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Abstract. One of the main tasks in image restoration is to catch the
picture characteristics such as interfaces and textures from incomplete
noisy frequency data. For the cost functional with data matching term in
frequency domain and the total variation together with Frobenius norm
penalty terms in spatial domain, the properties of the minimizer of cost
functional and the error estimates on the regularizing solution are estab-
lished. Then we propose an algorithm with double recursion to restore
piecewise smooth image. The Bregman iteration with lagged diffusivity
fixed point method is used to solve the corresponding nonlinear Euler-
Lagrange equation. By implementing recursion algorithms a few times,
the satisfactory reconstructions can be obtained using random band sam-
pling data. Numerical implementations demonstrate the validity of our
proposed algorithm with good edge-preservations.
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1 Introduction

A lot of engineering backgrounds such as objects detections for military pur-
poses and magnetic resonance imaging (MRI) for medical applications, lead to
the studies on image restorations. The main tasks of image restorations aim
to the recovery of an image from given noisy measurement data. However, in
most engineering configurations, the specified measurement data are limited fre-
quency data instead of the full data in spatial domain. Therefore the image
restorations are essentially of the nature of ill-posedness [1]. Mathematically,
the image restorations require the stable approximations to the target image
from insufficient noisy measurement data, which are also one of the most impor-
tant research areas of applied mathematics by dealing with the ill-posedness of
the image restorations.

In recent decades, various image restoration models and mathematical tech-
niques have been developed due to the great importance of image restoration
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problems, such as level set methods, wavelet-based frameworks, nonlinear PDEs
models and optimization schemes [2-4]. In all these studies, the basic ideas are
the reconstructions of an image by some denoising process, while the key infor-
mation about the image should be kept in terms of the regularization techniques.

The mathematical framework dealing with ill-posed problems is the regular-
izing scheme with some appropriate penalty terms incorporating into the cost
functional. The key issue for this scheme is that the suitable weight called the
regularizing parameters between the data matching term and the penalty terms
should be specified artificially to keep the balance between the data matching
and smoothness of the sought solution. In the cases that the exact solution to be
sought is smooth, the penalty terms for the solution can be measured by some
standard norms such as L? or H? norm for which the choice strategy for the
regularizing parameters have been studied thoroughly [1,4]. However, for non-
smooth exact solution such as those in the image restorations with the sharp
jump of the grey level function of the image, instead of the standard differential
norms, the other non-differential penalty term such as total variation (TV) or
L%-norm sparsity penalty term should be applied [2,3].

Motivated by the above engineering backgrounds, we consider an image
recovery problem using the incomplete noisy frequency data by minimizing a
cost functional with penalty terms in Sect.2. Based on the derivatives expres-
sions of the cost functional, an iterative scheme with outer and inner recursions
are proposed in Sect. 3 to solve the minimizing problem. Finally, some numerical
experiments are presented to show the validity of the proposed scheme in Sect. 4.

2 Optimization Modeling with Error Analysis

As the standard configurations in signal processing, we define the Fourier Trans-
form matrix F' € RV*N with the components

Fj=e %49, jj=1--- N. 2.1
»J

It is well-known that the matrix F is an unitary matrix [10] satisfying F*F =
7T, where the superscript * denotes the conjugate transpose of an matrix, Z is
identity matrix.

In most computer vision problems, the two-dimensional image f :=
(fmn)(m,n = 1,--- | N) can be represented as a vector f. Here we introduce
some symbols for this representation as follows:

[J operator vect : RN*N — RN*X1: vect[f] := (fi,fo, - ,fx2)T = £, where
the NZ2-elements are generated by re-ordering the N column vectors of f
sequently.

[] operator array: the inverse of the vect, i.e., array[f] = f.

[] Two-dimensional discrete Fourier transform (DFT) matrix F:

f:=vect[FT fF] = (F ® F)f := Ff,

where ® is the tensor product of two matrices.
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By partial frequency data of f , we mean that only parts of the elements of
f are sampled, with other elements considered as 0. Denoted by P the N x N
matrix generating from the identity matrix Z by setting its N-M rows as null
vectors, i.e., P = diag(p11,p22, - ,pnn) with p; being 1 or 0. Then Pf means
that we only take M (< N) rows of f as our partial data. To the vector form f,
the sampling matrix should be modified as an N? x N? matrix. Then we have
the following notations with tensor product:

vect[Pf] = (I ® P)vect|f] = (Z ® P)f := Pf. (2.2)

Obviously, the matrix P is the sampling matrix in algorithm domain which is
chosen before reconstruction.

