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Two important classification problems in speech signal processing are speech detec-
tion and recognition. They are easily affected by noisy environments where there may
exist concurrent noises due to movements of desks, door slams, etc. To solve this prob-
lem, a linear-discriminant-analysis-based type-2 fuzzy-neural-network (LDA2FNN) is
proposed. In handing noisy data with uncertainties, type-2 fuzzy-systems generally out-
perform their type-1 counterparts. Therefore, type-2 fuzzy-sets are used in the antecedent
parts to cope with the noisy data. The most important consideration for classification
problems is the “discriminability”. To increase the “discriminability”, linear-discrimi-
nant-analysis (LDA) is applied in the consequent parts. Compared with other existing
fuzzy neural networks, the novelty of the proposed LDA2FNN is its consideration of
both uncertainty and discriminability. Furthermore, its computation load is low. In ex-
periments, LDA2FNN is successfully applied to speech detection and recognition. Ex-
perimental results indicate that the proposed LDA2FNN performs better than the other
fuzzy neural networks.

Keywords: classification, speech detection and recognition, linear-discriminant-analysis,
type-2 fuzzy-neural-network, uncertainty

1. INTRODUCTION

In noisy speech classification problems, fuzzy-rule-based methods have received
considerable attention. Although these fuzzy-based classifiers try to minimize the train-
ing error, noise usually increases the uncertainty and reduces the discriminability. There-
fore, discriminability and uncertainty are very crucial to noisy data classification. As far
as discriminability is concerned, principal component analysis (PCA) [1, 2] has been
used in the optimization of classification. Some studies propose a self-constructing neu-
ral fuzzy inference network (SONFIN) using PCA to classification problems [3, 4].
However, PCA lacks the analysis of the statistics among different classes, explaining
why the discriminative capability of PCA is weak.

Linear discriminant analysis (LDA) is a powerful method to optimize the discrimi-
native capability among different classes. Because the discriminative capability critically
determines the performance of classification, LDA has been adopted to classify highly
confusable patterns. By using LDA, the study of [5] proposed a maximizing-discrimina-
bility-based self-organizing fuzzy network (MDSOFN) which can classify highly con-
fusable patterns. Experimental results indicate that the LDA-derived fuzzy network is
better than the PCA-based fuzzy network and support vector machine (SVM) based
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fuzzy network [6]. Other studies [7, 8] adopted minimum classification error (MCE)
methods, where MCE is used to increase the temporal discriminative capability rather
than to fit the distributions to the data. This study adopts LDA in the consequent parts of
the proposed type-2 fuzzy neural network (LDA2FNN) to increase the discriminability
for solving classification problems.

To optimize fuzzy neural networks, some state-of-the-art hybrid machine learning
systems use either particle-swarm optimization (PSO) [9-11] or ant-colony optimization
(ACO) [12, 13]. Type-2 fuzzy systems can model and minimize the effects of uncertain-
ties in rule-based systems [14-19]. Type-2 fuzzy logic systems (FLS) outperform their
type-1 counterparts in handing problems with uncertainties such as noisy data. This abil-
ity is attributed to type-2 fuzzy-sets, which have 3-D membership functions. The third
dimension in type-2 fuzzy-sets and a footprint of uncertainty provide an additional de-
gree of freedom for type-2 FLS to model and handle uncertainties. Therefore, the ante-
cedent parts of the proposed LDA2FNN uses type-2 fuzzy-sets to model the uncertainty.

Deep learning is a popular method in artificial intelligence. Deep neural network
(DNN) has shown good performance in speech signal processing [20-23]. Each network
layer is regarded as a different feature space of the input data. The DNN uses back
propagation algorithm with feed-forward multi-layer neural networks. Compared with
FNN, DNN needs more powerful CPU to process the data in networks. Additionally,
unlike fuzzy rules, a DNN does not have much “interpretable” information. Hence, this
study focuses on type-2 FNN.

The rest of this paper is organized as follows. Section 2 introduces the optimization
of linear-discriminant-analysis (LDA) type-2 fuzzy rule for noisy speech classification.
Section 3 discusses the structure and parameters of the proposed LDA2FNN. Section 4
verifies the performance of LDA2FNN by using speech detection and recognition. Fi-
nally, Section 5 makes the conclusions.

