e)edo

21 o~
Note that if W(e’?) ideally equals to275(0), F(e’”;m)will be equal to S(e’),
i.e., the original signal s[n] is not changed after transformation. Viewing from the
ideal W (e’?), a good window should possess narrow main lobe and large degradation
of side lobe. The simplest window is rectangular window. However, though it has a

narrow main lobe in frequency domain, its degradation of side lobe is too small.



Therefore, the Hamming window (2-5) is usually used instead of rectangular window.
From Fig.2.3, it is obvious that the Hamming window has much better degradation of

side lobe.
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Fig. 2.3 Magnitude response of (a) Hamming window and (b) rectangular window.
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Furthermore, the Fast Fourier Transformation is often adopted to substitute for
the DFT for more efficient computation. To do FFT, the input data’s number must be
2" exactly; hence, in case that the number is less than or more than 2" it is then
purposely to pad with zeros or to truncate the input data to obtain 2" input data for

FFT processing.

2.3 Cepstral Analysis
According to the speech production model, voiced speech is composed of a
convolved combination of the excitation sequence e[n] with the vocal system impulse
response f[n], and expressed as
s[n]=e[n]*0[n] (2-6)
It is difficult to separate the e[n] and Hn] directly in spectral domain because the

individual parts are not combined linearly. Commonly, a special domain, called the
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cepstral domain, will apply to speech processing. In this domain, the representatives
of the component signals will be linear combined, which can be separated in the
cepstrum.

The real cepstrum of a speech sequence s[n] is defined as

C,[n]=F " {log F{sn]}}
=F" {log|S(a))|}
= F ' {logl E(0)0(w)|}
= F ' {loglE(w)| +log/®(w)|}
=F" {log|E(a))|}+ F {log|@(a))|}
=C, [n]+C,[n]

(2-7)

where F {} and F "1{-} denotes FFT and IFFT operation, respectively. Usually, for
real cepstrum, the IFFT operation will be replaced by Discrete-Cosine Transform.
Besides, the independent variable » in cepstral domain is defined the term quefrency.
After this operation, the low-quefrency part of cepstrum represents an
approximate to the cepstrum of the vocal system impulse response, Cgn], and the
high-quefrency corresponds to the cepstrum of the excitation, C,[n]. Therefore,
Cy[n], containing more information about the speech signals, can be easily extracted

by a low-time lifter

{1, 0<n<L
L[n] = (2-8)

0, otherwise

and C[1],C[2],C,[3],...... ,C,[L] will be chosen to form a set of cepstral
coefficients. Moreover, at n =0, it implies the intensity of the signal, and it is usually
not useful itself. The procedures of getting cepstral coefficients are shown in Fig.2.4,
and some of vocabulary is illustrated in Fig.2.5.

In Fig.2.5(a), two components in the speech magnitude spectrum can be

O(o)

identified : a “slowly varying” part due to the speech system, , and a

“quickly varying” part due to the excitation |E(a))|. These two components are



combined by multiplication. In Fig.2.5(b), tWwo components in log-spectral domain are
combined by addition. When the DCT is taken, two components in Fig.2.5(c) are

approximately separated into two parts, and then can be easily extracted.

s[n]—> FFT > log|-| > DCT —> L[n] [—> C,[n]
Fig. 2.4 Computation of cepstral coefficients.
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Figure 2.5 Motivation behind the real cepstrum and some of the accompanying vocabulary.[14]
2.4 Mel-Frequency Cepstrum Coefficient
After doing FFT processing, the output will be a set of 2" -point data. For
example, the case of 16 KHz, 25ms per frame, will contain 256 point data (from 0
toz). Then, M filter banks will be utilized to reduce the computational complexity

from 256 points to M points, which could be simply achieved by equally dividing 256
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points data into M groups. Each group is represented by its average and thus, M points
are obtained. However, it is not suitable for our perceptual hearing.

It is known that human perception of the frequency content of sounds, either for
pure tones or for speech signals, does not follow a linear scale. Among several kinds
of nonlinear transformation, Mel-scale has been widely used in modern speech
recognition systems. The Mel-scale, obtained by Stevens and Volkman[15,16], is a
perceptual scale and it attempts to mimic the human ear in terms of the manner that
the frequencies are sensed and resolved. Mel is a unit of measure of perceived pitch or
frequency of a tone. The precise meaning of the Mel scale becomes clearly by
examining the following experiment. In the experiment, the reference frequency was
selected as 1 KHz and set to be equal to 1000 mels. Then, by increasing the frequency,
the subjects were asked to tell when they perceived a pitch twice of the reference, i.e.,
a pitch of 2000 mels. Once the subjects contirm and then the corresponding frequency
will be recorded. For instance, if the pitch of 2000 mels they perceived is at 3.5 KHz,
then, the frequency 3.5 KHz is mapped to 2000 mels. With the same procedure, the
frequencies related to the pitches of 10 times, half, 1/10, etc. could be obtained and

recorded. The formulation of Mel scale is approximated by

_ S _
B(f)=2595log,,(1+= ) (2-9)

where B(f) is a function mapping the actual frequency to the Mel frequency, shown

in Fig.2.6.
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Fig. 2.6 Frequency warping according to Mel scale (a) linear frequency scale (b) logarithm frequency scale.



According to the Mel scale warping, the Mel filter bank is then designed by
placing M triangular filters non-uniformly along frequency axis to simulate the human

hearing. The m-th triangular filter is represented as

y k< f(m=1)
(k= f(m—1)) o
NG fmory SmhER<Sm |
H, (k) (f(m+1)—k) (-10)
(f(m+1)— f(m)) f(m)<k< f(m+1)
0 k> f(m+1)

ISkS%,ISmSM

where N is the number of FFT points, and M is the number of Mel filter bank. The

boundary frequency f(m) in (2-10) can be calculated as

f(m)z[%jB‘(B(ﬁHij, 1<m<M (2-11)

where f, and f, are the lowest and highest frequencies of the filter bank, F, is
the sampling rate of the input speech signal, and B '(-) is an inverse function of
(2-9), represented as

B7'(b) =700(10""** —1) (2-12)
with the Mel frequency b. It’s noted that if f(m) is not an integer, then transform it
to the nearest integer towards infinity.

In this thesis, M is set as 20 or 24 when the sampling rate of the input speech
signal is 8 KHz or 16 KHz. The Mel filter banks are shown in Fig. 2.7 and it is
obvious that pass-band in low frequency is narrower than high frequency. It is because
that our perceptual hearing is more sensitive to low frequency and some important
information on the vocal tract, such as the first formant, hides in the low frequency.
The narrow pass-band in low frequency can protect such information during

compression; on the other hand, for high frequency, a wide pass-band can be used to
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reduce the data complexity and not to influence the original characteristics.
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Fig.2.7 The Mel filter banks for (a) 8 KHz (b) 16 KHz.
The log-magnitude Mel spectrum is then derived by multiplying each FFT

magnitude coefficients with corresponding Mel filter gains and taking logarithm as
N/2-1
Y (m) =10g( YISk 1, (k)} (2-13)
k=0
where S(k) is the FFT of the input speech s[n]. Next, the discrete-cosine transform
will be applied to derive the Mel frequency cepstrum ¢, [i] as

¢ li]= %iY(m)cos(%(m—%D, i=0,1,,L (2-14)

el
For speech recognition, typically only the first 13 cepstrum coefficients, including the
log-energy term, are used, and these coefficients are defined as Mel Frequency
Cepstral Coefficients (MFCC). In addition to the MFCC, the dynamic features,
delta-MFCC and delta-delta-MFCC, are usually employed in practical speech
recognition to obtain the dynamic evolution of the speech signal, i.e. the temporal
information of feature vector c,[i], and to cancel the channel effect. These two

features are represented as (2-15) and (2-16).
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S p-(en [, i)

Ac,[i]=22

i=01...L (2-15)

P ’

i p-(Ac,, li1-Ac, 1)

1

A’c[i]=2 ) i=0]1,....L (2-16)

where P represents the maximum number of frames shifted for the reference frame. It
should be properly chosen, because too small P may imply too close frames and
therefore the dynamic characters may not be properly extracted; too large P may
imply frames describing too different states, i.e. different acoustic phenomena.
Typically, P is usually chosen as 2. Since (2-15) and (2-16) relies on past and future
speech parameter values, some modification is needed at the beginning and end of the

speech. A simple first order differences will be used to solve this problem, that is

Aclil=c, —c,, (<P

. (2-17)
Aclil=c,—c,,, t=T-P
Nelil=Ac,, —Ac,, (<P
zct [l] Cru C (2_1 8)
Acli]=Ac,—Ac,_,, t=2T-P

where T is the total number of frames.
In this thesis, each feature used for recognition contains 13 MFCCs, 13

Delta-MFCCs and 13 Delta-Delta MFCCs, and the feature vector will be represented
as [c, [0]c,[1]...c,[12] Ac,[0] Ac,[1]... Ac,[12] Ac,[0] A°c,[1]... A’c, [12]]T . A stochastic

model will be introduced later, and the feature vectors extracted in this chapter will be

treated as the observation data to that model in training and recognition phase.
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Chapter 3

Speech Modeling and Recognition

Speech recognition is typically a problem of pattern recognition. The basic
concept is to compare the incoming test speech signals with the reference signals
trained before in database, and find the most possible signal as the recognition result.
In stead of using the signals directly, the features extracted by the front-end process
described in chapter 2 are utilized. These features will be the inputs of the recognizer,
and some methods, such as Dynamic Time Warping (DTW)[17] and Hidden Markov
Model (HMM)[18,19], will be employed to determine what the recognition result is.

