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Abstract—This paper compares the performances, recognition
rate and computation speed, between an Improved Discrete
Hidden Markov Model (DHMM) and Gaussian Mixture Hidden
Markov Model (GMHMM) for Mandarin speech recognition.
The fuzzy vector quantization (FVQ) is used to improve the
modeling of DHMM for the speech recognition. A codebook for
DHMM will be first trained by K-means algorithms using
Mandarin training speech feature. Then, based on the trained
codebook, the speech features are quantized by the fuzzy sets and
then are statistically applied to train the model of DHMM.
Experimental results in this paper will show that the speech
recognition rate can be improved by using FVQ algorithm to
train the model of DHMM. The recognition rate by using an
improved DHMM is only a little bit less than that by using
GMHMM. However, the computation time for speech
recognition by using improved DHMM is much less than that by
using GMHMM. These results reveal that the improved DHMM
is more suitable to real-time applications than GMHMM.

Keywords- computation time; Fuzzy Vector Quantization;
Speech Recognition; Discrete Hidden Markov Model

I. INTRODUCTION

Recently, human life depends on electronic products more
heavily due to the development in IT technology. The interface
between these products and user is quite important. Since the
computation ability of CPU is enormously enhanced, the
speech control for an electronic product becomes more
realizable. Recently, the topic on the process of audio signal
attracts more attention [1-3]. There are many researches about
speech recognition [4-6] because speech recognition becomes
more and more important and will be a standard interface
between human and electronic products in the future.

Concerning speech recognition technique, a former
recognition technique is Dynamic Time Warping (DTW) [4]
which used dynamic programming [7] to calculate the
difference between the target speech and testing speech to
recognize the testing speech. Then, Artificial Neural Network
(ANN) was proposed to replace DTW for speech recognition.
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Because that the structure of ANN will be fixed after it is
determined, the recognition rate can’t be improved by online
learning with more additive speech signals. Recently, Hidden
Markov Model (HMM) [8] was widely applied on speech
recognition [9-10]. It can solve the problem arises from variant
speech speed and be constructed layer by layer to achieve
automatic speech recognition (ASR). Before speech
recognition, speech signal have to be pre-processed. The pre-
process of speech signal includes speech sampling, point
detection, pre-emphasis, Hamming window and features
capture. After these processes, we can evaluate the probabilities
of every HMM model corresponding to each speech and find
the model which has highest probability to be the result of
recognition. Consequently, in this paper, the HMM is adopted
to be the speech recognition algorithm. Moreover, in order to
reduce the number of data for computing, the DHMM is used
here. The feature of speech signal which was used in this paper
is obtained by Mel-Frequency Cepstrum Coefficient (MFCC)
[8]. However, as most researchers on speech recognition well
know, the GMHMM is more precise than DHMM and then
some better recognition results than those by using DHMM
will be obtained. To compensate this drawback of DHMM, an
improved DHMM is used in this paper.

Indeed, the codebook for the speech feature quantization
plays an important role on the training of DHMM model. A
well-trained codebook will enhance the total performance of
the speech recognition systems. In the past, the speech features
are quantized through a codebook by finding the closest cluster.
This winner-take-all algorithm can not perform well on vector
quantization, since multiple level of an element in some vectors
exists in many applications. Consequently, the fuzzy vector
quantization is used improve the performance of the vector
quantization. Many research show that the fuzzy vector
quantization outperforms VQ [11]. Besides, the relative works
of fuzzy vector quantization (FVQ), e.g. the fuzzy clustering
[12-13] and fuzzy data retrieval systems [14] also demonstrate
the benefit of fuzzy quantization method. This paper uses FVQ
to improve the DHMM [10]. The experiments in the end of
this paper will show that the computation speed for speech
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recognition by using improved DHMM is much faster than that
by using GMHMM with just a little degradation in speech
recognition rate. This means that the improved DHMM is
more suitable to real-time applications.

This paper is organized as follows. The speech pre-
processes used in this paper are first introduced in Section II.
In section III, the improved DHMM by using FVQ is
investigated. The experiments of the speech recognition
system are then presented in Section VI where the speech
recognition rates and computation time by using improved
DHMM and GMHMM are compared. Some conclusions are
made in the final section, Section V.

II.  SPEECH PRE-PROCESSING

A. Speech Sampling

The continuous speech signal which was recorded by a
microphone must be transformed into discrete data because
computer only can process discrete data. All the values which
were recorded at any specific time can describe the wave of
speech. Unsuitable sampling frequency is an important reason
for the loss of speech. Higher sampling frequency will loss
less data but has to deal with more data while lower sampling
frequency will loss more data but has less data to be
processed. According to sampling theorem [15]: sampling
frequency can not smaller than 2 times of the signal
bandwidth, we adopt 8kHz to be sampling frequency because
the bandwidth of speech signal is smaller than 4kHz.

