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ABSTRACT

This paper presents a novel adaptive pipelined neural finite impulse response (PNFIR) filter for nonlinear
signal processing. Unlike traditional pipelined recurrent neural network (PRNN), each module of the
PNFIR filter is a simple architecture that includes a standard FIR filter followed by a nonlinear activation
function. The complete design of proposed filter includes two subsections: The nonlinear part consists of
neural FIR (NFIR) modules which is interconnected in a chained form and simultaneously executed in a
parallel fashion; the linear subsection is a tapped-delay-line (TDL) linear combiner. Based on convex
combination architecture, the adaptive algorithm derived from the gradient descent approach is utilized
to update weights of the nonlinear and linear parts. Moreover, the analysis of stability conditions and
computational complexity is also presented. Numerous simulation experimental results on nonlinear
dynamic systems identification, speech signal and chaotic time series prediction show that the proposed
PNFIR filter has simpler architecture, faster convergence rate, and lower computation complexity than
the PRNN and joint process filter using pipelined feedforward second-order Volterra architecture

(JPPSOV).

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

Many physical signals encountered in practice are usually non-
stationary and nonlinear (e.g., nonlinear colored signals, speech
signals, chaotic signals). The processing task of such signals is
increasingly difficult, since the mathematical models to describe
them are often complicated to derive. Linear adaptive techniques
based on the linear model do not perform well for such signals
due to their nonlinearity nature. During the past decades, nonlin-
ear adaptive filter drew attention of many researchers due to its
superior performance when compared with the linear adaptive fil-
ter in many practical applications. Different nonlinear filter design
approaches are suggested to model nonlinear systems [1,2]. How-
ever, to find a unified theory for modeling and characterizing them
accurately is hard. So far, the most widely used nonlinear filters
mainly have the following two categories: polynomial filters (PF)
[1] and neural networks (NN) [2].

It is well known that NN are attractive owing to their learning
and generalization abilities. They emerge as an effective and pow-
erful tool to approximate nonlinear functions and expand signal
processing horizons. Various types of NN such as radial basis func-
tion (RBF) [2-4], multilayer perceptron (MLP) [2,5], and recurrent
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neural network (RNN) [2,6] can be found in the literature to the
nonlinear system identification [7,8], channel equalization [9-
12], speech prediction [13-15], active noise control [16,17].

The adaptive nonlinear filters based on NN, especially RNN,
exhibit a wide range of dynamics thanks to its recurrent architec-
tures [6]. This advantage can enable RNNs to accurately model
nonlinear dynamic systems, which are suitable for many practical
applications. However, the major drawbacks of RNN filters are the
heavy computational burden and slow convergence rate. To cope
with these problems, a computationally efficient nonlinear predic-
tor using the pipelined RNN (PRNN) architecture was proposed by
Haykin and Li [18,19]. The application of PRNN have been already
presented in the literature to prediction of speech, identification of
nonlinear dynamic systems, communication systems, e.g,. see [20-
23].

Volterra filter (VF) plays a very important role in polynomial fil-
tering study due to its simple architecture and nonlinear process-
ing capability. Moreover, the global convergence of VF is
guaranteed because it can be considered as a straightforward gen-
eralization of linear adaptive filters. Therefore, the Volterra series-
based model has been widely used in the applications such as the
nonlinear system identification [24], channel equalizer [25], image
processing [26], active noise control [27], acoustic echo cancella-
tion [28], just to mention a few.
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However, since the VF requires a large number of coefficients to
be able to accurately model nonlinear systems, its computational
complexity becomes heavy burden. One main reason is that the
coefficient of the Volterra filter increases geometrically as its mem-
ory length and/or order goes up. To mitigate this disadvantage,
many researchers have developed low-complexity Volterra filters.
Koh and Powers proposed an iterative factorization technique [29];
Lou et al. used a method based on multi-memory decomposition
(MMD) [30]; Panicker and Mathews presented an adaptive
parallel-cascade Volterra filter using the normalized least mean
square (NLMS) [31]; Banat proposed a pipelined Volterra filter uti-
lizing the recursive equation [32]. Especially, an efficient method,
which using pipelined SOV architecture was proposed by Zhao
and Zhang [33], is an adaptive joint process filter using pipelined
feedforward second-order Volterra architecture (JPPSOV). Com-
pared with the direct-form SOV, the JPPSOV exhibits better perfor-
mance and lower computational complexity.