The DTW method is to find the optimal projection with respect to time for the
test speech data to each trained speech model in database, and the most similar model
will be regarded as the recognition result, and the result may not be adopted if the
score doesn’t exceed the threshold. The speech models applied to DTW will be
word-level or sentence-level, and the dynamic programming algorithm will be used to
find the optimal path. DTW has been successfully employed in applications with
small vocabulary size[20,21,22]. However, it is not an efficient method for large
vocabulary size, because too large database will be needed.

Contrary to DTW, HMM is a statistic method using probability to determine
what the recognition result is. HMM has been widely applied as speech model in ASR
(automatic speech recognition) in past several years because of its wonderful ability
of characterizing the speech signal in a mathematically tractable way and better
performance comparing to other methods. The underlying assumption of HMM is that
the speech signal can be characterized as a parametric random process, and the
parameters of the stochastic process can be estimated in a precise and well-defined

scheme. In the fallowing sections, HMM and how to use it to do speech recognition
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will be described in detail.

3.1 Definition of Hidden Markov Model

Before describing the Hidden Markov Model, the Markov chain will be
introduced first. The Markov chain is a class of random process that incorporates a
minimum amount of memory instead of the completely memory. For example, let

{X,,%,,....x,,} be an observation sequence of random variables from a finite discrete

set O, then based on Bayes’ rule, the probability of observing the sequence is

P(x), %y 55Xy ) = P(X) - P(xy | X)) P(xy | X, %) oo P(Xy | X5 %5500 %) (3-1)
Under the assumption that {xl,xz,...,xN} forms a first-order Markov chain, (3-1) will
be reduced as

P(x,,%,0sxy) = P(x,)- P(x, | X)) P(xy | X,) oo P(Xy | X)) (3-2)
If x, is associated to a state, the Markov chain can be represented by a finite state
process, which is also called the observed Markov model and with parameters
described as fallows

a, =P(x,=S,|x,_, =5, 1<i,j <total number of states (3-3)

7w, =P(x, =S,), 1<i<total number of states (3-4)

where a; is the transition probability from state i to j, and 7z, is the initial

probability that the Markov chain will start at state /. Besides, the notion x, =S,
means that the observed variable is in state i at time 7. Both parameters must be under

the following constraints

M
da;=11<i<M (3-5)

j=1

M

o =1 (3-6)
where M is the total number of states.

In the observed Markov model, each state corresponds to a deterministically
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observed variable x,, which means the output sources in any given state is not

random. Fig 3.1 is an example of three state observed Markov model. There are 3

states, S,,S, and S, in this model, and they generate R, G and B, respectively. The

state-transition probability matrix is

0.6 02 02
A=1{a,}=|05 03 02 (3-7)
0.4 0.1 0.5

and the initial state probability matrix is

z={r}=[05 02 03] (3-8)

Fig. 3.1 An example for the observed Markov model.

Thus, the probability of observing the sequence {R,B,G,B,R,G} can be calculated

as P(R,B,G,B,R,G)=r,-a,, a,as, -a, -a,;=0.5-02-02-0.1-0.5-0.2=2x10"*
An extension to the observed Markov model introduces a non-deterministic

process that generates output observation variables in any given state. Thus,

depending only on the observation sequences is impossible to know the real state

sequences. This new model is known as the Hidden Markov Model. The word
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‘hidden’ implicitly shows that the desired state sequence is hidden behind the
observation sequence, the only data that can be collected. In HMM, a new parameter
is introduced as

b.(x,)=P(x, =S,), 1<i<total number of states (3-9)
where b,(x,) is the probability of the observed variable in state i at time ¢, and

similar to (3-5) and (3-6), it must be under the following constraint
M
> b(x)=1 (3-10)
i=l1

Fig 3.2 is an example of a three state hidden Markov model. The parameters 4 and 7«

are the same as the observed Markov model mentioned before, and the observation

matrix is

07 0.1 03] [B(R) B(R) P(R)
B=[0.1 0.6 03|= P(B) P(B) P(B) (3-11)
02 03 04| |P(G) “B(G) B(G)

Fig. 3.2 An example for the hidden Markov model.

Thus, when we see the sequence {R,B,G,B,R,G}, the corresponding state sequence
can not be uniquely determined. The possible number of state sequences will be 729,
and the sequence with the largest probability will be the desired one. In this example,
the corresponding state sequence will be {1,2,1,2,1,1}, and the relative probability
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equals to 2.1168x107°. In fact, it is not necessary to calculate all possible cases;
instead, the decoding method, called Viterbi search[23], is widely employed due to its

high efficiency. The Viterbi search will be introduced in Section 3.3.2.

3.2 HMM in Speech Recognition

As mentioned in Chapter 2, the speech signals are short time stationary, and
several states will be generated after certain of training procedures. Signals with
similar statistic properties will be classified into the same states. In traditional method,
such as DTW, the speech data templates are usually of words or sentences, which
usually results in an unreasonable database, especially for a task with a tremendous
large of templates, such as the filed of medicine. Nevertheless, using HMM, smaller
units, like syllables and phonemes, can be combined to form words or sentences
which are desired to be recognized. Therefore, the dimension of database could be
highly reduced since different words or sentences could be constructed by the same
syllables or phonemes. There are some reasons that the DTW could not adopt the
small units, like syllables or phonemes. First, DTW need to cut the unit by hand
which is difficult to cut precisely. Second, even though the unit is cut precisely, it is
still difficult to adjust the templates different in length to a suitable one. Therefore,
HMM is superior to DTW in most speech recognition applications.

In order to execute the speech recognition, an ASR (automatic speech
recognition) machine processes the sequence of speech signals extracted from speech
recordings, and tries to decode their linguistic information, i.e. to recognize the
speaker’s utterance. The basic ASR scheme is shown in figure 3.3. The first step of
the ASR is feature extraction from the input speech signals, described in Chpter2.
These feature vectors are called observations and denoted as O, and
0 =(o,,0,,...,0,;) is a sequence of T observations. The spoken language can be

17



thought as a sequence of units, called linguistic units, and each unit can be trained and
then modeled as a HMM model, denoted as @. Let S be a given sequence of linguistic
units from the database, and the aim of the ASR is to find the correct linguistic units
S from a given observation sequence. Therefore, the ASR machine may be divided
into two distinct phases. One is to build HMM speech models & based on the
correspondence between the observation sequences O for training and the known
linguistic units S; the other is to recognize a speech by the trained HMM models @

and by the observation sequences O of the speech.

o
|
| feature o

1—'119 1 — .
extraction

W

i

recognition | —p S

A\ 4

@)

training HMM

S Ay

Fig. 3.3 Scheme of an ASR system functionality.

The linguistic units in Mandarin can be in word level, such as \Z4%\, \Z8 4\ \Z
?7’[‘\, syllable level, such as \Z5\, \{\, \ £\, and phoneme level, such as \ T\, \— £\, \
\. Small units can be combined to form a larger unit. For example, \ T\ and \U £\
can be combined to represent \ T LI t\. Choosing a proper level is important since it
can make the ASR machine work more efficiently. Though small units can reduce the
size of database, it needs a lot of corpus to train proper models. Therefore, for a small
task, like voice command, a word level model is enough, and it is not necessary to use
phoneme level model which may complicate the ASR machine. On the other hand, a
phoneme level model is better than a word level model for a large task, because using
word level, even syllable level, would need a tremendous database.

A left-to-right HMM model will be applied to represent the linguistic units. Fig.

