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Optimal Design of Multichannel Equalizers
for the Structural Similarity Index

Li Chai, Member, IEEE, and Yuxia Sheng, Member, IEEE

Abstract— The optimization of multichannel equalizers is stud-
ied for the structural similarity (SSIM) criteria. The closed-form
formula is provided for the optimal equalizer when the mean
of the source is zero. The formula shows that the equalizer
with maximal SSIM index is equal to the one with minimal
mean square error (MSE) multiplied by a positive real number,
which is shown to be equal to the inverse of the achieved SSIM
index. The relation of the maximal SSIM index to the minimal
MSE is also established for given blurring filters and fixed
length equalizers. An algorithm is also presented to compute the
suboptimal equalizer for the general sources. Various numerical
examples are given to demonstrate the effectiveness of the results.

Index Terms— Structural similarity, mean square error, linear
equalizers, image restoration, optimal design.

I. INTRODUCTION

S A TECHNIQUE to recover an original image

from degraded observations, image restoration has
been explored extensively and is now a mature research
field [1]-[3]. Various effective methods have been proposed
for image restoration [2]—-[6]. Among them, the linear equal-
izer based on Wiener filter is a conventional yet benchmark
method [2], [3]. Recently, lots of research focused on blind
equalization, which arose from various signal processing
applications [4]-[6]. The optimization criteria is usually mea-
sured by the mean squared error (MSE), defined as £> norm
of the error signal between the original signal and recon-
structed signal [3]. While this measure is comfortable to
use and often results in analytical solutions, it does not
always reflect the true quality of the reconstructed images.
A better quality-assessment measure, called structural sim-
ilarity (SSIM) index, has been drawing much attention in
recent years [7]-[9], and has found a variety of applications,
ranging from image restoration [10]-[12] and image quan-
tization [20] to image/video coding [21]-[25] and sparse
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representation [26], [27]. While SSIM index is generally
non-convex, important mathematical properties have been
shown in [9] that convexity, quasi-convexity and gener-
alized convexity hold locally for some metrics derived
from SSIM.

The SSIM index represents the quality of a distorted image
by comparing the correlations in luminance, contrast, and
structure, between the reference and distorted images [7].
In most existing works, SSIM has been used for quality
evaluation and algorithm comparison purposes only. There
have been efforts to use SSIM as optimization criteria in
order to improve perceived image/video quality in a number
of image processing problems. In particular, an algorithm
was proposed in [11] for designing the optimal linear filter
that maximizes the Stat-SSIM index, which is a statistical
version of the SSIM index. It has been shown that the non-
convex optimization problem can be transformed into a quasi-
convex problem, which has a near closed-form solution and
can be efficiently solved by a bisection procedure [11]. This
idea was extended to multichannel image restoration in [12],
where the algorithm is provided in detail only for two-channel
systems. To our best knowledge, no explicit algorithm is
available to deal with the SSIM-based restoration for general
multi-channel images, although the MSE-based restoration
from multichannel images has been studied in a number of
applications [2]-[6].

In this paper, we propose a systematic method to design the
optimal linear equalizer for multiple channels by using the
SSIM criteria. We adopt the same assumption as [11], [12]
that the blurring filter and the power spectral density (PSD)
of the additive noise component is known at the receiver,
under which the advanced technique can be used to estimate
the cross covariance between observed image and the original
image. Different to [11] and [12], this paper presents closed-
form formulae explicitly, which reveal more insights into the
SSIM based equalization problem. The main contributions of
this paper are as follows. (i) The closed-form formulae of the
optimal linear equalizer and the optimal SSIM performance are
provided for general multi-channel systems when the mean of
the source is zero. (ii) It is shown that the optimal equalizer
designed by SSIM criteria and the one by MSE criteria differ
only from a scalar factor, which turns out to be the inverse
of the achievable SSIM index. (iii) The solution establishes
the relation of the SSIM performance to the property of
the blurring filters and the length of the equalization filters.
(iv) A sub-optimal solution is given when the mean of the
original image is not zero.
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Fig. 1. A multichannel linear equalization system.

There have been various methods to design the opti-
mal synthesis filter bank with MSE or MSE-reduced
criteria [13]-[16]. It is natural to introduce SSIM index into
the optimal design of filter banks. A preliminary result has
been reported for a special class of filter banks with the filter
length equal to the decimation number [17]. The proof idea of
Theorem 1 in this paper comes from [17]. However, this paper
is essentially different to [17]. The subband signals and the
reconstructed signals are wide sense cyclo-stationary in filter
bank systems instead of wide sense stationary (WSS) in this
paper, due to the rate-changing operation [18], [19]. To deal
with the wide sense cyclo-stationary property of general filter
banks, one has to define the SSIM index for this new setup,
which is still an open problem.

The remaining part of this paper is organized as follows.
Section II introduces some basic concepts on SSIM index
and gives the problem formulation. In Section III, we present
the closed-form formula to compute the optimal SSIM equal-
izer when the mean of the source is zero. Direct relation
is established between the optimal SSIM equalizer and the
Wiener filter, which provides the optimal MSE performance.
Section IV addresses the general sources, of which the mean
may not be zero. An algorithm is given to compute the
suboptimal solution. Various numerical examples are presented
in Section V to demonstrate the effectiveness of the theoretical
results. Finally concluding remarks are given in Section VI.

Throughout the paper, RP*M denotes the set of
P x M matrices. For a matrix X, let X7, X*, X~! and X¥
denote its transpose, conjugate transpose, inverse and pseudo-
inverse respectively. Denote e, as the n-dimension column
vector with all elements equal to 1. £(-) denotes the expecta-
tion of a random variable.

II. PRELIMINARIES AND PROBLEM STATEMENT

In this section, we provide some preliminaries about the
multi-channel equalization and the SSIM index. Please refer
to [7] and [11] for more details.