B. Point Detection

The recorded speech sound signals will include speech
segments, silence segments and background noise. The
process to separate speech segments and silence segments is
called End-Point Detection (EPD), see please Fig. 1 for
example. If the unnecessary parts, i.e. the silence segment, are
removed, the number of frames for recognition will decrease,
and then the recognition speed will be enhanced.

There are many algorithms for speech sound signal EPD,
which can be roughly divided into three types according to the
different domain for representing the signal: (1) time-domain
EPD; (2) frequency-domain EPD (3) mixed-parameter EPD.
Among them, time-domain EPD is one of the simplest and the
most popular ways. But it has the disadvantage of weak anti-
noise capacity. As for frequency-domain EPD and mixed-
parameter EPD, both have stronger anti-noise capacity and
hence are more precise in recognition. But the disadvantage is
that more complex calculation is needed for frequency-domain
analysis.

i*“ig. 1 End-point detection

C. Pre-emphasis

A speech signal will attenuate in magnitude when it spreads
via air. The signal with higher frequencies will attenuate more
seriously. In order to compensate the attenuated magnitude of
high-frequency speech signals, the speech signal will be fed
into high-pass. The high-pass filter used in this paper is
governed by the equation as follows.

S(n)=Xn)-095X(n-1), 1<n<L;

In the equation (1), S(n) represents the signal that has been
processed with pre-emphasis, while X(n) represents the
original signal, and L is the length (number of sampling) of
each audio frame.

D. Hamming Window

The purpose to apply Hamming window to each frame of
speech signals is to avoid the discontinuity exists between
every two frames and in both ends of every frames. By
multiplying by Hamming window, the influence of non-
continuity will decrease (to make each audio frame more
centered on the frequency spectrum). Hamming window can
be expressed by the following equation:

0.54—046c0s2""
N-1

0<n<N-I;
Win)= Mo<n

0,0therwisg
F(n)=W(n)xS(n);
in which N is the length of audio frame; S(n) is a frame of
speech signal; W(n) is the Hamming window and F(n) is the
result of speech signal multiplied by Hamming window.

E. Feature Capture

In speech recognition, the methods commonly used for
extracting the feature of speech signals can be divided into two
main categories: one is time-domain analysis, and the other is
frequency-domain analysis. The way of the time-domain
analysis is more direct and time-saving, with fewer operations.
On the other hand, the frequency-domain analysis has to take
Fourier transform on the signal, so it needs more operations
and is more complicated and hence leads to the requirement of
much more computation time compared to time-domain
analysis. The most popular methods for features extraction are
Linear Predict Coding (in time domain) and Cepstrum
Coefficient and MFCC (in frequency domain) [8]. Because
MFCC is more close to the distinction made by human ears
toward speech sound, we use it to extract the feature for
speech sound in this paper. The processes of MFCC are
described as follows. First, each audio frame is transformed to
frequency domain, says |X(k)]. Due to masking effect in
sound, we make the energy in each frequency domain |X(k)| be
multiplied by a triangle filter as follows.

O5k < fm—l
e g ks,
B, (k)= f " (1)
L’ .fm S k S .fm+l

fm+1 - fm

0, frn <k

where 1<m< M and M is the total number of the filters.
After accumulating and applying the /og(.) function, we can
get a energy function
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fm+l
Y (m) = 1og{ D |x)s, (k)} @)
k=fin-1
Applying the Discrete Cosine Transform on Y(m), we then
obtain

m(m —l)

.=~ Y(mycos——2) €

in which ¢_(n) is the obtained MFCC.

III.  SPEECH RECOGNITION PLATFORM

After speech pre-processing, features of speech are
available. Then these features will be fed into recognition
platform for recognition. The recognition platform in the paper
is DHMM. Before the modeling of DHMM, the FVQ for the
speech features is introduced.