2. FUZZY FOR NOISY SPEECH CLASSFICATION

This section discusses the optimization of fuzzy rules for noisy data classification.
The proposed linear-discriminant-analysis (LDA) type-2 fuzzy rule includes an LDA-
matrix which is introduced as follows.

2.1 Linear-Discriminant-Analysis Type-2 Fuzzy
The type-2 fuzzy rule with linear-discriminant-analysis is shown as follows.

Rule 7: IF x; is 4; AND...AND xy is 4

p
THEN yis @+ Y djt,, r=1,...M (1)

n=l

where x; ... xy represent input variables; A"’l‘ ATV are interval type-2 fuzzy sets; y is the
output of fuzzy rule r; M is the number of rules, and d; = [c; - s;, c; + s:,], n=0,...,pare
interval sets. Consequent parts t,(n = 1, ..., p) are updated by the LDA-matrix, W;p, €
RM as follows.
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[ttt = Wips X122 .. xp]" 2

To derive the LDA-matrix, the mean vector £ and covariance matrix Y.’ labeled
as belonging to class j are then computed. The total number of classes is J, and the input
vector X¥(n) in the training set is labeled as the jth class. N; indicates the total number of
such input vectors X)) labeled as belonging to the jth class.

ZX(J)(,,) (3)
/ n=1
Zm Z(Xm(n) LY XD ()= DY 4)
/ n=1

2.2 LDA-Matrix

LDA transformation can be regarded as a change of input coordinates. By using the
concept of between-class and within-class in Fig. 1, LDA can seek directions that are
efficient for discrimination. W, € R™? is determined by the between-class matrix Sp
and within-class matrix Sy which are defined as follows.
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Fig. 1. Between-class and within-class concept.
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The optimal direction e = arg max is applied to increase discriminative capabili-

ties among different classes. ¢ € Sye

S, Spe = Ae (8)

In this form, e denotes the elgenvector of matrix S, SB The discrimination matrix W;p, €
RM gathers the eigenvectors of S, SB corresponding to the largest p eigenvalues.
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3. LDA-BASED TYPE-2 FUZZY NEURAL NETWORK

This section describes the structure of LDA2FNN, which attempts to find the most
discriminative representation of a fuzzy neural network in speech detection and classifi-
cation. The proposed LDA2FNN is a five-layered network. Fig. 2 illustrates the case of a
single output of LDA2FNN.

Layer 5
Layer 4
Layer 3
Linear-Discriminant-Analysis i Type-2 fuzzy-sets Layer 2
LDA |
(-0 ®DR®  OO®

Fig. 2. Linear-discriminant-analysis-based type-2 fuzzy neural network (LDA2FNN).

3.1 Structure of LDA2FNN

Layer 1: The inputs nodes are range normalization. Each node in this layer scales input
X, n =1, ..., N to within the range [—1, 1]. There are no weights to be adjusted in this
layer.

Layer 2: An interval type-2 Membership Function (MF) for the rth fuzzy set A: in input
variable x, has a standard deviation ¢ and an uncertain mean [m,, m,] as follows.

2

~r

X, —m -

~F n n ~r r. ~T r r

H, = €EXp _[ P J :N(mnao-naxn)amn el:mnl’mn2:| (9)

O
n

The upper MF, u ;, and lower MF, }_l; are
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r r. r
N(mnlﬂo-n’xn)ﬂ Xn <mnl

=41, my <x,<m,, (10)

r r., r
N(ng’Gn’xn)’ Xn > My,

m,+m’
r r. nl n2
N(mnz,an,xn), an—Z

p = . (11)

r r

m,+m
r. nl n2
N(mnl,a,,,xn), xn>—2

Based on the above equations, the output can be represented as the interval type | u:,, n ;|.
In “LDA” part, t, (n = 1, ..., p) are updated by W, € R

Layer 3: This rule-node part runs the fuzzy meet operation by using an algebraic product
operation. The output of a rule node represents its corresponding firing strength. This
firing strength is calculated as |f", /']

f . (12)
ZF

Ho (13)

N
n=1
N
n=1

In consequent-node parts, the fuzzy set is represented by [w}, w'] as follows.

