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This paper presents a hierarchical neuro-fuzzy network system for segmenting con-
tinuous speech into syllables.  The system formulates speech segmentation as a two-phase
procedure.  In the first phase, the Hybrid Neuro-Fuzzy network (HNFN) is utilized to clas-
sify the speech signal into three different types.  The hybrid model (HNFN) composed of a
distributed representation of a fuzzy system (DRF) and a hyperrectangular composite neu-
ral network (HRCNN) is proposed and used to cluster frames.  This special hybrid system
may neutralize the disadvantages of each alternative.  The parameters in the trained HNFN
are utilized to extract both crispy and fuzzy classification rules.  In the following phase, the
self-tuning back-propagation neural network (STBNN) is utilized to solve the coarticulation
effects of vowel-vowel (V-V) concatenation.  In our experiments, a database containing
continuous reading-rate Mandarin speech recorded from newscasts was utilized to test the
performance of the proposed speaker-independent speech segmentation system.  The effec-
tiveness of the proposed segmentation system is confirmed by the experimental results.

Keywords: speech segmentation, hybrid neuro-fuzzy network, self-tuning back-propaga-
tion neural network, clustering analysis, neural network

1. INTRODUCTION

Speech segmentation plays an important role in speech recognition in reducing the
requirement for large memory and in minimizing the computation complexity in large-
vocabulary continuous speech recognition systems.  In general, there are two kinds of
segmentation.  One is phonemic unit segmentation [1-3], which segments speech into pho-
nemes based on the features of the phonemes.  The other is syllabic unit segmentation [4,
5].  For both phonemic and syllabic unit segmentation, most of the approaches are based on
the thresholds of the parameters used to segment the speech data.  The thresholds of the
segmentation features (e.g., the zero crossing rate and the average value of the first formant
band for each frame) are usually set based on personal experience.  Therefore, segmenta-
tion performance is not very reliable.  This motivated us to formulate thresholds decision-
making as a classification problem in order to automate the threshold setting procedure.
Several approaches have been proposed for classification problems.  Some works have
focused on conventional probabilistic and deterministic classifiers [6-10].  One approach
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uses neural networks to classify patterns, but it is hard to analyze a network, and the learn-
ing process is relatively slow.  In order to compensate for the above weak points, the Hy-
brid Neuro-Fuzzy Network (HNFN, a hybrid model composed of a distributed representa-
tion of a fuzzy (DRF) module and a hyperrectangular composite neural network (HRCNN)
module) is proposed.  We apply HNFN to label speech data.

After we finish the frame-labeling phase, the next step is to correctly segment the
speech signals into syllabic units.  If we assume that every frame is classified correctly into
one of three types: silence (0), consonant (1), or vowel (2), then the frames of the speech
signals can be represented by the labeling sequence as

[00...0][11...1] 22...2000...0.

Therefore, it is easy to segment the sequence into syllabic units by detecting any transition
in the labeling sequence.  However, it is usually not possible to achieve a 100% recognition
rate for any classification algorithm even if we use HNFN.  In order to offset the non-
perfect recognition performance of HNFN, the concept of transition states is applied.  From
a set of labeling sequences, several transition states can be obtained.  Then, the segmenta-
tion errors carried in phase I can be remedied before executing phase II.

From the labeling sequence, we can not separate the vowel-vowel (V-V) concatena-
tion cases without more information.  We solve this problem by using the self-tuning back-
propagation neural network (STBNN) with the energy and time derivative of the envelope
of the unbiased log spectrum [12].  Once the network converges, it gets an optimal layer
and node numbers, and the V-V concatenation can be separated.  The effectiveness of this
approach has been substantiated by segmentation experiments using samples of radio news
continuously uttered in Mandarin by two females and two males.  This paper is organized
as follows.  In section 2 we discuss the characteristics of Mandarin.  Section 3 introduces
the structure of HNFN and briefly describes the novel class of HRCNN and the DRF.
Section 4 briefly introduces STBNN.  A performance evaluation is given in section 5.
Finally, concluding remarks are presented in section 6.