The term multichannel image refers to multiple image
frames of the same scene that are acquired by different sensors.
The system model is shown in Fig. 1, where H;(z) and G;(z)
denote the blurring filter and the equalization filter
respectively, x[n] and X[r] denote the original image and
the reconstructed image respectively, y;[n] is the sub-image
generated by the blurring filter H;(z), and #;[n] is the noise
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Fig. 2. Block diagram of Fig. 1.
into the ith channel, i = 1, ..., K. The goal is to design the

equalizer G;(z) so that the SSIM index between x[n] and x[n]
is maximized. Throughout the paper, we assume that the
source x[n] is a wide sense stationary (WSS) process, and
we also assume that the blurring filter and the power spectral
density (PSD) of the additive noise component is known at
the receiver [11]. Denote

T

H() = [ Hi(2) Hrk @] = hlile™

=
L
o

G() =[Gi() Gk@]:= > gljlz™’

J

Il
=}

where h[i] € RE*! i =0,...,M — 1 and g[j] € RI*K,
j =0,...,N — 1 are the impulse response coefficients of
the blurring filter and the equalizer respectively. The filter
length of H;(z) can be different and M refers to the largest
length among the blurring filters. However, we assume that
the length of all the equalizers is equal to N. By denoting

vilnl]"
nxlnl]’

ylnl = [ yiln]
nln] = [min]

we can convert Fig. 1 to an equivalent block diagram shown
in Fig. 2. Note that

M—1

yInl = D hlilxln — il + nln]
i=0
N—-1

2l = D gljlyln - j1.
j=0

In this paper, we use the simplified form of the SSIM index
as defined in [10]-[12]:

2uxpz; +c1 20+
Wi+ uiterol+ote

StatSSIM(x, £) = (1)

where u, and u; are the means of the source and the recon-
structed image, axz and a)% are the corresponding variances,
and o,; is the covariance of x and X.

The problem can be stated as follows: Given the blurred
M-tap filter H(z) = Zﬁalh[i]z’i, the noise #[n] with
known PSD, and the observed image y[n], to design
the N-tap linear equalizer G(z) = Zjv;()l gljlz=/ such that
the StatSSIM index between x[n] and x[n] is maximized. Here
x[n] € R, y[n] € RX, nli] € RE*! and g[j] € R'*K
for any i, j. To compute the StatSSIM index, we need
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more notations. Denote
g=[gl0] gll] ---g[N—1]]eRNK

yinl =[yTn] yTln—11-- y'ln— N +1]]" e RVKX!
glnl = [n"[n] n"[n—=11--- n"[n— N+ 1]]T c RVKx1
x(n:n—j)

= [x[n] x[n—1] x[n— j1]" e RUFDXI,
Then we have

yln] = H(N, M)x(n : n — N — M +2) + g[n],

£[n] = gyln]

= gH(N, M)x(n :n— N — M +2) + gylnl,

where H(N, M) € RVKxX(V+M—=1) 5 ojven by

h[0] A[1] i 0
H(N, M) = ? hFo] A ? )
0 0 BOT - HIM — 1]
Since x[n] is WSS, we can define
Cex(i) =& ((x[n —i] — uy) (x[n] — px)),
fori =1,2,.... Note that Cy,(0) = axz. Denote
Cxx(o) Cxx(l) : Cxx(N + M — 2)
Cxx(l) Cxx(o) e Cxx (N +M - 3)
Z:x = . . .

Cxx(N + M- 2) Cx);(())

Denote the first column of Xy as
computation, we have

pg = & (X[n]) = gH(N, M)enm—1 ix
N-1 M—1
=D aljl (Z h[i])ux, 3)
j=0 i=0

oxi = & ((x[n] — ux)(X[n] — uz))
= € ((®ln] — o) (x[n] — p2))
= E((gH(N, M)x(n :n — N — M +2) — uz)

>«(1). By direct

(x[n] = ux))
= gH(N, M) Zx(1) 4)
and
o? = & ((@In] - %)
= gH(N, M), HT (N, M)g" +gZ,8"
= gQg” )
where
Q=H(N, M) H (N, M) + Z,. (6)

It follows from the above derivations that the StatSSIM in (1)
can be written as

StatSSIM(x, X) = S1(x, x)S2(x, X) @)
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where
§10r ) = 243 (ij;ol g[j]) (Zﬁ‘igl h[i]) +2C1
w2 (1 + (205 e01) (25" mtin) ) ) be
(3)
and

R 2gH(N, M)Zx(1) + c2
Sr(x,x) = . )
o2+ gQgl +c2

Now that the problem becomes to find g such that
StatSSIM(x, X) is maximized.

III. ANALYTICAL FORMULAE FOR ZERO MEAN SOURCES

In this section, we deal with the sources with zero means,
of which StatSSIM(x, x) = S>(x,x) since Sj(x,x) = 1.
The zero mean assumption is not so restrict in the sense
that the mean can be subtracted from the original signal
before process and compensated to the reconstructed signal
later [12]. We shall show that the optimal equalizer that
maximizes the SSIM index is equal to the one that minimizes
the MSE criteria multiplied by a scalar factor, of which the
analytical formula is derived. We shall also establish the
relationship between the maximum SSIM index Spmqx (X, X)
and the optimal MSE value. For this purpose, define

b= (HH" (N, M)Q'H(N, M)Zx(1),  (10)

where H(N, M) and Q are given by (2) and (6) respectively,
2x(1) denotes the first column of Zy.

