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Mandarin Digital Speech Recognition Based on a Chaotic Neural
Network and Fuzzy C-means Clustering

Guang Li, Jin Zhang, and Walter J. Freeman

Abstract-Modeling olfactory neural systems, the KIII model
proposed by Freeman exhibits chaotic dynamic characteristics
and has potential for pattern recognition. Fuzzy c-means
clustering can classify an object to several classes at the same
time but with different degrees based on fuzzy sets theory.
Based on the KIII model, mandarin digital speech is recognized
utilizing the features extracted by the fuzzy c-means clustering.
Experimental results show that the KIII model can perform
digital speech recognition efficiently and the fuzzy c-means
clustering has better performance than the hard k-means
clustering.

I. INTRODUCTION

Digital speech recognition can be widely used to many
information services, for example, inquiry system of
telephone number, identification of identity card number and
so on. Mandarin digit pronunciations are all monosyllables
and include some ambiguous and easily confusable syllables,
such as "1" and "7", making it difficult to be recognized
correctly. Furthermore, if there is a digital string, the task
will be more difficult.
As a typical pattern recognition issue, many recognition

methods have been proposed, such as Gaussian mixture
model [2], hidden Markov model (HMM) [3] and artificial
neural networks (ANN) [4, 5], however many problems are
still remaining unresolved and the accuracy of recognition
needs to be improved [ 1 ]. Conventional ANNs simply
simulate some basic properties of neural systems, such as
parallel distributed structure, non-linearity and plasticity.
According to the architecture and the dynamic
characteristics of olfactory systems, a chaotic neural network
entitled KIII model has been constructed [6]. The KIII
model can simulate some advanced functions of brains, such
as EEG waveform observed in biological experiments, and
exhibits strong nonlinear characteristics. It can be used as a
robust classifier with high rates of training and very rapid
convergence to category assignments and has been studied
to perform some pattern recognition tasks, such as face
recognition [7], text classification [8] and so on.
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In order to combine with an ANN to construct a speech
recognition system, an effective feature extraction from
digital speech is essential. And the dimension of the feature
vector should be equal. Though MFCC [9] can extract
features effectively, the dimension of the feature vectors
varies along with the lasting time of different digital speech.
So, the k-means clustering algorithm has been used to
normalize extracted features to make the dimension equal
[10]. As an unsupervised clustering technique, the fuzzy
c-means (FCM) clustering algorithm [11, 12] is more
suitable to normalize the extracted features of ambiguous
Mandarin digital speech in comparison with the k-means
clustering algorithm. The main idea is that scattered groups
of data are divided into several groups at the same time with
different degrees according to fuzzy set theory.

In this paper, based on the features extracted by the FCM
clustering algorithm, the novel chaotic neural network, the
KIII model, is used as a classifier for Mandarin digital
speech recognition. The experimental results show that the
KIII model performs well in Mandarin digital speech
recognition. Compared with the hard k-means (HKM)
clustering algorithm, the FCM clustering algorithm is more
suitable to extract features from speech signals to be
recognized by the KIII model.

II. KiII MODEL

KIII model proposed by Freeman [6, 13] mimics the
olfactory neural network from the structure to function. The
topological diagram of the KIII model, in which KO, KI and
KII are included, is shown in Fig. 1.

In KIII model, each node represents a neural population or
cell ensemble. The dynamical behavior of each ensemble of
the olfactory system is governed by Equation (1):

1[x"(t) + (a + b)x:(t) + a b xi (t)]a b
N

= ZLw1 .Q(xj(t),qj)] +I(t)
j#i

Q(x,(t),q)= {

-1

(1)

(2)x(t) < xO
x0 = ln(1- qln(1+1 /q))

where i= ...N (N is the number of channels). xi(t) and xj(t)
represents the state variable of ith andjth neural population
respectively, while Wij indicates the connection strength
between them. Ii(t) is an input function, which stands for
external stimulus. The parameter a = 0.220msec'1, b = 0.720
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msec&' reflect two rate constant derived from the
electro-physiological experiments. Q(xj (t), qj ) is a nonlinear
sigmoid function derived from Hodgkin-Huxley equation. q
represents the maximum asymptote of the sigmoid function,
which is also obtained from biological experiments. In
different layers, q is different, for example, q is equal to 5 in
OB layer and equal to 1.824 in PG layer. The parameter xo
specifies the threshold at which excitatory and inhibitory
neurons cease firing under inhibition.
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Fig. I Topological diagram for KIII mode