The VF and RNN using pipelined architecture can significantly
reduce the computational complexity. However, because of their
structural characteristics, the computational burden still prohibits
many applications in practice. Moreover, these filters are slow in
converging to the optimal state. Therefore, in order to offer a non-
linear filter which has simple architecture, low computational
complexity and fast convergence rate, we propose a novel pipe-
lined neural FIR (PNFIR) in this paper.

The rest of the paper is organized in the following manner. In
Section 2, we present a motivation for the proposed filter. In Sec-
tion 3, a brief summary of the neural FIR filter is given. Section 4
and 5 present the PNFIR architecture and adaptive algorithm,
respectively. The analysis of stability conditions and computational
complexity of the PNFIR filter is given in Sections 6 and 7. Section 8
illustrates the effectiveness of the proposed filter by comparing it
with JPPSOV and PRNN. Finally, the conclusion is drawn in
Section 9.

A. Notation

In this paper, vectors are represented by capital letters and sca-
lars are denoted by lowercase letters. Time-varying vectors and
scalars show discrete-time index in brackets. A regression vector
is expressed as X(n) = [x(n),x(n —1),...x(n — N +1)]", where N is
the overall vector length and x(n-i) is entry at the time instant n-
i. All vectors are expressed as column vectors.

2. Motivation

By embedding memory into a static perceptron, Mandic et al.
developed a series of neural FIR filters (dynamical perceptron) for
nonlinear system identification and non-stationary signal process-
ing [34-38].These nonlinear filters have low computational com-
plexity, simple architecture, and effective nonlinear processing
capability for small-scale applications which is almost equal to tra-
ditional neural networks’. However, its nonlinear processing capa-
bility is only based on the static nonlinearity of perceptron. Thus,
when the task of interest is a difficult one, its nonlinear processing
capability is limited. Indeed, this is the main reason that hinders
the applications of the NFIR filter in practice.

In this paper, we present novel PNFIR architecture for nonlinear
adaptive filter. Based on the nested nonlinearity of cascaded mod-
ules, the overall input-output relation of the nonlinear subsection
is similar to that found in a multilayer perceptron. Consequently,
the capability of nonlinear signal processing of the filter can be
improved. In addition, thanks to the convex combination of the
output of the TDL linear combiner and the output of the standard
FIR filters, the PNFIR would adequately employ advantages of the

221

Neurocomputing 440 (2021) 220-229

nonlinear filter and characteristics of the linear filter to improve
its performance. The main differences of the PNFIR compared with
the previous pipelined architectures include the following:

- Each module in the nonlinear subsection of the PNFIR is a sim-
ple architecture that includes a standard FIR filter followed by a
nonlinear activation function.

- The weights update method of the linear and nonlinear parts is
based on convex combination architecture.

3. Brief of neural FIR (NFIR) filter

In order to tackle the disadvantages of the neural network
(heavy computational complexity, complicated architecture, local
minimum point...), Mandic et al. presented a series of adaptive
neural FIR (NFIR) filters and realized them as a dynamical feedfor-
ward neuron based on the FIR architecture [34-38]. These filters
have the simple architecture, low computational complexity, and
theirs nonlinear processing capability for small-scale applications
is close to that of traditional neural networks. An NFIR filter is
depicted in Fig. 1. It consists of a standard FIR filter followed by a
nonlinear activation function f(.), typically a sigmoid.

Let X(n) denotes the N input signal vector of the filter is given as
follows

X(m)

[x(n),x(n—1),..x(n —N+1)]"

(1
The weight vector of this filter is defined as
W (n) = [wy(n),ws(n), -, wy(m)]" (2)
The cost function of the nonlinear gradient descent (NGD) algo-
rithm for a structure shown in Fig. 1 is expressed by

J(n) = €(n)
where e(n) =d(n) —y(n)

3)
d(n)—f{WT(n)X(n)} is the instanta-

neous output error; d(n) is the desired response of the filter; f{.}

is the nonlinear activation function; and (.)" is the vector transpose.
The gradient of J(n) with respect to the weight vector W(n) is given
by

Viumd ()

o(dm)—f{wT m)X(n)
2e(n) LT LV Wx})

~2e(mf {W' (m)X(n) }X(n)

By using the gradient estimation algorithm along the negative
of the gradient of cost function with respect to weight vector
W (n), the weights updating equation is given as follows

Wn+1)= W(n) 1AW
W(n) + ne(mf {W' ()X (m) }X(n)

(4)

(5)

d(n)

Z(”) y(n) @

e(n)

s Adaptive
algorithm

Fig. 1. Diagram of adaptive neural FIR filter.
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where 7 denotes the learning rate of the algorithm.