2.  CHARACTERISTICS OF MANDARIN

The characteristics of mandarin speech are very different from those of other languages,
such as English and French.  Basically, a Mandarin word can be expressed as

[Consonant,] [median,] Vowel [,tail],                                                                           (1)

where [.] is optional.  The “median” may be pronounced as /i/, /u/, or /iu/, and the “tail” may
be produced as /n/ or /ng/.  In most Mandarin speech recognition systems, it is usual to
regard the combination of the “median”, “vowel”, and “tail” as a Vowel.  Thus, a Mandarin
word is usually represented as

[Consonant,] Vowel.                                                                                                  (2)
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Since every Mandarin word may be expressed by Eq. (2), Mandarin speech can be parti-
tioned into three different syllabic units: (1) silence, (2) consonant, and (3) vowel.  Table 1
illustrates the relationships among phonemes and syllabic units.

In our experiments, two features extracted from every frame, the average value of
first formant band (Vi) and the zero crossing rate (ZCR), were used for frame classification
in the first phase.  The first parameter was based on the spectral envelope of the speech
signals obtained through unbiased log spectral estimation [12].  This parameter has been
used in voiced/unvoiced detection, with good performance in [2].  It represents the degree
of the periodic characteristic of vowels.  The second parameter, usually used to decide the
startpoints and endpoints of syllable [4], represents the degree of friction.  These two pa-
rameters are used as the input variables to train HNFN.

3.  HYBRID NEURO-FUZZY NETWORK

In Fig. 1, the phase I portion shows the structure of HNFN.  HNFN consists of a DRF
module, an HRCNN module, and a linear combiner.  The input layers of the two modules
simultaneously receive the same inputs.  Therefore, the number of input units in the DRF
module is equal to that in the HRCNN module.  The linear combiner, which has one layer
of linear units, receives the outputs of the two modules and gets an optimal output.  In the
following phase, STBNN is utilized to solve the coarticulation effects of V-V concatenation.

V-V concatenation
segmentation

Fig. 1.  Flow chart of syllabic segmentation.

  DRF HRCNN

module module

li near combiner

input

HNFN

(phase I)

STBNN

(phase II)

output

Table 1.  Relationships among phonemes and classes units.

 Labels Classes Phonemes
0 silence silence
1 consonants f,d,t,g,k,h,j,b,p,y,m,n,ch,sh,t,z,ts,tz,s,r,l
2 vowels i,u,a,o,e,io,ai,ei,ai,au,ou,el,ia,ie,iau,iou,ua,

uo,uai,uei,ue,iue,iua,iu,n,ng
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3.1 HRCNN Module

The construction of an rule-based expert system involves the process of acquiring
production rules.  Production rules are often represented as “IF condition THEN act”.  Back-
propagation networks may not arrive at an inference structure close to this kind of high-
level knowledge representation.  Here, a novel class of HRCNN is presented.  This class of
HRCNN provides a new tool for machine learning.  The classification knowledge is easily
extracted from the weights of a trained HRCNN.  The symbolic representation of a neural
node with hyperrectangular neural-type junctions is shown in Fig. 2(a), and it is described
by the following equations:

net x f M x x m nj
i

n

ji i i ji( ) (( )( )) ,= ∑ − − −
=1

(3)
and

out x f net xj j( ) ( ( )),= (4)
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.
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Mji and mji Œ R are adjustable weights of the j-th neural node, n is the dimensionality of the
input variables, and outj (x) is an output function of the j-th neural node with hyperrectangular
neural-type junctions.

The supervised decision-directed learning (SDDL) algorithm generates a two-layer
HRCNN as shown in Fig. 2(b) in a sequential manner by adding hidden nodes as needed.
As long as there are no identical data in different classes, we can obtain a 100% recognition
rate for training data.

3.1.1  Extraction of crispy rules

According to Eqs. (3)-(5), we know that a neural node with hyperrectangular neural-
type junctions outputs one only under the following condition:

Fig. 2.  (a) A neural node with “hyperrectangular neural-type” junctions. (b) A two-layer HRCNN.

(a) (b)
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Therefore, the classification knowledge can be described in the form of a production rule:
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The domain defined by the antecedent of Eq. (7) is an n-dimensional hyperrectangle.
Owing to the characteristics of the data, such as the dispersion characteristic, the data may
show the existence of many distinct clusters in input space.  It is efficient to cope with this
situation by using a set of hyperrectangles with different sizes and locations to fit the data.
Each hyperrectangle corresponds to an “intermediate rule”.  The final classification rule is
the aggregation of the intermediate rules.  This kind of expression is then mapped to a two-
layer hyperrectangular composite neural network.  In the composite neural network con-
figuration shown in Fig. 2(b), input variables are assigned to input nodes, intermediate
rules correspond to hidden nodes, and the final classification rule is assigned to an output
node.  Each hidden node is connected, with a weight of 1.0, to an output node.  The output
node implements the “OR” function.

