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L1-Norm Penalized Bias Compensated Linear
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Abstract:This paper presents an I1-norm penalized bias
compensated linear constrained affine projection (11-BC-CAP)
algorithm for sparse system identification having linear phase
aspectin the presence of noisy colored input. The motivation
behind the development of the proposed algorithm is formulated
on the concept of reusing the previous projections of input signal
in affine projection algorithm (APA) that makes it suitable for
colored input. At First, 11-CAP algorithm is derived by adding zero
attraction based on I1-norm into constrained affine projection
(CAP) algorithm. Then, the proposed 11-BC-CAP algorithm is
derived by addinga bias compensator into the filter coefficient
update equation of I1-norm constrained affine projection (11-CAP)
algorithm to alleviate the adverse consequence of input noise on
the estimation performance. Hence, the resulting 11-BC-CAP
algorithm excels the estimation performance when applied to
linear phase sparse system in the existence of noisy colored input.
Further, this work also examines the stability concept of the
proposed algorithm
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I. INTRODUCTION

Use of linear constrained adaptive filtering in many digital

signal processing applications has been on a steady rise
owing to their utility in considering the prior knowledge
about the framework to be estimated. The estimation of the
frameworkrelays on some linear constraints which are
available in advance. Some examples of linear constrained
adaptive filtering are adaptive beam forming, linear phase
system identification, code division multiple access and
many more. [1-3].These applications have powered deep
interest in developing linear constrained adaptive filters.

The constrained least mean squares (CLMS) algorithm has
gained a lot of attention in linear constrained adaptive
filtering due to ease and simplicity in implementation [4]. But
CLMS algorithm has poor performance in the presence of
colored inputs. Moreover, the constrained affine projection
algorithm (CAPA) is developed to consider the colored input
[5]. As CAPA reusesthe previous projections of input signal,
hence it has better performance for colored input. However,
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CAP algorithm does not take into account the sparsity of the
system.

Later several sparsity aware affine projection algorithms
have been developed to consider the sparsity of the system
[12-13]. These algorithms append a zero attraction in
conventional affine projection algorithms. These algorithms
do not consider linear constraint of applications in
development. This paper first develops 11-norm constrained
affine projection (I11-CAP) algorithm that appends the zero
attraction based on I1-norm to consider the sparsity of the
system.

The above mentioned algorithm performs well for
constrained applications in the presence of noiseless colored
input. However, the performance of 11-CAP algorithm is
deteriorated in the presence of input noise. Moreover, the
input noise adds a bias in numerator as well as in
denominator of 11-CAP algorithm. Also it is to be noted that
in case of I1-CAP algorithm, both the estimation performance
and the stability of the algorithm are influenced by input
noise. However, the deterioration of the performance of the
proposed algorithm is caused largely by the bias in the
numerator [10].

To solve the problem of input noise, bias

compensation criterion has been developed [6-10]. Some of
the bias compensation criterion based adaptive algorithms
proposed in past are: bias compensated normalized least
mean square (BC-NLMS), bias-compensated robust
set-membership NLMS (BC-SM-NLMS), bias-compensated
normalized sub-band adaptive filter (BC-NSAF), bias
compensated affine projection like (APL), bias compensated
affine projection (APA) [6-10].These algorithms add a bias
compensator to make the estimation unbiased for noisy input.
However, these algorithms do not deal with sparsity and
linear constraint of the system simultaneously.
Based on the above concept of bias compensation, this paper
presents I1-norm penalized bias compensated constrained
affine projection (I1-BC-CAP) algorithm that takes into
account the input noise. The proposed work adds a bias
compensator into update equation of 11-CAP algorithm to
mitigate the unfavorable impact of input noise on the
estimation performance in constrained applications against
colored input. The rest of the paper is divided as follows. In
section 1lI, the I1-norm penalized constrained affine
projection (I1-CAP) algorithm is derived.
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Section Illdemonstrates the derivation of 11-BC-CAP
algorithm. Section IVillustrates the convergence behavior of
the proposed algorithm. Simulations and results are discussed
in Section V, and hence it is concluded in Section VI.