P
[wz,w;]=[c(§—s6,06+s6]+2|:c;—s;,c;+s;]tn (14)
n=1
That is
P P
wy :zc;tn—2|tn|s;, (15)
n=0 n=0
P
W= cit,+ |tn|s;. (16)
n=0 n=0
where ¢, = 1.

Layer 4: This layer implements the type reduction. The type-reduced set is an interval
type-1 fuzzy set [y;, yr]. The outputs y; and yy can be calculated by using Kamik-Mendel
iterative procedure [24].

Layer 5: Based on the above interval type-1 set [y, yg], this layer implements the de-
fuzzification operations. The defuzzified output is shown as follows.



1430 GIN-DER WU AND ZHEN-WEI ZHU

+
y:yLZyR (17)

3.2 Structure Learning

A cluster in the input space corresponds to a rule. Therefore, a new rule is generated
according to clustering on the input variables. The rule firing strength is calculated as
follows.

= {7 ) (8)

Then, this firing strength center acts as a rule generation criterion. For each incoming
data X = (x, ..., xy), find

I=arg lérrr;%)f’ (X) (19)

where M(f) is the number of rules at time . If f I(X) < ¢, then a new rule is generated as
M(t+1) =M@+ 1. ¢y € (0,1) is a pre-specified threshold to decide the number of input

clusters. Once a new cluster is generated, its initial uncertain mean in input variable x, is
set as

rﬁ,},w(t”) e[mzl,m,';z} =[x, -0.Lx,+0.1,n=1,...,N (20)

A fuzzy set generation criterion is computed as

i =i+ ) ey

The nearest fuzzy set is defined as the one that possesses the maximum degree.

I, =arg max 4, n=1L...,N (22)

; 1<r<M (1)

The initial width of the first class is 0'; = 0;,i; which is set as a small value. The other
initial widths are assigned as

GM(HI) -y 23)

1o I
n Xn _E(mn{ +mn’§)

where 3 determines the overlap degree between two fuzzy sets. Once a new rule is gen-
erated, generation of the corresponding consequent node follows. The initial consequent
parameters are set to

[ch—sh ch+ S5l = [ = 0.1,/ + 011, r =1, ..., M 24)

where ¢, =y is the desired output for input X. The initial parameter s = 0.1 determines
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the initial output interval range. The other initial consequent parameters c,, n =1, ..., p +
1, and initial s:,, n=1, ..., p, are the same as s;).

c,=001,s,=s5,=0.1,n=1,..,p,andr=1,..., M (25)
3.3 Parameter Learning

Considering the single-output case for clarity, our goal is to minimize the error
function E = Y2[y - 2. y and y denote real and desired outputs, respectively. Parameter

. r i r . .
learning of m,,,, m,, and ¢, are discussed in [25].

oF

my (1) =my, (£)=nn— (26)
Oy,
r r aE
myy (£+1) = my, (1) —n— Q27)
om,,,
ol (t1+1) =0l (1)-n-E (28)
oo,
In addition, the update rules for ¢, and s/, are
e (t+1)=cp(t)—n aEr , (29)
oc),
OF
sp(t+1)=s;(t)-n (30)

ol

To clarify the underlying reason of optimization equations, Fig. 3 shows a new
global flowchart for optimization. Updating the first p terms by W5, € R™” improves
the speed of convergence.

Desired output yd Cost function
> 1 2 <
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OF
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()= l)-n e
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Fig. 3. The learning of parameters.
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4. EXPERIMENTS

To test the performance of the proposed LDA2FNN, two noisy speech classification
problems are applied in experiments. They are speech detection and recognition in noisy
environments. A detailed comparative performance analysis is proposed for the fuzzy
neural network with PCA [3], fuzzy neural network with LDA [5], and type-2 fuzzy
neural network [25].