Based on the characteristics of the activation function, it can be
seen that when the external signal input is relatively small, it
behaves as an approximate linearity; but when the input signal
is large, its approximation tends to the limits O and 1 or —1 and
1 (depending upon the choice of activation function), which leads
to the distortion at the output. Therefore, to ensure the effective-
ness of the NFIR filter, the amplitude of external signal input
should be selected appropriately.

4. The structure of PNFIR filter

Haykin and Li had proposed a nonlinear adaptive predictor
based on pipelined architecture to overcome the computational
complexity of the recurrent neural network (RNN) [18,19]. Follow-
ing their work, many types of nonlinear models based on pipelined
architecture have been proposed and successfully applied in prac-
tice [39-41]. Keeping the view of pipelined architecture, a novel
PNFIR filter is proposed to improve performance of the NFIR non-
linear filter. The operation of the PNFIR is based on modularity
principle.

The proposed PNFIR architecture is illustrated in Fig. 2. It con-
sists of two subsections: nonlinear subsection is the NFIR modules
performing a nonlinear mapping from the input space to an inter-
mediate space, and linear subsection is a tapped-delay-line (TDL)
filter performing a linear mapping from the intermediate space
to the output space. Its output signal is a convex combination of
the output of TDL linear combiner and output of standard FIR fil-
ters. Moreover, this new structure uses an overall feedback signal
(the output of the first module) which performs as the guiding
principle to improve nonlinearity [19].

4.1. Nonlinear subsection

The nonlinear subsection of the proposed structures is com-
posed of M identical NFIR modules. Inputs of each module include
L external input signals and a one-unit delayed signal of the previ-
ous adjacent module output. In the case of module M, input signals
consist of L external input signals and a one-unit delayed version of
signal feedback from module 1. All the modules operate similarly,
which have exactly the same numbers of input signal. The detailed
structure of the module i is depicted in Fig. 3.

Let X;(n) denote the L + 1 input signal vector of module i and is
given as follows

X, (n) X,(n)
Module Module
(1) z(n)
> M . f * ' [yl . ’\f/ .
7271 Y u(n’l)
A 4
T o L2
Y 4 v
W)
\ >/z
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Module i
x(n—i+1)
— N h]1
s
— > hz
-1
Z 19) )2
71
L h
r(n) =
L h

Fig. 3. Detailed construction of module i.

Xi(n) = [x(n—i+1),x(n—1i),.., x(n—i—L+2),r;(n)",1<i
<M (6)
where r;(n) is the previous adjacent module output or signal feed-

back. In the case of module M, it is an overall feedback from module
1.

- :{ylmfl)i:M

Vi (n—1)i=M @

The synaptic weight vector of module i in the PNFIR architec-
ture is represented as
Hi(n) = [ha(n), ho(n), - higy ()], 1 < i< M (8)

and the output y;(n) at the nth time point computed by passing z;(n)
through a nonlinear activation function is written as

yi(n) = f{zi(n)} 9)

where f{.} denotes nonlinear activation function, and z;(n) is output
of standard FIR filter is defined by

z(n) = Hj (n)Xi(n) (10)

4.2. Linear subsection

In linear subsection, we define the weight vector W(n) of TDL
filter as follows

x(n)
o X,\(n)
> Module
2(m. y(n)
z > 1 e f ) Adaptive
v, (n-1) o algorithm
’ . i
v
8, 10
i@
Yl e
'/‘ (2) o>
Ve o T
ffffffffffffffffffff v WS v
»{3) s Adaptive
algorithm

Fig. 2. The pipelined neural FIR filter.
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W(n) = [wi(n), wa(n), -, wa(n)] (11)

where M is the number of the modules in pipelined structure. From
Fig. 2 we can easily see that the corresponding input vector of the
TDL filter consists of the present output of each module, as shown
by

Y(1) = [y1(n), Y5 (), .. Y ()] (12)
Thus, the output of linear subsection can be expressed as
1(n) = Wi(n)Y(n) (13)

where y,(n) can be considered the output of TDL linear combiner.
4.3. The PNFIR filter output

As shown in Fig. 2, the output of the PNFIR filter is the convex
combination of the output of TDL linear combiner and standard
FIR filters. Thus, its output at time n can be written as

y(n) = Amy;(n) + (1 = A(n))y,(n)

where ¥, (n) is sum of the outputs of standard FIR filters; y(n) is a
prediction value of the actual desired sample d(n); and A(n) is an
adaptive convex combination parameter which lies between zero
and one. In order to keep /(n) in the interval (0,1), it is defined
via a nonlinear activation function as follows

1
1+ exp[—a(n)]

(14)

A(n) (15)
where a(n) is a variable parameter which can be adaptively
adjusted. Convex combination parameter Z(n) increases monotoni-
cally with a(n). However, when A(n) is too close to 0 or 1, the a(n)
will stop updating. To deal with the disadvantage, the values of
a(n) can be limited to the interval [-4,4] [42].

