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Abstract. This paper proposes a bias removal algorithm for equation error-based 2-D adaptive cascade IIR filters
with separable denominator function. As well known, equation error-based adaptive IIR filtering algorithms have

the advantages of fast convergence and unimodal mean-square-error surface. These advantages, however, come
along with the drawback of biased parameter estimates in the presence of measurement noise. The adaptive filter
structure in the proposed algorithm is based on the concept of backpropagating the desired signal through a cascade
of the denominator vertical and horizontal sections. To handle the bias problem, the proposed algorithm uses a
scaled value of the output error of each of the cascaded sections as an estimate for the measurement noise embedded
in the signal part of the coefficient-update procedure of that section. Thus, while maintaining the advantages of
easy stability monitoring, fast convergence, and low computational load, the effect of the measurement noise is
suppressed. Input-Output stability analysis is carried out, and the constraints required to maintain stability are
derived. Simulation examples are presented to support the effectiveness and the usability of the proposed bias
removal algorithm in 2-D system identification and image enhancement applications.
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1. Introduction

Equation error adaptive IIR filters have the advantages of fast convergence and unimodal
mean square error surface. However, their main drawback is that they converge to biased
parameter estimates in the presence of measurement noise.

A 1-D equation error cascade IIR filtering algorithm has been proposed by Gao and
Snelgrove [1]. This algorithm is based on the concept of backpropagating the desired
signal through the inverse of the all pole second order sections such that new intermediate
errors are generated; then the filter coefficients are adapted to minimize the intermediate
errors. This cascade structure has the advantages of easy stability check and low parameter
sensitivity. Moreover, minimizing the intermediate equation error functions instead of the
output error offers significant reduction in the gradients’ computational complexity [1].
Such advantages are of great interest in 2-D adaptive IR filters with applications to image
enhancement and 2-D system identification.

Toshima et al. [2] have proposed a direct extension of the 1-D backpropagation concept
[1] to 2-D case for separable denominator adaptive IIR filters. In addition to the simplicity
of stability monitoring, 2-D IIR filters with separable denominator function offer signifi-
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Figure 1. Equation error formulation for separable denominator 2-D IIR filters.

cant reduction in the computational load when compared with direct form 2-D IIR filters.
Moreover, since the numerator is nonseparable polynomial, they can be efficiently used to
approximate nonseparable 2-D IIR filters [3]. However, the drawback of the backpropaga-
tion cascade structures (1-D and 2-D case) is that they are based on minimizing equation
error functions; accordingly, it is expected that they converge to biased parameter estimates
when the desired signal is contaminated with measurement noise [4]. So far, stability anal-
ysis and the performance of the 1-D backpropagation cascade structure [1] as well as the
2-D one [2] have not been considered in the literature.

In this paper we propose a 2-D Bias Removal Algoritt2DBRA) for the backpropa-
gation cascade structure [2]. The proposed bias removal technique is based on the idea of
using a scaled value of the output error as an estimates for the measurement noise. This
idea is adopted from the bias remedy LMS (BRLMS) algorithm proposed by Lin and Un-
behauen [5] for direct form IIR filter. However, in this paper, we suggest to apply the
output-error feedback at the output of each of the cascaded sections as shown in Figure 1.
Thus, while maintaining the advantages of easy stability monitoring, fast convergence, and
low computational load, the effect of the measurement noise is suppressed.

Through our stability analysis of the the proposed algorithm we show that there are two
possible reasons for the convergence of the algorithm [2] to biased parameter estimates.
The first one is due to the cascade connection; the second is due to the measurement noise in
the desired signal. The effect of the latter can be counteract by introducing the output-error
feedback in the 2DBRA, while it is necessary to use small step size parameters to reduce
the effect of the cascade connection.

Note that a bias removal technique and performance analysis similar to those presented
in this paper can be applied to the 1-D cascaded structure [1].
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Afterintroducing the the 2DBRA, stability analysis of the proposed algorithm s discussed.
System identification and image enhancement experimental results are then presented to
demonstrate the effectiveness and the superiority of the 2DBRA over the 2-D adaptive
algorithm [2].