4.1 Noisy Speech Detection

The flowchart of speech detection using LDA2FNN is shown in Fig. 4. The sam-
pling rate is 8KHz. The input features [4, 26] of the LDA2FNN consist of the average of
the logarithmic root-mean-square (rms) energy on the first five frames of the recording
interval (Noise_time), refined time-frequency (RTF) parameter, and zero-crossing rate
(ZCR). These three features are normalized to be within [0, 1]. The output vector of
LDA2FNN determines whether the corresponding frame is a speech signal or noise. The
output vector use (1, 0) to stand for speech signal, and (0, 1) to stand for noise signal.
The decoder in Fig. 4 decodes the output vector (1, 0) as a speech, and (0, 1) as noise. To
eliminate the impulse noise, the output waveform of the decoder then passes through a
median filter. Finally, the speech-waveform with sufficient magnitude and duration is
defined as a speech-signal island.

word boundary detection

window(15ms) fs:8kHz
[N mmwr Detect speech
L boundaries
shift 15ms
Filter
Noise_time - 00— ]
Z:tar;::rt?on RTE LDAZFNN qgg | D000
| Zero-crossing,
rate

Fig. 4. The flowchart of speech detection using LDA2FNN.

In speech detection, isolated Mandarin digits (0~9) were used as training patterns. It
is a frame-based detection with 15ms window (120-points). 60 training patterns (16-bit
waveform) are selected from five SNR conditions (SNR = 0db, 5dB, 10dB, 15dB, 20dB).
They are classified as speech or noises based on waveform, spectrum displays and audio
output. In these 60 training patterns, 30 patterns are “speech” with a desired output vec-
tor of (1, 0), and the other 30 patterns are “noise” with a desired output vector of (0, 1).
After training, LDA2FNN is ready for speech boundary detection.

One another continuous Mandarin sentence is used as testing pattern which is pro-
nounced as “Jin Tian Tian Qi Hen Hao” in Fig. 5. The original speech waveform is shown
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in Fig. 5 (a) in which sample index 15000 belongs to the speech signal. The endpoint of
speech signal locates about index 22600. They are classified as speech or noises based on
waveform, spectrum displays and audio output. Fig. 5 (b) shows the speech waveform
recorded in additive white noise (SNR = 0dB). Figs. 6 (a)-(c) show the speech endpoint
locations detected by SONFIN-PCA, MDSOFN-LDA and SEIT2FNN, respectively. Those
detection methods do not correctly classify the sample index 15000 as speech signal. Fur-
thermore, their speech endpoints are far away from index 22600. Hence, LDA2FNN in Fig.
6 (d) is applied to solve the above errors. In LDA2FNN, type-2 fuzzy-sets are used in the
antecedent parts to cope with the uncertainty. Besides, linear-discriminant-analysis (LDA)
is applied in the consequent parts to increase the discriminability. Compared with other
existing fuzzy neural networks, the novelty of the proposed LDA2FNN is its consideration
of both uncertainty and discriminability. The endpoint detection of LDA2FNN in Fig. 6 (d)
is more precise than those in Figs. 6 (a)-(c) because sample index 15000 is correctly classi-
fied as speech signal. Besides, its speech endpoint approaches 22600. To consider five
noise types [27] (multi-talker babble noise, cockpit noise, noise on the floor of car factory,
vehicle noise and white noise) with five SNR conditions (SNR = 0db, 5dB, 10dB, 15dB,
20dB), the detection performance of different fuzzy classifiers is shown in Table 1. The
detection accuracy is frame-based unit. According to the experimental results, the proposed
LDA2FNN performed better than the other methods.

bl
:04 R S(rj:)psld R
g

Fig. 5. (a) Original speech waveform; (b) Speech recorded in additive white noise (SNR=0dB).
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Fig. 6. (a) Speech detected by SONFIN-PCA.
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Fig. 6. (b) Speech detected by MDSOFN-LDA; (c) Speech detected by SEIT2FNN; (d) Speech
detected by LDA2FNN.

Table 1. Speech detection accuracy.