Generally, the frequency data of an image f are obtained by some scanning
process, which are of unavoidable error, i.e., our inversion data for image recovery
are in fact P§° with noisy data §° of f satisfying

IPf — P3|l <|If —3r <6, (2.3)

where || - || is the Frobenius norm for an N x N matrix, corresponding to the
2-norm of an N2-dimensional vector after stacking the elements of an N x N
matrix into an NZ2-dimensional vector. Hence the data matching term can be
written as

|Pf—P§||3 = |P(Ff) — Pg’|3. (2.4)

There are various sampling matrices, like those in radial lines sampling
method [12], band sampling method [6] which is much efficient in numerical
experiments. In this paper, we apply the random band sampling process which
samples some rows randomly. Denoted by cenR the central ratio, i.e., to the fre-
quency image there are only cenR x N rows in the central parts of the frequency
image (the centre is between No. N/2—1 and N /2 rows) in Cartesian coordinate
system or in the natural domain coordinate which is shown in Fig. 1(b), and the
others sampling rows are the random ones. In the algorithm domain shown in
Fig. 1(a), the sampling rows are distributed on the four corners, i.e., it is the
same distribution as the mask as usual.

0,01

Fig. 1. (a) Algorithm domain coordinate; (b) Natural domain coordinate.

Recall that the most important issue for image restorations is the edge-
preservation property of the image, which means that we are essentially inter-
ested in the efficient reconstruction for a piecewise constant image with the
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main interests in detecting image edges. Since the total variation (TV) of a two-
dimensional function can describe the function jumps efliciently, we are then led
to the following constraint optimization problem

T ~5112
min, {flrv : |PFTFF = Pif |} < o} (2.5)

where Pg° is the incomplete noisy frequency data, and TV penalty term |f|ry
for f is defined in a standard way [6,12]. Since |f|ry is not differentiable at
f = O (zero matrix), we approximate |f|ry by

flrvig = Z V5 ) + (Vi) + 58 (2.6)

m,n=1

for small constant 3 > 0, where Vi,  f := (VEL

o V2 f) with two components

AVl f: fm,—i—l,n*fm,ny 1fm<N, \Vi _ fm,n+1 7fm7n, ifn< N,
fl,n_fm,nv if m=N, e fm,l_fm,na ifn=N

for m,n=1,--- , N due to the periodic boundary condition on f.

However, the constraint optimization problem (2.5) in the case of P # 7 has
no restrictions on the size of f, notice that PFTXF = © may have nonzero
solution X arbitrarily large for singular matrix P. To exclude this uncertainty,
our image recovery problem is finally reformulated as the following unconstraint
problem

{f* = argminJg(f) @7)

Jp(f) = HPFTfF Py|I% + onllflI + ezl flrv.s.
where o, @y > 0 are regularizing parameters.

The theorems below illustrate the existence of the minimizer and establish
the choice strategies for the regularizing parameters a;g, as.

Theorem 1. For a; > 0,a9,3 > 0, there exists a local minimizer to the opti-
mization problem (2.7).

Proof. Since Js(f) > 0 for f € RV*N there exists a constant J* > 0 such that
J* = ir}f J5(f). So there exists a matrix sequence {f¥ € RN*N : k =1,2,...}

such that klim Js(f*) = J*, which means a1||f*||% < Js(f*) < Cp for k =

1,2,---, ie., | f¥|2 < Co/a;. Therefore there exists a subsequence matrix of
{f¥:k=1,2,---}, still denoted by {f*:k =1,2,---}, such that hm fr = f*

Notice that |f|rv,s is also continuous with respect to f by (2.6)7 the conti-
nuity of Jg(f) with respect to f yields Jg(f*) = klim Ja(fF) =J* = ir}f Js(f),
— 00

i.e., f* is the minimizer of J3(f). The proof is complete. O
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Theorem 2. Denote by fT € RN*N the exact image. Then the minimizer f* =
Joy a.p.6 Satisfies the following estimates

IPETf2, 0npsF = PPI% < 8% 4 an|| fT)1% + 202 N?V/B + 2as|fT]7v, (2.8)
2

1far 00,8, sl% < 25041 %|fT|TV + %NQ\/B-F I £111%, (2.9)

far im0V < gy + S FHIG + N2VB + | fi|rv. (2.10)

Proof. Since f5 ,, 54 is the minimizer, we have

1 * ~ * *
§||PFTfa1,a2,B,6F - Pg(SH%' +a1||fa1, : +O[2|fo¢1,a2,ﬁ,6|TV’ﬁ

IN

1 .
SIPFTFIF = PRI + aullf1113 + asl filrvis

IN

1
562 +arllfH% + ax(l v = 1fHrv) + aal v

1 al 3
:§6Q+a1||fT||%+a2 E
w2t | fnl? + 8+ /| Fan?