3.4 shows an example of 3-emtting state left-to-right HMM. The way to choose a
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a an ass
aoi apn ans asq

Fig 3.4 A 3 state left-to-right HMM.

reasonable number of states depends on the selected units; typically, a vowel needs 7
states (first and last are non-emitting state), and a consonant needs 5 states (first and
last are non-emitting state, too). These HMM have a topology whereby transitions
may only go to the same state or to the next state, i.e. no skips are allowed. Moreover,
the two non-emitting state Sp and Sy constrain the HMM to start in state S; and
terminate in state Sy. Then, the phoneme level units can be easily combined to form
the larger units by connect the state Sy of current model and the state Sy of next
model.

The HMM can be typically classified into two types, one is discrete-HMM
(DHMM) and the other is continuous-HMM (CHMM). The difference between
DHMM and CHMM is the way to obtain the observation probability bi(e;). In DHMM,
a codebook will be utilized to determine the observation probability. After training
procedures, all observed vectors in state i will be categorized into a finite vector sets
V={V, V,...,Vx}, and the corresponding probability of each vector set b,(V,,) will be
obtained at the same time. Then, bi(o;) will be equal to b(V,) if o belongs to V.
Therefore, the observation probability is discrete distributed. Contrary to DHMM, a
continuous probability distribution will be utilized to calculated the observation
probability bi(o;) in CHMM. The mixture Gaussian distribution[24] will be applied to

mimic the continuous distribution, and bi(e;) could be figured out as
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M
bi(ot) = zwij (Iujm’zjm’ot)
m=1

) 1 1 (3-12)
S| el He a2 o)
m= 2

e

where N () is a Gaussian function, L is the dimension of the observation vector and

M is the number of mixtures. As for #,, , 2, and wj,, they respectively indicate

jm
the mean vector, the covariance matrix and the weighting coefficient of the my,

mixture component in state S;. The observations are assumed to be independent to

each other, so the covariance matrix can be reduced to a diagonal form as

o) 0 0
0 o, (2) - 0
z,= T (3-13)
O O G/'m(L)

Then, the observation probability /;(O;) can be rewritten as

M 1 L o,()=p,, ()
b(0)=3w, [ Lew CIORT0) A R

m=1 L 5 = 20, ()

W2z [T
L I=1
As for the weighting coefficient wj,, it must satisfy

M
Zw_/mzl and w,, 20, l<m<M (3-15)

m=1

In this thesis, the CHMM is adopted, whose model @ contains the following
parameters: 7z, A, w, u and 2. The problems of probability calculation, decoding and
parameter estimating for HMM will be described in next section.
3.3 The Three Basic Problems for HMM

The three basic problems for HMM are probability evaluation, decoding and

parameter estimating, and their descriptions, as follows:
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1. Given a observation sequence O = (0,,0,...,07), and a HMM model
® =(A,B,n), how to efficiently compute P(O|®)?

2. Given a observation sequence O = (0,,0,,...,07), and a HMM model
® =(A,B,n), how to determine the state sequence § = (S,,5>,...,57) such that
P(0,S8]0) is maximum?

3. How to adjust a new model @’ such that P(O|®@’) > P(0O|®) until P(0|®’) is
maximum?

The solutions to these problems will be described more explicitly in the following sub

sections.

3.3.1 Solution to Problem 1-The Forward/Backward Algorithm

The most straightforward way is listing all possible state sequences and summing

up their probabilities. It can be shown as

P(0|0)=) P(0,8(0)=> 7 b (0)a b (0,)..a4,

allS allS

b, (o) (3-16)

71517

If the number of states is N and the time length is 7, then, the number of possible
sequences will be N', and will require 27N computations. Obviously, it is not an
efficiently method. A more efficient method, called forward algorithm, will be used to

solve this problem. First, define the forward probability:
at(i):P(olt’St:i|@) (3'17)

ay(i) 1s the probability that the HMM is in state i at time ¢ having generated partial
observation ;' (namely 0,0,...0;). a(i) can be calculated inductively as follows:
Step 1: Initialization
a,()=nb (o) 1<i<N (3-18)
if under the constraint that HMM starts in state 1, (3-18) could be reduced to
a,(i)=rb,(0)) (3-19)

Step 2: Induction
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a,(j)= {iatl (i)a, }b_/ (0,) 2<t<TI<j<N (3-20)

i=1

Step 3: Termination
P(0]6) = ZNlaT(i) (3-21)
if under the constraint that HMM end in state N, (3-21) could be reduced to
P(0|©)=a,(N) (3-21)
It requires about N°7 computations which are much less than direct calculation. In a

similar manner, define the backward probability as
B.(i))=P(O,,|S,=i0) (3-22)

B(i) is the probability of generating partial observation o,+;" given that the HMM is in
state i at time ¢, and it can be calculated inductively as follows:
Step 1: Initialization
pr@)=1/N, 1<i<N (3-23)
Step 2: Induction
B.()= ZN:aijbj(om)/)"hI (f), t=7-1,T-2,.,1 1<Li<N (3-24)
=
Step 3: Termination
P(016)=3 A ) (3-25)
The probability calculation is not useful itself, but it and the forward/backward
algorithm are important parts of the solution to the parameter estimating.
3.3.2 Solution to Problem 2-The Viterbi Algorithm
In this problem, the aim is to find the best state sequence, which is the desired
one in many applications. The forward algorithm described in the previous section

can not find out such a state sequence, and the Viterbi algorithm can be applied to

solve this problem efficiently. First, define the best-path probability:
V,()=P(o.S,".S,=i|O) (3-26)
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V(i) is the probability of the most likely state sequence at time ¢, which has generated
the observation olt(namely 010,...0,) and ends in state i . The best-path probability
V(i) can be calculated inductively as follows:
Step 1: Initialization
Vi) =z b (o) (3-27)
N@2)=r@)=...=V{)=0
B,(i) =0 (B is the matrix to store the state)

Step 2: Induction

K(j)=Maxl[fé_l(i)a,-,-]-b,-(0t) 2<t<TJ<j<N (3-28)
=],]— )
B,(j)=S. wherei = ArglV,_(i)a;] (3-29)

i=j.j-1
Step 3: Termination

The best score =V, (V)

B.(N)=S, wherei = Arg [V, (D)a,] (3-30)
i=N,N=1

Step 4: Backtracking

S =B, (S,) t=T-1,T-2,.,1

*

8" =(S,8,,..,8, ) is the best sequence

It is noted that the some constraints has been added, i.e., the transition has been
limited to stay in current state or transited to the next state. The Viterbi algorithm is
similar to the forward algorithm and the major difference is the maximum operator in
(3-28), which is used in place of the summing procedure in (3-20).
3.3.3 Problem 3-Parameter Estimation(HMM training)

Given a HMM @ =(A,B,7n) and a set of observations O = (0;,0,,...,07), the

purpose of estimation is to adjust the model parameters so that the P(O |®) is local
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maximized by using an iterative procedure. The initial HMM model will be produced
by modified K-means[25] and Viterbi algorithm. Then, the Baum-Welch algorithm[26]
(or called forward-backward algorithm) will be utilized to train the HMMs.

Before applying the training algorithms, some preparing works should be done.
First, a set of speech data and their associated transcriptions should be prepared and
they should be transformed into the MFCC feature vectors. These feature vectors will
be treated as the observations of the HMM. Second, the number of states and the
number of mixtures in a HMM must be determined. Then, the first step of training is
to produce proper initial HMM models. The procedures to get initial HMM models
could be divided into two manners depending on whether the boundary information is
available. If the boundary information is available, such as Fig.3.5, the estimation of
the HMM parameters would be more precise. The transcriptions with boundary
information should be saved in text files as the form in Fig.3.6 (a). It is noted that
even if the boundary information are not available, the transcriptions also should be

prepared and saved as in text files as the form in Fig.3.6 (b).

Fig. 3.5 Boundary information: the red line indicates the boundary information.

0 4933470 sil S5l
4933470 6530194 zero ZEro
6530194 9109519 one one
9109519 11627431 nine nine
11627431 15598772 eight eight
15598772 19979529 sil 511
(@) (b)

Fig 3.6 (a) transcription with boundary information. (b) transcription without boundary information.
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The block diagram of getting an initial HMM model with boundary information
is shown in Fig. 3.7. On the first iteration, the training data of a specific model are
uniformly divided into N segments, where N is the number of states of such specific

model. Then, the HMM parameters 7; and a;; can be first estimated as follows

_ number of observations in state 7 at time =1

: (3-31)

number of obeservations at time =1

_ number of transitions from state i to state j

a, — : (3-32)
number of transitions from state i

It is noted that in implementation, the z vector will be set as 1 with leading element

and 0 with others, i.e. the HMM is only allowed to start at state 1.