FNN Classifier | SONFIN-PCA [3]] MDSOFN-LDA[5] [ SEIT2FNN [25]| LDA2FNN
Structure analysis 19 rules 17 rules 10 rules 9 rules
Number of parameters 275 173 250 156
Average correct rate 86.2% 88.6% 86.0% 89.8%

For further comparison, the performances of different methods of speech detection
using the same training and test speech sequences are applied in Table 2. To compare with
DNN, one more experiment is proposed. It is not easy to determine the number of hidden
nodes in DNN. Since the decision rules learned by LDA2FNN is 9 for speech detection, the
number of hidden nodes in DNN is also set to be 9. Based on the same input features, the
parameters of DNN is updated by the gradient descent method. Its performance is worse
than our proposed method. An adaptive long-term sub-band entropy for voice activity de-
tection [28] is tested. Its thresholds are determined by trial and error. Without intelligent
machine learning, its performance is worse than our proposed method. Then, the second
and third methods adopted Haar wavelet energy and entropy features for speech detection
[29]. They are HWEE-TRFN (Type-I recurrent fuzzy neural network) and HWEE-RSEIT-
2FNN (Type-II recurrent fuzzy neural network). They both lack efficient analysis of the
statistics among different classes, explaining why their performances are worse than our
method.

Table 2. Speech detection accuracy.
Speech detection |ALT-SubEnpy[28]|HWEE-TRFN[29]| HWEE-RSEIT2FNN [29] | DNN |LDA2FNN

Average correct rate 85.8% 87.4% 88.2% 85.6%| 89.8%
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4.2 Noisy Speech Recognition

In the second experiment, the flowchart of speech detection using LDA2FNN is
shown in Fig. 7. The input features of LDA2FNN adopt the modified two-dimensional
cepstrum (MTDC) [30]. First, the speech signal goes through a first-order pre-emphasis
filter with a pre-emphasis coefficient of 0.97. Then the speech signal multiplies by a Ham-
ming window. By using discrete-fourier-transform (DFT) and mel-scale filter-bank, the
energy of each frequency band is computed. To remove additive noise component along the

rame win l;{ WWWWWWMW“

Pre-emphasis
1-0.972"

]

Hamming
Window

MFC
coefficients
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Mel Scale Filter Bank
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IIR high pass filter MFC

« s e s @ Take IDFT operation —forrrrrers >
along time direction ~ « [rrerrrreree
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>
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Fig. 7. The flowchart of speech recognition using LDA2FNN.
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frame axis, the 4th-order infinite-impulse-response (IIR) temporal-filter and the half-wave
rectification are used. Then MFC coefficients are obtained by taking the logarithm and co-
sine-transform. In this step, the MFC coefficients of each frame along the time axis are col-
lected to form the MFC-time matrix. Finally, the MTDC matrix is generated from the re-
al-part coefficients of the inverse discrete Fourier transform (IDFT) along the time axis. To
represent a speech utterance, only 30 MTDC coefficients are selected to form a feature
vector (x;, i =1, 2, ..., 30). These 30 positions are randomly selected instead of using the
genetic algorithm (GA).

In speech recognition, isolated Mandarin digits (0~9) were used as training and testing
patterns. The 16-bit speech data are a set of isolated Mandarin digits (0~9) spoken by 10
speakers. The sampling rate is 8 kHz, and the frame size is 240 samples with 50% overlap.
Training is performed by 2000 utterances. The other 2000 utterances are used for testing.

The noise is taken from the NOISEX-92. The attenuation is applied to ensure the addi-
tion of noise without causing an overflow of the 16-bit integer range. The recognition ac-
curacy is word-based unit. To verify the performance, the recognition accuracy of different
fuzzy classifiers averaged over five SNR conditions (SNR = 0db, 5dB, 10dB, 15dB, 20dB)
and five noise types (multi-talker babble noise, cockpit noise, noise on the floor of car fac-
tory, vehicle noise and white noise) is shown in Table 3. Experimental results indicate that
the proposed LDA2FNN performed better than the others.

For the purpose of comparison, we also studied other different speech recognition
methods which use the same training and test speech sequences. Hidden—Markov-Model
(HMM) is usually applied to speech recognition [8]. The state number is set to be 8. In
HMM, the maximum likelihood (ML) is used to determine the optimal parameters. With
the robust speech feature MFCC, the average recognition rate of HMM is about 76.6%.
Furthermore, a Gaussian Mixture Model (GMM) [30] is applied for comparison. In the
training phase, each model (Mandarin digit) is trained by a mixture of four Gaussian distri-
bution density functions. The mixture number is set to be 4. To estimate the means and de-
viations of mixtures, the maximum likelihood (ML) estimation is applied. The goal is to
maximize the likelihood function with respect to the parameters. According to Table 4,
LDA2FNN is better than HMM and GMM because of the ability to consider both uncer-
tainty and discriminability. To compare with DNN, one more experiment is proposed. It is
not easy to determine the number of hidden nodes in DNN. Since the decision rules learned
by LDA2FNN is 11 for speech detection, the number of hidden nodes in DNN is also set to
be 11. Based on the same input features, the parameters of DNN is updated by the gradient
descent method. Its performance is worse than our proposed method.