Theorem 1: Assume that x[n] and the noise #[n] are two
zero mean WSS random processes and are uncorrelated with
each other. Given the blurring filter H(z), let b be defined
by (10). The equalization filter G(z) = Zjv;()l gljlz=/ that
maximizes S>(x, X) in (9) is unique and given by

gopr =7 X4 (DH' (N, M)Q™"' (11)
where
1/c% +4b(c?+ ) — 2

2b

Moreover, S max (X, X) = L
Proof: Since Q is positive definite, it follows from singular
value decomposition (SVD) that there exist unitary U and
diagonal matrix g > 0 such that Q = UZU’. Denote
1
q=2gU Eé. (13)
we know that Sj(x,X) = 1 since x[n] is zero mean. Hence
equation (7) can be written as

_ 2gH(N, M)Ex(1) + 2

StatSSIM(x, X) = Sy(x, x) =
(x,X) = S2(x, X) 22+ gUzoUlel + o2

_1
2q2Q2UTH(N, M)Zx (1) + ¢
c24+qq” + 2 ’

(14)
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Define q = éq, where a> = qq”. The optimization problem
can be written as

_1
2042, UTH(N, M)Zx(1) + 2
o242+

max S>(x, X) = max (15)
o,q oq

subject to qq’ = 1. Note that fO{ any a, the optimal
argument q that maximizes 2aqZq>UTH(N, M)Zx(1) is
uniquely given by

N 1 -1
Qopr = —bEXT(l)HT(N, MUZ,”, (16)

7

where b is defined by (10). Moreover, the resulting

maximum is

2aiz,{(1)HT(N, MYQ TH(N, M)2(1) = 2a/b

a7
Vb
Then the optimization problem (15) turns out to be
R 2Vba + ¢
Sa(x, %) = —_—, 18
max 2(x, X) mo?xaz—i—axz—i—cz (18)

and q,,, is given by (16). By some basic calculus techniques,
the optimal parameter o can be computed easily

,/c% +4b(c2+ ) — 2
2vb ’

and the resulting maximum is given by
2b 1

82 max (¥, X) = >
JA+4b(e2+ ) —cr 7

where y is defined by (12). It follows from (13) and (16) that
the optimal g, is given by

19)

Oopt =

_1 _1
Sopt = Qopt z:QZUT = aopt(_lopt z“QzUT
_ “\/f}’;’ =T (BT (N, MUSG'UT

=yxImHT (N, MHQ.

This completes the proof. (]

Remark 1: Since the optimal equalizer is unique, the
value 1/y should be the same as y defined in [11] for single
channel systems, of which an iterative algorithm is given.
Theorem 1 tells us that y can be computed analytically by (12)
not only for single channel systems, but also for general multi-
channel systems.

Theorem 1 provides not only the optimal SSIM solution,
but also some useful insights into the design procedure. For
instance, we know intuitively that the longer the length of
the equalization filters, the better performance of SSIM can
be achieved for fixed H(z), Zx and X,. Some interesting
problems that arise naturally include what the performance
limitation is as N tends to infinity, and how the designer set
a good tradeoff between N and the achievable SSIM index.
These problems can be partly solved by drawing the relation
of y and N by using (10) and (12), which is illustrated by
different examples in Section V.

It is well-known that gysp = ZI(HHT (N, M)Q~! is
the optimal Wiener solution, which minimizes the MSE.
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In [8], the authors show the advantage of SSIM index com-
pared with MSE by various applications in image process-
ing. Theorem 1 shows that there is a direct connec-
tion between the equalizer with maximal SSIM index and
the one with minimal MSE. Indeed, the only difference
between g,,; in (11) and gysg is a scalar y, which
surprisingly turns out to be the inverse of the optimal
SSIM index. This means that the SSIM restored image is
merely a contrast adjustment of the traditional MSE-based
restoration.! Since the scalar y is always greater than I,
and usually not a constant in practical applications, the
SSIM restored image is always brighter than the MSE-based
restoration, although the variation of the brightness of each
pixel depends on the corresponding y .

In the problem of finding the optimal sparse representation
of static systems, it has been shown in [27] that the optimal
SSIM-based representation is a scaling of the optimal
Ly-based representation. However, the technique can not be
used to the multichannel equalization problem which essen-
tially deals with dynamic systems.

The following theorem gives the direct relation between the
optimal SSIM index and MSE.

Theorem 2: Assume that x[n] and the noise x[n] are two
independent WSS random processes with zero mean. Given
the blurring filter H(z), let Smax and Emin be respectively the
maximal SSIM index and the minimal MSE achieved by N-tap
linear equalizers. Then the following equalities hold,

2 2 _ E.
Snax = (2 — Enin) (20)
\/cg +4(62 — Emin) (0% + 2) — 2
Enin = (1 — Smax)(C2Smax + U;(szax + 0')3) (21

Proof: Since uy = 0 and u; = 0, by using (4) and (5),
we have

Emin = E@E[nl — x[n))? = 67 — 204, + 02
= gusEQeh s — 2emseH(N, M)y (1) + o2

=02 —b,

X

(22)

where b is given by (10). The last equality in (22) follows from
the fact that gysg = X1 (1)HT (N, M)Q~'. By substituting
b = axz — Enin to (12), we get (20). (21) can be verified
directly by using (20). O

Apart from Theorem 1, the SSIM performance limitation
can also be computed directly by using (20) once we know
the MSE performance limitation, which has been extensively
studied in signal processing community as well as control
community [31]-[33].

Remark 2: Theoretically, an entire image is modeled as a
wide sense stationary (WSS) process, which means that the
optimal equalizer (11) is a non-adaptive solution. In practice,
however, the equalizer g,,; is computed adaptively by using
the estimation of Xy estimated from y locally on a sliding
window.

The PSD of the source can be estimated under the assump-
tion that the blurring filters and the PSD of the noise are

I This insight was motivated by an anonymous reviewer.
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known at the receiver [11], [28], [29]. For single channel
systems, an efficient estimation method is recommended for
the application of image restoration in [11]. In fact, £y can
also be estimated directly by using matrix manipulations for
multichannel systems. Note that

Cyy = & ((vIn] - myeni) (vinl — syenk)”)

= H(N, M)ZH" (N, M) + Z,, (23)

where H(N, M) is defined by (2). X5 can be determined
uniquely from (23) if H(N, M) is of full column-rank. For
multichannel systems with K > 1 , the full column-rank
condition is satisfied when H;(z),i = 1,...K have no
common zeros and N > M [34]. From this point of view,
we may contribute the improvement of multichannel equalizers
compared with single channel equalizers to two aspects, of
which the first one is that a larger SSIM index can be achieved
by (12), and the second that a better estimation of Xx can be
reached.