2. 2-D Bias Removal Algorithm (2DBRA)

Consider the 2-D stable separable denominator IIR filter

N; N My M

wm,n) = Y % al, pum—i,n—j+ Y > biib(Hwm—in—jy; (1)
i=0 j=0 i=0 j=0
(i,j)#(0,0)
dim,n) = w(m,n)+v(m, n) (2)
whereu(m,n), m=0,...,M,n=0,..., N,isthe inputsignald(m, n) is the observable

output signal, and(m, n) is a zero mean measurement noise assumed to be independent
of w(m, n) andu(m, n).

Let g; * andg, ™ denote spatial delay operators in the horizontal and vertical directions
respectively. For the separable denominator adaptive IIR filter shown in Figure 1, the input
signalu(m, n) is passed through the adaptive filter's transversal sectaq;C, g, ) =

iN:lO Z]-Njo aqgq, j)q[i d, '), while the desired signal(m, n) is backpropagated through
the cascade of the adaptive filter's denominator vertical and horizontal seBias) =
1= ba(j)a, ! andBy(a; Y = 1- 3™ by(i)g; " respectively. Then two intermediate
error functions, namelg; (m, n) ande,(m, n), are generated as follows:

er(m,n) = di(m, n) — yi(m, n)

— dy(m, n) — B (k- Depy (M, 1) ©)
&(m,n) = d2(m, n) — y2(m, n)

= B3 (k— Dipp(m, n) — yo(m, ). )

In the inner product notationk,denotes the iteration number used in updating the coeffi-
cients; the value df is some function ofm, n) specifying the indexing scheme, and

61(k) = [B5(D),...,B5(My), 80,0), ..., 8Ny, Np)T (5)
pim,n) = [dao(m—=1,n),...,d2(M— My, n),

u(m,ny,...,u(m— Ny, n—Ny]" (6)

620 = [1, —B5(D). ..., —BE(M2)]T ()

po(m,n) = [d(m,n),dm,n—1),...,dm,n— My]". (8)

To handle the bias problem, the 2DBRA tries to counteract the effect of the measurement
noisev(m, n) in the desired signadl(m, n) by using a scaled value of the output-error
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&(m, n) = d(m, n) — y(m,n) as an estimate for the measurement neiég, n). The
filter parameter vectof, (k) is then updated subject to minimizing the intermediate error
functione>(m, n) as follows:

02(k) = 02(k — 1) — peex(m, Mp,(M, N) — 72(M, N)eo(M, N)] 9)

whereue = diag[0, uo, .. ., u2] is a diagonal step size matriz,(m, n) is the output error
vector given by

€o(M, N) = [eo(M, N), &(M, N — 1), ..., e(m,n— M)’ (10)

andz,(m, n) is a scaling factor defined as

ll2(m, n)ll) >0

11
Zleom, M| D

(M, N) = min <1, o
with || || denoting the Euclidean norm.
In a similar way, the 2DBRA uses a scaled value of the error sigital, n) to estimate
the colored noise;(m, n) = (1— Zj'\"jl b‘é*l(j )qz_' )v(m, n), that reaches the intermediate

signald,(m, n) (see Figure 1). The filter parameter vedigtk) is then updated subject to
minimizing the intermediate error functi@(m, n) as follows:

0100 = B1(k — 1) + paer(m, My (M, M) — 72(M, N)ez(M, N)] (12)
where
ea(m,n) =[ex(M—1,n)...e(M— Mg, n),o]" (13)

andri(m, n) is a scaling factor defined as

l1(m, n)ll) @ >0

14
Ylezm, ) (14)

71(m,n) = min (1, o
The time varying scaling factas (m, n)(zo(m, n)) defined in Eq. (14)((11)) is chosen to be
inversely proportional to the variance of the eregfm, n)(e,(m, n)) such that output-error
feedback mechanism works only when the output-ezs@m, n)(e,(m, n)) becomes good
estimates of the measurement noisdzfm, n) (d(m, n)).

3. Stability Analysis of the 2DBRA

Rigorous convergence analysis of the 2-D cascade structure in Figure 1 as a whole dynamic
is very complicated due to the interaction between the cascaded sections. In an attempt to
simplify the analysis of the dynamical behavior of the 2DBRA, we divide this structure into
two parts. The first part consists of the transversal section and the denominator horizontal
section with input vectop (m, n) and desired signak(m, n). And the second part consists

of the denominator vertical section with input vecioy(m, n) and desired signak(m, n).

