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Abstract

The choice of the suitable regularization parameter is very important to improve the quality and
speed of the image inverse problem. To this end, this paper proposes a new scheme to choose the
regularization parameter for the image restoration based on the total variation regularization model.
To be more specific, since the proposed model is a nonconvex and nonsmooth optimization prob-
lem, we employ the alternating direction method of multipliers (ADMM) to split the original model
into several easily solvable subproblems and then the regularization parameter can be efficiently
computed by using the meantime Morozov deviation principle. Numerical results show that the
proposed model and algorithm are efficient in restoring blurred images that are corrupted by noise.

Keywords: Image Restoration; Total Variation Regularization Model; Parameter Selection; Alternating
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1 Introduction

The techniques of digital image restoration is an
important part of digital image processing [1].
The goal of digital image restoration is to recon-
struct an original scene from a degraded obser-
vation. This restoration process is essential for
many image processing applications. The earliest
research on restoration technology can be traced
back to the space projects of the United States
and the former Soviet Union in the early 1950s and
1960s [2]. And bad imaging environment, equip-
ment vibration, aircraft rotation and other factors
make the image have different degrees of degrada-
tion. Under the technical background at that time,
the noise reduction caused substantial economic
losses. Therefore, the application field of image
restoration technology is of becoming increasingly

widely used in real life. For example, in the field of
remote sensing [3], the image restoration technol-
ogy can overcome the blur caused by the imaging
system relative to the ground movement. And it
also can overcome the excessive degradation of
image quality caused by atmospheric disturbance,
or suppress the coherent noise in radar remote
sensing imaging. In addition, image restoration
also has important applications in medicine[4],
imaging systems such as CT and X-ray need to
use image recovery technology to suppress noise
in medical images[5]. Therefore, in order to bet-
ter serve the development of social industries, it is
of great practical significance to study the model
and algorithm of image restoration technology. In
fact, due to the lacking of some prior information,



the restoration problem is considered to be an ill-
posed problem. The linear degradation model [6]
for image restoration may be expressed as

f=Ku+n, (1)

where f,u € R™ are the observed image and the
original image respectively, K € R X" s a fuzzy
operator and n is the noise. The early achieve-
ments of restoration technology mainly come from
some technologies and methods in the field of
digital signal processing, among which the sim-
plest and most direct method is inverse filtering
technology|[7], which is equivalent to solving a least
squares problem, namely

min | Ku — f[3, 2)

However, the model (2) is not feasible, because
the image recovery problem is often pathological,
and the images we observed are often noisy. To this
end, we can add the corresponding regular term
to the optimization model [8] based on the prior
knowledge of the initial image as the following
variation energy functional framework

. A
min @ (u) + 2| Ku — |3, 3)

The tuning parameter A > 0 can be used to
balance the effect of the data fitting term and
the regularization term Specially, when ®(u) =
TV (u) := ||Vul|1, the above model becomes a
total variation model proposed by Rudin et al.[9]:

A
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Currently, there are many ways to solve the
model(4). For example, the solution method based
on PDE[10, 11] is relatively easy to implement,
but requires a lot of iterations to get the accuracy
of the solution. Then, famous scholars put for-
ward the Chambolle projection algorithm, which
uses dual operators to obtain a minimization prob-
lem equivalent to the original problem, which is
easy to solve. This algorithm converges quickly,
but the optimal iteration step size is not easy
to obtain. To solve the above problems, schol-
ars have put forward many improvements, such
as FTVD methods [12], by introducing an inter-
mediate variable, the nonlinear term is replaced,

and the penalty term of the replaced term and the
intermediate variable is added. In order to make
the solution of the problem closer to the original
solution, it is necessary to increase the penalty
parameter, which makes the condition number of
the problem larger and more difficult to solve
the problem. At the same time, the numerical
calculation will become unstable.

In this paper, we adopt a fast solution method
based on the alternating direction multiplier
method (ADMM) [13], while considering that
image pixel values must be limited within a deter-
mined dynamic range [l, h], as the pixel values of
an image typically represent the physical energy
of the image, so the variable u in the objective
function (4) should be non negative. Moreover,
the solution obtained by the algorithm mentioned
above may contain negative values, so introduc-
ing constraints on the target variable is very
practical[14]. For example, for an 8-bit image,
there is [I,h] = [0,255], especially when storing
or outputting digital images, it is necessary to
limit pixel values within [, h]. There are currently
many methods to address this issue. In this paper,
we adopt the projection method, with the main
idea of mapping values less than [ to [ and val-
ues greater than h to h , thereby limiting the
pixel values of u and improving the accuracy of
the restoration results. Then, for digital image
recovery, the model (4) becomes:

: A 2
min TV (u) + || Ku = fll2, ()

where Q = {u € R"2/l <u < h}.