1
< 552+0é1||fT||%+a2N2\/B+0<2|fT|TV~ (2.11)

+ ol fT|rv

Since |f21,a2,5,6|TV < |fa,.0n,8.5|TV,8, the proof is complete by the triangle
inequality. (]

The above decompositions are important for seeking the minimizer of our
cost functional, which is taken as our reconstruction of image. This result gen-
erates the resolution analysis for our reconstruction scheme in terms of the
data-matching and regularity-matching for the image, i.e., the quantitative error
descriptions on these two terms are given. We can adjust the parameters ay, as
analytically such that our reconstruction fits our concerns for either image details
(data-matching) or image sparsity (TV difference).

3 The Iteration Algorithm to Find the Minimizer

Take the image vector f = (fi, fo, -+, fx2)T € RV*X1 a5 the equivalent variables,
and each components f; has one-to-one correspondence relationship with fy, »,
i.e. fmn = f(n—1)N+m- For the optimization problem

. (1 .
win J3(1) = win (G1PFT I = PR+ cull £+ calflrvs ) (31

finding the minimizer f* approximately, the Bregman iterative algorithm is given
in [13], which is established in terms of Bregman distance [14]. In order to solve
the optimization problem (3.1) iteratively, f+1) is yielded by solving its Euler-
Lagrange equation [15]. Due to the penalty terms || f||# and |f|rv,s, the corre-
sponding Euler-Lagrange equation for the minimizer is nonlinear. So we propose
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to find the minimizer by the lagged diffusivity fixed point method [16]. Consid-
ering the optimization problem with respect to the image vector f as

. (1 A
min Js(f) == min (2||P(Ff) — P& + ay||f|2 + a2|f|TVﬁ> . (3.2)

In order to solve the Euler-Lagrange equation of (3.1), we need the derivatives
of data matching term and the penalty terms in (3.2). By straightforward com-
putations, these derivatives have the following expressions:

Vei||PFTfF — Pg°||% = F*P*PFf — F*P*Pg’,
Vel flF = 27 ® If, (3.3)
Vel flrv,s = LIf]f,

where P =7 ® P and the N? x N2 matrix
Lif] .= (Z@D)"Af[(Z@ D) + (PR I)"A[f)(D®I) (3.4)
with
- 1 .. 1
A[f] := diag (dl[f]’ s T [f]) ,
ailf] ==\ (2N (T © D)irk ) + (7 (DO T)irkr)? + 6,

wherei = i(m,n) = (n—1)N+m,l' =1(m',n') = (n'=1)N+m' for m,n,m’,n’ =
1,--+,N, and the N x N circulant matrix D := circulant(—1,0,---,0, 1),

Based on (3.3), we can find the approximate minimizer by the following
Bregman iterative algorithm.

Algorithm 1. Bregman iterative algorithm for minimizing Js(f)

Input: frequency input {gfn,,n, :m/;n’ =1,---, N}, sampling matrix P € RV*¥

and parameters o, s, (.

Do iteration from [ = 0 with ¢©© = @, f(© = ©.
While [ < Lo

{ Compute:

G — g% 4 (g”) _ FTf(l)F),
f(“rl) =arg min Oél”f”%‘ + a2l flrv,s + %HPFTfF - Pg(Hl)Hi“’
FERNXN
l<l+1. }
End do

f* .= ng
End

According to (3.3), the stacking vector f!*1) of the minimizer f(+1) of J5(f)
at the [—th step satisfies the following nonlinear equation:

NI ® P)f 4201 (T @ I)f + a,L[f]f = F*ZT © P (g5 - Ff(”) , (3.5)
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with sampling data Pg® and the spatial approximation f() at the (I —1)th step,
which constitutes the standard Bregman iterative algorithm. Now we propose a
new algorithm based on the Bregman iteration by introducing an inner recursion.