3.1.2  Extraction of fuzzy rules

After having found a set of crispy if-then rules, we may fuzzify these crispy rules by
using a reasonable fuzzy membership function.  The membership function mj(x) for the j-th
hyperrectangle must measure the degree to which the input pattern x is close to the j-th
hyperrectangle defined by [mj1, Mj1]...[mjn, Mjn].  As mj(x) approaches 1, the patterns should
be more contained by the hyperrectangle, with the value 1 which representing complete
hyperrectangle containment.  In addition, the measurement should reflect the degree of
importance of the input feature on a dimension by dimension basis.  The membership func-
tion that meets all these criteria is defined as

m x
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and sj is the sensitivity parameter that regulates how fast the membership values decreases
as the distance between x and the j-th hyperrectangle increases.  An example of this mem-
bership function for the two-dimensional case is shown in Fig. 3.
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Fig. 3.  An example of mj(x) when sj is small for the two-dimensional case.

The connection between the j-th hidden node and the output node represents the
fraction of positive examples that fall within the j-th hyperrectangle.  The “maximum-
membership defuzzification scheme” is utilized in the last stage of a fuzzy system imple-
mented using HRCNNs [13].  This scheme is motivated by the popular probabilistic meth-
ods of maximum-likelihood and maximum-aposteriori parameter estimation.  The other
approach to finding wj is to use the LMS or the back-propagation algorithm.

3.2  DRF Module

In [14], the concept of distributed representation of fuzzy rules was introduced.  This
approach was applied to extract fuzzy rules for classification patterns.  In this approach,
fuzzy rules corresponding to various fuzzy partitions are simultaneously utilized in the
fuzzy inference.  Assume there are L partitions in each input feature.  All the fuzzy rules
corresponding to the fuzzy partitions from 2 to L are simultaneously used in fuzzy inference.
Therefore, the total number of distributed fuzzy rules is 22 + 32 +...+ L2.  Fig. 4 illustrates the
difference between the ordinary approach and the distributed approach.

(a) Ordinary Fuzzy Rules (b) Distributed Fuzzy Rules

Fig. 4.  Representation of different fuzzy rules (L=4).
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3.3  Linear Combiner of HRCNN and DRF Modules

The linear combiner, which has one layer of a linear unit, receives the outputs of the
two modules and gets an optimal output.  Given input vector x, the i-th output unit pro-
duced by the DRF module is Yi

(D)(x), and the i-th output unit produced by the HRCNN
module is Yi

(H)(x).  Then, the i-th unit in the linear combiner receives these outputs through
the weights f (D)(a, b) and f (H)(a, b), respectively.  Thus, the output Yi (x) of the i-th unit in the
linear combiner is given by

Y x Y x f Y x Y x Y x f Y x Y xi i
D D
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Using the two weighting factors, the method for selecting a module is dependent on
the performance of the two modules in the silence-consonant-vowel classification.  The
threshold THD is fixed because these modules are speaker-independent, speaking-rate
independent, and gender-independent [7, 8].

4. LABELING SEQUENCE DIVIDED INTO
SYLLABIC UNITS BY STBNN

4.1  Preprocessing of the Labeling Sequence into Syllabic Units

After frames have been classified, the speech signal can be represented by a labeling
sequence, e.g.,

[02...10],[1012...1].2212022.                                                                                                 (14)

As mentioned before, the achieved classification performance is usually not perfect
(i.e., 100% correct).  In phase I, because we use frames as the input for classification and do
not consider the relations between pre-frames and post-frames, if we segment the labeling
sequence into syllabic units according to a simple strategy, where a transition in the label-
ing sequence represents the existence of a new syllabic unit, then a lot of unnecessary
syllabic units will be added.  Therefore, we need more complicated control strategies to
limit the range of segmentation points and to label possibilities.  Here, we propose a method
to offset the imperfect classification performance.  From observations of some labeling
sequences, we have found the following regularities:
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(1) The continuation of label 0 will not exceed 5 frames for consonants.  This is the differ-
ence between consonants and silence.