Theorem 1 can not be applied when there is no noise #, for
in such situation Q may not be invertible. In the following,
we will show that S>(x,X) = 1 can always be achieved if
H(N, M) satisfies a rank condition when there is no noise.
Let

2

H(N, M) = [U1 Uz][ 0

:| V=UXV (24)
be the singular value decomposition (SVD) of H(N, M),
where U = [U] Uz] is an NK x NK unitary matrix, X is
diagonal with nonnegative diagonal elements, and V is an
(N+ M —1) x (N+ M — 1) unitary matrix [30].

Theorem 3: Assume that x[n] is a WSS process
with zero mean and invertible Xx. Assume further
that rank{H(N,M)} = N 4+ M — 1 and there is no
noise. Then S>(x,xX) = 1 and all optimal equalizers
G(z)= Z;\:ol gljlz=/ can be parameterized by
0TH'(N, M) + U3,

gopr =[1 0 (25)

where Us is given in (24) and qo € R'*WWK=N=M+D) jq ap
arbitrary row vector.
Proof: Since rank{H(N, M)} = N + M — 1, we know
that X1 in (24) is invertible. Define
q =gU, 21,

where Uj is given in (24). Note that all g can be written as

g=q 2 Ul +qUs, (26)

where Uy is given by (24) and qp € R\ XWVK-N=M+1) _ o1j,
By direct computation, we have

gH(N, M)Zx(1) = gU; 21 VEx(1) = q1VEx(1) (27)

gQg” = gUiT1VI, V' I Ujg" = qiVELViq).  (28)
Substituting (27)—(28) to (9), we have
2q1 VZx(1

S260, ) = AV D+ 2 (29)

O‘x2 +qiVEViq] + 2 ’
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Following a similar procedure in the proof of Theorem 1, we
know that the optimal q; maximizing (29) is uniquely given by
Quopr =7 Z{ (DEL'VF =y [10--- 0] V™,

where y is defined as (12). Note that the parameter b can be
computed directly as follows

b=l (HV*VEIIVVEL(D)

=Tz e =02

It is easy to verify that y = 1 by substituting b to y. Hence

Slopt = qloptzl_ll—rlk = [1 (U O]V*El_lUl>k

=[10---0H' (N, M) (30)

is an optimal equalizer with S;(x,x) = 1. By substituting
(30) to (26), we know that all equalizers such that S»(x, X) = 1
can be written as the form of (25). This completes
the proof. g

The full column rank condition in Theorem 3 is related to
the zeros of the blurring filter, which is a common condition in
the problem of blind equalization and identification [34]-[36].

We can see from (29) that the eigenvectors corresponding to
the zero eigenvalue of Q has no effect to S(x, X). The extra
freedom of qy in (25) can be used to make S;(x,x) larger
when the mean of the source is not zero. Moreover, we may get
extra design freedom by putting aside the effect to S>(x, X) of
the eigenvector of Q if its corresponding eigenvalue is small.
This idea will be employed to deal with general sources with
non-zero mean in the following section.

IV. SUBOPTIMAL EQUALIZERS FOR GENERAL SOURCES

In this section, we address the problem of finding g such
that S(x, x) in (7) is maximized for general images, of which
the mean may not be zero. We first characterize the equalizer
maximizing S (x, x) alone.

Theorem 4: For the blurring filter H(z) = > M ' hlilz™
and the equalizer G(z) = ZjV;Ol gljlz=/, Si(x, %) =1 if and
only if

N—1 M—1
2 8lJ] (Z hm)z L. (31)
j=0 i=0

Proof: Note that 1 + a’> > 2a for arbitrary a, and the
equality holds if and only if @ = 1. Hence Si(x,y) <1, and
the equality holds when (Z?,:_OI g[j]) ﬁzf‘igl h[i]) =1.0

Note that (31) is a one-dimensional equality constraint,
which means that it can be easily satisfied by one free
parameter. From this point of view, Theorem 3 can be extended
to general non-zero mean sources.

Theorem 5: Assume that x[n] is a WSS process with
non-zero mean and invertible Xy, and there is no noise 7.
For the blurring filter H(z) with Zﬁal hlil # 0,
S(x,x) = 1 can always be achieved provided NK > N +
M — 1 and rank{H(N, M)} = N + M — 1. Moreover, all
optimal equalizers G(z) = ZjV;Ol gljlz/ can be parameter-
ized by
(32)

gpr=[1 0 ---0JH'(N, M)+ qU3,
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Fig. 3. b, y and the maximal SSIM index of single channel systems.

Algorithm 1 Calculation of a Suboptimal SSIM Equalizer for
General Sources

A-I Decompose Q as

> 0 U;
e-fu w15 o |4

where o and u, are the smallest eigenvalue and the
corresponding eigenvector respectively.

A-IT Compute b, y and g by equations (10)-(12).

A-III Setay = ( 1}’:_01 g[j]) (Zﬁ‘;’al h[i]), and compute Sy =
StatSSIM(x, %) by substituting g to equations (7)-(9).

A-IV Set § =8y, a = ay.

A-V Choose g, such that gu.., = g + qou; satisfies
(205 gopli) (25" ALiD) = 252

A-VI Compute S ., = StatSSIM(x, X) by substituting g,
to equations (7)-(9).

A-VIL If S ey > S, s€t 8 = Zuews S = S pew, @ = %1 and go
to A-V, else save S and g as outputs.

where U, is defined in (24) and q € RIXNVK=N=-M+1) jq
such that

N—-1 M—1
> gopili] (Z h[i]) =1. (33)
j=0 i=0

Proof: Since NK > N+ M — 1 and rank{H(N, M)} =

N + M — 1, it follows from Theorem 3 that S;(x, X) = 1 can
always be achieved by g,,; =[1 0 --- 0] H (N, M) + qU3,

Std. noise 10

—6— Std. noise 20| |
07 —— Std. noise 30
= = - Std. noise 40
0.65 —
1 1 1 1
-10 -5 0 5 10 15 20

09F
08F
=
a Std. X 20
07 —6—5td. X 30
—+—Std. X40
06 - = -Std. X 50
[
05 1 1 1 1 1
-10 -5 0 5 10 15 20

Fig. 4. The SSIM index w.r.t SNR (N =9).

where qu € RIXWK=N=-M+D) s non-empty free vector.
Taking q» such that (33) holds we get the equalizer
with Si(x,%) = 1. Therefore, g,,; given by (32) makes
S(x,x) =81(x,x)S(x,x) =1. O
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Assume that x[n] and the noise #[n] are two WSS ran-
dom processes and are uncorrelated with each other. Assume
further that the mean of #[n] is zero. Given the blurring
filter H(z), let Q be defined by (6). It follows from the proof of
Theorem 1 and Theorem 5 that if one eigenvalue of Q is small,
we may ignore its effect on S>(x,X) and use the freedom
to maximize Sj(x,x). This idea brings about Algorithm 1
which provides a suboptimal solution for non-zero mean
sources.