Then we show that the effect of the interaction between these two cascaded parts can be
replaced by a noise component in the desired signal of each part. On the other-hand, and
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in order to reduce the interconnection between the cascaded sections, we here suggest that,
at the update iteratiok, the signalsy;(m, n), d,(m, n) andd;(m, n) should be calculated
from the estimated parameters at iteratior 1, while the signaly,(m, n) and y(m, n)
should be calculated from the estimated parameters at iteratior2. Accordingly, at
iterationk, the intermediate signak(m, n) is independent of)l(k — 1), that isex(m, n)
is independent o@l(k —1). In this view, and under the assumption that the adaptation
process of the filter coefficients is slow, i.e. the used step size parameters are sufficiently
small, stability analysis of the difference equation that describes the parameter-error vector
of each part can be carried out as if these two part were independent using the stability
robustness theory of perturbed linear system [6] following the same line of arguments as
presented in [5].

In the rest of this section, we only discuss the stability of the mean of the parameter-error
vector:

E{6:1() = E{61 — 61(k)} (15)
where@; is the ideal parameter vector defined as

01 = [bi(D),...,b1(M1),a(0,0),...,a(Ny, Np)]" (16)
Similar mathematical derivation and stability analysis can be applied to the parameter-error
vectord, (k) [4].
Stability Analysis of Eq. (15)
Now, before going into the stability analysis of Eq. (15), we will first show that the desired

signald,(m, n) for the first part of the structure can be decomposed into three components
as follows:

da(m, n) = dz, (M, N) + £2(M, N) + v1(M, N) 17
with dp, (M, n) represents the noise free stationary desired signal for this part of the structure;
¢2(m, n) is a perturbation component related to the fluctuation of the parameter-error vector
Bzéii;gl)éq. (2), the regressor vectps(m, n) in Eq. (8) can be rewritten as

p(M, N) = ¢, (M, N) + v2(M, N) (18)
with

[w(m,n), w(m,n—1),...,wm, n— My]" (19)

(1020 (m’ n)

vo(m,n) = [v(m,n),v(mn—1),...,v(mn—My)]". (20)
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From Figure 1, and using Eq. (18), we have
do(m,n) = Ba(k — )T (5, (M, N) + v2(m, 1))
= 08, (M. 1) — B (K — 1)¢py (M, N) + v1(M, N)
= 0 p,,(M, N) + &(M, ) + vy (M, n) (21)

with £(m, n) = —8; (k — 1), (M, ).
However, from Eq. (1) we can find that

01 p1,(M. N) = 0] oz, (M. N) (22)
where
pp,(MnN) = [dpy(Mm—1,n),..., da,(m — M1, n),
u(m,n),...,u(m— Nz, n— NyJ]T (23)
tay(M, N) = 65z, (M, N). (24)

Substituting Eq. (22) in Eq. (21) we arrive at Eq. (17) wdth(m, n) = 01 P1,(M, n).
Now, substituting Eq. (12) in Eg. (15) and using Egs. (3) and (17) we get

E{61(K)} = [A1 + Bi(m, m]E{f1(k — D)} + A, + A, (25)

where
AL = | — iRy, (26)
Bi(m,n) = puiE{ri(m, Ny (M, n)eg (M, n)} 27)
Ay, = wE{[bjvi(m, n) — vi(m, m][e1(M, n) — ra(M, Mez(m, N} (28)
A, = —uiE{[1, —b{1¢a(m, My (M, n) — T1(M, N)ex(m, N)]} (29)

with

Ry, = E{pi(M n)e](m, n)} (30)
by = [ba(D).....by(Mp)]" (31)
vimn) = [vim—1,n),...,vi(m— Mg, ]’ (32)
Co(m,n) = [c2(m,n), (m—1,n), ..., Z(m— Mg, m]". (33)

Note thatwe have assumed that the parametervép(rk)r— 1) isindependent of the regressor
vectorep, (M, n). This assumption is referred to as the independence assumption in adaptive
filtering literature [7] and is well justified for sufficiently small step size parameters.