A 4

Viterbi alignment

observations of specific digit

l v

modified K-means

uniform segmentation

A 4

, update parameters

modified K-means l

4 converged?

initial parameters

initial HMM model

Fig. 3.7 Block diagram of getting an initial HMM model with boundary information.
Then, the modified K-means algorithm will be utilized to estimate the parameters
w, pand 2. From the modified K-means algorithm, the observations will be clustered
into M groups, where M is the number of mixtures in a state. The parameters can be

estimated as follows
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_ number of observations classified in cluster minstate j NV, (3-33)

" number of observations classified in state j ;
4, =mean of the observartions classified in cluster m in state j
1 . .
=—- Zon , where n e cluster m in state j

jm

(3-34)

%', = covariance matrix of the observations classified in cluster m in state j

| . ' (3-35)
= ST Z (0, —u;, )0, —u,,)" , where n € cluster m in state j
jm

With the initial parameters, next, the uniform segmentation will be replaced by the
Viterbi algorithm to divide the training data into states more precisely. The iterative
procedures of Viterbi alignment, modified K-means and update parameters will be
repeated until the parameters are converged. Then, the initial HMM models are
created.

In the case that the boundary information is not available, the method to get the
initial HMM models would be casier that the parameters in each state are initialized to
be identical. The mean and the covariance are set to be equal to the global mean and
variance. As for the initial probability vector 7 . the state transition matrix 4 and the
weighting coefficient vector w, there is no information to compute these parameters;
therefore, they would be set arbitrarily. Then, the initial HMM models are created. It
is noted that the performance of the recognizer using the HMMSs trained in this case
would be worse.

After the initial HMM models have been created, the Baum-Welch algorithm
will be utilized to get the final HMM models. The Baum-Welch algorithm, known as
the forward-backward algorithm is the core of HMM training. Three variables, &,(i.)),

v4(7) and y(j,k), will be defined first. The variable £(i,j) is defined as
P(q,=S,,9,,=5,,0]0)
,/)=P(q,=S,,q9,,=S,]10,0) = : !
&, ))=P(q,=5,.9,=5,10,0) P00)
— at (l)al]bj (0t+1 )ﬂHl (])

P(0|0)

(3-36)

which is the probability of being in state i at time ¢ and state j at time #+1. The a(i)
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and f(i) are the forward probability and the backward probability respectively, which
have been introduced in 3.3.1, and the calculation of P(0Q|®) is also shown in 3.3.1.

The variable y(i) is defined as

7= P(g, =S, 10,0) =3 & i, j) =L DAD_ (3-37)
Za, (NB()

which is the probability of being in state 7 at time . The variable y,(j,k) is defined as
r.(J,k)=P(q, =S;,m =k|0,0)

a, (])/Bt (]) ijbjk (Ot) (3-38)
2. (B ) | 2wiby(e)

which is the probability of being in state j at time ¢ with the k-th mixture component
accounting for o,, The M is the total number of mixtures in a state, and all the
parameters used in above equation will be the parameters of initial HMM models
created before. Then, the new parameters of HMM models could be re-estimated as

follows

7; = expected number of times in state S, at time ¢ =1
=700
expected number of transitions from state S; to state S,

(3-39)

a;

expected number of transitions from state S,

> &G0 ) (3-40)
Z% (i)

expected number of times in state S ; and mixtures k
w., = -
Jk

expected number of times in state S

t=1

T

> 7.k Zm)

t=1 k=

—_
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u;, =mean of the observations at state S; and mixture k

T
> 7.(j.k)e, (3-42)
_ =l
T
2.7:(:k)
t=1
2, =covariance matrix of the observations at state §; and mixture k
T
pNAT; ,k)[(ot —H )(ot —Hp )T] (3-43)
_ =l .
D 7,0,k
t=1

These parameters, then, would be updated, and go back to calculate the variables
€Ai,)), vAi) and y(j,k). These operations will be repeated until the parameters 7, A, w,
u and Yare converged, and the HMM models are finally determinant. The complete

flow chart of training procedures is shown in Fig.3.8.

Feature vectors (observations)

With boundary No

information?

A\ 4
initial HMM with

global mean and

A

variance
initial HMM with
modified K-means ¥
and Viterbi alignment Viterbi alignment
v v
Baum-Welch Baum-Welch
re-estimation re-estimation

v

v
Get HMMs Get HMMs

Fig.3.8 Training procedures of the HMM.
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3.4 Recognition Procedures
Given the HMMs and the observation sequence O ={01,02,...07}, the recognition

problem can be regarded as that of computing

arg maX{P(wl. | 0)} (3-44)

where w; is the i-th vocabulary word. By Bayes’ Rule, P(wj|O) could be transformed

as

P(O | w,)P(w,)
P(0)

P(w,|0)= (3-45)

Thus, for a given set of prior probabilities P(w;), the most probable spoken word
depends only on the likelihood P(O|w;). It can be solved by assuming that
PO |w,)=P(0]0,) (3-46)

where 6 is the corresponding HMM of w;. The calculation of P(0Q|@) is shown in
3.3.1. If not only the probability but the best state sequence is desired, i.e., P(0,S|6)),
the Viterbi algorithm, introduced in 3.3.2, could be applied.

Under the condition of connected words recognition (or called continuous speech
recognition), (3-44) would be transforined as

argmax{P(W, | 0)} (3-47)

where W={ W, , W> ,..., W, } is a word sequence. Similar to (3-46), the problem
could be solved by assuming that

P(O|W,)=P(0]|0,) (3-48)
where @, is the connected HMMs of corresponding word sequence W, The
connection of HMMs is simple when the HMM is the type of left-to-right HMM,
mentioned in 3.2. The connection is just to connected the last state of former HMM
with the first state of current HMM, and Fig 3.9. shows an example of connecting the

HMM of “one” and the HMM of “two”.
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the HMM of “one” the HMM of “two”

Q—»@—@—@—*@—@—' O

Fig.3.9 The connection of the HMM of “one” and “two”.
In this thesis, all the training and recognition stages will utilize the HMM Tool

Kits (HTK) [27], which is powerful tool kit dealing with the HMM. This tool kit is

developed by the Speech Research Group of the University of Cambridge.
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Chapter 4

Speech Recognition with Additive Noise

The state-of-the-art speech recognition system works very well when they are
trained and tested under similar acoustic environments. The performance of the
recognizer will decrease as long as the training and testing environments are
mismatched. However, when a recognizer works in a real-world, it has to face the
environment distortions which cause mismatch between pre-trained models and
testing data. Various sources cause the distortions, such as the channel effects, the
additive background noise, the different speaker characteristics, the different speech
modes, etc. In this thesis, only the additive noise is considered and solved.

In this chapter, first, the most popular method in model-based class, PMC, will
be introduced. Then, the disadvantages of using PMC will be discussed. Final, the
method of noisy speech recognition using the pre-trained noisy models will be
proposed, and the effect of mismatched noise and mismatched signal-to-noise ratio
(SNR) will be shown by some ¢xperimciits.

4.1 The Parallel Model Combination Method

In chapter 3, the statistical model HMM has been introduced to do the speech
recognition. This model generally consists of the state transition probability,
observation probability and initial state probability. However, these probabilities,
especially the observation probability, are usually altered by environmental noise.
Because the observation probability is expressed by mixture Gaussian distribution,
their means and variances can be adapted so that they can represent the observation
probability of noisy speech. In PMC method, the mean and variance combination is
performed in linear spectral domain to obtain the mean and variance of noisy speech.

The scheme of PMC method is illustrated in Fig.4.1.
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clean speech HMM noise HMM
v v
c!
v

Cepstral domain

c!
v Log-spectral domain
EXP EXP
\ / Linear-spectral domain
combination
v Linear-spectral domain
Log
v Log-spectral domain
C
I Cepstral domain

corrupted speech HMM
SRSATRE RS

Fig 4.1 The scheme of PMC.

The inputs to the scheme are clean speech models and a noise model. The
combination of the clean speech and noise is most naturally expressed in
linear-spectral domain, i.e., it is simplest to model the effects of the additive noise on
linear-spectral domain. The function to approximate this will be defined as the
mismatch function and formed as follows
yr]=g-S[z]+ Nlz] (4-1)

where ¢ is the gain matching term introduced to account for level difference between
the speech and the noisy speech. In general, g will be set as 1. S[7] is the clean speech
‘observations’ in linear-spectral domain, N[z] is the noise ‘observations’ in
linear-spectral domain, and y[ 7] is the noisy speech ‘observations’ in linear-spectral
domain. However, the HMM model are trained by using the observations in the
cepstral domain, so some domain transformation must be applied before doing the

combination.
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Some assumptions have been made in PMC method. First, the speech and noise
are independent. Second, the frame/state alignment used to generate the speech
models from the clean speech data is not altered by the additive noise, i.e. the state
transition matrix 4 would not be changed. Third, a single Gaussian or multiple
Gaussian mixtures model contains sufficient information to represent the distribution
of observation vectors in the cepstral domain and log-spectral domain. Therefore, just
the mean g and variance X in the observation probability distribution should be
adapted.