5. Adaptive algorithm

Based on the architecture of the proposed PNFIR filter, the sum
of the outputs of standard FIR filters can be computed as

Yo(n) = ZM;Z,-(n) (16)
Hencej the output of the PNFIR filter can be rewritten as
y(n) = imy(n) + (1 = 4(n))y,(n)
= i(n) iEM;Wi(n)yf(n) +(1-2(n)) le;Zi(n) (17)

The error function e(n) between the desired response d(n) and
estimated signal y(n) is given by

<

- >

i=1

d(n) = a(n) Y wi(n)y,(n) — (1~ A(n))

i=1

zi(n) (18)
Therefore, the cost function of the PNFIR filter at the nth time
point is defined by

J(n) =e*(n)

M M 2

d(n) = a(n) Y wi(m)y;(n) = (1 = 4(m) Y zi(n)

i=1 i=1

(19)

Taking as objective the minimization of the cost function J(n),
the parameters H;(n), W(n) and a(n) of the PNFIR filter are adjusted

by the stochastic gradient estimation algorithm as the following
formulas
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Hi(n+1) = Hi(n) — 172—”VHi(nJ(n), (20)
W(n+1)=Wn) — ”zl Vil () 21)
a(n+1) =a(n) - gvum}(n) (22)

where 1, 1,, and p are learning rates of nonlinear subsection, lin-
ear subsection and variable parameter. Vy,uJ(n), VwJ(n) and
VamJ(n) denote the gradient of J(n) with respect to the weight vec-
tor H;(n), W(n) and a(n), respectively.

5.1. Nonlinear subsection

For the nonlinear subsection, the gradient of J(n) with respect to
the weight vector H;(n) is calculated as follows

O
Viml(n) = 2e(n) s
— e (23)
oldm—2am) y .~ winy;(m—(1-im)y .~ zn)
— 2e(n) PIUTLTUREI) o )

Substituting Eqs. (9) and (10) into Eq. (23) we can get
Vil (n)=—2e(n)
o (Mm)>=i! wim)f {H] (m)Xi(m) f(1-m) S22 H] (mXi(m))

oHi(n)
—2e(n) [2(mwi(mf' {H] (m)Xi(m) }(1-2(m)) | Xi(n)
(24)

Therefore, the weight updating equation H;(n) of PNFIR filter in
accordance with gradient descent approach is given as follows

Hi(n+1) = Hy(n)
 me(m) [ Amwi(m)f {H] (mXi(m) | + (1 — i) |Xi(n)
(25)

5.2. Linear subsection

For the linear subsection, the gradient of J(n) with respect to the
weight vector W(n) is obtained

Ll
Vwml(n) = 2e(n)
R () DR A A1) )
= 2e(n) T (26)
M
a(dm-amwmYm-1-im)S" z(n)
= 2e(n) ( D > )

—2e(n)A(n)Y(n)

Therefore, the weight updating equation W(n) of PNFIR filter in
accordance with gradient descent approach is given as follows

W(n+1) =W(n)+n,emin)(n) (27)
5.3. Convex combination parameter

For the variable parameter a(n), the gradient of J(n) with respect
to the parameter a(n) is calculated as follows

N
Vawl(n) = 2e(n) 5
N M N M
_ 5 o(dm) im0 wimyym-(1-2m) S zi(m))
- E(Tl) aa(n)
. Y (28)
3(%2{:1W"(n)y"(n)fwzgﬁ(”))
= —Ze(n) da(n)

—2e(n)(§1(n) — Y, ()A(m)[1 — A(n)]
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Therefore, the update equation of the variable parameter is
derived as follows

a(n+1) = a(n) + pe(n)(y,(n) - y,(m)am)[1 - i(n)] (29)

6. The analysis of stability conditions

According to the adaptive filter theory [43], we know that the
update Egs. (25) and (27) will not ensure stability unless a strong
condition is imposed on the step sizes #,, and #,,. In this section,
we give the stability conditions for nonlinear and linear subsec-
tions of PNFIR filter.