The difference equation (25) has two forcing terms. The first Ageis related to the
error in estimating the parameters of the second part of the cascade stAucture 1).
And the secondh,, is due to the colored measurement naisen, n). Forti(m,n) = 0,
these two forcing terms cause the adaptive algorithm [2] to converge to biased solution.
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Table 1.Parameter estimates fRxample (30 runs).

a0 a@01 a(l, 1 bi(1)  m(®@ b2(1) b2(2)

True values 0.8 -0.5 —-0.4 1.2 —0.36 -0.9 -0.2
Ref. [2] 1.3208 -0.4717 -—-0.6225 0.6844 0.0980 —0.9174 —0.2346
2DBRA 0.7967 —0.5028 —-0.4063 1.2050 -0.3591 —-0.8981 —0.1994

In the Appendix we discuss the conditions that should be imposed on the step size pa-
rameterw; and the constant; to ensure the stability of the difference equation (25). We
show that the forcing term,,, will approach zero as the scaling factag(m, n) — 1. On
the other-hand, the output error feedback in the second part of the structure will be useful
to reduce the amount of bias caused by the forcing t@gm

4. Experimental Results

Example 1: Noisy desired signal (white measurement noisk).this example, the 2-D
adaptive algorithm [2] and the 2DBRA are applied to the system identification experiment.
A 2-D zero mean white Gaussian signal of unit variance and size 256 by 256 is used for the
input signalu(m, n). And a zero mean, unit variance Gaussian noise which is independent
of the input signal is used for the additive noigen, n). The process(m, n) is generated

by filtering the input signali(m, n) with the separable denominator 2-D IIR filter:

~ 1+ 0.8g7% — 0.50; — 0.4, g5
(1—1.20; " +0.360;2)(1+ 0.90; ' + 0.20,)

Table 1 shows the obtained parameter estimatesifor= 0.0012, u, = 0.0008, and
o1 = 0y = 0.5.

Experimental results have shown that the amount of the reduction in the bias caused by
the interaction between the cascaded sections depends on the values of the used step size
parametergi; andu,. For sufficiently small step size values, significant reduction in the
bias caused by both the measurement noise and the cascade interaction can be obtained.
This reduction in the bias is achieved, however, at the expense of moderate increase in
the computational load of the 2DBRA over the algorithm [2]. This increase is due to the
requirement of adjusting the time varying scaling factey@n, n) and to(m, n) at each
iteration.

H (g o)

(34)

Example 2: Noisy desired signal (colored measurement noisdn this example we

aim to compare the performances of the proposed 2DBRA with that of the 2-D LMS
algorithm [2] in the colored measurement noise scenario. We apply both algorithms to the
system identification experiment. The following transfer function is used for the unknown
system [8]:

L 140+ 29,1 + 3974,
H (o L 1)_ q, d, d; "4

= . 35
1-0.259;* - 050, + 0.125q;, ', * (35)
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Figure 2. The improvement of the SNR of the enhanced image through consecutive paEgasmiple2.

A 2-D white Gaussian noise of zero mean and 104 variance is used for the input signal
u(m, n). And the “Mandrill” image of mean 129.1378, variangg= 17498, and size 256
columns by 256 rows, is used for the measurement ngisen). The image is processed
row by row repeatedly such that the values of the estimated parameters at the end of one
pass are used as the parameter initial values at the beginning of the next pass. The error
signalep(m, n) = d(m, n) — y(m, n) gives the enhanced image. The variance of the noise
left in the enhanced image is calculated by subtracting the noiseless image from it and then
computing the variance.

Figure 2 shows the improvement in the Signal to Noise Ratio (SNR) of the enhanced
image through successive passes using the algorithm [2] and the 2DBRA where SNR value
is calculated by

02
SNR=10 Iog(—”z) (36)
0,

n

with o2 denotes the variance of the noise left in the enhanced image. The SNR value of
the initial noisy image is-7.711. As this figure indicates, for low SNR, the 2DBRA works
almost without the bias removal mechanism as the algorithm [2]. As the SNR increases
gradually, the effectiveness of the output-error-feedback becomes very clear. Figures 3 and
4 show the original and the noisy image “Mandrill” respectively. Figures 5 and 6 show the
enhanced images at the 10th pass using algorithm [2] and the 2DBRA respectively.

In both of the experiments presented here, stability monitoring was not required. It has
been observed that, for sufficiently small step size parameters, whenever the poles of the



BIAS REMOVAL ALGORITHM 437

Figure 3. The original image “Mandrill” used ifexample2.