The first stage in the scheme of PMC is to transform the gand 2 from the
cepstral domain to the log-spectral domain. This is simply achieved by using the
inverse DCT, and the mapping is given by

u=C'u (4-2)

=c'xc™ (4-3)
where 4 and 2° are the mean vectors and full variance matrix, respectively, for clean
speech models in cepstral domain, ¢/ and 2 those in log-spectral domain, and C is the

matrix representing the DCT and the elements of it are given by
C, =cos(i(j—0.5)7/B) (4-4)

where B is the number of Mel filter banks.

The second stage in scheme of the PMC is to transform the g and 2 from the
log-spectral domain to the linear-spectral domain. Since the transformation between
the log-spectral domain and linear-spectral domain is nonlinear, different
approximations are made. Here, three popular methods, log-normal approximation,
log-add approximation and data-driven PMC (DPMC), will be introduced.

The log-normal approximation assumes that the sum of two log-normally

distributed variables is itself approximately log-normally distributed. Given the
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assumption that the speech and noise are independent and additive in the

linear-spectral domain the corrupted speech static parameters in the linear-spectral

domain are
fi=p+ii (4-5)
>=3+% (4-6)

where g and X are the mean vectors and full variance matrix, respectively, for clean
speech models in linear-spectral domain. The notation “*” and ‘~’ indicates that the
parameters for corrupted speech and noise, respectively. The parameters of the clean

speech in the linear-spectral and log-spectral domains are related by
z!
H,=exp(p + 7{) 4-7)
Zij =HH,; lexp(zijl _I)J (4-8)

the derivation could be found in [28]. Then, the mean vectors and full variance matrix

for corrupted speech models in log-spectral domain could be obtained by

R R 3
A, =log(i) - %log[ﬂl + 1} (4-9)
1
: 3,
247 =10g #‘I‘l (4-10)
HiH;

Finally, the mean vectors and full variance matrix for corrupted speech models in
cepstral domain could be easily obtained by

ac=C-j' (4-11)

Fe=c-3'.c" (4-12)

The second method is log-add approximation. In the log-add approximation, the

variances are assumed to be small, so for the static parameters it is possible to write

A1, =log(exp(u) +exp(f,)) (4-13)

This approximation is the simplest method, but the performance will be not good.
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The third method is the data-driven PMC. The basic concept of DPMC is shown

in Fig.4.2.

Speech State Moise State

Generate Spesch Generate Noise

"Observations” "Observations”
Speech MNoise
"Observations” "Observations”

Combine using
Mismatch Function

Corrupted-Speech
"Observations”

Baum-Welch

Re-estimation

Corrupted-Speech Siate

Fig.4.2 The illustration of data-driven PMC [28].

This is an iterative method; the integration is performed by generating corrupted
speech observations. These are obtained by generating a speech observation and a
noise observation for a particular pair of speech and noise states and combining them
according to the appropriate mismatch function. Having generated a set of
observations for a particular state pair, standard multiple mixture component
single-emitting-state HMM training can be used to train the noisy speech model. This
method could get more explicit noisy model, but would need large computation.

The PMC method has been proved that performs not bad in previously works.

[29,30,31]
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4.2 Robust Speech Recognition Using the Pre-Trained Noisy Models

Though the PMC method could obtain an acceptable performance, it still has
some drawbacks in implementation. In the stage of transformation from the cepstral
domain to the log-spectral domain, some information is lost due to the truncating of
the original cepstrum coefficients described in chapter 2. After the truncating, the
number of cepstrum coefficients is reduced from 20 (or 24) to 13. However, the
domain transformation is based on the original number of cepstrum coefficients, i.e.
the number of Mel filter banks B. Therefore, the mean vector 4 which dimension is 13
must be padded with zeros so that the dimension could be equal to the number of Mel
filter banks B and this may cause a bad representation in log-spectral domain.

Second, the PMC method is assumed that the additive noises will not alter the
state transition matrix 4. Nevertheless, the state transition matrix 4 is indeed affected
by the additive noise and the difference of 4 between clean speech models and noisy
models are increasing as the SNR degrades. Fig. 4.3 shows the difference between the
clean speech model and noisy model of “four” in low SNR. This would also cause the
compensated noisy models work not well especially in low SNR. Unfortunately, there

is still no efficiently method to precisely estimate the state transition matrix 4 of noisy

models.
o 1.000 0.000 O.000 O.000 0.000 1.000 0.000 0.000 0.000
o 0.937 0.063 0.000 0.000 0.000 0.913 0.087 0.000 0.000
o 0.000 0.925 0.075 0O.000 0.000 0.000 0.809 0.191 0.000
o 0.000 0.000 0.820 0.180 0.000 0.000 0.000 0.923 0.077
o 0.000 O.000 O.000 O.000 0.000 0.000 0.000 0.000 0.000
(a) (c)
0.000 1.000 0.000 0.000 0.000 0.000 1.000 0.000 0.000 0.000
0.000 0.912 D.0BE 0.000 0.000 0.000 0.928 0.072 0.000 0.000
0.000 D.000 D.BBO 0.120 0.000 0.000 0.000 O.738 0.262 0.000
0.000 D.000 D.000 D.933 0.067 0.000 0.000 0.000 0.925 0.075
0.000 D.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
(b) (d

Fig. 4.3 The transition matrix of model “four” in (a) clean speech model (b) noisy
model with 0dB (c¢) noisy model with 5dB (d) noisy model with 10dB.
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The most difficult part in PMC method is the stage of transformation from the
log-spectral domain to the linear-spectral domain because it is a nonlinear
transformation. The three approaches introduced above all have some disadvantages.
The most important one is the assumption that the sum of two log-normally
distributed variables is itself approximately log-normally distributed. Obviously, it is
not surely. Even the sum of two single Gaussian distribution is not surely still a single
Gaussian distribution. Approaches used in PMC method can just “approximately”
represent the transformation from the log-spectral domain to the linear-spectral
domain. Besides, one state is usually not enough to represent the HMM of noise. It is
complicated for PMC method under the condition that the noise HMM contains more
than one state. Furthermore, single Gaussian distribution is not sufficient to represent
the observation probability in HM M. If the mixture Gaussian distribution is utilized to
represent the observation probability, the computation load would increase and may
not estimate well. The DPMC method might overcome the drawbacks described
above, because it could represent the noisy model more explicitly. However, it need
too much computation and is not useful for an on-line application.

Therefore, I will propose a concept that using the pre-trained noisy models to do
the robust speech recognition. Now that it is hard to estimate the distribution of the
noisy model just combining the clean speech model and noise model, and it is shown
that using the matched noisy model will get the best recognition result (see the
experiments result in 4.3), we can pre-train various noisy models and save as a
database. In recognition phase, the first 10,000 sampling data will be used to analyze
that current background noise belongs to which noise in the database, and then, the
corresponding pre-trained noisy model will be utilized to do the recognition. The

scheme is shown in Fig.4.4.
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Fig. 4.4 The scheme of the method using the pre-trained noisy models to do the

noisy speech recognition.

In the stage of noise analysis, the noise type is chosen based on the mean spectrum,

and the SNR is approximately decided by

P
zyi _zyi ]
il

SNR —10-10g( S
zyiz
i-1

where y; is the corrupted speech and N is the number of samples to estimate the noise.

(4-14)

This method will need more memory to store the pre-trained noisy models, but with
the progress of the storage technology, it would be no longer the problem. The
advantage of this method is that a more explicitly noisy model could be obtained
without too much computation in recognition phase. All the complicated computation
will be done in training phase and the pre-trained noisy models will be stored in

recognizer.
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4.3 Experiments Result

The experiments will be divided into two parts. In the first part, the performance
of the recognizer will be compared with the condition of using matched/mismatched
noisy models, the MFCC with/without dynamic features and different mixture number
of GMM. In the second part, a test noise which is not in the database will be added.
Then, the experiments will show the performance of the recognizer using a most
likely pre-trained noisy model.
4.3.1 Experiments A

The clean speech data were collected from 16 persons with 8 males and 8
females. 40 utterances for each containing 10 connected digits are recorded by each
person. The noises used in this experiment are babble, f16, factory and white noise
taken from NOISE-92 database [32] and resample them to 16KHz. The recorded
clean speech data were manually added with these four noises individually at different
SNR (0dB, 5dB, 10dB, 15dB, 20dB, 25dB and 30dB) to produce several sets of

noise-corrupted speech data. The SNR is defined as

SNR = lO'log% (4-15)

N

where P is the average power of clean speech and Py is the average power of noise.
The sampling rate is 16KHz. A 25 ms Hamming window shifted with 10 ms steps, a
pre-emphasis factor of 0.97 and 24 Mel filter banks were used to evaluate 13 MFCCs
(including the energy term) with its delta and delta-delta term to obtain
39-dimensional feature vectors. For the case without dynamic terms, the feature
vectors just contain 15 MFCCs. The testing data were selected from the original
recorded data, two males and two females, so this in a speaker dependent experiment.
The statistics of training data and testing data are shown in Table 4.1, and the number

of states of each digit (the first and last state are null states) is shown in Table 4.2.
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Males Females Total
Amounts of speakers 8 8 16
Amounts of sentences 320 320 640
Amounts of digits 3200 3200 6400
(a)
Males Females Total
Amounts of speakers 2 2 4
Amounts of sentences 80 80 160
Amounts of digits 800 800 1600
(b)

Table 4.1 The statistics of (a) training speech data (b) testing speech data.