Algorithm 1 computes a suboptimal equalizer g with SSIM
index S. Moreover, we can obtain an upper and lower bound
of the maximal SSIM index StatSSIM pax (x, X). This is stated
by the following corollary.

Corollary 1: Let y, g and S be computed by Algorithm 1,
then we have

2
Ml < § < StaSSIMypay (x. £) < .
l4+a5+ci/p2y

Theorem 1 and Theorem 4 show that Sr)max = 1/y and
Simax = 1 can be achieved by different optimal equalizers
respectively. The iteration in Algorithm 1 is actually searching
a tradeoff between S; and S;. It follows from (34) that the
SSIM index of the suboptimal solution by Algorithm 1 is
determined by ay, c1/,u)2( and 1/y. The value of agp and §;
will be computed for g,,; with Symax = 1/y in numerical
examples.

(34)

=

V. NUMERICAL EXAMPLES

In this section, we will present various numerical examples
to illustrate the usage of the proposed theoretical results.

To avoid the influence of the estimation error of Cyy,
we use a first-order Autoregressive (AR) model with cor-
relation p = 0.95 as the model of the source image

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 23, NO. 12, DECEMBER 2014
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The SSIM index w.r.t. the noise strength of two channel systems (N = 11).

in Example 1-3. The first-order AR model is a good rep-
resentation of many images. In three examples, we set
axz = 600 and ¢ = 58.5225 if they are not specified explicitly.

Example 1: This example demonstrates how the value of b,
y and the optimal SSIM index vary with respect to the
equalizer length N and the noise strength. The blurring filter is
the Gaussian filter with length 5 and standard deviation 2. The
noise is white Gaussian with the standard deviation o, = 40.
The subplots in the left column of Fig. 3 show the relation
with the equalizer length N. We can see that the performance
improves as the length N of the equalizer increases. However,
the improvement is not significant for N > 9 as shown
by Fig. 3e. This suggests a good choice of the equalizer length
between the restoration performance and the implementation
complexity. The subplots in the right column of Fig. 3 show
the relation with the noise strength. Generally the SSIM index
decreases as the standard deviation of the noise increases.
The SSIM performance of the optimal MSE equalizer is also
drawn in Fig. 3e-3f, both of which show that the optimal
SSIM equalizer does give a better performance. However, the
performance difference between SSIM index and MSE is small
when the noise standard deviation small as shown by Fig. 3f.
Fig. 3g-3h plot the value of ag defined in Algorithm 1, which
determines the value of S;. We see that ag is closer to 1 as
the equalizer length gets larger.

The relation between the optimal SSIM index and the SNR
(N =9) is shown in Fig. 4. In Fig. 4a, the SNR increases by
increasing oy for fixed o;, while in Fig. 4b, the SNR increases
by reducing o, for fixed o,. For fixed blurring filters, we can
see from Fig. 4 that the SSIM performance is determined by
the SNR uniquely when the SNR is high.

Example 2: This example considers the two channel
systems. The following four sets of blurring filters are chosen:
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(@ Hi(x) = 925 mho) = H93%: 0) Hi() =
fir1(10,0.15), Hy(z) = fir1(10,0.35); (c) Gaussian blur-
ring filters with length 7 and oy, = 1, o, = 5; (d) Gaussian
blurring filters with length 7 and ony, = 2,0m, = 15. firl
is a Matlab function used to design specified FIR filters. The
blurring filters in the first set are minimum phase filters, while
those in other sets are non-minimum phase filters. The simula-
tion results are shown by Fig.5-7, in which each subplot with
label from (a) to (d) corresponds to the set with the same label.
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Fig. 5 shows that the SSIM index decreases as o, increases.
In Fig. 5, the length of all equalizers is set to 11. For
each set of blurring filters, the two channel equalizer has
better SSIM performance than the single channel equalizer.
This performance improvement of two channel systems is
more significant as o, increases (the SNR decreases). The
relationship between the SSIM index and the equalizer length
is shown in Fig. 6 (6, = 30) and Fig. 7 (g, = 0). It can be
seen from Fig. 6 that the two channel equalizer gives much
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(a) Reference (b) Channel 1 Distorted

(c) Channel 2 Distorted

(d) Channel 3 Distorted

Fig. 9. The original image and distorted images: (a) Original image
(b) Distorted image with o, = 2,0p, = 35, MSE = 1298.975465,
SSIM = 0.421610. (c) Distorted image with oy, = 3,0p = 35,
MSE = 1291.302170, SSIM = 0.414036. (d) Distorted image with

opy =7, 0n = 35, MSE = 1350.026872, SSIM = 0.393555.

better SSIM performance in each case. One can determine the
equalizer length which provides a good tradeoff between the
SSIM performance and the implementation complexity. For
this particular example, N = 6 is a good choice.

For minimum phase blurring filters, the maximal SSIM
index with either single channel equalization or two channel

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 23, NO. 12, DECEMBER 2014

(e) (f)

Images restored by using different sub-channel images:

Fig. 10.
(a) Image restored by channel 1, MSE=267.155018,
(b) Image restored by channel 2, MSE=279.178332, SSIM=0.703635.
(c) Image restored by channel 3, MSE=301.266248, SSIM=0.694187.
(d) Image restored by channel 1,2, MSE=223.739171, SSIM=0.760284.
(e) Image restored by channel 2,3, MSE=242.486797, SSIM=0.747186.
(f) Image restored by three channels, MSE=214.094281, SSIM=0.774641.

