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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 r: IF x1 is Ã

r
1 AND…AND xN is Ã

r
N 

THEN y is 0
1

, 1,...,
p

r r
n n

n

a a t r M


        (1) 

where x1 … xN represent input variables; Ã
r
1 … Ã

r
N are interval type-2 fuzzy sets; y is the 

output of fuzzy rule r; M is the number of rules, and ã
r
n = [c

r
n  s

r
n, c

r
n + s

r
n], n = 0, …, p are 

interval sets. Consequent parts tn(n = 1, …, p) are updated by the LDA-matrix, WLDA  

Np as follows. 
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[t1 t2 … tp]
T = WLDA

T
  [x1 x2 … xN]T    (2) 

To derive the LDA-matrix, the mean vector (j) and covariance matrix (j) labeled 
as belonging to class j are then computed. The total number of classes is J, and the input 
vector X(j)(n) in the training set is labeled as the jth class. Nj indicates the total number of 
such input vectors X(j)(n) labeled as belonging to the jth class.  
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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. WLDA  Np is determined by the between-class matrix SB 
and within-class matrix SW which are defined as follows. 

 

 
Fig. 1. Between-class and within-class concept. 
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The optimal direction arg max
T

B
Te

W

e S e
e

e S e
  is applied to increase discriminative capabili-

ties among different classes. 

SW

-1
 SBe = e (8) 

In this form, e denotes the eigenvector of matrix SW

-1
 SB. The discrimination matrix WLDA  

Np gathers the eigenvectors of SW

-1
 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. 
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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 
xn, 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 Ã

r
n in input 

variable xn has a standard deviation  and an uncertain mean [m1, m2] as follows. 
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The upper MF, 
r
n, and lower MF,  

r
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Based on the above equations, the output can be represented as the interval type | 

r
n,  

r
n|. 

In “LDA” part, tn (n = 1, …, p) are updated by WLDA  Np. 
 

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 r,f r|. 
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In consequent-node parts, the fuzzy set is represented by [w 

r
L, w 

r
R] as follows.  
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where t0 = 1. 
 
Layer 4: This layer implements the type reduction. The type-reduced set is an interval 
type-1 fuzzy set [yL, yR]. The outputs yL and yR can be calculated by using Kamik-Mendel 
iterative procedure [24]. 
 
Layer 5: Based on the above interval type-1 set [yL, yR], this layer implements the de-
fuzzification operations. The defuzzified output is shown as follows. 
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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. 

 1ˆ
2

r r rf f f   (18) 

Then, this firing strength center acts as a rule generation criterion. For each incoming 
data X = (x1, …, xN), find 

 
 

1

ˆarg max r

r M t
I f X

 
   (19) 

where M(t) is the number of rules at time t. If f̂
I
(X)  th, then a new rule is generated as 

M(t + 1) = M(t) + 1. th  (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 xn is 
set as 

 1
1 2, 0.1, 0.1 , 1, ,M t r r

n n n n nm m m x x n N            (20) 

A fuzzy set generation criterion is computed as 

 1
ˆ

2
r r r
n n n     (21) 

The nearest fuzzy set is defined as the one that possesses the maximum degree. 
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ˆarg max , 1, ,r

n n
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         (22) 

The initial width of the first class is  

1
n = init which is set as a small value. The other 

initial widths are assigned as   

   1
1 2

1

2
n nM t I I

n n n nx m m      (23) 

where  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 

[c
r
0  s

r
0, c

r
0 + s

r
0] = [yd  0.1, yd + 0.1], r = 1, …, M (24) 

where c
r
0 = yd is the desired output for input X. The initial parameter s

r
0 = 0.1 determines 
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Fig. 3. The learning of parameters. 

the initial output interval range. The other initial consequent parameters c
r
n, n = 1, …, p + 

1, and initial s
r
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r
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c
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3.3 Parameter Learning 
 

Considering the single-output case for clarity, our goal is to minimize the error 
function E = ½[y  yd]2. y and yd denote real and desired outputs, respectively. Parameter 
learning of m
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In addition, the update rules for c
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n and s
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n are 
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To clarify the underlying reason of optimization equations, Fig. 3 shows a new 
global flowchart for optimization. Updating the first p terms by WLDA  Np improves 
the speed of convergence. 
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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

shift 15ms

Feature
extraction

Noise_time

RTF

Zero-crossing
rate

001

110
Decoder

Median
Filter

Detect speech
boundaries

LDA2FNN

 
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 



LDA2FNN FOR SPEECH DETECTION AND RECOGNITION 1433

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. 
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Fig. 5. (a) Original speech waveform; (b) Speech recorded in additive white noise (SNR=0dB). 
 

  
(a) 

Fig. 6. (a) Speech detected by SONFIN-PCA. 
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(b) 

 
(c) 

 
(d) 

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  
 

MFC 
coefficients

Take IDFT operation
along time direction

Take real part
coefficients

MFC

Time

LDA2FNN

M_TDC
matrix

 
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 (xi, 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[5] 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 E = ½[y  yd]2, 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 arg max[ ]T

X
e

e e  can increases the variance. In MD- 

SOFN-LDA, the cost function of arg max
T

B
Te

W

e S e

e S e
 maximizes the between-class variance  

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- 

tion of LDA2FNN, it does not only consider arg max
T

B
Te

W

e S e

e S e
 but also adopt interval  

type-2 fuzzy-sets to model the uncertainty. Hence, LDA-based type-2 fuzzy rules yielded 
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 
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2. None 

1.
21

2
dE y y   
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Characteristic 

1. PCA maximizes the 
covariance. 
2. The gradient descent 
method adjusts the 
Gaussian function. 

1. LDA maximizes 
between-class and mi- 
nimizes within-class. 
2. The gradient descent 
method adjusts the 
Gaussian function. 

In handing problems 
with uncertainties 
such as noisy data, 
type-2 fuzzy-systems 
usually outperform 
their type-1 counter-
parts. 

The antecedent parts 
adopt interval type-2 
fuzzy-sets to model 
the uncertainty, and 
the consequent parts 
adopt LDA to enhance 
the discriminability. 

Drawback 

If LDA and PCA have the
same between-class, PCA 
increases the variance and 
decreases the discrimina-
tive capabilities. 

Need the information 
of between-class and 
within-class. 

The cost function does 
not consider the dis-
criminability. 
 

Need the information 
of between-class and 
within-class. 

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-
tiveness of the proposed LDA2FNN is demonstrated by testing speech detection and recog-
nition. Experimental results and theoretical analysis show that the proposed LDA2FNN 
performs better other fuzzy neural networks.  
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