Digits 0 1 2 3 . 5 6 7 8 9 sil

Number of states 10 7 7 10 > 7 10 10 7 10 5

Table 4.2 The number of state of each digit. (sil means the silence)
The experiments are divided into two sets. In the first experiment set, the MFCC
features with its dynamic features are used, i.e. each feature vector contains 13
MFCCs, 13 delta MFCCs and 13 delta-delta MFCCs. The other experiment set uses
MFCC features only, and each feature vector contains 15 MFCCs. The performances
are examined by the word accuracy rate (WAcc %) and the sentence correct rate
(SCor %). The calculation of WAcc (%) and SCor (%) are

T,-D, -8, —1I

WAcc(%) = * %100 (4-16)

w

SCor(%) = ¥x 100 (4-17)

s

where T, and 7y are the total numbers of words and sentences. D,,, S,, and I,, represent
the numbers of deletion errors, substitution errors and insertion errors, respectively. Fj

means that the number of wrong sentences.
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The recognition results of the noise-corrupted speech under different SNR using

the clean speech models are shown in Fig. 4.5.

(a) (b)

(©) (d)

Fig. 4.5 The recognition results of the noisy speech using the clean speech models
under different SNR corrupted by (a) babble noise (b) f16 noise (c) factory
noise (d) white noise.

It is shown that the performance of the recognizer degrades while the SNR decreases.

Table 4.3 shows the recognition results of the noise-corrupted speech in different

SNR using the clean speech models with different mixtures of GMM. The results are

represented by the WAcc (%) and SCor (%, the values in the brackets).

clean | 30dB | 25dB | 20dB | 15dB | 10dB | 5dB 0dB

9771 | 96.77 | 9490 | 90.68 | 83.07 | 7521 | 63.70 | 4458
(80.00) | (73.13) | (63.13) | (55.00) | (35.63) | (20.63) | (3.75) | (0.00)

98.02 | 9646 | 9573 | 9427 | 90.10 | 82.08 | 69.22 | 49.01
(85.63) | (77.50) | (73.75) | (65.63) | (45.63) | (25.00) | (6.25) | (0.00)

1-mixture

2-mixtures
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. 98.75 96.98 95.94 94.64 89.38 &81.20 69.32 50.42
4-mixtures
(90.00) | (80.63) | (75.63) | (68.75) | (48.13) | (28.75) | (6.88) | (1.25)
. 99.43 98.49 96.88 93.28 84.64 71.41 58.49 43.02
8-mixtures
(95.00) | (88.13) | (78.13) | (65.00) | (33.13) | (7.50) | (0.63) | (0.00)
(@)
clean | 30dB | 25dB | 20dB 15dB 10dB 5dB 0dB
. 97.71 95.47 93.96 90.42 84.74 77.66 70.10 55.94
1-mixture
(80.00) | (63.75) | (55.63) | (45.63) | (35.00) | (18.75) | (7.50) | (0.00)
. 98.02 97.03 96.61 95.52 91.82 86.72 75.73 60.52
2-mixtures
(85.63) | (80.00) | (75.63) | (68.38) | (45.63) | (28.13) | (7.50) | (0.00)
. 98.75 97.24 96.35 94.84 91.51 86.25 74.69 59.27
4-mixtures
(90.00) | (83.13) | (76.88) | (66.25) | (51.25) | (33.13) | (11.25) | (0.63)
. 99.43 98.39 97.71 96.25 91.82 84.48 71.56 49.79
&-mixtures
(95.00) | (86.88) | (81.25) | (72.50) | (48.75) | (20.63) | (1.88) | (0.00)
(b)
clean | 30dB | 25dB | 20dB 15dB 10dB 5dB 0dB
. 97.71 95.99 94.48 90.68 83.54 74.84 63.70 45.52
1-mixture
(80.00) | (64.38) | (54.38) | (45.63) | (30.63) | (15.63) | (3.75) | (0.00)
. 98.02 96.25 95.47 93.91 90.16 82.97 70.57 51.41
2-mixtures
(85.63) | (75.00) | (71.88) | (63.13) | (45.00) | (27.50) | (5.63) | (0.63)
. 98.75 97.03 95.99 93.85 89.11 80.94 70.10 48.85
4-mixtures
(90.00) | (81.25) | (75.26) | (66.88) | (47.50) | (28.13) | (8.13) | (0.63)
. 99.43 98.67 97.19 94.74 88.44 77.60 61.82 41.56
8-mixtures
(95.00) | (89.04) | (20.63) | (66.25) | (43.13) | (17.50) | (0.63) | (0.00)
()
clean | 30dB | 25dB | 20dB 15dB 10dB 5dB 0dB
. 97.71 94.64 92.86 89.22 83.23 75.26 64.58 46.41
1-mixture
(80.00) | (58.75) | (54.38) | (42.50) | (30.00) | (13.75) | (3.13) | (0.00)
. 98.02 96.09 95.00 92.29 88.18 81.04 68.23 48.07
2-mixtures
(85.63) | (73.13) | (68.13) | (56.88) | (41.88) | (19.38) | (1.25) | (0.00)
. 98.75 96.15 94.79 91.35 85.89 77.40 66.20 49.69
4-mixtures
(90.00) | (76.25) | (71.25) | (60.00) | (45.63) | (23.13) | (2.50) | (0.00)
. 99.43 97.14 95.05 89.48 78.85 63.54 53.65 41.72
8-mixtures
(95.00) | (80.00) | (70.00) | (53.75) | (29.38) | (0.00) | (0.00) | (0.00)

(d)
Table 4.3 The recognition results of the noisy speech under different SNR using the

clean speech models with different mixtures of GMM. The noisy speech is

corrupted by (a) f16 noise (b) babble noise (¢) factory noise (d) white noise.
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The results show that using the dynamic features can get not bad performance while
the SNR is larger than 20dB. Besides, increasing the number of mixtures of GMM is
not useful for low SNR, because the observation probability distribution has been
altered so severely by the noise that the noisy speech can be barely recognized by the
original model.

The following experiments were examined to investigate the performances of
noisy speech recognition using matched noisy models. The “matched” means if the
tested noisy speech is corrupted by {16 noise in 0dB, the f16 noisy model trained in
0dB condition will be utilized to do the recognition. Table 4.4 shows the recognition
results of using the matched noisy models with different mixtures of GMM. The
performances are presented by SCor (%), and values in the brackets are the

recognition rates using clean speech models.

30dB 25dB 20dB [5dB 10dB 5dB 0dB
l-mixture | 71.25 68.13 61.88 61.88 50.63 39.38 15.63
(73.13) | (63.13) | (55.00) | (35.63) | (20.63) | (3.75) (0.00)
2 -mixtures | 82.50 83.75 76:25 76.88 68.75 58.13 15.00
(77.50) | (73.75) | (65.63) | (45.63) | (25.00) | (6.25) (0.00)
A-mixtures | 89.38 88.75 88.13 83.75 77.50 66.25 20.00
(80.63) | (75.63) | (68.75) | (48.13) | (28.75) | (6.88) (1.25)
8-mixtures | 92.50 93.75 92.50 87.50 85.63 54.38 16.25
(88.13) | (78.13) | (65.00) | (33.13) | (7.50) (0.63) (0.00)
(a)
30dB 25dB 20dB 15dB 10dB 5dB 0dB
l-mixture | 68.75 67.50 58.75 49.38 43.13 11.25 1.88
(6438) | (54.38) | (45.63) | (30.63) | (15.63) | (3.75) (0.00)
2-mixtures | 82.50 82.50 76.88 69.38 60.00 18.75 3.13
(75.00) | (71.88) | (63.13) | (45.00) | (27.50) | (5.63) (0.63)
4-mixtures | 88.75 86.88 85.00 79.38 65.63 16.25 3.75
(81.25) | (75.26) | (66.88) | (47.50) | (28.13) | (8.13) (0.63)
S-mixtures | 91.88 92.50 88.13 82.50 67.50 17.50 2.50
(89.04) | (80.63) | (66.25) | (43.13) | (17.50) | (0.63) (0.00)
(b)
30dB 25dB 20dB 15dB 10dB 5dB 0dB
l-mixture | 58.13 55.63 48.13 35.63 25.00 18.13 11.25
(58.75) | (54.38) | (42.50) | (30.00) | (13.75) | (3.13) (0.00)
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2 mixtures | 7250 72.50 68.13 61.25 56.88 33.13 20.00
(73.13) | (68.13) | (56.88) | (41.88) | (19.38) | (1.25) (0.00)
A-mixtures | 84.38 83.75 80.00 72.50 63.13 45.63 26.88
(7625) | (7125) | (60.00) | (45.63) | (23.13) | (2.50) (0.00)
S-mixtures | 91.25 86.25 85.00 80.00 70.00 50.63 30.00
(80.00) | (70.00) | (53.75) | (29.38) | (0.00) (0.00) (0.00)