Table 3. Speech recognition accuracy.

FNN Classifier SONFIN-PCA[3] | MDSOFN-LDA[S5] | SEIT2FNN[25] | LDA2FNN
Structure analysis 24 rules 20 rules 12 rules 11rules
Number of parameters 2784 2550 8520 2210
Average correct rate 77.4% 80.2% 78.6% 81.8%

Table 4. Speech recognition accuracy.
Speech Recognition MFCC+HMM [8] MTDC+GMM [30] DNN LDA2FNN
Average correct rate 76.6% 77.8% 76.0% 81.8%
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4.3 Theoretical Analysis

Table 5 summarizes the analysis of different fuzzy classifiers. In fact, all classifiers
have the same cost function £ = Y4y — y*]%, but they differ in their second cost function.
Therefore, the theoretical analysis focuses on the effect of the second cost function. In
SONFIN-PCA, the cost function of argmax[e’ X ye ] can increases the variance. In MD-

T
SOFN-LDA, the cost function of arg max eT Spe
e e Sye

and minimizes the within-class variance. Compared with SONFIN-PCA, MDSOFN-LDA
seeks directions that maximize the discriminability instead of maximizing the variance,

explaining why MDSOFN-LDA are better than SONFIN-PCA. To consider the cost func-
T

maximizes the between-class variance

S
tion of LDA2FNN, it does not only consider argmax eTSB ¢
e e Sye
type-2 fuzzy-sets to model the uncertainty. Hence, LDA-based type-2 fuzzy rules yielded

but also adopt interval

the most discriminative representation in the experiments.

Table 5. Analysis of different fuzzy neural networks.

SONFIN-PCA MDSOFN-LDA SEIT2FNN LDA2FNN
Fuzzy Type Type-1 fuzzy set Type-1 fuzzy set Type-2 fuzzy set Type-2 fuzzy set
Consequent Parts TS-type TS-type TS-type TS-type
I a7 “Ir a7 “Ir 7 Ir 7
1,E—5|:y y J 1,E—5|:y y J 1,E—5|:y y J l.E—E[y y :|
Cost Functions T T 2. N T
2.arg m:lx[e Zye ] 2. arg max eT Sye one 2. arg max eT Sye
¢ e S,e e e S,e
1. PCA maximizes the 1. LDA maximizes In handing problems |The antecedent parts

covariance.
2. The gradient descent

between-class and mi-
nimizes within-class.

with uncertainties
such as noisy data,

adopt interval type-2
fuzzy-sets to model

Characteristic |method adjusts the 2. The gradient descent |type-2 fuzzy-systems [the uncertainty, and
Gaussian function. method adjusts the usually outperform  |the consequent parts
Gaussian function. their type-1 counter- |adopt LDA to enhance
parts. the discriminability.
If LDA and PCA have the|Need the information |The cost function does|Need the information
same between-class, PCA |of between-class and  |not consider the dis- |of between-class and
Drawback |increases the variance and|{within-class. criminability. within-class.
decreases the discrimina-
tive capabilities.
5. CONCLUSIONS

Two important classification problems in speech signal processing are speech detec-
tion and recognition. They both are very crucial to human-machine interaction. However,
they are easily affected by noisy environments. Hence, a linear-discriminant-analysis-based
type-2 fuzzy-neural-network (LDA2FNN) is proposed to overcome the problem of uncer-
tainties in noisy speech classification. Interval type-2 fuzzy-sets are adopted in the ante-
cedent parts to model and minimize the effect of uncertainty. Linear-discriminant-analysis
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(LDA) is then applied in the consequent parts to increase the discriminability. The novelty

of

LDA2FNN is its consideration of both uncertainty and discriminability. Besides,

LDA2FNN can classify noisy data, while preserving a small fuzzy network size. The effec-

tiv
nit

eness of the proposed LDA2FNN is demonstrated by testing speech detection and recog-
ion. Experimental results and theoretical analysis show that the proposed LDA2FNN

performs better other fuzzy neural networks.