Figure 4. The noisy image “Mandrill” used iExample2.

adaptive filters start to immigrate outside the unit circle, the output error of each section
increases suddenly and consequently the scaling faetors n) andz,(m, n) decreases;

the adaptive algorithm works without output-error feedback and is able to draw the poles
back to the unit circle.
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Figure 5. The enhanced image at the 10th pass using algorithmu[2% 1o = 7.6894x 1078.

Figure 6. The enhanced image at the 10th pass using the 2DBRA; 12 = 7.6894x 1078 a1 = ap = 0.7.

5. Conclusion

The bias removal algorithm for 2-D equation error adaptive IR filters has been presented.
The filter structure in the proposed algorithm is based on backpropagating the desired signal



BIAS REMOVAL ALGORITHM 439

through a cascade of the denominator vertical and horizontal sections. The key idea in the
proposed algorithmis to use a scaled value of the output error of each of the cascade sections
to counteract the effect of the measurement noise embedded in the regressor of the update
procedure of that section,/® stability analysis has been carried out. It has been shown
that the proposed algorithm remains stable and the effect of the measurement noise can be
significantly suppressed under general conditions imposed on the values of the used step
sizes and scaling factors. Image enhancement and 2-D system identification experimental
results have been presented to support the effectiveness of the proposed 2DBRA algorithm.

Appendix: Stability Analysis of the Difference Equation (25)
i) Stability Analysis of the Autonomous Part of Eq. (25)

The autonomous perturbed system
E{01(K)} = [A1 + Bi(m, m]E{B1(k — 1)}, (37)
is exponentially and asymptotically stable if [6]

1. Allthe eigenvalues of the stability matrix Are within the unit circle. Such condition
is satisfied if

< 20'1
M1 = —F5—>
tr(R%‘ﬂl)

O<op <1 (38)
Then we can define the state transition matrix
d1(k) = AS, k>0 (39)

that satisfies

101Kl < 1B, & >0, Biel0,1]. (40)

2. The perturbation term Bm, n) satisfies.
0 < Br+cf|Bi(m,n)|| < 1. (41)
From Eqg. (27) we have

IBim, )|l = [IE{ze(m, naps(m, n)es (m,m} |

E{ 1 (m, M| 201l (M, N)||
lea(m, Ml tr(Ryy,)

< 2070. (42)

lle2(m, n)II}
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Thus, the value of; should satisfy

1-p
201C1 '

O0<o < (43)

ii) The Boundedness of the Forcing Term A

Making use of Eq. (17) in Eq. (28), invoking the assumption that the measurement noise
v(m, n) is independent ofu(m, n) and w(m, n), and providing that the poles of the
adaptive filter's denominator horizontal section are inside the unit circle, we can find
that

IALl = pallE{[b{vi(m, n) — vi(m, mI[vi(m, n) — zo (M, N)vg(m, n}||
= uall[1 — ze(m, M][R,,,, b1 — E{va(m, nyv1(m, m}]||
< pillRy, b1 — E{va(m, n)vi(m, n}|| (44)

with R,,,, = E{v1(m, n)v] (M, n)}. Hence, the forcing ternd,, is bounded, andA,, |
will approach zero ag;(m, n) — 1.

iif) The Boundedness of the Forcing Term A

From Eg. (29) we have

1A = pallE{[L, —ba]Co(m, Mgy (M, n) — ro(m, mez(m, ]}
M, 1/2
< (Zb%(i)) E{I¢2(m, n) | [I[1(m, n) — z.(m, nyea(m, m]||}. (45)
i=0

Equation (45) states that the norm of the forcing téxgnis bounded providing that the error
signalZz(m, n) has finite variance. The boundedness of the ggren, n) is guaranteed if

the step sizei,, used in the update procedure of the denominator vertical section, satisfies
the necessary condition for the convergence of the LMS FIR iﬁgqul) in the variance
which is given by [7]

2

= 3U(R,,,,) (46)

w2

with R,,, = E{@,(m, n)cpg(m, n)}. In order to reduce the influence of the forcing term

A,, a sufficiently small step size, that guarantees small variance k), and hence
for z2(m, n), should be used.
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