SSIM=0.718756.

equalization tends to 1 when the equalizer length increases
as shown by Fig. 7a. As shown in Fig. 7b-7d, the SSIM
index can never reach 1 by single channel FIR equalizer for
the non-minimum phase blurring filter. However, the SSIM
index tends to 1 by the two channel equalizer as the filter
length increases. SSIM is almost 1 for blurring filters set (b),
set (¢) and set (d) when the equalizer length N is equal to 8, 5
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TABLE I
OPTIMAL SSIM INDEX OF DIFFERENT RESTORATIONS ON DIFFERENT IMAGES (o, =2, oy, =3, oy =7, 0y = 35)

SSIM restored | Channel 1 | Channel 2 | Channel 3 | Channel 1&2 | Channel 2&3 | Three channels
Lena-region 0.718756 0.703635 0.694187 0.760284 0.747186 0.774641
Lena 0.719319 0.710864 0.705339 0.761722 0.755402 0.781372
Barbara 0.650579 0.647809 0.641732 0.690196 0.685135 0.704407
Boat 0.625919 0.615864 0.607479 0.659203 0.649023 0.671828
Goldhill 0.585816 0.576319 0.566121 0.639159 0.628722 0.662341

0.95

0.9
»
0.85{] 1
0.8 1
0.75f q
200 400 600 800 1000 1200
Pixel
Fig. 11.  The local value of S; of pixels from the first 10 rows with
c] = 6.5025.

and 6 respectively. As we said before, the smallest equalizer
length with good SSIM performance depends on the position
of the non-minimum phase zeros of the blurring filters.

Example 3: This example considers a three-channel system
with 2 = 600 and o> = 625. The blurring filters are
Gaussian filters with length 7 and oy, = 1,0, = 2,
op; = 15, respectively. The relationship between the
SSIM index and the equalizer length is plotted in Fig. 8,
which shows that the three-channel equalizer achieves
much better SSIM performance than two-channel equalizers
and single-channel equalizers. The computational burden
is not heavy since only matrix manipulation is involved
in Equation (11)-(12).

In the following three examples, we apply the method to
real images. In practical applications, the SSIM index of
an entire image is the average of all SSIM value computed
locally along a sliding window. Therefore, the optimal g,
is computed adaptively by using Xy estimated from y within
a fixed window. In all three examples, the window is of size
35 x 35, and ¢, = 58.5225.

Example 4: In this example, we use a region of the Lena
image as the test image, which is blurred by three different
length 7 Gaussian filters with o, =2, o, =3, and oy, = 7.
The noise is Gaussian white with standard deviation o, = 35.
The original image and distorted images of three channels are
shown in Fig. 9. Fig. 10 shows the restored images by single
channel blurred image and different combinations of sub-
channel images. The optimal SSIM index is given in Table I.
Both Fig. 10 and Table I show that multiple channel restoration
outperforms the single channel restoration. Fig. 11 draws the

(a) Reference (b) Channel 1 Distorted

(c) Channel 2 Distorted

(e) MSE-opt Restored by Channel 1,2 (f) SSIM Restored by Channel 1,2

Fig. 12. Images restoration: (a) Original image. (b) Distorted image with
oy, = 2,0n = 25, MSE = 899.902475, SSIM = 0.588095. (c) Distorted
image with oy, = 5,0, = 25, MSE = 935477916, SSIM = 0.571881.
(d) Image restored by the SSIM-optimal filter of Channel 1, MSE =
628.557731, SSIM = 0.689969. (e) Image restored by the MSE-optimal
filter of Channel 1,2, MSE = 499.992954, SSIM = 0.670820. (f) Image
restored with the SSIM-optimal filter of Channel 1,2, MSE=609.016684,
SSIM = 0.712847.

local value of S; of the image restored by channel 1 only for
pixels of the first ten rows. Here we choose c; = 6.5025.
We can see that S| varies between 0.75 and 0.99. We find that
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TABLE II
OPTIMAL SSIM INDEX OF DIFFERENT RESTORATIONS ON DIFFERENT IMAGES (o, =2, oy, =5, oy =1,0p = 25)

SSIM restored | Channel 1 | Channel 2 | Channel 3 | Channel 1&2 | Channel 2&3 | Three channels
Lena-region 0.771767 0.750969 0.745187 0.795597 0.781671 0.803091
Lena 0.765644 0.753439 0.752718 0.796972 0.790106 0.811148
Barbara 0.689969 0.682998 0.681324 0.712847 0.710320 0.720719
Boat 0.664766 0.645722 0.643246 0.683162 0.672878 0.690225
Goldhill 0.639794 0.623363 0.622403 0.678107 0.669111 0.695227

(a) Reference (b) Channel 1 Distorted

(c) Channel 2 Distorted (d) SSIM Restored by Channel 1

(e) MSE-opt Restored by Channel 1,2

(f) SSIM Restored by Channel 1,2

Fig. 13. Images restoration: (a) Original image. (b) Distorted image with
oy, = 2,0, = 35, MSE = 1273.888322, SSIM = 0.351978. (c) Distorted
image with o, = 3,0, = 35, MSE = 1280.202630, SSIM = 0.345316.
(d) Image restored with the SSIM-optimal filter by Channel 1, MSE =
226.380905, SSIM = 0.719319. (e) Image restored with the MSE-optimal
filter by Channel 1,2, MSE = 164.625729, SSIM = 0.716074. (f) Image
restored with the SSIM-optimal filter by Channel 1,2, MSE = 189.378151,
SSIM = 0.761722.

S1 is small at the pixels near the left boundary of each row.
One reason is that Xy can not be estimated accurately for those
pixels.

