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Abstract: A new intelligent noise filtering approach using Computational Intelligence (Cl) is proposed for the
problem of adaptive noise cancellation (ANC). Since the traditional linear filtering may not be good enough to
handle with the noise complexity and time-varying statistic property, a self-constructing neuro-fuzzy system
(SCNFS) is used as an adaptive filter to deal with the nonlinearity of noise. A hybrid machine learning algorithm
with the methods of both random optimization algorithm (RO) and least square estimation (LSE) is introduced
to enable the SCNFS with learning capability. The learning capability includes both the parameter learning and
the structure learning. In the parameter learning phase, the premises and the consequents of the SCNFS are
updated by RO and LSE, respectively. In the SCNFS structure learning, the system structure can be generated or
rearranged using the proposed mechanism with rule-splitting and/or rule-expanding. To demonstrate the
feasibility and the capability of the proposed approach, an example of adaptive speech noise cancellation is
illustrated. With the experimental results, the SCNFS shows excellent filtering performance for noise
cancellation.

Key-Words: - computational intelligence, neuro-fuzzy, learning, random optimization, least square estimation,
adaptive noise cancellation.

1. Introduction high-level human thinking and knowledge

In the past decades, the increasing noise influences ~ epresentation. The objective of soft computing
on engineering applications have encouraged the ~ Pased approach for adaptive noise filtering is to
development of noise canceling. In principle, the attenuate or eliminate noise from the corrupted signal.
problem of adaptive noise filtering is to extract a ~ Generally, establishing an NFS includes the structure
desired signal from its corrupted version [1]. complexity and the parameter identification. For
Generally, noise is usually highly nonlinear and structure complexity, the partition of the input-output
correlated with uncertain factors. Traditional linear ~ SPace and the identification of appropriate rules to
filters like FIR or 1R filters may not be good enough achieve the desired performance have received much
to handle with the complexity of noise nonlinearity. ~ attention. Several approaches [6, 7, 8-10] have been
Recently, adaptive filtering may provide better addressed to achieve compact and effective system
solution to noise filtering problem. Adaptive systems ~ Structure. However in these approaches the balance
as adaptive filters possess the characteristics of ~ Petween the number of hidden neurons and the
self-adjustment, and/or intelligent strategy to  SyStem performance is concerned before training.
practical applications with limited priori information. ~ The grid-type partitioning is often suffered from the
Recently, engineers and scientists have focused their ~ Problem commonly referred to as the “curse of
attention to model-free approaches and the  dimensionality”, in which the rule number will
intelligence-based theories such as fuzzy logic [2] ~ DPecome exponentially large if the input dimension
and neural network [3]. Since fuzzy inference  Increases. In order to avoid the problems of
systems and neural networks have been shown being ~ OVer-parameterization and to ensure structure
universal approximators [4, 5], the integration of concision, this depends heavily on experience and a
neuro-fuzzy system (NFS) has widely been tedious trail-and-error. Thus, it is usually neegjed to
recognized a complementary model that allows for ~ have a “smarter” mechanism for system learning. A
low-level learning and computational power and ~ Néw intelligent filtering approach —with self
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constructing neuro-fuzzy system (SCNFS) is
proposed for the problem of adaptive noise
cancellation (ANC). The goal of noise cancellation is
to extract the desired signal from its noise-corrupted
version by using the proposed SCNFS as a
computational intelligence (CI) based adaptive filter.
In the paper, a hybrid learning algorithm with the
random optimization algorithm (RO) and the least
square estimation (LSE) is used for the NFS to
perform structure learning and parameter learning
simultaneously. In the parameter learning phase, the
RO [11, 12] is combined with the LSE to train the
parameters of the SCNFS, where the premises and
the consequents of the SCNFS are updated by RO
and LSE, respectively. The structure learning is
composed of two phases, which are the rule-splitting
phase and rule-expanding phase. In the structure
learning, appropriate rules can be generated and/or
rearranged with the proposed mechanism for rule
significance detection. With the proposed hybrid
learning, a compact-sized and well-parameterized
NFS can be established with good system
performance. The proposed SCNFS features the
following salient properties: 1) online rule
construction, 2) intuitive and derivative-free learning,
3) easy to program, and 4) fast convergence and
robustness. The problem of the adaptive noise
cancellation is given in section 2. In section 3, the
structure of neuro-fuzzy system is presented. In
section 4, the RO-LSE hybrid learning algorithm is
discussed. In section 5, the self construction scheme
for structure learning is discussed. The proposed
SCNFS filtering to the noise canceling application is
illustrated in section 6. Finally, the paper is
concluded.