(2) The consonants will usually start with label 1.  Sometimes, a syllable, such as /r/, /b/, /l/,
/g/, /d/, /m/, and /N/, will begin with label 2.  These properties can indicate the start-
point of a syllable.

(3) Then, there will exist at least 5 continuous frames labeled 2 so as to end the syllabic unit.
Table 2 illustrates some labeling sequences.

Based on these observations, we can represent these three regularities with a finite state
network (FSN) or nondeterministic finite automata (NFA) as shown in Fig. 5.  By using the
NFA, we can remedy the labeling errors which occur in the first phase [7].

Owing to different speaking rates and characteristics of Mandarin words, a long se-
quence of 2’s will exist.  This will result in the “V-V concatenation problem”.  That is, only
one syllabic unit will be detected even if several vowels are pronounced sequentially.  For

Fig. 5.  The nondeterminstic finite automata used to offset the labeling errors which occur in phase I.

Table 2. Some possible forms of syllables.

the forms of syllables
consonants vowels

110
112

11...1
11...10

11...101000
11..1000000 2222...2

1112001
12
122

22211...1
20210
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the second phase, we use STBNN with the energy and time derivative of the envelope of
the unbiased log spectrum [12] to solve this problem within the continuation of label 2
sequence [11].

4.2  The Structure of STBNN

The mapping capability of an artificial neural network (ANNs) depends on its structure,
including the numbers of layers and hidden nodes.  A small network with few hidden layers
and processing elements might not be adequate for a complex problem, and using a large
network with too many layers and processing elements might lead to poor generalization
(Alpaydion, 1991).  In this section, we will describe the use of a dynamic learning algo-
rithm (Nabhan, 1994) for multilayered feedforward ANNs which is called STBNN, to solve
the V-V concatenation problem.

We use a dynamic algorithm to modify the network structure, and the structure can be
modified by adding or deleting neurons/layers as shown in Fig. 6.

The number of neurons in the new layer Nnew is given by

N
N N

new
h= +

integer( ),0

2
(15)

where N0 is the number of neurons in the output layer.  Nh is the number of neurons in the
last hidden layer.  For a three-layer network structure, the number N of neurons in the
hidden layer is given as follows:

N
N Ni= +

integer( ),0

2
(16)

where Ni is the number of neurons in the input layer.  Fig. 7 shows the iterations among the
different models of the STBNN system.

Fig. 6.  Structure modification.  (a) The original structure.  (b) Neuron is added.  (c) The added neuron
is deleted.  (d) Layer is added.  (e) The added layer is deleted.

(a) (b) (c)

 (d) (e)
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5.  PERFORMANCE EVALUATION

5.1 HNFN, HRCNN and DRF Performance Comparison

The overall experimental data were taken from news uttered in Mandarin by two
females and two males.  The speech signal was sampled at a rate of 10k Hz.  The frame
length was 25.6ms, and its period was 10ms.  There were in total 22590 frames in our
database.  First, we used 2000 training frames for HNFN, HRCNN and DRF to extract
distributed fuzzy classification rules and both crispy and fuzzy classification rules,
respectively.  The results are shown in Fig. 8 (a-c), respectively.  From Fig. 8, we find that
the decision boundaries are nonlinear, unlike the result of conventional approach based on

Fig. 8.  The decision regions of the (a) DRF, (b) HRCNN, (c) HNFN.

(a) (b)

(c)

Fig. 7.  The structure of STBNN.
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Table 4.  The result of “V-X-V” syllable segmentation with STBNN.

Speaker Male 1 Male 2 Female 1 Female 2
Insertion 8 12 15 16
Deletion 35 38 32 38

Total error 43 50 47 54
Boundary 1,056 1,056 1,056 1,056

thresholding features, which will result in linear decision boundaries.  Then an open test
was implemented on both systems.  Table 3 shows the results.  From Table 3, we find that
the HNFN approach is better than the HRCNN and DRF approaches based on comparison
of (1) the number of fuzzy rules and (2) the correct recognition performance.

After frames have been classified, the speech signal can be represented by a labeling
sequence, e.g., [00...0], [11...1].22...200..0.  Then, preprocessing of the labeling sequence
into syllabic units will be done to offset the imperfect classification performance using the
transition state.