Example 5: In this example, we consider the Barbara image
of size 512 x 512 distorted by three length 7 Gaussian filters
with oy, = 2, oy, = 5 and oy, = 7. The noise is
Gaussian white with standard deviation g, = 25. The original
image, two distorted images and some reconstructed images
are shown in Fig. 12. The SSIM values including other test
images are given by Table II. We can see that the SSIM
optimal equalizer outperforms the MSE-based equalizer, and
the multiple channel restoration outperforms the single channel
restoration.

Example 6: In this example, we use the Lena image of
size 512 x 512 as the test image. Three length 7 Gaussian
filters with oy, = 2, oy, = 3 and oy, = 7 are adopted as
the blurring filter. The noise is Gaussian white with standard
deviation o;,, = 35. The original image and some distorted and
reconstructed images are shown in Fig. 13. The SSIM values
including other test images are given in Table I. We can draw
the same conclusion as Example 5 that the multiple channel
restoration outperforms the single channel restoration, and the
SSIM optimal equalizer has better performance.

VI. CONCLUDING REMARKS

The optimal design of multichannel equalizers with SSIM
criteria has been studied. Under the assumption that the source
image is zero mean, closed-form formulae have been presented
for the optimal equalizer and the achieved SSIM index. The
results show that the equalizer with maximal SSIM index is
the one with minimal MSE multiplied by a scalar y, which
turns out to be the inverse of the achievable maximum of
the SSIM index. Direct relationship between the SSIM index
and MSE has been established. An algorithm to compute the
suboptimal solution for general sources is proposed. Finally
various numerical examples have been given to illustrate the
effectiveness of the theoretical results.

Much research can be done on SSIM index oriented
optimization by using the idea developed in this paper. Firstly,
it is interesting to apply the SSIM index into the design of
general filter banks, which has wide applications in subband
coding and compression. The main difficulty is to deal with the
cyclo-stationary property of the signals. Secondly, new blind
equalizers with the maximal SSIM index may be designed
based on MSE-optimal equalizers [4], [5].

ACKNOWLEDGEMENT

The authors would like to thank Jingxin Zhang for
valuable discussions, and S. S. Channappayya for providing
the matlab code about algorithms in [11]. We would also like
to thank the anonymous reviewers and associate editor for their



CHAI AND SHENG: OPTIMAL DESIGN OF MULTICHANNEL EQUALIZERS

constructive comments and insightful suggestions, which have
improved the quality of this paper.

[1]
[2]
[3]

[4]

[5

[t}

[6

=

[7]

[8]

[9]

[10]

(11]

[12]

[13]

[14]

[15]

(16]

(17]

(18]

[19]

[20]

[21]

[22]

[23]

REFERENCES

K. R. Castleman, Digital India:
Pearson Education, 1996.

M. R. Banham and A. K. Katsaggelos, “Digital image restoration,”
IEEE Signal Process. Mag., vol. 14, no. 2, pp. 24-41, Mar. 1997.

N. P. Galatsanos, A. K. Katsaggelos, R. T. Chin, and A. D. Hillery,
“Least squares restoration of multichannel images,” IEEE Trans. Signal
Process., vol. 39, no. 10, pp. 2222-2236, Oct. 1991.

G. B. Giannakis and R. W. Heath, “Blind identification of multichannel
FIR blurs and perfect image restoration,” IEEE Trans. Image Process.,
vol. 9, no. 11, pp. 1877-1896, Nov. 2000.

F. Sroubek, G. Cristébal, and J. Flusser, “A unified approach to super-
resolution and multichannel blind deconvolution,” IEEE Trans. Image
Process., vol. 16, no. 9, pp. 2322-2332, Sep. 2007.

F. Sroubek and J. Flusser, “Multichannel blind deconvolution of spa-
tially misaligned images,” IEEE Trans. Image Process., vol. 14, no. 7,
pp. 874-883, Jul. 2005.

Z. Wang, A. C. Bovik, H. R. Sheikh, and E. P. Simoncelli, “Image
quality assessment: From error visibility to structural similarity,” JEEE
Trans. Image Process., vol. 13, no. 4, pp. 600-612, Apr. 2004.

Z. Wang and A. C. Bovik, “Mean squared error: Love it or leave it?
A new look at signal fidelity measures,” IEEE Signal Process. Mag.,
vol. 26, no. 1, pp. 98-117, Jan. 2009.

D. Brunet, E. R. Vrscay, and Z. Wang, “On the mathematical properties
of the structural similarity index,” IEEE Trans. Image Process., vol. 21,
no. 4, pp. 1488-1499, Apr. 2012.

S. S. Channappayya, A. C. Bovik, and R. W. Heath, “A linear estimator
optimized for the structural similarity index and its application to image
denoising,” in Proc. IEEE Int. Conf. Image Process., Atlanta, GA, USA,
Oct. 2006, pp. 2637-2640.

S. S. Channappayya, A. C. Bovik, C. Caramanis, and R. W. Heath,
“Design of linear equalizers optimized for the structural similarity
index,” IEEE Trans. Image Process., vol. 17, no. 6, pp. 857-872,
Jun. 2008.

M. Temerinac-Ott and H. Burkhardt, “Multichannel image restoration
based on optimization of the structural similarity index,” in Proc. IEEE
43rd Asilomar Conf. Signals, Syst., Comput., Pacific Grove, CA, USA,
Nov. 2009, pp. 812-816.

L. Chai, J. Zhang, C. Zhang, and E. Mosca, “Optimal noise reduction
in oversampled PR filter banks,” IEEE Trans. Signal Process., vol. 57,
no. 10, pp. 3844-3857, Oct. 2009.

L. Chai, J. Zhang, and Y. Sheng, “Optimal design of oversampled
synthesis FBs with lattice structure constraints,” IEEE Trans. Signal
Process., vol. 59, no. 8, pp. 3549-3559, Aug. 2011.

F. Labeau, “Synthesis filters design for coding gain in oversampled
filter banks,” IEEE Signal Process. Lett., vol. 12, no. 10, pp. 697-700,
Oct. 2005.

Y. Sheng, L. Chai, and J. Zhang, “Robust optimal post-filter in oversam-
pled lapped transform: Theory and application in image coding,” Signal
Process., vol. 93, no. 9, pp. 2516-2524, 2013.