6.1. Nonlinear subsection

According to the rule of the Taylor expansion [44], the instanta-
neous error (18) can be expanded as follows
de(n)
OH;(n)

en+1)=e(n)+ AH;(n) + h.o.t (30)
where h.o.t denotes the higher order terms of the rest of Taylor ser-
ies expansion and can be ignored. Thus, for simplicity, we only con-
sider the first and second terms of the instantaneous squared error

as follows

2
E(n+1) - () = [E0L AR +2 S50 AH et (31)
From (20), the weight correction is obtained by
_H e ()
AHj(n) = Hi(n+ 1) — Hy(n) = 2 9Hi(n) (32)

During the training process, the error change AJ(n) can be given by
Al(n)=J(n+1)—Jn) =€ (n+1)-e*(n) (33)

Substituting Egs. (31) and (32) into Eq. (33), we can get the fol-
lowing relation
de(n)

am = {ki
2 de(n) 12 2
AH; (n){[i)Hi(n)] + 3w oHm

2 oe(n) 12 4 oe(n)
AH; (n){ L’“x(")] ,1H% oH;(n)

de(n)

2
AH;(n)]” +2

AHi(me(n)}
e(n)}

e(n)}

Therefore, a loosely defined restriction of convergence condi-
tion for nonlinear subsection of the PNFIR filter (AJ(n) < 0) can
be derived as follows

de(n)

(34)

de(n) 1? 4 de(n)
AHim { } Ty en) <0 35
i ( ){ Hi(m)] ™ 1y, 0 5Hi(m) (n) (35)
dei(n)]> 4 den)
= M {6Hi(n) < 7 O n) ei(n) (36)
)
Ch de(n) o) oe(m) sen) 12 (37)
[BH,v(n)] OH;(n) oH;(n) |:3H,(n)i|

So, the range of learning rate of nonlinear subsection to guaran-
tee a convergence condition of PNFIR filter is given as follows

O<iy<—2—=
sup s

2
sup{ [2(mw;(m)f (H] (m)X; (m)+(1—A(m)|X;(m) }

(38)
0<ny<

2
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where “sup” denotes a supremum operator.
6.2. Linear subsection

Using the methods of analyzing stability condition and conver-
gence performance of NLMS algorithm under small step size
assumptions [43], we can present the range of learning rate to
guarantee a convergence condition of linear subsection for PNFIR
filter as follows
0< M = ymax(RYY) (39)

Ry = E[Y(n)Y"(n)] (40)

where denotes the max eigenvalue of matrix Ryy

Vmax
7. Computational complexity analysis

In this section, an analysis of the computational complexity of
the proposed PNFIR filter is presented. Assuming L and M are the
external input signals of each module and the number of modules,
respectively. The computational complexity of the PNFIR filter is
required the following major operations

a) Computing the estimation error in Eq. (18) requires (ML + M
+2) multiplications and (ML + 2) additions

b) Computing the update of coefficients H;(n) in Eq. (25)
requires (2L +4) multiplications and (L + 1) additions

c) Computing the update of coefficients W(n) in Eq. (27)
requires (M + 2) multiplications and M additions

d) Computing the update of variable parameter a(n) in Eq. (29)
requires 4 multiplications and 3 additions

Accordingly, the computational complexity of the PNFIR
requires about 2ML + 3 M + 3L + 18 arithmetic operations. Besides,
referring to the studies in [37,18], and [33], we obtain the compu-
tational complexity of the NFIR, PRNN, and JPPSOV, respectively.
Therefore, a brief comparison of the number of arithmetic opera-
tions for these adaptive filters is summarized in Table 1. Where
M, and q are the number of modules and number of output layer
neurons of PRNN, respectively; L; is the memory length of the
NFIR; L, and M, are the external input signals of each module
and number of modules of JPPSOV, respectively. Table 2 offers a
computational complexity comparison for a special case in the
simulation. Here the parameters are selected as in example 3 of
the experiment on nonlinear system identification.

Table 1
Total computational requirements of NFIR, JPPSOV, PRNN and PNFIR.

Type of filter Arithmetic operations

NFIR 6L;+7

PNFIR 2M(L+1)+3M+3(L+1)+18

PRNN Myg*+3(M; +1)

JPPSOV (2 My + 5)[(L3 + 5L, + 6)[2] + 6 My + 1
Table 2

Computational requirements of the filters in example 3 of the simulation section.