A. Fuzzy Vector Quantization (FVQ)

In order to train the DHMM model, a codebook should be
set up first. In the codebook, feature vector must be classed
into some cluster by vector quantization [8]. The K-means
algorithm is adopted to train the codebook at head. Then,
combing the fuzzy set, the codebook is arranged as a fuzzy
codebook and all the speech features includes speech in
training phase and in testing phase will be fuzzy vector
quantized through the fuzzy codebook. Suppose a set of real
numbers are expressed as {v,,v,, -+, v,} in which v, € R and the
corresponding fuzzy membership degree are expressed as

{u,(x)|i=1,2,---n}, where Zui (x)=1,Vxe R. The triangular
1

fuzzy set is depicted in Fig. 2, in which 4, ,i=1,2,---,n are
the non-uniform distribution membership functions with
respect to the vectors of the codebook v, ,i=1,2,---,n. Itis
noted that since the elements of the codebook are not uniformly
distributed in the domain of the speech signal after the training
by K-means algorithm, the triangular fuzzy set is not symmetric
in this application. The membership function in Fig. 2 is

described as [10]

X—v,_
=, Vxe [VH’V,']:

_ i _vlfl

w={"""

“howxe v, vl

Vi =Vin

,u_{’(x)

Vie Vi+1

Fig. 2 Fuzzy set corresponding to each element of codebook

B. Discrete Hidden Markov Model (DHMM)

The DHMM is a double layers random process. The
transfer of hidden states will correspond to the transfer of
observations. Each model of DHMM can describe a specific
speech. The features of a speech are the observations used to
estimate the hidden states. The target speech can be recognized
by calculating the probability of the DHMM model. The model
with highest probability in all DHMM models represents the
most possibility of the recognized speech corresponding to the
model [8].

A : DHMM model, A =(4,B,7)

A: A=[a;], a; is the probability of state x; transferring to
state x;, a, = P(q, =x;|q,, =x;)

B: B=[b,(k)], b;(k) is the probability of kth observation
which s
b, (k)= Plo, =v, |q, =)

7. m=[x], &, is the probability of the case where the initial

observed from the state x 1e.,

j’

state is x;, 7, = P(q, =x;)

i

X: the state vectors of DHMM, X =(x;, x,, -, Xy)

V: the observation event vector of DHMM, V' = (v,,v,, -+, V,,)
O: the observation results of DHMM, O =o,,0,, -,0;

Q: the resulting states of DHMM, O =¢,,9,,:~4;

To train the DHMM model parameters A = (A4,B,7) based

on existing data, some notations are defined for convenience as
follows:

E; : the event of the transition from state x; to state x;

E,, :the event of the transition from state x; to other states
E,; : the event of the transition from other states to state x,
E,, : the event of state x; appears at initial state

n(E; ) : the number of the transition from state x, to state x,

n(E,): the number of the transition from state x; to other
states
n(E,;) : the number of the transition from other states to state

Xj

n(E

codeis v,

0 =v;) : the number of enter to state x, and observation

e

n(E,;) : the number of the event of state x, appears at initial
state

For training the 4,B,and # of DHMM, the hidden states
for each observation are estimated first through the initial
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A,B,and 7 .
n(E,

o)

Then these values n(E;) , n(E.), n(E,)) ,
o=v,), n(E,) are found for the whole training data.
Subsequently, the elements in matrices A4,B,and7z are

updated as follows.

- n(Eij)

“TwED @

b (k)= "(ETOZ)) 5)

7, =), ©)
Np

where n;, is the number of training data. The transition array

A stores the probability of state x, following state x;. Then

the above method is repeated until the 4,B,and 7 converge.
The number n(E,,

codebook as follows. Suppose that the speech features are
classified into n classes by K-means algorithm, i.e., the trained

={FK,,FK, -, FK,} where
FK, e R" is the center vector of ith class. The fuzzy degree
contribute to the number n(E

o=v,) is obtained through the fuzzy

codebook is expressed as CB

nxm

o=v,) for each speech feature

>
feR" is computed as u,(v, +|FK, = f|) for n(E, .0 =v,) and

u,(v,,, =||FK.., = f|) for n(E,,,0=v,,). This tactic is not only

used for the training phase of the DHMM model but also for
the testing phase of the speech recognition. In this paper, the
strategy of using DHMM to recognize the speech signal is that
we train first DHMM model A for each corresponding speech
by fuzzy codebook. Then, in testing phase, the tested speech
features which is viewed as a sequence of observation O are
fed into each DHMM model. The highest probabilities are
found from computing the probability for all models by using
the following equation:

P(O|2)=)_P(0,0]2)

allQ
= Zﬂ-ql : bql (01) Ayt qu (02 ) Aorgs Auroigr qu (OT)

ql,q2,...qT
(M

Figure 3 reveals the processes for the training of the fuzzy
codebook and DHMM model. Besides, the speech recognition
process also can be found in the figure.