(©)
30dB 25dB 20dB 15dB 10dB 5dB 0dB
l-mixture | 78.13 71.25 65.00 52.50 43.75 19.38 5.00
(63.75) | (55.63) | (45.63) | (35.00) | (18.75) | (7.50) (0.00)
2 -mixtures | 6.8 85.63 79.38 75.00 55.00 28.13 7.50
(80.00) | (75.63) | (68.38) | (45.63) | (28.13) | (7.50) (0.00)
A-mixtures | 89.38 85.63 86.25 75.00 58.13 29.38 6.25
(83.13) | (76.88) | (66.25) | (51.25) | (33.13) | (11.25) | (0.63)
S-mixtures | 92.50 94.38 93.75 86.25 55.00 26.88 8.13
(86.88) | (81.25) | (72.50) | (48.75) | (20.63) | (1.88) (0.00)

(d)

Table 4.4 The recognition results of the noisy speech under different SNR using the
clean speech models (the values in the brackets) and matched noisy models
with different mixtures of GMM. The noisy speech is corrupted by (a) f16

noise (b) factory noise (c) white noise (d) babble noise.

The results show that the matched noisy modeis indeed promote the performance of
noisy speech recognition. The performances are good when SNR is larger than 5 dB,
and the mixture number of the GMM is 8. Besides, the matched noisy models are
fairly good for the noisy speech corrupted by white noise in low SNR; the SCor (%)
for white noisy speech is 30 in SNR 0dB.

The next experiment will show the performance of using the same noisy models
but with different SNR, i.e. the training and testing environment will be incongruity in
SNR. The SNR of tested noisy speech is set 15dB, and the same kinds of noisy
models trained in different SNR with the 8 mixtures GMM will be utilized to do the
recognition. The experiment results are shown in Table 4.5, and the performances will

be presented by SCor (%).
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0dB 5dB 10dB 15dB 20dB 25dB 30dB

F16 25.63 61.88 86.25 87.50 88.75 77.50 70.63
factory | 15.63 31.25 71.88 82.50 79.38 75.00 62.50
white 11.88 51.25 71.25 80.00 81.25 70.63 41.88
babble | 25.00 58.13 69.38 86.25 86.25 81.88 76.88

Table 4.5 The recognition results of the noisy speech under 15dB SNR using the same
kind of noisy models (f16) in different SNR with 8 mixtures of GMM. The

highlighted values are the results using the matched noisy models.

The results show that the SNR does not affect the performance very much, because
the recognition rate would not change too large even use the noisy models with SNR
varying 5dB from the matched SNR. Therefore, the SNR of the tested noisy speech
can be roughly determined and still obtain good enough recognition results.

The above experiments will be examined again, but the features used are all
replaced by the MFCC features without its dynamic terms, i.e. each feature contains
only 15 MFCCs. These experiments are examined to see which features, with or
without dynamic terms, are efficient to the noisy speech recognition using matched
noisy models. Table 4.6 shows the recognition results of the noise-corrupted speech in
different SNR using the clean speech models with different mixtures of GMM. The

results are represented by the WAcc (%) and SCor (%, the values in the brackets).

clean | 30dB | 25dB | 20dB | 15dB | 10dB 5dB 0dB
Lmixture | 94353 | 9177 | 8880 | 8391 | 7365 | 5714 | 4146 | 23.39
(60.00) | (48.75) | (37.50) | (25.63) | (9.38) | (0.00) | (0.00) | (0.00)
>-mixtures | 9198 | 8948 | 8943 | 8693 | 7932 | 6208 | 4042 | 24.53
(50.00) | (36.88) | (39.38) | (27.50) | (10.63) | (0.63) | (0.00) | (0.00)
Aomixtures | 9505 | 93.54 | 9255 | 89.53 | 8214 | 67.34 | 4604 | 2448
(67.50) | (52.50) | (49.38) | (38.75) | (21.25) | (5.63) | (0.63) | (0.00)
Rmixtures | 9630 | 9323 | 8880 | 8609 | 7745 | 6005 | 39.38 | 21.93
(71.25) | (52.50) | (37.50) | (32.50) | (10.63) | (0.63) | (0.00) | (0.00)

(2)
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clean | 30dB | 25dB | 20dB 15dB 10dB 5dB 0dB

1-mixture 94.53 93.59 92.08 86.30 74.79 61.72 46.61 29.17
(60.00) | (57.50) | (50.00) | (29.38) | (9.38) | (0.63) | (0.00) | (0.00)

9.-mixtures 91.98 92.08 92.19 88.75 79.58 62.14 48.44 31.04
(50.00) | (47.50) | (48.13) | (33.13) | (12.50) | (1.25) | (0.00) | (0.00)
A-mixtures 95.05 95.47 94.53 90.99 83.33 69.01 51.72 34.27
(67.50) | (65.00) | (58.75) | (44.38) | (24.38) | (6.88) | (0.00) | (0.00)
8-mixtures 96.30 95.47 93.85 89.38 78.44 61.61 45.47 29.01
(71.25) | (63.75) | (54.38) | (40.63) | (11.88) | (0.00) | (0.00) | (0.00)
(b)

clean | 30dB | 25dB | 20dB 15dB 10dB 5dB 0dB

1-mixture 94.53 92.03 89.43 83.07 72.71 58.54 40.42 20.89
(60.00) | (50.00) | (41.25) | (21.25) | (5.00) | (0.63) | (0.00) | (0.00)

2 -mixtures 91.98 91.35 90.63 85.68 77.19 58.54 38.65 22.60
(50.00) | (45.63) | (41.88) | (25.00) | (8.13) | (0.00) | (0.00) | (0.00)

A-mixtures 95.05 9391 92.86 88.54 79.79 63.91 42.60 23.13
(67.50) | (53.75) | (45.63) | (30.63) | (13.13) | (2.50) | (0.00) | (0.00)

8-mixtures 96.30 94.64 91.77 86.72 75.94 57.24 38.18 21.51
(71.25) | (58.13) | (46.25) | (30.63) | (6.25) | (0.63) | (0.00) | (0.00)

(c)

clean | 30dB | 25dB | 20dB | 15dB | 10dB 5dB 0dB

1-mixture 94.53 88.33 82.50 74.27 63.96 54.01 40.10 20.05
(60.00) | (35.63) | (21.25) | (11.88) | (0.00) | (0.00) | (0.00) | (0.00)

2-mixtures 91.98 85.94 81.41 76.20 68.33 55.21 36.72 19.22
(50.00) | (27.50) | (18.75) | (8.75) | (1.25) | (0.00) | (0.00) | (0.00)

A-mixtures 95.05 90.21 84.22 78.33 68.02 52.81 38.65 19.17
(67.50) | (43.13) | (28.13) | (17.50) | (1.88) | (0.00) | (0.00) | (0.00)

8-mixtures 96.30 89.01 83.70 76.93 66.04 53.02 31.61 15.78
(71.25) | (37.50) | (26.25) | (9.38) | (0.63) | (0.00) | (0.00) | (0.00)

(d)
Table 4.6 The recognition results of the noisy speech under different SNR using the
clean speech models with different mixtures of GMM. The noisy speech is

corrupted by (a) f16 noise (b) babble noise (¢) factory noise (d) white noise.
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Comparing Table 4.6 with Table 4.3, we can find that the recognition results using the
features without dynamic terms degrade seriously as the SNR decreasing, especially
the SCor (%). The performances are bad even in 30dB SNR. Table 4.7 shows the
recognition results of using the matched noisy models with different mixtures of
GMM. The performances are presented by SCor (%), and values in the brackets are

the recognition rates using clean speech models.