1. L1-NORM PENALIZED LINEAR CONSTRAINED
AFFINE PROJECTION (L1-CAP) ALGORITHM

This section derives 11-norm penalized linear constrained
affine projection (11-CAP) algorithm for linear constrained
filtering problem.

Consider the desired output d(k) of an unknown

systemas d(k) = wlx(k) +z(k) ,where w, is unknown
system coefficients vector of dimension NX1, x(k) € R¥*1js
the noise free input vector and z(k) is the observation noise of
channel.
Consideringw(k) as the adaptive filter coefficient vector of
length N, the cost function of I1-norm penalizedlinear
constrained affine projection (I11-CAP) algorithm can be
drafted as:

w(k + 1) = arg min|lw — w(k)||> + SlIwll;

Subject to d(k) — X" (k)w = 0,and ©Tw = h(1)where
X(k) € RV js input matrix consist of previous L-1
projection and current input vector

d(k)is desired output vector of dimension Lx1consisting of
previous L-1 and current output of the unknown system
andL is the projection order of 11-norm penalizedconstrained
affine projection (11-CAP) algorithm; g is sparsity
regularizer.

The parameter @represents NxP constraint matrix while f
represents a vector which comprises of the P constrained
output values.

With the help of Langrage multiplier approach, the
unconstrained cost function of 11-CAP algorithm can be
drafted as:

Jw) = llw = w(lI? + Bliwll, + AT (07w — h) +

Az(d(k) — X" (k) w) )

where

Aq and A, are Lagrange multipliers, and g is sparsity
regularizer.

Taking the gradient of cost function in (2), we have

gw) = % =2(w —w(k)) + Bsign(w) + @ A —

X(k)Az ®)
Setting derivate equal to zero in (3), the coefficient recursive
equationof 11-CAP algorithm can be written as:

wik +1) = wk) — Zsign(w(k)) - A, + 2 1,(4)

The value of Langrage multiplier A;can be computed as:
o7 0’e oTX(k

0T (wk))—h- BTsign(w(k)) - A+ 2( )

=0 (®)

Ay = [070]710TX(K)A, — B[OTO] 10 sign(w(k))(6)

Az
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Now the value of A,is calculated as:
dk) — X" (k) [w(k) - gsign(w(k))
0
) {[eTe] 107X (k)A,

- ﬁ[@T@]—leTsign(w(k))}]
+X ) =0 Y

Taking into account the error signale(k) = xT(k)w, +
z(k) - xT(k)w(k) and error vector e(k) = XT(k)w, +
z(k) - XT(K)w(k), we can find A,as

Ay = 2(XT(OPX(K) " [e) + X7 ()Qsign(w(K))](®)

Hence

Ay = 2[070] 107X (k) (X (K)QX(K) e(k) +

BXT () (XT (K)Q X(K)) ' [070]-107X" (k)Qsign(w(k)) —
plOTe] 10 sign(w(k)) 9)

Therefore; the coefficient recursive equation of 11-CAP
algorithm becomes:

wk+1) =

w(k) —

21— {x00 (X" 10Qx(0) " QX" (k) }] Qsign(w(k)) +
X (XT(0Q X)) Qe(k) +
2T ex9) ™ QXT (0Qsign(w(k)}(10)

where

Q=1-00@'0)'0’
H=0(©'0)'h

(11)
(12)

By considering,

- {X(k)(XT(k)QX(k))_lQXT(k)} = 1(13)

Consider O<p<1 be the step size for the stability of algorithm
[11,14].

Therefore, the coefficient recursive equation of I1-norm
penalized linear constrained affine projection (11-CAP)
algorithm becomes:

wk+1) =

Q [w(k) — %sign(w(k)) +
uXkX7kQXk — 7ek +H (14)

I11. L1-NORM PENALIZED BIAS COMPENSATED
LINEAR CONSTRAINED AFFINE PROJECTION
ALGORITHM

This section will consider noisy input,X(k) = x(k) +
v(k), where v(k)is input noise with variance oc2and zero
mean.Fig. 1 shows the system identification problem in the
presence of input noise.
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Hence, the noisy input matrix, X(k) = X(k) + V(k)
consists of previous (L-1) projection of input signal and input

noise. The input noise matrix, V(k) =[v(k),v(k—
1, .., vk-L+1], a priori error ek=xZiwot+zk-
KTw(k) =e(k) —vi(k)w(k) , a priori error vector