Type of filter Parameter values Arithmetic operations

NFIR I3=2 19
I5=30 187
PNFIR L=2,M=5 72
PRNN q=3,M =5 423
JPPSOV Ly=2; My =5; 181
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From Tables 1 And 2, we realize that the computational com-
plexity of the proposed PNFIR is higher than that of NFIR (L =2),
however the performance obtained of NFIR filter is very low (see
the next section). Increasing the memory length of the filter (such
as NFIR (L =30)) is also not a feasible solution, because it signifi-
cantly increases computational complexity but achieves trivial
performance. And obviously, the computational requirement of
PNFIR is significantly lower than that of the JPPSOV and PRNN.

8. Simulations

In order to evaluate the performance of the proposed PNFIR fil-
ter, a number of simulations are carried out to verify the effective-
ness of our proposed method including the nonlinear dynamic
systems identification, speech signal and chaotic time series pre-
diction. The performance of the PNFIR filter is compared with NFIR,
PRNN and JPPSOV filters in terms of convergence speed, steady-
state error and signal prediction ability.

In the simulations, the nonlinear active function is chosen to be
the logistic sigmoid function as follows

1

= 41
f®) 1+ exp(—x) (41)
and initial value of convex parameter A(0) and variable parameter

a(0) are set to 1 and 0, respectively.

8.1. Identification of nonlinear dynamic system

In the simulation, we have used the unknown system models
[8] as follows

dn-1)

_ 3
71+d2(n—1)+x(n)

d(n) (42)
where d(n) and x(n) are the output and input signal of the unknown
system, respectively.

The measurement noise is assumed to be a mean-zero white
Gaussian noise that was uncorrelated with the input signal, and
the input signal to measurement noise ratio (SNR) is chosen to
be 30 dB. The performance of the different filters will be measured
in terms of the mean square error (MSE) which is obtained by aver-
aging over 100 independent runs.

MSE = 10log10(e?(n)) (43)

In this experiment we use two kinds of input signals: one is ran-
dom sequence with uniform distribution, and the other is colored
sequences. The range of input signal is chosen as (0, 0.6). The col-
ored signal generated by passing white noise u(n) through an AR
model is given by [38]

x(n)=1.79%(n —1) — 1.85x(n — 2) + 1.27x(n — 3)

—0.41x(n—4)+u(n) (44)

where u(n) is mean-zero white Gaussian noise with variance one.

Example 1: Choice of the number of modules

The number of modules of the proposed PNFIR filter is an
important parameter, which directly affects the performance and
the computational cost of the filter. Fig. 4 shows the relation
between the MSE and the number of modules for colored input sig-
nal with M increasing from 2 to 12, assuming that the external
input signal L = 2, the learning rate of nonlinear and linear subsec-
tion of PNFIR filter are set to 1, = 0.5, y,, = 0.01, respectively; the
parameter of convex function is chosen as p = 0.01. From Fig. 4, we
can clearly see that the MSE is the lowest when M equals 5 to 8 and
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x 10°
7 : ;

PNFIR

Mean-square error

2 3 4 5 6 7 8 9
Number of modules

Fig. 4. Illustrating the relation between the mean-square error and the number of
modules for the case of input colored noises.

increases as M is greater than 8. According to the adaptive filtering
theory [43], the main reason for the increase in MSE may be the
overparameterized estimated problem. The choice of M controls
the trade-off between computational complexity and performance,
thus, we here choose M to be equal to 5.

Example 2: Choice of the number of external inputs

Fig. 5 describes the influence of the number of external input in
the PNFIR filter on the MSE performance for colored input signal
with L increasing from 1 to 10, assuming that the number of mod-
ules M = 5; the learning rate of PNFIR are set to 7, = 0.6, n,, = 0.01
and p = 0.1. For a specific level of L, Fig. 5 shows that the MSE
decreases when L is chosen in the range of 2 to 4, and increases
when L is greater than 4. The reason for increasing MSE (when
L >4) can be explained as the overparameterized estimated prob-
lem in adaptive filter processing. Similar to the parameter M, the
parameter L is also chosen based on the compromise between
computational complexity and performance, thus here we choose
L=2.

.34 T T

PNFIR

3441

Mean-square error

-35+

1 2 3 4 5 & 1 8 9
Number of external input signals

Fig. 5. Illustrating the relation between the MSE and the L for the case of input
colored noises.
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According to the aforementioned discussion and the results of
the studies in [18,33], a summary of the parameters for PNFIR,
PRNN, JPPSOV and NFIR filters is provided in Table 3.