Corresponding to biological olfactory systems, R
represents the olfactory receptor, which is sensitive to the
odor molecules, and provides the input to the KIII network
in the topology of the KIII network. The periglomerular
(PG) layer and the olfactory bulb (OB) layer are distributed.
The anterior nucleus (AON) and the prepyriform cortex (PC)
are only composed of single KII network. KIII model
describes the whole olfactory neural system. It includes
populations of neurons, local synaptic connection, and long
forward and distributed time-delayed feedback loops.
The KIII model consists of KO, KI and KII model. In the

KIII model, each circle or node represents a cell ensemble,
either excitatory (P, M, E, A, C) or inhibitory (G, I, B).
When the neurons in an ensemble have no interactions with
other ensembles, we represent it with a KO set, such as sets
of R and C. When the neurons in an ensemble interact
reciprocally, we use a KI set, which we model with two
excitatory (inhibitory) KO sets mutually connected to form a
KI (e) (KI (l)) set. The sets of P and M are examples of the KI
(e) sets, and the set of G is the KI (i) set. The KII set, which is
a coupled nonlinear oscillator used to simulate channels in
OB, AON and PC layer with both positive and negative
connections, consists of two reciprocally coupled KI (e) and
KI (i) sets. From the schematic diagram of principal types of
neurons, pathways, and synaptic connections in the olfactory
bulb, nucleus and cortex, the coupling of these KO's, KI's,

and KII's by feedforward and time-delayed feedback loops,
which are either excitatory or inhibitory, forms a five-layer
KIII network to model the entire olfactory system.
We study the n-channel KIII model, which means that the

R, P and OB layer all have n units, either KO (R, P) or KII
(OB). The activity of Ml node in OB unit is chosen to
indicate the excited channel. In other words, the output of
the KIII set is taken as a 1xn vector at the mitral level to
express the AM patterns of the local basins during the
input-maintained state transition.

In the KIII model, independent rectified Gaussian noise
was introduced to every olfactory receptor to model the
peripheral excitatory noises and single channel of Gaussian
noise with excitatory bias was introduced to model the
central biological noise sources. The additive noise
eliminated numerical instability of the KIII model, and made
the system trajectory stable and reliable under statistical
measures, which meant that under perturbation of the initial
conditions or parameters, the system trajectories were
robustly stable [14]. Because of this stochastic chaos, the
KIII network not only simulated the chaotic EEG
waveforms, but also acquired the capability for pattern
recognition, which simulated an aspect of the biological
intelligence, as demonstrated by previous applications of the
KIII network to recognition of one-dimensional sequences,
industrial data and spatiotemporal EEG patterns [15], which
deterministic chaos can't do, owing to its infinite sensitivity
to initial conditions.

There are two kind of learning rules [16]: Hebbian and
habituation learning. The rule of Hebbian learning reinforces
the desired stimulus patterns while habituation learning
decreases the impact of the background noise and the stimuli
that are not relevant or significant. According to the
modified Hebbian learning rule, when two nodes become
excited at the same time with reinforcement, their lateral
connection weights are strengthened. On the contrary,
without reinforcement the lateral connection is weakened.

III. FEATURE EXTRACTION BASED ON FuzzY C-MEANS
CLUSTERING

A. Fuzzy C-means Clustering
Fuzzy c-means (FCM) clustering [1 7] is one of

unsupervised clustering techniques and is based on the
minimization of an objective function called c-means
functional. The FCM employs fuzzy partitioning such that a
data point can belong to all groups with different
membership grades between 0 and 1. FCM is an iterative
algorithm to find cluster centers (centroids) that minimize a
dissimilarity function, which is different from HKM that
employs hard partitioning.
To accommodate the introduction of fuzzy partitioning, the

membership matrix (U) is randomly initialized according to
Equation (3):

(3)
c

YUij = 1,Vj = l..n
i=l
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Fig.2. The whole process of feature extraction

where uij is between 0 and 1 and denotes membership degree
ofjth data point belonging to ith centroids (ci) when there are
n data points and c centroids. The dissimilarity function used
in FCM is given by Equation (4):

c c n

J(U, C 1 C21 ...IC,)=Y,Ji =Y,,Uii dij2 (4)
i=1 i=l j=l

where ci denotes the centroid of cluster I; dij is the Euclidian
distance between ith centroid (ci) and Ith data point; m e [1,
co] is a weighting coefficient.