8k = [EKkek—-1) .. 8k—L+1)]T are considered
for derivation. The equation (14) can be rewritten for noisy
input as:

wk+1) =
Q [w(k) - %sign(w(k)) +

uXkX 7kQXk —Zek +H (15)

wk+1) =
Q [w(k) - %sign(w(k)) +

UXkX 7kQXk — ek +uVkQX 7kQXk — Zek+H
(16)

The extra term in (16) shows the bias in the numerator as well
as in the denominator. This will hamper both the estimation
performance and stability aspect of the algorithm. However,
the deterioration of the performance is caused largely by the
adverse impact on the numerator term. Hence, the proposed
work compensates the bias in numerator to excel the
estimation performance in the presence of input noise.

Channel noise. z(k)
Systam Wy @ ld(k) = wix(k) + z(k)
+

B(k) = d(l) — & (BDw(x)

Input, x(k)

Input noise, y(k)

Fig. 1. Adaptive System ldentification in the presence

of input noise
Hence, to overcome the effect of bias generated by noisy
input, a bias compensator D(k) is added in the above weight
update equation which is given as:

Wl 1) = Qw0 ~Laign(w(o) + L]

KT (k) QX(k)
H + D(k) 17)
In order to find the value of bias compensator D(k), the
sparsity of the system is not taken into account.

Hence, the weight update equation (17) becomes:

w(k+1) = Q[w(io) + ‘Qf&?—%] +H+D®K) (18)

Defining weight misalignment vector as:

Awk+1) =w(k+1) — Wy (19)
wherew,,. is optimum weight vector.
Hence,
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WXQ(e1)]
Aw(k + 1) = QAw(k) + —XT 0% +H+D(k) +
Qwopt — Wopt (20)
USIng QWopt - WOpt + H = (I - @(GT @)_19T)Wopt -

Wope + 0(07 ©) 7107w, = 0, we can write (20) as:

Aw(i+ 1) = Qaw(o + LD, pag (o1

Taking expectation of (21) on both sides while considering
the availability of the matrix X(k), the recursion equation of
the weight-misalignment vector becomes:

E[Aw(k + DX (k)] =

QE[AWOIR ()] + E [*FOUN 1 (1] +

E[DK)IX (k)] (22)

To achieve unbiased estimation, the criterion [10] is applied
as:

E[aw(k + 1)|X (K)]= E[Aw(k)|X (k)] =0
Hence

(23)

B [ReBl X 10] = —E[DOIX®)] @)
and
XWQ(E®)] & L [ME®Q(em)] o
[uXT(k)Qi(k) X (k)] =E [‘MW'X (k)] -

WXV Rw)] | &
E [ XTa0exd) X (k)] (25)

The bias compensator is derived on basis of given below
assumptions:

Assumption 1: Input noise v(k), input signal x(k) and
measurement noise z(k) are considered to be white Gaussian
process having zero mean and variance o2 , o2 and
o2.respectively.

Assumption 2: The signalsv(k), z(k) and x(k) and w(k)
are statistically independent.

Considering the above assumptions, the first term on right
side of (25) reduces to,

uX@Q(e®)] & _

[XT(k)Qi(k) X (k)] -

u[(x(k)+V(k))Q( XT () aw(k+1)+2(K) )|
XT(k) QX(k)

|X(k)] =0(26)
And the second term on right side of (25) leads to:

n[XaoQ(vT tow(w)]
XT() QX(k)

X (k)] =
XA QVT ()W) +VIQ(VT (Ryw(k)| | &
E [ XT (k) QX(K) X (k)]
Using the above assumptions,
n[XaoQ(vT tow(w)]
KT QX1

@7)

X (k)] B[S0 12 (9] (28)

Therefore,
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E[DOIR (0] = E [42 1% 10)] (29)

XT (k) QX(k)