But owing to different speaking rates and the characteristics of Mandarin words, a
long sequence of 2’s will exist.  This will result in the “concatenating-syllable problem”.
That is, only one syllabic unit will be detected even if several vowels are pronounced
sequentially.  In phase II, we solve this problem using the STBNN method.

5.2  System Evaluation

In order to simulate the circumstances surrounding V-V concatenation, we used “V-
X-V” type syllables as the experimental data, where “V” corresponds to a vowel and “X”
corresponds to a group of vowels.  “X” consists of the following syllables: /ai/, /au/, /an/, /
ang/, /in/, /ing/, /ei/, /en/, /ou/, /ong/, /e'n/, /e'ng/, /iun/, /ia/, /ie/, /iau/, /iou/, /ua/, /uo/, /uai/,
/uei/, and /ue/.  For each training frame “V-X-V”, the input parameters to the STBNN
system are the energy and time derivative of the envelope of the unbiased log spectrum
[12].  There were in total 528 speech data of “V-X-V”, which were uttered six times in
Mandarin by the original four speakers mentioned in the above section.  Table 4 shows the
result.  There was an error rate of approximately 5% such that the boundary of V-V concat-
enation could not be detected.  The correct boundary of segmentation was decided by ob-
serving the waveform of the speech, energy and time variation of the envelope of the
spectrum, and by listening to the test speech.

Table 3.  Labeling performance achieved by DRF, HRCNN, HNFN: training set
                 (8.85%) and testing set (91.14%).

System     No. of Rules
Class

Averagesilence consonant vowel
DRF      1,239 89.1% 74.5% 99.4% 87.7%

HRCNN (Fuzzy)         132 94.2% 89.7% 94.7% 91.2%
HNFN (Fuzzy)         134 96.1% 85.1% 98.2% 93.1%
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In order to show that the proposed segmentation system is speaker independent, two
new data bases were constructed.  The first one contained the speech signals uttered by the
original four speakers mentioned in the above subsection.  This database consisted of 1016
syllables.  Then, two other males and two other females were asked to utter different speech
to construct a second data base containing 1537 syllables.  We used the labeling rules ex-
tracted from the first database to test the second database.  Table 5 tabulates the experimen-
tal results.  From the results, it seems that the performance was almost the same.  Therefore,
the system can work well for independent speakers.  Although the speaking rate for the test
data was 3 or 4 syllables per second in the system evaluation, we used broadcast news as
testing data to label S/C/V.  Thus, the proposed system can also be satisfied under different
speaking rates.  The performance did not improve apparently from the initial phase to the
second phase because the test patterns did not include many V-V concatenation syllables.
One example of the segmentation results is shown in Fig. 9, where the character “B” repre-
sents the position of the start point for each syllable using our proposed method.

6.  CONCLUDING REMARKS

In this paper, a hierarchical neural network system for syllabic speech segmentation
has been presented.  The system formulates syllabic segmentation as a two-phase procedure.
In the first phase, speech data are classified into three different types: (1) silence, (2)
consonant, and (3) vowel.  A hybrid model (HNFN) composed of a HRCNN and a DRF
module has been proposed.  In the next step, we locate the boundaries of V-V concatena-
tion using STBNN.  The performance of the proposed speech segmentation system is speaker
independent.

Table 5.  Performance evaluation for two data bases.

Data base Speakers Male 1 Male 2 Female 1 Female 2

I
Insertion ratio 0.69% 3.77% 2.17% 2.57%
Deletion ratio 4.48% 3.77% 4.34% 4.29%

II
Insertion ratio 0.7% 3.89% 2.32% 2.95%
Deletion ratio 5.13% 4.11% 4.13% 4.36%

Fig. 9.¡§±Ð̈|³¡±N¹w©ẅó½Õ»È¦æ©ñ¼e§U¾Ç¶ÚÚ¤¤§C¡̈  (Administration of Education plan to nego-
tiate with the banks to release the student loan for middle or low income) The syllabic repre-
sentation and lexical tone number are “jiau-4 iu-4 bu-4 jiang-1 yiu-4 ding-4 shie-2 tiau-2 yin-
2 hang-2 fang-4 kuan-1 ju-4 shiue-2 dai-4 kuan-3 jong-1 di-1.”
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