Example 3: To further illustrate the function and advantage of
the convex combination architecture, a simulation experiment
have been conducted to compare the performance of the PNFIR
and that of the PNFIR with /(n) = 1(i.e., the linear and nonlinear
parts of PNFIR are updated like the algorithm in [33]). In this
experiment, the input is the random sequence with uniform
distribution. The learning rate of the PNFIR filter and the PNFIR
(2(n) = 1) filter are selected the same and are set to #, = 0.6,
1, = 0.01; The learning rate of the parameter a(n) is chosen
as p = 0.6. From Fig. 6, it is clear that the PNFIR architecture
using convex combination algorithm achieves better perfor-
mance than using the algorithm as in [33].

Example 4: In this example, we test the performance of the fil-
ters when the input is the random sequence as used in example
3. The learning rate of the PNFIR filter are set to #, = 0.6,
1, = 0.01, and p = 0.6. The learning rate of nonlinear and linear
subsection of PRNN filter are chosen as 51y =0.001 and
nly = 0.004, respectively. The learning rate of nonlinear and
linear subsection of JPPSOV filter are set to #2y = 0.2 and
12w = 0.5, respectively. The learning rate of NFIR is set to
13 = 0.031 with L3 = 2 and #3 = 0.61 with L3 = 30. Fig. 7 shows
the averaged MSE performance curves for the random input
signal.

Example 5: In this example, the performance of the NFIR,
JPPSOV, PRNN, and PNFIR filters are investigated with the col-
ored input signal. The learning rates of the filters are: for the
PNFIR (yy=0.5, 1,=0.001 and p=0.01); for the PRNN
(11 =0.001 and 51, =0.002); for the JPPSOV (#2y=0.1 and
12 = 0.9); for the NFIR (#3 =0.1 with L3 =2 and #3 = 0.9 with

Table 3
The parameters of all the nonlinear filters.
Parameters PNFIR JPPSOV PRNN NFIR
Number of external input 2 2 2 2 and30
forgetting factor y - - 0.97 -
Number of output layer neurons 1 - 3 1
Number of modules 5 5 5 -
-5 v T T v
PNFIR with A=1
PNFIR
-10}-
15}
m
=
L -20 g
9]
=
-35 L " 1 I 1 L 1 n
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

lterations

Fig. 6. Comparison of MSE of the PNFIR and PNFIR with i(n) =

1.
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—— NFIR(L=2)
NFIR(L=30)
PRNN
JPPSOV

MSE(dB)

M

My

-35

L L L L L L L
1500 2000 2500 3000 3500 4000 4500 5000
lterations

Il Il
0 500 1000

Fig. 7. Comparison of MSE for random input signal.

L3 =30). Fig. 8 shows the averaged MSE performance curves
for the colored input signal.

Figs. 7 and 8 show the MSE performance of the filters for the
random input signal and the colored input signal, respectively.
According to these two figures, we can see that in the same condi-
tions, the PNFIR filter is superior to the NFIR filter. The NFIR filter
can increase performance within a certain value by extending its
memory length. Moreover, increasing the memory length would
make its computational complexity become heavy. In addition,
the PNFIR exhibits a faster convergence rate than that of the PRNN
and JPPSOV filters.

8.2. Prediction of chaotic time series

To illustrate the effectiveness of proposed PNFIR filter for pre-
diction of chaotic time series, a nonlinear signal predicting system
is implemented in Fig. 9. Input signal x(n) of system is the Mackey-
Glass chaotic time series which are generated by a delay differen-
tial equation as follows [45]

-5 i
NFIR(L=2)
NFIR(L=30)
-10 PRNN I
JPPSOV
— PNFIR
15 B

d n

MSE(dB)

: i ‘H\W\H Wi WWr WWMW‘ i W LLLL

40

L L L L L L L
1500 2000 2500 3000 3500 4000 4500 5000
Iterations

Il Il
0 500 1000

Fig. 8. Comparison of MSE for colored input signal.
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PNFyK/ﬁlter

# l Adaptive algorithm

Fig. 9. Structure of PNFIR predictor.

YO _ =1 (45)

d " 11ye-1°

where 7 is the delay time. The system is chaotic when t > 16.8. The
data set was constructed using parameter o« = 0.2, b=0.1, and
T=17.

The squared root of the MSE is used to evaluate the prediction
accuracy, which is defined by

1 o2
RMSE = HZ(J/(f)—Y(f)) (46)

t=1

where y(t) is the estimated value of y(t) at time t.