_ nLo? Qw(k)
D(k) = XT (k) QX(k) (30)

Hence, the coefficient recursion equation of the proposed
I11-norm penalized bias compensator constrained affine
projection algorithm becomes:

w(k+1) = Q[W(k) - %Si‘gn(w(k)) + %] THY

2
i ekt @
Since (31) requires variance o2 of the input noise, an
estimation of the same should be calculated as it is not
available in practice. In this paper, the method of estimation
of o2proposed by Haiquan Zhao and ZongshengZheng [9] is
used.
Consider measurement noise free error &, (k) as:
Enr(k) = 8(k) —z(k) (32)
& (k) = —AWT(K)x(k) + wT(k)v(k) (33)
where
Aw = w(k) — w, (34)
Taking the expectation of square of (33) and considering the
above assumptions, we have

0z, = 0v(®) E[w'(w(k)] (35) or (k) =
oz (1
E[wT(Kw(K)]
200
o2(k) = c%l.,lzk) (36) Hence,
an estimate 62 (k) can be written as:
~ & ®
83(k) = 25 (37)
where

o5 (k) =aocs (k—1)+(1—a)&xk)
(38)0% (k) = bog(k—1) + (1 —b)[w'(w(k)] (39)
and parameters a and b are close to unity.

IV. CONVERGENCE ANALYSIS
For the convergence analysis, we are considering the jointly
Gaussian distribution of any two elements of weight
misalignment vector, Aw (k).
Let Aw;(k) and Aw;(k) be the two elements of Aw(k).
Hence we can define the jointly Gaussian distribution as:

(Awe (0, 2w, () ) ~ Nt 02,021 )

where

wi = E[Aw;(K)] (40)
pj = E[Aw; (k)] (41)

af = E[[Awf (K)] — E[Aw; (K)]? (42)
of = E[[Aw}?(K)] — E[Aw; (K)]? (43)

pij = E[Aw; () Aw; (K)]| — E[Aw; (K)] E[Aw; (k)] (44)

The optimum weight vector woyfor the constrained APA can
be defined as:

Wope =Wo + R0 (@"R™'0)*(h— @"R™' P) (45)
where

wy, = R7'P (46)

Retrieval Number: C4815029320/2020©BEIESP
DOI: 10.35940/ijeat.C4815.029320

1812 & Sciences Publication

P = E[x(k)d(k)]and
R = E[x(k)x" (k)] (48)
Subtractingwy both sides from (31), we have

(47)

Aw(k + 1)= Q[Aw(k) - %sign(w(k)) + —l;([:((:))gé;k()g)]
L 02 Qw(k)

;T(k) QX (49)

&(k) = X" (wop: + Z(0)- X (l)w(k) = (X" (k) —

V7K woprt Zk- X 7kwk =—X 7k wk —V Zkwop+ Zk
(50)

Therefore,
Aw (k+1) —Q[ [aw ()] — £ [sign(w(k))] -

pXkX 7k AwkX 7k Q Xk—uXkV Zkw,X 7k Q Xk +uXKZkX 7k
QXk+uL ov2 QAw(#)X 7k Q Xk +uL 0v2 Qw,, X7k Q
XKk(51) Taking Expectation of (51) yields

[SLgn(w(k))]

EpXkX 7kAwkX 7k Q Xk—EHXkVIkwgptxm Q

Xk +EuXkZkX 7k Q Xk +4UL ov2 QAw(#)X 7k Q Xk + 4L
0v2 Qw,p X7k Q Xk(52) Considering the above
assumptions, (52) reduces to

E[Aw (k+1)] = [ [Aw(K)] —

E[Aw(k+1)] = Q[E [Aw(kK)] — %E[sign(w(k))] —

WEXKX 7kX 7k Q Xk £/Awk J+uL ov2 QZAwkX 7k Q Xk
(53)
We can find the value of E[sign(w(k))]as [15]:

Elsign(w;(10)] = E[sign(aw;() + Wope,)] = 1 -

(k)
o(—=225) (54)
whereporai(k) =ty + Wope,; (55)

and

@(x)is CDF of Normal distribution.