Notice, the real symmetric matrix Z ® P may not be invertible due to our
finite sampling matrix P. Therefore an efficient algorithm should be developed
for solving the nonlinear system (3.5) with unknown £ € RV"X!. We apply the
lagged diffusivity fixed point method [16].

Define A™[f] := diag(

-, AN[f]). Since
Ly[f] := 200 (Z ® ) + a2(Z @ D) diag(A'[f],- - , AN[f])(Z @ D)

1 1 I 1
dn_nNpiE]? 0 d('rt—l)N+N[f])7 then A[f] - dlag(/l [f]’

is a real positive block diagonal matrix and

Lo[f] := aa(D @ I)T Alf)(D @ T)
0 1

A4 1 __1 _1
di [f] d 2] d; [f] dp2[f]
_ 1 A4 1. 0 0
di[f] di [f] da[f]
=az : : ’
1 1 1
0 0 " dy2 L lf] + dyz_, 1] T dnz_ [F]
_ 1 0 _ 1 1 4
dN2 (f] sz -1 (f] sz —1 (f] dN2 [f]

is a symmetric block matrix, we construct the inner iteration scheme from I-step
for the nonlinear system (3.5) as

Ly [fO1f¢+D = — <N2 (I® P)+L, [f(l)]) £
YT®P (F*gf - F*Ff(”) (3.6)

for I =0,1,---. Since L; [f(!)] is a known block diagonal matrix being symmetric
positive, the computational costs for solving fU+1) are affordable by solving
each column vector of f(+1) separately, which meets an N—dimensional linear
equations with symmetric positive coefficient matrix.

In the numerical experiments, we choose regularization of adjoint conjugate
gradient method (ACGM) as the inner iteration scheme to solve (3.6). Let b®
be the right term in (3.6) which is the known part from the {—step in exterior
recursion, and p is the prior regularizing parameter in ACGM. So we have

Y =0 — k0 (g + L WiV —b0)), 3)

0 . . - . .
where né) is the step-size at k-step in inner recursion defining as

o _ ) (T + Laf O Ly O] (—xf)T)
' (KT + Ly [fO]TL, [£O]) (—r ) 13

from the classic successive over relaxation method (SOR), ( , ) is the L? inner
product, and r,(cl) = ,uf,gl) + Ly [FO]T(ILy [f(l)]f,gl) —bW).
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Notice, the initial value fél) in the inner recursion can be chosen as 0 or f(),
and the stopping criterion may be the maximum iteration number K or some
others related to the small values of the cost function or the small difference of
the iterative sequences. Here we stop the iteration process when the difference
between f0+1) and £ is smaller than 1073, Finally we have the scheme to
find the approximate minimizer by the following iterative algorithm with inner
recursion.

Algorithm 2. Bregman iterative algorithm with inner recursion

Input: frequency input {gfn,’n, :m/;n’ =1,---, N}, sampling matrix P € RV*¥
and parameters a1, a2, G, i, Lo.
Do exterior recursion from [ = 0 with ¢ =0, f® =6

While I < Lo
{ Compute: g1 = g% + (g“) - PFf<l))7
Do inner recursion from k = 0 with fél) =f0,
While [[£(5D — £)3 > 1072

{ Compute: b®, v 1.
Compute: £ = f,il) — /i,(c”r,(? with (3.7)

k+1
k<=k+1. }
End do
l<=i+1. }
End do
f* .= fLO
End

4 Numerical Experiments

All the numerical tests are performed in MATLAB 7.10 on a laptop with an
Intel Core i5 CPU M460 processor and 2 GB memory.
We consider a model problem with 2 = [0,1]? and N = 128. Define

1 2 1 2 1
= = : — = — — <
Dy {w (1,x2) (xl 4) + (xg 2) < 64} ,

3 1 1
Dy = {-’l/‘:(ﬂil,xz)i $1—4’S8, $2—2’§4}, (4.1)
and
1’ xeDla
f<$) = 2a QIEDQ, (42)
0, IBGQ\(DluDg)

The functions f(x) together with its frequency function log(|f(w)|) in algorithm
domain (i.e., after shifting as Fig. 1) is shown in Fig. 2(a) and (b). Obviously, the
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frequency data in the center (or in the four corners before shifting) consist of
the main information about the image, so we should sample these data as much
as possible.