10.

11.

12.

REFERENCES

. J.C.Lv, K. K. Tan, Z. Yi, and S. Huang, “A family of fuzzy learning algorithms for
robust principal component analysis neural networks,” IEEE Transactions on Fuzzy
Systems, Vol. 18, 2010, pp. 217-226.

K. Honda, A. Notsu, and H. Ichihashi, “Fuzzy PCA-guided robust k-means cluster-
ing,” IEEE Transactions on Fuzzy Systems, Vol. 18,2010, pp. 67-79.

. C. F. Juang and C. T. Lin, “An on-line self-constructing neural fuzzy inference net-
work and its applications,” IEEE Transactions on Fuzzy Systems, Vol. 16, 1998, pp.
12-32.

G. D. Wu and C. T. Lin, “Word boundary detection with mel-scale frequency bank
in noisy environment,” [EEE Transactions on Audio, Speech and Language Pro-
cessing, Vol. 8, 2000, pp. 541-554.

. G. D. Wu and P. H. Huang, “A maximizing-discriminability-based self-organizing
fuzzy network for classification problems,” IEEE Transactions on Fuzzy Systems,
Vol. 18, 2010, pp. 362-373.

W. Y. Cheng and C. F. Juang, “An incremental support vector machine-trained
TS-type fuzzy system for on-line classification problems,” Fuzzy Sets and Systems,
Vol. 163, 2011, pp. 24-44.

A. Biem, “Minimum classification error training for online handwriting recogni-
tion,” IEEE Transactions on Pattern Analysis and Machine Intelligence, Vol. 28,
2006, pp. 1041-1051.

J. W. Hung and L. S. Lee, “Optimization of temporal filters for constructing robust
features in speech recognition,” IEEE Transactions on Audio, Speech and Language
Processing, Vol. 14, 2006, pp. 808-832.

M. A. Shoorehdeli, M. Teshnehlab, and A. K. Sedigh, “Training ANFIS as an iden-
tifier with intelligent hybrid stable learning algorithm based on particle swarm opti-
mization and extended Kalman filter,” Fuzzy Sets and Systems, Vol. 160, 2009, pp.
922-948.

C. F. Juang, Y. C. Chang, and C. M. Hsiao, “Evolving gaits of a hexapod robot by
recurrent neural networks with symbiotic species-based particle swarm optimiza-
tion,” IEEE Transactions on Industrial Electronics, Vol. 58,2011, pp. 3110-3119.
C. F. Juang and Y. C. Chang, “Evolutionary group-based particle swarm-optimized
fuzzy controller with application to mobile robot navigation in unknown environ-
ments,” IEEE Transactions on Fuzzy Systems, Vol. 19,2011, pp. 379-392.

C. F. Juang, T. L. Jeng, and Y. C. Chang, “An interpretable fuzzy system learned
through online rule generation and multi-objective ACO with a mobile robot control
application,” IEEE Transactions on Cybernetics, Vol. 46, 2016, pp. 2706-2718.



13

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

LDA2FNN FOR SPEECH DETECTION AND RECOGNITION 1439

. C. F. Juang, C. W. Hung, and C. H. Hsu, “Rule-based cooperative continuous ant
colony optimization to improve the accuracy of fuzzy system design,” IEEE Trans-
actions on Fuzzy Systems, Vol. 22,2014, pp. 723-735.

C. F. Juang and K. J. Juang, “Circuit implementation of a TSK-type interval type-2
neural fuzzy system with on-chip parameter tuning ability,” IEEE Transactions on
Industrial Electronics, Vol. 64,2017, pp. 4266-4275.

C. F. Juang and P. H. Wang, “An interval type-2 neural fuzzy classifier learned
through soft margin minimization and its human posture classification application,”
IEEE Transactions on Fuzzy Systems, Vol. 23,2015, pp. 1474-1487.

C. F. Juang, W. Y. Cheng, and C. W. Liang, “Speedup of learning in interval type-2
neural fuzzy systems through graphic processing units,” [EEE Transactions on
Fuzzy Systems, Vol. 23,2015, pp. 1286-1298.