As E[sign(w(k))] is bounded, hence we are not considering
this term in the stability analysis of the proposed algorithm.
Hence

E[Aw(k+ 1)] =

< T

e R | B
(56)

The square of symmetric matrix Q is also Q i.e.

Q=0 (57)

and

QAw(k+ 1) =Aw(k+ 1) (58)

Considering (57) and (58), we can write (56) as:

E[Aw(k + 1)]

i [REC) + .t rra] Elaw o)

(59)

Considering

QX(k) = X(k) (60)
AT
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Rewriting (60) using (59) yields
E[Aw(k + 1)]
[XCOXT (k)]

[1 ~ B | R oxa0 ] + ul oyE [xr(k—l)x(k)” E[Aw(k)](61)
E[Aw(k + 1)]

(XX )] I
[1 —HE [XT(k)X(k) ] +Hl oy m} E[Aw(k)](62)

Considering

- [XGOXT (k)]
Flo = [1 a ”[m} +uLo m] (63) Hence
E[Aw(k + 1)] = E[F(k)Aw (k)] (64)

Elllaw(k + DII’] = E[IIFGR)AwK)I?] <
ENFIPIENAWR) 17 (65)

The term E[F (k)] should be less than equal to one so that the
proposed algorithm will converge.
Considering SVD  decomposition  for
matrix@X(k) = X(k) as
X(k) = UR)P VT (k)

transformed

(66)

where@(k) € RNXLis a rectangular diagonal matrix having
singular values of X(k)on its main diagonal , U(k) € RNXN
andV(k) € R L are unitary matricessuch that the columns of
U(k) and the columns of V(k) show the left-singular
vectors and right-singular vectors of X(k) , respectively.
Hence, we can write (63) as:
F(k) =
[1_ [[U(k)@(k)vT(k)V(k)(DT(k)UT(k)]]

VR8T (UT (U VT (k)
uL ov2 Nk@ Z(k)UZkUk@ (k)V 7k (67)

AS VT(k)V(k) = ILxLandUT(k)U(k) = INXN
Therefore,
F(k) =
[UB 8T K)UT )] I
[1 [V(k)eT(k)w(k)vT(k) ] tH [V(k)oT(k)w(k)vT(k)] (68)

UK (VKRBT KBV (k)™ 07 U (k) =
UK)BK) (@7 (K)K) 10T (K)UT(K) (69)

Assuming 0T (K)o(k)?! exists, then the
term uL o2 (@T(ok)~t  will be bounded
and @(k) (8T (k)@ (k)07 (k) € RN*N will be a diagonal
matrix such that

(k) (8" (k)@ (k)17 (k) = Ov-nyxt  Owv—n)xv-1)

E[awT () FT (F(K)Aw(K)] =
(71)

Lixt OLX(N—L) (70)
Ellaw(k + DII*] =
E[Aw" (0)[1 — w]F()Aw(K)]
E{(aw" ([ -

WUKPkD 7k@ (k) —10 7kU 7k 7/~ pUk k@ 7k (k) —19 7KU 7"
kdwk (72)

E{aw™ (0 (1 - n2 -
WUKBKD 7k (k) —10 7KU 7k Awk
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Ellaw(k + 1)]I?] =
Elaw@)11? +
(2—10) Ok 7kP (k) —10 Tk wk 2(73) where wk =U Zk Awk

For acuate stability of the proposed algorithm, u should be
zero or two, but for practical purpose 0 < u < 1 should be
adopted [14].

V. RESULT AND DISCUSSION

In this section, simulations are taken in MATLAB software
to justify the estimation behavior of the proposed algorithm
in linear constrained sparse system identification against
noisy input. The unknown finite impulse response (FIR)
system and adaptive filter have same dimension N . Here we
have considered N=163. The system coefficients are
considered symmetric. The unknown sparse system
coefficients are Gaussian distributed with linear phase aspect.
For symmetric and odd condition, the linear phase constraint
is defined as[2]:

1 0 0 1
0 1 .. 0
e=|(0 0 0 |= of |(74)
O O T [Haenre
0 -1 0
-1 0 0-
h=[00...0] "(75)

Hereln-1is an identity matrix of order% and J is the identity
2

matrix having all rows turned around. The colored input is
produced by passing thewhite input through a system,

H(z) = ———. The measurement noise, z(k) is considered
1-0.9z

white. The assessment criterions for estimation performance
are taken as: normalized mean square deviation (NMSD) and
convergence speed. Here K is the sparsity constant that tells
the number of non-zero coefficients among others.