2. Adaptive Noise Cancellation

The noise-canceling diagram is shown in Fig. 1 [1].
An input signal contaminated by the noise y(¢) is
transmitted to the receiver. With the diagram, the
received signal m_(¢) can be described as follows.

m (£) = x(1) + ¥(1) 1)

= x(t) +fchannel (n(t), n(t _1)1'-'1 I’l(l—k))

where £, () represents the noise passage channel,
n(z) the noise source, x(¢) the clear signal. The basic
principle of the adaptive noise cancellation is to
estimate the desired signal from the corrupted version.
The following assumptions are given.

1) x, y and n, are zero-mean process. (statistical
stationary and zero means).

2) x are uncorrelated with » and y.

3) n and y are correlated by the function 7, ()

Signal x() m(0) )
Source N

Recovered

) $0) signal

Nonlinear

Channel /

Adaptive Filter

Noise
source ()

Fig. 1. Schematic diagram of noise-canceling.

The error signal r(¢), served as the recovered signal in
the adaptive process, is given as follows.

r(t) = x() + y(1) - »(1) @)
where y(¢) is the estimated output from the filter. By
squaring, the expectation is applied on Eq.(2), given
as follows.

E[r(r)1= E[x(6)* 1+ E[(»(£) - 7(£))°]
+ 2E[x()(y(1) - »(1))]

where E[.] represents the expectation operator. Based on

the second assumption, the third item of Eq.(3) can be
removed.

E[r(1)*]1= E[x(r)*]+E[(»(1) - 3(1))°] (4)
In the nature of signal power, E[x(¢)?] remains unaffected

while the adaptive filter is used to minimize the power of
the recovered signal. In other words, the power difference
is minimized between the contaminating noise signal and
the filter output, given as follows.

E .., [1(#)*]= E[x(1)*]+ E[(»(t) - 7(1))°] ®)
From Eq.(5), the conclusion is deducted that the power
minimization of the signal »(¢) is equivalent to
minimizing the power of noise. In the paper, the

neuro-fuzzy filter is trained to remove the noise in the
adaptive noise cancelling process.

©)

3. SCNFS-Based Adaptive Filter

In this paper, the SCNFS-based adaptive filter
receives the input signals from noise source to
perform the unknown channel identification. The
structure of SCNFS is given as follows.

3.1 Fuzzy inference process of SCNFS

For simplicity, an MISO (multi-input-single-output)
fuzzy inference system with the crisp input vector
H(r) measured at time ¢, composed of M input
variables #,(t) , i=12,...,M , is considered. The
universe of discourse of each input dimension is
defined with corresponding linguistic variables
denoted as x,. In this paper, a flexible cluster-based
partition method is used to avoid the unnecessary
rules, where the partial-connected structure is
exploited. Assume that the vector of the linguistic
term V. belong to the i-th input variable is given as
follows.
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V= [vi,l Vi ViR ]T (6)
where R is the amount of rules and v, the k-th

linguistic term of the i-th linguistic input variable. In
the proposed SCNFS, the well-known fuzzy T-S
model is exploited. Based on the proposed fuzzy
inference process, the k-th rule description can be
given as follows.

Rule k:IF Vyis sy, (m(t)) and Vo is sy, (hy(2)) ..
and Vyis sy, (hy (1))
THEN v () =H, (r)a*

(7)
where s, , (h,(¢)) is defined as the k-th fuzzy set for the
i-th linguistic variable z* :[ag a a;] the
parameter vector of the consequent of the &-th rule,
H,=[1 h() h, (1], and y* the output of the
k-th rule. Based on (7), the inferred result Y(z) at time
¢ is expressed as

Spwr0 ., @
r=E =3 From
Zﬂk(t) k=1

where g* is the normalized firing strength of the

k-th rule.

3.2 Network structure of SCNFS

A five-layer neuro-fuzzy structure is shown in Fig. 2,
which is composed of the layers of input (Layer 1),
membership (Layer 2), rule (Layer 3), normalization
(Layer 4), and output (Layer 5). Layer 1 accepts the
input signals. Layer 2 is used to calculate the
Gaussian membership values. The nodes of layer 3
represent the fuzzy rules. In layer 4, the
normalization process is executed. The network
before layer 4 represents the premises of the rules,
and that after layer 4 represents the consequents of
the rules. Layer 5 is the output layer. Based on the
constitution of the T-S fuzzy model, the link weight
is given as follows.

we =H a* 9)
for k=12,...,R . The output can be represented as the

polynomial functions of the input signals. The
premise sets of the SCNFS are collected as follows.

m:[m1 m, - mR] (10)
<s=[<sl G, - GR] (11)
where

m, = [mlk m,, m,, ]T (12)
G, = [% G, - G, ]T (13)

where ()" indicates the transpose of (), m, and
o2 the mean and the variance of the Gaussian

functions associated with the %-th node for the i-th
input dimension. The premise parameters set W is
given as follows.