L. Chai, Y. Sheng, and J. Zhang, “Design of synthesis filter banks for
the structural similarity index,” in Proc. 20th IEEE Int. Conf. Image
Process., Melbourne, Australia, Sep. 2013, pp. 849-853.

J. Wang, T. Chen, and B. Huang, “On spectral theory of cyclostationary
signals in multirate systems,” IEEE Trans. Signal Process., vol. 53, no. 7,
pp- 2421-2431, Aug. 2005.

T. Aach, “Comparative analysis of shift variance and cyclostationarity in
multirate filter banks,” IEEE Trans. Circuits Syst. I, Reg. Papers, vol. 54,
no. 5, pp. 1077-1087, May 2007.

S. S. Channappayya, A. C. Bovik, and R. W. Heath, “Rate bounds on
SSIM index of quantized images,” IEEE Trans. Image Process., vol. 17,
no. 9, pp. 1624-1639, Sep. 2008.

S. S. Channappayya, A. C. Bovik, C. Caramanis, and R. W. Heath,
“SSIM-optimal linear image restoration,” in Proc. IEEE Int. Conf.
Acoust., Speech, Signal Process., Las Vegas, NV, USA, Mar./Apr. 2008,
pp. 765-768.

T. Richter and K. J. Kim, “A MS-SSIM optimal JPEG 2000 encoder,”
in Proc. Data Compress. Conf., Snowbird, UT, USA, Mar. 2009,
pp. 401-410.

C.-L. Yang, R.-K. Leung, L.-M. Po, and Z.-Y. Mai, “An SSIM-optimal
H.264/AVC inter frame encoder,” in Proc. IEEE Int. Conf. Intell.
Comput. Intell. Syst., Shanghai, China, Nov. 2009, pp. 291-295.

Image Processing. Delhi,

[24]

[25]

[26]

[27]

(28]

[29]

[30]

(31]

(32]

(33]

[34]

[35]

[36]

5637

Y.-H. Huang, T.-S. Ou, P-Y. Su, and H. H. Chen, “Perceptual rate-
distortion optimization using structural similarity index as quality
metric,” IEEE Trans. Circuits Syst. Video Technol., vol. 20, no. 11,
pp. 1614-1624, Nov. 2010.

S. Wang, A. Rehman, Z. Wang, S. Ma, and W. Gao, “Rate-SSIM
optimization for video coding,” in Proc. IEEE Int. Conf. Acoust., Speech,
Signal Process., Prague, Czech Republic, May 2011, pp. 833-836.

A. Rehman, Z. Wang, D. Brunet, and E. R. Vrscay, “SSIM-inspired
image denoising using sparse representations,” in Proc. IEEE Int. Conf.
Acoust., Speech, Signal Process., Prague, Czech Republic, May 2011,
pp. 1121-1124.

A. Rehman, M. Rostami, Z. Wang, D. Brunet, and E. R. Vrscay,
“SSIM-inspired image restoration using sparse representation,’
EURASIP J. Adv. Signal Process., vol. 2012, p. 16, Jan. 2012.

J. Portilla and E. Simoncelli, “Image restoration using Gaussian scale
mixtures in the wavelet domain,” in Proc. IEEE Int. Conf. Image
Process., vol. 2. Sep. 2003, pp. II-965-11-968.

R. Neelamani, H. Choi, and R. Baraniuk, “ForWaRD: Fourier-wavelet
regularized deconvolution for ill-conditioned systems,” IEEE Trans.
Signal Process., vol. 52, no. 2, pp. 418-433, Feb. 2004.

R. A. Horn and C. R. Johnson, Matrix Analysis. Cambridge, U.K.:
Cambridge Univ. Press, 1985.

J. G. Proakis, C. M. Rader, M. Moonen, I. K. Proudler, and C. L. Nikias,
Algorithms for Statistical Signal Processing. Englewood Cliffs, NJ,
USA: Prentice-Hall, 2002.

L. Qiu, Z. Ren, and J. Chen, “Fundamental performance limitations in
estimation problems,” Commun. Inf. Syst., vol. 2, no. 4, pp. 371-384,
2002.

H. Boche and V. Pohl, “Structural properties of the Wiener filter—
Stability, smoothness properties, and FIR approximation behavior,” IEEE
Trans. Inf. Theory, vol. 52, no. 9, pp. 42724282, Sep. 2006.

K. Abed-Meraim, P. Loubaton, and E. Moulines, “A subspace algorithm
for certain blind identification problems,” IEEE Trans. Inf. Theory,
vol. 43, no. 2, pp. 499-511, Mar. 1997.

L. Tong and S. Perreau, “Multichannel blind identification: From sub-
space to maximum likelihood methods,” Proc. IEEE, vol. 86, no. 10,
pp. 1951-1968, Oct. 1998.

K. Abed-Meraim, W. Qiu, and Y. Hua, “Blind system identification,”
Proc. IEEE, vol. 85, no. 8, pp. 1310-1322, Aug. 1997.

Li Chai (S’00-M’03) received the B.S. degree in
applied mathematics and the M.S. degree in con-
trol science and engineering from Zhejiang Univer-
sity, Hangzhou, China, in 1994 and 1997, respec-
tively, and the Ph.D. degree in electrical engineering
from the Hong Kong University of Science and
Technology, Hong Kong, in 2002.

He joined Hangzhou Dianzi University, Hangzhou,
in 2002. He was a Post-Doctoral Research Fellow
with Monash University, Clayton, VIC, Australia,
from 2004 to 2006. In 2007, he joined the Wuhan

University of Science and Technology, Wuhan, China, where he is currently a
Chutian Professor. His research interests include filter bank frames, wavelets,
image processing, and control with communication constraints.

Yuxia Sheng (M’12) received the B.Eng. and mas-
ter’s degrees from the China University of Geo-
sciences, Beijing, China, in 2000 and 2004, respec-
tively. She is currently a Lecturer with the School of
Information Science and Engineering, Wuhan Uni-
versity of Science and Technology, Wuhan, China.
Her research interests include filter banks and image
processing.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