30dB 25dB 20dB 15dB 10dB 5dB 0dB
L-mixture | 53.13 | 4438 | 43.75 | 4563 | 3063 | 1625 | 5.63
(48.75) | (37.50) | (25.63) | (9.38) (0.00) (0.00) (0.00)
2-mixtures | 50.63 53.75 50.00 47.50 43.75 17.50 9.38
(36.88) | (39.38) | (27.50) | (10.63) | (0.63) (0.00) (0.00)

4-mixtures | 55.63 56.25 5438 52.50 43.75 19.38 12.50
(52.50) | (49.38) | (38.75) | (21.25) | (5.63) (0.63) (0.00)
8-mixtures | 56.88 53.75 53.75 51.88 41.25 16.25 13.75
(5250) | (37.50) | (32.50) | (10.63) | (0.63) (0.00) (0.00)
(a)
30dB 25dB 20dB 15dB 10dB 5dB 0dB

1-mixture 51.25 50.00 40.63 33.75 19.38 5.63 1.25
(50.00) | (41.25) | (21.25) | (5.00) (0.63) (0.00) (0.00)
>-mixtures | 51.25 | 35.63 | 5000 | 43.75 | 2063 | 1125 | 438
(45.63) | (41.88) | (25.00) | (8.13) (0.00) (0.00) (0.00)

4-mixtures | 56.25 36.88 4813 39.38 23.13 12.50 0.63
(53.75) | (45.63) | (30.63) | (13.13) | (2.50) (0.00) (0.00)
S-mixtures | 56.25 51.88 46.25 40.63 21.25 10.00 0.63
(58.13) | (46.25) | (30.63) | (6.25) (0.63) (0.00) (0.00)
(b)
30dB 25dB 20dB 15dB 10dB 5dB 0dB

1-mixture | 36.88 33.75 26.88 28.75 22.50 15.00 4.38
(35.63) | (21.25) | (11.88) | (0.00) (0.00) (0.00) (0.00)
2-mixtures | 32.50 48.75 41.25 36.88 35.00 21.88 6.25
(27.50) | (18.75) | (8.75) (1.25) (0.00) (0.00) (0.00)

A-mixtures | 32.50 41.25 36.25 31.25 30.00 25.63 10.00
(43.13) | (28.13) | (17.50) | (1.88) (0.00) (0.00) (0.00)
S-mixtures | 39.38 49.38 41.88 41.88 39.38 31.88 9.38
(37.50) | (26.25) | (9.38) (0.63) (0.00) (0.00) (0.00)
(©)
30dB 25dB 20dB 15dB 10dB 5dB 0dB

l-mixture | 49.38 | 49.38 | 40.00 | 2438 | 18.13 | 9.38 1.88
(57.50) | (50.00) | (29.38) | (9.38) (0.63) (0.00) (0.00)
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> -mixtures | 59.38 | 57.50 | 47.50 | 27.50 | 2250 | 13.13 | 5.00
(47.50) | (48.13) | (33.13) | (12.50) | (1.25) (0.00) (0.00)
4-mixtures | 55.63 57.50 45.00 25.00 26.88 16.88 3.75
(65.00) | (58.75) | (44.38) | (24.38) | (6.88) (0.00) (0.00)
S-mixtures | 56.88 58.75 49.38 26.88 26.25 12.50 2.50
(63.75) | (5438) | (40.63) | (11.88) | (0.00) (0.00) (0.00)

(d)

Table 4.7 The recognition results of the noisy speech under different SNR using the
clean speech models (the values in the brackets) and matched noisy models
with different mixtures of GMM. The noisy speech is corrupted by (a) f16

noise (b) factory noise (c) white noise (d) babble noise.

Comparing Table 4.7 with Table 4.4, we can find that the recognition results using the
features without dynamic terms were worse than those using the features with

dynamic terms. The reason is that the dynamic terms are relatively not altered by the

add noise. From (2-15), the term of ¢, [i]=¢, [i] can diminish the influence of the

additive noise. Assuming the noise is added equally to each frame, then
¢ lil—c  lil=(c, [il+n[i) (e, [i]+nli])=c, [i1-c,,li] (4-18)

where c¢[i] is the noise-corrupted cepstrum coefficient and n[i] is the noise cepstrum
coefficient. Therefore, the recognizer using MFCC with its dynamic features will
obtain better results.
4.3.2 Experiments B

In this experiment, a test noise which is not in the database will be added. The
noise is the sound of drilling machine recorded in a construction site. A most likely
noisy model should be selected first to do the recognition. The selection is based on
the mean square error of the normalized mean spectrums between the tested noise and
noises in the database. The noise which has minimum one will be selected and its

model will be used as the noisy model. The mean spectrums of the f16, factory,
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babble, white and drilling machine are shown in Fig 4.6. The babble noisy model is
selected after comparing all four kinds of noise with the drilling machine noise.
Therefore, the recognition will use the babble noisy models, and the results are shown

in Table 4.8. The performances are presented by SCor (%).
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Fig. 4.6 Normalized mean spectrums of (a) f16 (b) factory (c) babble (d) white (e)

drilling machine.
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30dB 25dB 20dB 15dB 10dB 5dB 0dB
l-mixture | 75.00 67.50 53.13 46.88 36.88 12.50 0.00
(58.13) | (51.88) | (42.50) | (31.88) | (10.00) | (0.63) (0.00)
2-mixtures | 80.00 82.50 73.75 68.13 47.50 10.63 1.88
(78.13) | (70.00) | (58.75) | (34.48) | (5.00) (0.00) (0.00)
A-mixtures | 83.75 81.88 81.25 72.50 43.13 11.88 1.25
(76.88) | (70.63) | (61.25) | (42.50) | (16.88) | (1.88) (0.00)
S-mixtures | 89.38 88.75 86.88 81.88 48.75 14.38 1.88
(80.63) | (73.75) | (57.50) | (28.75) | (1.25) (0.00) (0.00)

Table 4.8 The recognition results of the drilling noisy speech under different SNR
using the clean speech models (the values in the brackets) and babble noisy

models with different mixtures of GMM.

The results show that the performances are promoted obviously for the cases of SNR
larger than 10 dB, and it shows again that using the noisy model with 8 mixtures

GMM is the best choice.
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Chapter 5

Conclusions and Future Works

In this thesis a method using the pre-trained noisy models to do the noisy speech
recognition has been proposed. Previously experiments have proved that it can
improve the performance of the recognizer in unknown noisy environments. The best
results are obtained by using the matched noisy models trained with the dynamic
MFCC features and 8 mixtures GMM. The advantages of this method are summarized
as follows:

1) More explicit noisy models can be obtained easily. In this method, the mixture
numbers of GMM can be increased to mimic the true noisy speech observation
probability distribution. The state number of noise can be not limited as 1 to catch
the behavior of the noise more precisely, and can obtain more exactly state
transition matrix, because the noisy model are really trained using the truly
noise-corrupted speech data.

2) In on-line application, the systcin nceds little computation to get an acceptable
noisy model. The only operation needed to do is comparing with all the noise type
in the database, and then, find a most likely noisy model. All the complicated
computations, training the noisy models, are performed off-line.

There are three further things should be done in the future. First is to modify the
approach of selecting the most likely noisy model. In experiment 4.3.2, the babble
noise is the closest to the tested noise, drilling machine noise, and it indeed can
improve the performance. However, the babble noisy model is not the best selection
but the f16 noisy model to do the recognition. Table 5.1 shows the recognition results
of using babble noisy model and f16 noisy model. The performances are presented by

SCor (%).
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30dB 25dB 20dB 15dB 10dB 5dB 0dB
babble 89.38 88.75 86.88 81.88 48.75 14.38 1.88
fl16 90.00 87.50 84.38 80.00 64.38 33.75 12.50

Table 5.1 The recognition results of using babble noisy model and f16 noisy model.

It can be shown that using the f16 noisy model can obtain better results than babble
noisy model. It means that the approach of selecting suitable noisy model should be
modified. The noise types can not be identified only using the normalized mean
spectrum.

Secondly, the environment existing varying noises should be considered. In this
thesis, it is assumed that the environment exist only one kind of noise. The approach
to estimate the noise is to analyze the first N samples of the noisy speech, which is
regarded as the noise. Therefore, while the original noise is replaced with another
kind of noise, this approach could not be used to estimate the newly noise. Another
sufficient noise estimating approach should be used to overcome this problem.

The last work is to continue establishing the noisy models database. In this thesis,
only four kinds of noisy models are established, and it is obviously not enough. In the
future, more noises should be collected and these collected noises should be analyzed
to classify them into groups. The noises in the same group are trained to produce one
representative noisy model. In this way, the size of the noisy models database would

be reduced, and the selecting of suitable noisy models might be easy and accurate.
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