W=[m o (14)
The consequent parameters are collected to form the
matrix .

lag a - a,] | |&
2 2 29T ~2

A = [ao a - aM] _ a (]_5)
[of o - oy |o

H, T-S
A Fuzzy model

1

Layer] L

Fig. 2. Neuro-fuzzy Structure of SCNFS.

4. Hybrid Learning Algorithm

To train the proposed SCNFS, the well-known
random optimization (RO) is used together with the
least square estimation (LSE) for fast convergence of
system learning. Without the need for the derivative
information of an objective function, the RO
algorithm features derivative-free and intuitive
exploration in the input space. Moreover, the RO
method excels not only at its simplicity and
convenience, but also ensures to converge to the
global minimum with probability one in a compact
set [11]. In this paper, a new version of RO-based
learning is depicted as follows. The problem of
system identification can be stated as finding the
optimal solution and A that minimizes the cost
function. In this paper, the cost function is
defined

0 1
%M@M=%Z@W%hmﬂWAMMWV
N=1

(16)
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Eq. (16) is the root mean square error (RMSE)
between the SCNFS output and the desired output
from N=1 to N= Q. The flow chart of hybrid

RO-LSE learning is illustrated in Fig. 3.
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Fig. 3. RO-LSE training.

With the integration of RO-LSE, each candidate
point generated by RO is viewed as a potential
premise parameter solution. Based on Eg. (8), the
relationship between the input vector H(N)and the

desired output can be given as follows.

D(N) = iﬁk (N)x (as +af hy(N)+...+ak by, (N)) + £(N)

k=1
(17)
where ¢(N) is the identification error. Let
G'(N) =B (ML m(N) Ip(N) ... Iy (N)] (18)
= BH(NH, (V)
GV =[c'(V) G*(N) ... G*(V)] (19)
Eq. (17) can be represented as follows.
K
D(N)=G(N)A + &(N) = Y. G (N)a" + &(N)
k=1
(20)
Assuming there are Q training data pairs to be
identified as follows.
D B A g
D(1) G'() G?%() Gko ] @) | [«
D@)|_|G' G* - GX@ @) .| €@
D) |[GMo) G*©) - GX(0)|@")| L&)
(21)

In the proposed parameter learning, the LSE can be
implemented in recursive way, called recursive LSE
(RLSE), by which the update can be implemented
with individual training pattern. The algorithm given
below is called weighted recursive LSE (WRLSE),

which provides with the short-term trace ability to
identify time-varying phenomena.

_P(N-DG(N)G(N) P(N -1)
A +G(N) P(N -1)G(N)

P(N) = %(P(N—l) )

(22)

A(N) = A(N -1)+ P(N)G(N)(D(N)-G(N)" A(N -1))
(23)
where P(0)=«f is given with a large value « ,

Z(O) can be initially set to zeros, A a scalar between

Oand 1. The 4 known as the forgetting factor is used
to give the significance of importance for the
preceding training data. This method of WRLSE can
be capable of approximating time-varying system,
although the fluctuation caused by noise and
disturbance can be potential defectiveness. The value
of 2 should be problem dependent and usually close
to unity. In this paper, a criterion for parameter
update is given for the purpose of computational
efficiency. With the observation {H(N),D(N)} ,

N=1,2,...,0 , the error term ¢(N) given in Eq. (20) is
compared to a pre-given threshold 7. If | ¢(N) |< T ,
the  parameter update is omitted and
K(N) = Z(N—l) . Otherwise, the parameter is
updated with Egs. (22) and (23). With the criterion

the unnecessary computation can be avoided if the
current system performance is acceptable.

5. Structure Learning Process

5.1 rule-splitting constitution for SCNFS

In the rule constitution of SCNFS, the mathematical
description of the existing rules can be expressed as
an M-dimensional cluster, given as follows.

) =00 =ATept 1l )
ik

(24)
In EqQ. (24), each cluster is regarded as a fuzzy rule
and can be viewed as a multi-dimensional fuzzy
membership function. In the proposed rule-splitting
phase, the rule which has been intensively activated
should be split to give advanced 1/O interpretation.

The normalized values 7 of B*(N), N=12,---0,
are calculated.
2 nk
. 2B (25)
ﬂ — RN:l
2

=1

B (N)

Mo

1
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For each rule of SCNFS, the value of 7 is calculated

after each parameter training epoch. If 7 is larger

than a specific constant %R(N)W} , then the

splitting index of the £-th rule, 1} (1! (0) =1), will be
increased.