There are two conditions to reach a minimum of
dissimilarity function described as in Equation (5) and (6).

sn m

Ij=I ui Xjxi
ci sn m

5

Y,2j=l uij

ij t ' 2/(m-1) (6)
ec dj,
Yk=l dk,

This algorithm determines the following steps [18]:
Step 1. Randomly initialize the membership matrix (U)

that has constraints in Equation (3).
Step 2. Calculate centroids (ci) by using Equation (5).
Step 3. Compute dissimilarity between centroids and data

points using Equation (4). Stop if its improvement over
previous iteration is below a threshold.
Step 4. Compute a new U using Eq.6. Go to Step 2.
By iteratively updating the cluster centers and the

membership grades for each data point, FCM iteratively
moves the cluster centers to the "right" location. It can not be
sure that FCM can converge to an optimal solution because
U is randomly initialized and used to calculate cluster
centers (centroids). So, the performance ofFCM depends on
initial centroids to some extent.

B. Feature Extraction
The whole process of feature extraction is based on

melscale frequency cepstral coefficients (MFCC), as shown

in Fig.2. The whole process of feature extraction includes
several steps as follows [10]:

Step 1: Pre-emphasis;
Step 2: Frame Blocking;
Step 3: Windowing;
Step 4: Fast Fourier Transform (FFT);
Step 5: Triangular Band-pass Filter;
Step 6: Discrete Cosine Transform (DCT);
Step 7: Delta Cepstrum;
Step 8: Fuzzy C-means Clustering.
After Step 7, the feature of any frame of digital speech

can be extracted, so the whole feature of one digital speech
can be expressed by one feature matrix. Each row of matrix
denotes the feature of one frame. The row number of the
feature matrix of different digital speech isn't equal, but the
column number is equal. So, after FCM, any feature matrix
of digital speech can be transformed a new feature matrix,
whose dimension is equal to each other. Combining each
row of feature matrix can form the feature vector, which is
the input of KIII model.

IV. MANDARIN DIGITAL SPEECH RECOGNITION BASED ON
KIII MODEL AND FCM

A. Recognition Process
In the experiments, the KIII model is used as classifier to

recognize Mandarin digital speech according to the extracted
features. The parameters used in this study are optimized to
fulfill the classification task. The stimulus-maintained period
is from lOOms 300ms, while the initialization period is
0 100ms for the KIII to reach the basal non-convergent
"chaotic" state. The simulation time is 400ms for each
learning or classification process.

Similar to other ANN, the KIII model must be trained to
classify the desired patterns. During training stage, each
digital speech is learned only 10 times, much less than
conventional ANNs, such as BP neural networks. After
training, each stimulus converges to a stable limit cycle
attractor, which denotes one spoken digit.
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TABLE I: COMPARISON WITH BP NEURAL NETWORKS

BP Network HKM+KIII FCM+KIII
Average 0.88333 0.900 0.984

TABLE II: THE RECOGNITION RESULTS WITH FCM

24*2 F 24*3 24*4 24*5 24*6 1 24*7 24*8 24*9 F 24*10
1 0.8222 0.5556 0.9333 1.0000 0.9333 0.9778 0.9889 1.0000 0.9556
2 0.8111 0.5778 0.6333 0.8778 1.0000 1.0000 0.8778 0.9667 0.8666
3 0.6333 0.8222 0.8111 1.0000 0.9667 0.9667 1.0000 1.0000 0.9889
4 0.7000 0.7778 0.8445 0.9889 0.8222 0.9667 0.8000 0.9222 0.9667
5 1.0000 0.9444 0.9445 0.6556 0.9333 0.9667 1.0000 1.0000 1.0000
6 0.9889 0.9000 0.5222 0.9333 0.8667 0.9667 0.9667 0.9444 0.9445
7 0.9889 1.0000 1.0000 0.8778 0.9445 1.0000 1.0000 1.0000 1.0000
8 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
9 0.8778 0.9555 1.0000 1.0000 0.9333 1.0000 0.9889 1.0000 1.0000
0 1.0000 0.8222 0.9667 1.0000 0.9333 1.0000 0.9778 0.9889 0.9889