Fig. 2. (a) f(z); (b) Frequency function log(| f(w)|) after shifting; (c¢) and (d) Sampling
noisy frequency data Psolog(]§°(w)|) and Poo log(|§° (w)]) after shifting.

Firstly we yield the full noisy data ggw from the exact image f,, , by

gfn,n = fm.n + 0 X Tand(m, n),

where m,n =1,--- , N and rand(m,n) are the random numbers in [—1,1]. The
mesh image of initial image and the noisy image are shown in Fig. 3. Then the
full noisy frequency data are simulated by

9o = Flgbynl, m/,n =1,--+ | N. (4.3)

So with the random band row sampling method using sampling matrix P,
ngn/,n' is the input incomplete noisy data by row sampling process.

L1y
Wy MM\H\HW

(i If Il u‘ \‘\H“M!“N

il LS

Fig. 3. The mesh of initial image f(z) and noisy image ¢°(x).

Take a3 = 1000, as = 0.001, 5 = p = 0.0001, and the noise level § = 0.1. To
the row sampling processes, we consider two schemes by taking My = 60, cenR =
0.3 and My = 90,cenR = 0.3, so the sampling ratios are My/M = 60/128 =
46.88% and 70.31%, respectively. To compare the restoration performances by
applying more sampling data, we require that the data for My = 60 be included
in the data set for My = 90. In order to ensure the validity of tests, the random
number rand(m,n) and sampling rows should be fixed in each parts. Then we
obtain the sampling matrix Psg, Pyo with p;; = 1 only at the following locations:

ie{l-5,16,17,18,23,34,37,39,40,43,44, 45,47 — 55,

58,60, 61,63, 64, 70,76 — 79, 81, 82, 83, 86, 88 — 91,
94,95,97,98,100, 101,103,105, 107 — 112,125 — 128} (4.4)
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and

i€ {1—14,16,17,18,23,27 — 32, 34,37,39, 40, 43, 44, 45, 47 — 55,
58,60, 61,63, 64,70, 72,73, 74,76 — 79, 81, 82, 83, 86, 88,89 — 91,
94,95,97,98,100, 101,103,105, 107 — 112, 114 — 128} (4.5)

respectively. Figure2(c) and (d) show the two-dimensional image of full fre-
quency data, the incomplete noisy frequency data with Pyg, Pyo after shifting
respectively.

In our iteration process, the Bregman iterative number is Ly = 20, and
the initial value in ACGM inner recursion is f®). We compare Algorithm 2
with Algorithm 1, i.e., comparing the proposed scheme to the Bregman iterative
algorithm without inner recursion. Figure4(a) and (b) give the reconstructed
image f* with Pgg, Poo by our proposed algorithm, while Fig.4(c) shows the
reconstructed image f* with Pyg by standard Bregman iterative algorithm.

” I f I]W'Il
il

”‘ I
s

il

NHM\\\HH !

Fig. 4. (a), (b) The reconstruction of f* with Pso, Poo by our Bregman iterative algo-
rithm with ACGM inner recursion; (c) The reconstruction of f* with Pyo by standard
Bregman iterative algorithm without inner recursion.

From our numerical implementations, the algorithm based on random band
sampling method can reconstruct the piecewise smooth image with good edge-
preservation. Considering we apply the noisy data with relative error 10% and
the unused sampling data (the lost data) are more than 50% and 30%, the image
restorations based on Bregman iterative algorithm with ACGM inner recursion
are satisfactory. However, the reconstruction could only restore the relative grey
level in the whole image, the exact value cannot be recovered efficiently. The
numerical evidences for this phenomena are that the reconstructed image f*
with sampling matrix Pyg has interfaces clearly, but the interfaces of f* with
Py is worse.

5 Conclusion

An efficient algorithm to restore image based on L? — TV regularization penalty
terms is established. The data matching term of the optimizing model is only
used limited data in frequency domain, which are obtained by random band
sampling process. The new idea is that the model is included with two iteration:
Bregman iteration and adjoint conjugate gradient method as inner recursion.
In order to solve the optimizing problem, the Bregman iteration with lagged
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diffusivity fixed point method is used to solve the nonlinear Euler-Lagrange
equation of modified reconstruction model. For the inner recursion, the initial
value getting from the [-th exterior recursion can decrease the inner iteration
time. The experimental results demonstrate that proposed algorithm with ran-
dom band sampling is very efficient for recovering the piecewise smooth image
with limited frequency data, compared with the standard Bregman iterative
algorithm.
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