Training phase

‘Fuzzy vector
Speech Train quantization Train DHMM
Feature codebook by model
—i K-means > >
lgorith A A={4,B,x,S,V}
algorithm

Speech 4 Fuzzy vector The DHMM Recognition
Features quantization model results

—>
— XN, P ausasn

Fig. 3 Strategy of the improved DHMM [10]

IV. EXPERIMENT OF IMPROVED DHMM SPEECH
RECOGNITION SYSTEMS

In speech pre-processing stage, the recording format is
8kHz, single channel, and 16bits length. The length of frame is
256 sampling points. The overlapping rate of frame is 50%.
We adopted for time domain end point detection and
calculated the threshold by the following formula:

k
Threshold = 7.5%xmax[E(n)]+%;E(i); IsnsN  (8)

in which E(i) represents the energy of ith frame and N is the
number of frames.

As for the implementation of DHMM on speech recognition
platform, the number of hidden states can be arbitrarily set and
the number of observation is set to be the number of the
cluster in the codebook which is used to quantize the speech
signal to be identified. In this application, we use 7 hidden
states, 64 observations (the number of cluster in codebook) for
DHMM. Consequently, the dimension of the codebook in this
experiment is 64x13.  Moreover, the dimension of the
matrices A, B, and 7, in the DHMM model are 7x7, 7x64,
and 7x1, respectively. Every model starts at state 0 and all the
states only can jump to next or next 2 states, see Fig. 4 for
detail. Fig. 5 presents the frames corresponds to the state-
observation diagram for DHMM.

AT Ty T Y
(V=)= {2=0— 1= =)
N N AN

Fig. 4 DHMM states transfer structure

state (o) (0] (2)(2) (2) (3) (3) (3) (] (&) (&)
117710000 ¢C°07¢

value 15 15 22 22 22 23 23 23 40 12 12
Fig. 5 DHMM corresponding state-observation diagram

A codebook is trained by K-means algorithm with training
speech signals. The DHMM then be modeled for each speech
based on the trained codebook. The speeches which will be
recognized are 0 ~ 9. And hence there are 10 DHMM models
after the training phase. Each number was recorded and
recognized by DHMM 100 times.

The improved DHMM strategy in Fig. 3 is then used to
implement the speech recognition systems. The testing speech
signal includes 0 ~ 9 clean signals. The experiment is
performed by three different ways: one is that only K-means
algorithm is used for training the codebook and DHMM model
(without FVQ), and the other one is that the FVQ is used to
train the codebook and DHMM model, the last one is to use
GMHMM model. The results for clean speech signal are listed
in Table 1 and Table 2. From Table 1, it can be seen that if the
FVQ is used to improve the DHMM modeling the speech
recognition rates are improved compared to DHMM modeling
without FVQ. It is obvious that the speech recognition rate by
using FVQ is better than that without FVQ. Moreover,
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compared to GMHMM, only 1% degradation occurs in average
speech recognition rate of FVQ+DHMM. As for the
computation time for speech recognition listed in Table 2, we
can see that the computation time by using DHMM+FVQ is
about only one half of that by using GMHMM. Consequently,
we can conclude that the strategy DHMM+FVQ is more
suitable to real applications than GMHMM.

Table 1 Comparison of recognition rates

Speech | DHMM |DHMM+FVQ| GMHMM
0 1 1 1
1 1 0.94 0.96
2 1 1 1
3 0.96 0.96 0.98
4 0.92 0.98 0.96
5 0.94 1 0.96
6 0.92 0.96 0.98
7 0.94 0.94 0.98
8 0.92 0.96 0.98
9 0.96 0.96 1

Average 0.956 0.97 0.98

Table 2 Comparison of computation speed (sec.)

Speech | DHMM |DHMM+FVQ| GMHMM
0 0.0369 0.0375 0.074
1 0.03654 0.0378 0.076
2 0.03686 0.03688 0.07
3 0.03566 0.0325 0.068
4 0.0334 0.03378 0.068
5 0.03532 0.0372 0.071
6 0.03628 0.03684 0.074
7 0.03622 0.03656 0.072
8 0.0377 0.03778 0.076
9 0.03512 0.03582 0.069

Average 0.036 0.036266 0.0718

V. CONCLUSIONS

The performance, speech recognition rate and between
DHMM, DHMM+FVQ and GMHMM are compared in this
paper. The fuzzy vector quantization (FVQ) had been used on
the modeling of Discrete Hidden Markov Model (DHMM) to
improve the speech recognition rate for the Mandarin speech.

All the speech features should go through the FVQ based on
the fuzzy code book before being fed into the DHMM model
for recognition. Experimental results reveal that the speech
recognition rate can be improved by using FVQ algorithm to
train the model of DHMM. Moreover, using DHMM+FVQ
strategy, we can improve the computation time from GMHMM
for speech recognition and hence can realize the real-time
applications.
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