First the proposed algorithm is compared with constrained
affine projection (CAP) [5], affine projection algorithm (APA)
[11] , bias compensator APA (BC-APA) [10] and I1-norm
penalized constrained affine projection (11-CAP) algorithms
against Gaussian input noise and Laplace input noise for
different values of sparsity constant, K={3,13,53} in figs. (2)
and (3). The other parameters taken in this experiment are:
step size p =0.05, Input noise variance ¢2=0.08, Channel
SNR=20dB; sparsityregularizer = 5X10~5 and projection
order L=6.
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Sparsity Constant Sparsity Constant
K=13 K=53

Sparsity Constant
K=3

>
T

NMSD (dB)
&>

[
3
T

n-CAP
1-BC-CAP
-25 CAP
—E&— BC-AP
—»— APA

L L
(] 5000 10000 15000
Iteration

Fig. 2.NMSD of the proposed 11-BC-CAP, CAP,
BC-APA, CAP, APA and I1-CAP algorithms with
different K={3,13,53} in the presence of Gaussian

inputnoise (1 =0.05, 62=0.08, SNR=20dB, g =
5X1075, L = 6)

Table- I: Comparison of transient NMSD of proposed
algorithm with other algorithms for K=3 from fig. 2

Algorithm Transient NMSD Iteration
(dB) Number
11-BC-CAP -21.78 746
BC-AP -13.19 746
CAP -11.53 746
11-CAP -12.08 746
APA -10.47 746

Table- 11: Comparison of steady state NMSD of proposed
algorithm with other algorithms for K=3 from fig. 2

Algorithm Steady State NMSD Iteration
(dB) number
11-BC-CAP -27.3 1120
BC-AP -15.86 1602
CAP -12.29 1404
11-CAP -12.43 1361
APA -18.9 2338

Table I and Il compare the transient NMSD and steady state
NMSD of the proposed 11-BC-CAP algorithm with other
APA variants for sparsity constant K=3 and Gaussian input
noise. Table I confirms the lowest transient NMSD of the
proposed algorithm. Table I, it is evident that the proposed
achieves the lowest steady state NMSD with largest
convergence rate among others. Similar types of results can
be obtained for Laplace input and other values of K.
However, for higher sparsity level the estimation
performance of the proposed algorithm degrades but still it is
better than other algorithms.
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- Sparsity Constant
Sparsity Constant =
K=3

A0f \ |
LA §
{

n-CAP
1-BC-CAP
=20 CAP
—E&— BC-AP
—*— APA

Sparsity Constant

n

NMSD (dB)

. \
“o 5000 10000 15000
Iteration

Fig. 3.NMSD of the proposed 11-BC-CAP, CAP,
BC-APA, CAP, APA and I1-CAP algorithms with
different K={3,13,53} in the presence of Laplace input
noise (1 =0.05, 62=0.08, SNR=20dB, g = 5X1075,L = 6)

Table- 111: Comparison of simulation time of proposed
algorithm with existing variants

Algorithms Simulation Time Per
Run (Second)
11-BC-CAP 0.141553
BC-APA 0.117227
CAP 0.056583
I11-CAP 0.086993
APA 0.035812

Table Il compares the simulations time of proposed
algorithm with its variants. Although the proposed algorithm
needs the highest simulation time, yet the estimation
performance is superior to other algorithms.

0

5

-10F

A5F

NMSD (dB)

20}

25}

-30
1] 2000 4000 6000 8000
Iteration

10000

Fig. 4.Performance of 11-BC-CAP algorithm under
various step sizes(Gaussian input noise, 62=0.08,
SNR=20dB, K=13, = 5X1075,L = 6)

Next experiment shows the step size’s impact on the
performance of the proposed algorithm. The convergence
speed and NMSD error are related inversely to step size as
shown in fig. 4.Therefore, the step size should be selected
very carefully to make a balance between convergence speed
and NMSD error. Here, the step size p=0.05 is selected to
take care of both.
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The minimum MSD error is obtained for p=0.01 and the
highest convergence speed is for p=0.2.