Ly, =15, xy (26)
where w >1. The criterion of splitting a new rule is
given as follows.
o _fexnlrl, ~D)-lexp(r), )] 27)
» {exp(lx’; —1)}+ {exp(l_fp —l)}
If A >U,, where U, (0,1)a pre-given threshold,
then a new cluster should be generated by splitting
from the k-th rule. The mean and the variance of the

original and the new membership function are given
as follows.

My =My X0 |io (28)
mi(new) = mi(k) X (1_ 51) |i=l,2 ..... M (29)
O-i(new) = O-i(k) |i:1,2 ..... M (30)

where 0< 6, <1 isa pre-given constant.

5.2 Rule-expansion for SCNFS

Although the rule-splitting process has been used to
cover the incoming input variables as sufficient as
possible, however, some of the generated rules may
not well “fired” at current sample time, i. e., the
existing clusters are too far away from current input.
Thus, the structure redundancy will cause the
problem that some rule does not give contribution. In
this paper, the rule-expanding process is provided to
ensure that each rule is well-contributed. In Eqg. (25),

if ,7 is smaller than the pre-defined constant, then

the index for the rule-expansion, denoted as 7‘

(7% (0)=1), will be increased.

I, =1, %y (31)

The criterion of expanding a new rule is described as

follows.

N 1ot D)l - )| (32)
“ ootk ~nf+ ot -1

If A' <L, ,where L, (-10) apre-given threshold,

then the variances of the &-th rule are given.

Tty = Oy X 02 licsa,.ur (33)

where §,>1. With the simple concept for

determining the importance of the existing rules
based on judging the rules is whether appropriately

Table I. Settings for the SCNFS learning.

77 T Uth Lth 4 4 51 52
0.05 0001 04 -04 1 105 02 1.2

“fired” or not, the proposed rule self-construction has
provided an efficient way for optimizing the NFS
structure.

6. Experimental Results

In this section, a speech signal example is given to
verify the performance of the SCNFS. 8000 sample
data are contained, 400 sample data for the training
purpose and the rest for testing. The parameter
settings for the RO-LSE algorithm are given in Table
I. The inputs to the SCNFS filter are the noise signal
h,(t) =n(¢) and the lagged noise h,(r) =n(t-1). The
noise channel transfer function between the noise n(f)
and the contaminating signal y(¢) is given as follows.

i - 34
50 = £ (0, - = SCOCD G
1+[n(t-1)°]
Based on the priori information of received noisy
signal data, the neuro-fuzzy filter attempts to identify
the relationship of n(¢) and y(¢) of the nonlinear noise
channel. To train the NFS filter, the signal (¢) is
generated as the training data for the Cl-based
adaptive filter. The cost function for training is given
in Eq. (16) for RO-LSE learning. The Gaussian noise
is assumed with zero mean and with different
time-varying variances given as follows.
0.2, 0< N <2000

0.3, 2000< N <4000
0.15, 4000< N <6000

1.0, 6000< N <8000

The cost value generated by Eq. (16) and the rule
amount of SCNFS is shown in Fig. 4, where the
RMSE is given with 0.0076 and five rules is
generated in final for the SCNFS. The source signal
x(f) and the corrupted signal m _(¢r) of the example

are shown in Figs. 5(a-b), where the received signal
shown in Fig. 5(c) is more complicate than the noise
signal with static variance. The result of recovered
signal is shown in Fig. 5(d).

(35)

7. Conclusions

The Cl-based signal filtering approach has been
proposed to the problem of adaptive noise
cancellation. The RO-LSE hybrid learning approach
for the Cl-based filter has been applied on the speech
signal example with excellent performance, as shown
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in Fig. 5. With the machine learning approach, the
premises and consequents of the SCNFS are updated
complementarily. The RO-LSE hybrid learning
algorithm enables the SCNFS to perform the
structure learning and the parameter learning
simultaneously. With the proposed approach, a
compact and well-parameterized NFS filter can be
achieved with excellent performance with the RMSE
of 0.0076. The proposed SCNFS features the salient
properties, which include online rule construction,
derivative-free learning, easy in programming, fast
convergence, robustness in exposure of different
time-varying variances of noise. Through the
experimental results, the Cl-based approach has
shown excellent filtering performance for noise
cancellation.
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Fig. 5. Experimental results by the Cl-based filter. (a)
Original speech signal. (b) Noise signal. (c) Corrupted
speech signal. (d) Recovered speech signal by the
proposed SCNFS.