The selection of the regularization parameter
A should not only ensure the consistency between
the restoration result and the original data, but
also ensure that the restoration result is not
greatly affected by noise. If the A value in the
model (5) is too large, it is easy to lose a lot
of details of the original image [15]. If X is too
small and the denoising effect is poor. Therefore
adaptive selection of regularization parameter \
is a challenging problem, but scholars put for-
ward a series of selection methods of regularization
parameter. Forecasting risk estimator is unbiased,
for example, the (UPRE) method [16], the general-
ized cross validation (GCV) method [17], L-curve
method [18], the difference principle [19], etc.
The regularization parameter selection method is



currently developed for a linear Tikhonov regular-
ization or it is truncated singular value decomposi-
tion (TSVD) regularization. The TV model of (1),
however, the formula for image restoration is non-
linear, so it is difficult to export these evaluation
formulas based on the above method.

Although there have been scholars put forward
some good TV regularization methods, but these
methods only apply to image denoising. Due to
motion, docking or atmospheric turbulence and
degradation of blurred images, the influence of
the point spread function (PSF) in these measures
shall not be applied. In this paper [20] puts for-
ward an effective blind image based on the data
driven discriminant prior with the fuzzy method,
but it is a linear Tikhonov regularization and its
regularization is a constant. To efficiently esti-
mate the regularization parameter in the image
deblurring model, we use the Morozov deviation
principle to select A. The Morozov deviation prin-
ciple is to use the residual norm to match the
upper bound to select A\, which means that good
regular solutions u are in the following set:

D={u:|Ku— f[3<c, (6)
where c is a constant. If the noise variance o? is
known, then ¢ = 702. Where 7 is the determined
number. In general, setting 7 = 1[21]. Under
the principle of deviation, the image restoration
problem can be expressed as solving a constraint
problem as follows:

min TV (u). (7)

Though the Morozov deviation principle is

a very effective regularization parameter selec-
tion strategy, it is asked to solve an implicit
nonlinear equation (Morozov deviation equation).
Therefore, an effective solution of Morozov devi-
ation equation is the key to determine the reg-
ularization parameters. The classical numerical
method for numerically solving the Morozov devi-
ation equation is the Newton method. However,
the main disadvantage of the Newton method is
that each iteration requires solving a large linear
system of equations, which for large scale prob-
lems can be prohibitively expensive. To this end,
some works [22] propose to solve (7) by trans-
forming the constrained minimizing problem into
a non-constrained minimizing problem with the

help of the Lagrangian method (4). It is obvi-
ous that problems (4) and (7) are equivalent. If
there is a solution to equation (7), it is also a
solution to (4) for a specific selected parameter
A > 0 (Lagrangian multiplier). For (7), the sup-
plementary conditions indicate that w(0) € D
or:

IKu(y) = fl3 = ¢ (8)
for A > 0.

If A =0, then the problem (4) is equivalent to
the problem (7). Therefore, the solution u is a con-
stant image, which is impossible to occur in real
life. Therefore, the deviation principle is trying to
find a A > 0, and when the problem (7) solution
is not a constant image, the problem (8) is satis-
fied. The advantage of the deviation principle is
that when the error level tends to zero, the solu-
tion is convergent. that is, the canonical solution
tends to the true solution of the original problem.
In this paper, we will use the deviation princi-
ple to estimate the regularization parameters. In
each iteration, we will use the deviation princi-
ple to adaptively select regularization parameters.
Numerical experiments have also shown that our
proposed algorithm performs better.

The rest of this paper is organized as follows.
In Section 2, we show an alternating direction
multiplier method and give a discrete form of the
variable-complete difference of ADMM and solve
each sub-problem. In the third part, the appropri-
ate regularization parameters A are determined.
The convex function theorem is given and the
specific process of ADMM parameter selection is
demonstrated. The validity of the model and the
stability of the algorithm are illustrated by the
experiments in Section 4. Finally, the important
conclusion of this paper is that the algorithm
converges quickly and the numerical solution is
relatively stable.

2 Alternate direction
multiplier method

Alternate  Directional — Multipliers  Method
(ADMM) was first proposed by Glowinski and
Gabay [23], and it was demonstrated by 2011
by Boyd et al [24]. That can be used to solve
large-scale distributed optimization problems. It
is widely used in image processing, machine learn-
ing, computer vision and other fields. Its basic



idea is to decompose a large global problem into
several smaller, easy to solve local subproblems
based on the variable separation method, and
then use some effective numerical methods. This
approach is strongly associated with other solving
methods, such as the Lagrange multiplier method.

To the model (4), it is a convex and nons-
mooth optimization problem. Then we need to
use some operator splitting methods to solve it
such as the alternate directional multipliers meth-
ods (ADMM) [25], the primal dual methods [26],
Douglas-Rachford splitting methods [27], split-
Bregman methods (28], and so on. Among these
methods, the alternating direction method of mul-
tipliers (ADMM) is an algorithm that attempts to
solve a convex optimization problem by breaking
it into smaller pieces, each of which will be easier
to handle. A key step in ADMM is the splitting of
variables, and different splitting schemes lead to
different algorithms. In order to use the ADMM to
solve the model (5), we first introduce an auxiliary
variable v and then transform it into the following
constraint problem

. A 2
Jin ol + S lHEw — fl3

v = Vu, (9)
s.t. ¢ w = u,

Z=1U.