Figure 5 shows the performance of the proposed 11-BC-CAP
algorithm under different input noise variance. Here
Gaussian input noise is considered for simulation. Four
values of input noise variance,o:2=[0.05 0.08 0.2 0.4] are
considered in this experiment. As the variance of the input
noise increases, the performance of the proposed algorithm
11-BC-CAP is degraded slightly since the proposed algorithm
has unbiased the bias produced due to the input noise,
therefore its performance is not significantly degraded by
increasing the value of input noise variance.

o

NMSD (dB)
B

a
o
T

-20

-25 ' L
(1] 2000 3000 4000 5000

Iteration
Fig. 5.Performance of I11-BC-CAP algorithm under
various input noise variance (Gaussian input noise,
=0.05, SNR=20dB, K=13, B = 5X1075,L = 6)

SNR=10 dB
SNR?S dB

SNR=20 dB SNR=30 dB

NMSD (dB)

-20 -

25 . : h
1] 1000 2000 3000 4000 5000
Iteration

Fig. 6.Performance of the proposed algorithm under
various channel SNR on the estimation (Gaussian input
noise, 62=0.08, p =0.05, K=13, = 5X1075, L = 6)

In fig. 6, the performance of the proposed algorithm is tested
for varying SNR values of channel noise. The channel noise
and input noise are considered as white Gaussian noise. The
other parameters are taken as: step size 1 =0.05, input noise
variance o2 =0.08, sparsity constant K=13; sparsity
regularizer § = 5X1075. Here four different values of SNR
of channel noise, SNR=[30dB 20dB 10 dB 5dB] are adopted
to check the performance of the proposed algorithm.

As the value of SNR rises up, the performance improves and
as it goes down, the performance degrades. So the channel
SNR has severe impact on the performance of the proposed
algorithm.

In next simulation, the impact of sparsity regularizer on the
performance of the proposed algorithm is tested. The other
parameters are taken as: step size p =0.05, input noise
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variance ¢:2=0.08, sparsity constant K=13; channel SNR=
20 dB.

NMSD (dB)

20~ J.‘
p=5x10

2 . . .
50 1000 2000 3000 4000 5000

Iteration

Fig. 7.Performance ofl1-BC-CAP algorithm under
various sparsity regularizer@(Gaussian input
noise, 62=0.08, 1 =0.05, SNR = 20dB,K = 13, =
5X1075 L = 6)

From fig. 7, it is clear that when the value of the parameter
decreases from 5x1073to 5% 1075, the performance
improves considerably. However, as it goes below 5
10—-5t0 5+«10—6, the performance starts to deteriorate.
Therefore, the parameter 8 should therefore be chosen wisely
as it directly affects the amount of zero attraction on the
system coefficients.

VI. CONCLUSION

This paper presents an I1-norm penalized bias compensated
linear constrained affine projection (I1-BC-CAP) algorithm.
The proposed algorithm is used to identify a sparse system
with linear phase aspect in the presence of colored input,
corrupted by the additive input noise and channel noise. From
table 1, it is clear that the 11-BC-CAP achieves -27.3 dB
NMSD errors in just 1120 iterations than other APA based
algorithms. Thus, the convergence speed is higher than other
algorithms as shown in table 1. The simulation time is
slightly higher than other algorithms as shown in table 2.
However, the increase in simulation time is mainly due to
addition of bias compensator term. Further, the performance
is also tested for several sparsity levels and different input
noise variances. The impact of several other parameters like
step size M, output SNR, sparsity regularizer g is also
illustrated. The proposed algorithm outperforms for different
sparsity levels and input noise variances. Thus the

11-BC-CAP algorithm has the ability to replace the existing
adaptive algorithms in many practical implementations
which involve combined effect of linear constrained adaptive
and colored

filtering, sparseness characteristics,
corrupted by input noise

input
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