Average 0.8822 0.8356 0.8656 0.9333 0.9333 0.9844 0.9600 0.9822 0.9711
TABLE III: THE RECOGNITION RESULTS WITH HKM

24*2 F 24*3 24*4 24*5 24*6 1 24*7 24*8 24*9 F 24*10
1 0.4500 0.7333 1 0.8667 0.9667 0.9333 0.9334 0.9667 0.9333 1 0.9667
2 0.5333 0.9000 0.9000 0.7167 0.7667 0.7667 0.8500 0.9000 0.8333
3 0.9000 0.9000 0.7333 0.8000 0.8333 0.8000 0.9000 0.8500 0.9667
4 0.8166 0.6667 0.8833 0.8334 0.8000 0.8667 0.8333 0.9667 0.9334
5 0.7333 0.9166 0.8000 0.8500 0.9667 0.9333 0.8667 1.0000 0.9333
6 0.8667 0.5167 0.6333 0.8500 0.8000 0.6500 0.5834 0.6667 0.6666
7 0.6667 0.9833 0.7667 0.9667 0.9833 1.0000 1.0000 0.9000 0.8333
8 0.8666 1.0000 0.9334 1.0000 0.9333 1.0000 1.0000 1.0000 1.0000
9 0.5167 0.8834 0.9667 0.8000 0.8834 0.9667 0.8667 0.8333 0.8667
0 0.8834 1.0000 0.9000 0.6333 0.9000 1.0000 0.9333 0.9500 1.0000

Average 0.7233 0.8500 0.8383 0.8417 0.8800 0.8917 0.8800 0.9000 0.9000

After training, the output of OB layer is stored as a
cognition standard. We give the spoken digit in unknown
class as input and get the output vector from OB layer. The
nearest neighbor principle is employed to recognize the
speech according to the Euclidean distances from unknown
spoken digit to the different centers (attractor).
B. Experiment Results
Mandarin digital speeches are collected using microphone

in quite condition. The data is the pronunciation of 0-9 in
Mandarin. Each digit is read 30 times. Each digital speech is
learned 10 times. The experiment results are shown in Table
I, II and III. In the Table II and III, the first column denotes
the different Mandarin digital speech and the first row
denotes the dimension of feature matrix, m n. And m
denotes the dimension of feature extracted from one frame
of each digital speech, so if the digital speech is divided into
r frame, the dimension of feature matrix is m*r. Based on
FCM or HKM, the feature matrix of m *r can be clustered
into the feature matrix of m n (r>n), so n denotes the
number of class after clustering each digital speech. In Table
I, the performance of KIII model is compared with BP
neural network. And the parameters of BP neural network
are set as follows: there are 40 neuron and hyperbolic
tangent sigmoid transfer function in hidden layer; there are
10 neuron and transform function is linear transfer function
in output layer; the learning function is gradient descent and
the training set is equal to the KIII model's (100 samples, 10
samples of each classes).

From Table II and III, it is shown that the performance of
FCM is better than the performance of HKM. But from
Table I, it is shown that both of them (FCM+KIII and
HKM+KIII) are better than BP neural networks.

V. CONCLUSION
The KIII network is derived directly from the biological

neural system. Its mechanism for pattern recognition is
totally different from other ANNs. In this paper, FCM is
used to extract feature of Mandarin digital speech and KIII
model is used as classifier to recognize the different digital
speech. Experimental results show that KIII model has better
performance and has the potential to recognize more
complex pattern. Otherwise, it is also shown that FCM
clustering is suitable to speech recognition than HKM
clustering. Taking after the biological olfactory neural
system being good at learning new odors, KIII model
requires only a few learning trials to set up the basins of
attraction of the memory patterns with robust tolerance for
noise and speech variability. But, BP neural networks needs
about hundreds of thousands trials. Mimicking biological
neural systems is shown to be an efficient way to handle
complicated pattern recognition problems. But many
problems, such as the optimization of parameter, are open
and are the targets of our further work.
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