In the simulation, to obtain the best result of nonlinear predic-
tors, their parameters’ values are chosen after several trials. The
parameters of PNFIR are chosen as #,=0.9; #n,=09 and
p =0.9. The learning rate of nonlinear and linear subsection of
PRNN and JPPSOV filters are set to nly =0.04, n1,, =0.9 and
n2y = 0.9, 52, =0.9, respectively. The training chaotic time
sequence length is 400. The range of input signal is chosen as (0,
0.1).

Figs. 10, 11 and Table 4 depict the results of the predictors, the
predicted error and the final RMSE value of all of the nonlinear pre-
dictors, respectively. From these results, we can observe that the
predicting capability of the PNFIR is better than that of JPPSOV,
but slightly less than that of PRNN. However, it should be noted
that in order to achieve such good predictability, PRNN has to
pay a much more computational cost than PNFIR.

Therefore, these results clearly reveal that the PNFIR is capable
of efficiently capturing the underlying dynamics from the chaotic
time series.

plant
PNFIR [

Amplitude

0 50 100 150 200 250 300 350 400
lterations

Fig. 10a. Predicted values of PNFIR.
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Fig. 10b. Predicted values of JPPSOV.
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Fig. 10c. Predicted values of PRNN.
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Fig. 11. Comparison of predicted errors.



D. Cong Le, J. Zhang and Y. Pang

Table 4

Comparing the RMSE for all the nonlinear

filters.
Prediction model RMSE
PNFIR 0.0078
PRNN 0.0064
JPPSOV 0.0090

8.3. Speech adaptive prediction

To evaluate the performance of the proposed PNFIR in the pre-
diction of speech signals, we applied the nonlinear adaptive predic-
tor to the case of speech signals which is made up of 4000 points.
The measure used to evaluate the performance of the predictor is
the one-step forward prediction gain defined as

)
R, = 10log10 <J—;>
g,

e

(47)

where 8§, Sz are the estimated variance of the input speech signal
and error signal, respectively. They are calculated as follows

=Ly e 2=ty e
i N i=1 7 ‘ N i=1

ey
[
8 05
Q.
) 0 L L L L L
0 500 1000 1500 2000 2500 3000 3500 4000
Iterations
@ 1 T T T T T
L 05
o 0 L L L L L L L
0 500 1000 1500 2000 2500 3000 3500 4000
Iterations
= T T T T T
3 1
P 05 f
o
- O L L L L L L L
0 500 1000 1500 2000 2500 3000 3500 4000
Iterations
- 1 T T T T T
£ o5
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Fig. 12. Original speech signals, predicting values by PNFIR, PRNN and JPPSOV.
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Fig. 13. Predicting error by PNFIR, PRNN and JPPSOV.

228

Neurocomputing 440 (2021) 220-229

Table 5

Comparing of the Rp for nonlinear filters.
Prediction model Rp
PNFIR 18.1017
JPPSOV 16.6485
PRNN 16.5766

The SNR of observation noise is chosen to be 50 dB. The param-
eters of PNFIR are chosen as #,; = 0.8, ,, =0.7 and p = 0.1. The
learning rate of nonlinear and linear subsection of PRNN and
JPPSOV are set to n1y =0.9; n1,, = 0.9 and 52y = 0.6; 2, = 0.1,
respectively.

Fig. 12 shows four curves of 4000 samples of the speech signals
including original speech, predicting by the PNFIR, predicting by
the PRNN and predicting by the JPPSOV. Fig. 13 depicts corre-
sponding predicting errors. The results obtained from Figs. 12
and 13 show that the performance of PNFIR is better than that of
PRNN and JPPSOV.

In addition, according to the one-step forward prediction gain
Ry of all the predictors (Table 5), it can be seen that the gain R,
of PNFIR is better than that of the JPPSOV and PRNN. Thus, the
PNFIR also has a good tracking capability for speech signals.

9. Conclusions

A novel nonlinear adaptive filter named pipelined neural FIR
(PNFIR) is presented in the paper. Since the PNFIR filter includes
a number of neural FIR modules, its architecture is simple and easy
to implement. Moreover, based on nested nonlinearity of cascaded
modules and the advantages of convex combination function, the
nonlinear processing capability of PNFIR can be improved. The sim-
ulation results demonstrate that the proposed PNFIR filter exhibits
faster convergence rate, lower computational complexity and bet-
ter ability to efficiently approximate nonlinear systems than PRNN
and JPPSOV filters. However, it should be noted that the PNFIR fil-
ter is more efficiently used under the amplitude of external input
signal is small. In conclusion, those characteristics are believed to
make the PNFIR filter be a potential choice for the problems of non-
linear signal processing.
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