C. F. Juang and W. S. Jang, “A type-2 neural fuzzy system learned through type-1
fuzzy rules and its FPGA-based hardware implementation,” Applied Soft Computing,
Vol. 18, 2014, pp. 302-313.

W. Y. Cheng and C. F. Juang, “A fuzzy model with online incremental SVM and
margin-selective gradient descent learning for classification problems,” IEEE Tran-
sactions on Fuzzy Systems, Vol. 22,2014, pp. 324-337.

G. C. Chen and C. F. Juang, “An accuracy-oriented self-splitting fuzzy classifier
with support vector learning in high-order expanded consequent space,” Applied Soft
Computing, Vol. 15,2014, pp. 231-242.

J. Markofft, Scientists See Promise in Deep-Learning Programs, New York Times,
Nov 24, 2012.

J. Huang and B. Kingsbury, “Audio-visual deep learning for noise robust speech
recognition,” in Proceedings of IEEE International Conference on Acoustics, Speech
and Signal Processing, 2013, pp. 7596-7599.

A. Mohamed, G. Dahl, and G. Hinton, “Acoustic modeling using deep belief net-
works,” IEEE Transactions on Audio, Speech, and Language Processing, Vol. 20,
2012, pp. 14-22.

N. Morgan, “Deep and wide: Multiple layers in automatic speech recognition,” /[EEE
Transactions on Audio, Speech, and Language Processing, Vol. 20, 2012, pp. 7-13.
J. M. Mendel, “Computing derivatives in interval type-2 fuzzy logic systems,” IEEE
Transactions on Fuzzy Systems, Vol. 12,2004, pp. 84-98.

C. F. Juang and Y. W. Tsao, “A self-evolving interval type-2 fuzzy neural network
with online structure and parameter learning,” IEEE Transactions on Fuzzy Systems,
Vol. 16, 2008, pp. 1411-1424.

G. D. Wu and C. T. Lin, “A recurrent neural fuzzy network for word boundary de-
tection in variable noise-level environments,” IEEE Transactions on Systems, Man,
and Cybernetics, Vol. 31,2001, pp. 84-97.

M. G. Varga and H. J. M. Steeneken, “Assessment for automatic speech recognition:
II. NOISEX-92: A database and an experiment to study the effect of additive noise
on speech recognition systems,” Computer Speech & Language, Vol. 12, 1993, pp.
247-251.

K. C. Wang, “A novel approach based on adaptive long-term sub-band entropy and
multi-thresholding scheme for detecting speech signal,” IEICE Transactions on In-
formation and Systems, Vol. E95-D, 2012, pp. 2732-2736.



1440 GIN-DER WU AND ZHEN-WEI ZHU

29. C. C. Tu and C. F. Juang, “Recurrent type-2 fuzzy neural network using Haar wave-
let energy and entropy features for speech detection in noisy environments,” Expert
Systems with Applications, Vol. 39, 2012, pp. 2479-2488.

30. C. T. Lin, H. W. Nein, and J. Y. Hwu, “GA-based noisy speech recognition using
two-dimensional cepstrum,” /EEE Transactions on Audio, Speech, and Language
Processing, Vol. 8, 2000, pp. 664-675.

Gin-Der Wu (R£18) received the B.S. degree in Engineer-
ing Science from the National Cheng-Kung University, Tainan,
Taiwan, in 1996 and the Ph.D. degree in Electrical and Control
Engineering from the National Chiaog-Tung University, Hsinchu,
Taiwan, in 2000. In 2002, he joined VIA Technologies, INC., as a
senior engineer in Chipset R&D Division. In 2003, he joined ALI
Corporation, as a senior engineer in Digital AV Product Business
Division. Since 2004, he has been with the Department of Electri-
cal Engineering, National Chi Nan University, Nantou, Taiwan,
where he became a Full Professor in 2014. His current research interests include fuzzy
neural networks, field-programmable-gate-array chip design, and digital signal process-
sing.

Zhen-Wei Zhu (5R#&%8) received the Master degree and the
Ph.D. degree in Electrical Engineering from the National Chi Nan
University, Nantou, Taiwan. His current research interests include
VLSI, DSP architecture and fuzzy neural networks.





<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