In order to use the ADMM, we need to intro-
duce the augmentation Lagrangian function

LA(U7U7U)7 Z; a?"y?u)
A
= vll2 = {o,v = V) + - [lv = Vul[3

P2

~(yw = u) + 2w — ul

A Bs
TSNz = IR = g2 — ) + 2 =l
where 1, B2, B3 > 0 are the penalty parame-
ters, « and -y, u are the Lagrange multipliers. For
the above-mentioned Lagrangian function can be

solved by an alternating iterative methods:
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Now we discuss how to solve the problems (10)-
(12).

e To the problem (10), it is a convex but nons-

mooth and can be written as

k2
o

v—VuF + —
B1

V1 = arg i o] + 21

2

This is the classic soft shrinkage problem and

then its closed-form solution can be obtained by
e}

1
——.0
2 B }
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LT EY (14)
HVuk + 4 oz’“H
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By
e To the problem (10), it can be rewritten as

k+1

w :argmin@Hw—ukH%—<’yk,w—uk>
weQ 2

This is a convex and constraint optimization

problem. We can use the projection gradient
method to solve it as

k
wht =P <uk + 7)
B2

= min <h, max (uk + lk, l>) (15)
65

e For the problem (11), it can be reorganized as
uFt = argnbin% Hvk+1 _ quE _ <ak7vk+1 _ Vu>
_ <,yk’wk+1 - u> + % Hwk - “Hz

)+ 2l



This is a least square problem and its optimiza- e Enter the f,k > 0,081, 82,83 > 0, Initialize u =

tion condition is ul, z=20and a =a,v=1°u=pu°.
3 k+1.
Bs + B3 . BaBs (D Based on (14), updating out v*1;
(A + B I)u=divA® + 5 B", (16) 2 Based on (15), updating w**1;
3 Based on (16), updating u*+1;
where A is the Laplace Operator and div is the @ Based on (18), updat%ng giin1 zkzl,l -
adjoint operator of the gradient operator V. In (® Based on (13), updating a**, ¥+,
.y . k k+1
addition, here A% = v* 1 — (ZTI and B* = wf"‘ e If the stopping can not satisfied, updating above
Zj _ 7;+BM'“_ iteration (D)—(@®). Otherwise, outputting the
2

208 . . restored image w1
To the equation (16), if we assume that the :

gradient operator uses the periodic boundary

conditions when it is discreted, then A is a block 3 Adapt ive selection of the
cyclic matrix [29, 30], which can be diagonalized

to [31] by the discrete Fourier transform. With regularlzatlon parameter
this assumption, we can get u*+1 by

In each step iteration of the algorithm, the devia-
tion principle is used to determine the regulariza-

; k B2B: k
uFtl — 1 F(div)F(A") + 213]:(3 ) tion parameter A . To get the appropriate A , our
F(A)+ %}* (I) ’ approach is to iterate, where adaptively adjusting
(17) A so that recovering the image in the set D is

the feasible. The relevant formula is as follows:
where F is the fast Fourier transform and F—! 1 . . -
denotes the inverse of F. 25T (A1) = A1 K K+531) 7 (A1 K f+My),

e To the problem (12), it can be reorganized as (20)
Therefore,we can obtain the error egy; of the

by solution in the following form:
2P = argmin §||Kz — fII3 = (W, 2 — M)
z

erp1 = K25 (N\pr) — f

+& HZ_“’CHH;' T 1 T
2 = KA1 K7 K + B31) 7 (A1 K7 f + My) — f,

This problem is the classic least square problem

; T -1 T
and we can get the solution by Use the equation K(tK" K + )™ = (tKK" +

7K, get out:

2= (AKTK + B3I) " *O\KT f 4+ M), (18) erir = Ovrt KKT + BaI) " (K My — ), (21)

where
My = ¥ + Bau+1. where, we define that
In fact, to tbe image deblurring pro.blem, the P\, M) = ”()\KKT 4B )N EM — f)|2. (22)
operator K is assumed to be the point spread
function and then K is a circulant matrix to its We have the following theorem showing

c? there must

be a unique regularization parameter Mg,
k+1 2 _ 2

0 [ K254 (Ay) — £II3 = e

discretization. Then we use the FFT to solve that when |[KM; — f|2 >
the equation (18) by

kil ]—'()\KTerMk)
SRl 1 (]—'(/\KTK+B3I)> , (19)

Theorem 1 Maket = KM — f,P(\, M) as shown in

Using the ADMM to solve the problem (5) can (22). Then P(X, M) is strictly about A monotonically

. decreasing positive conver functions, and have
be summarized as follows. g p f ’

P\, M) = b?, (23)

Algorithm I ADMM solving the model (5)




There is a unique solution p > 0, valid for any b tha
satisfies |[tol3 < b* < |t|3 . Here, to is

byt in KK”T Orthogonal projection on a zero space.

The theorem is proved by directly com-
puting the first and second derivatives
of P(A\, M) about A Strict  convexity
of P  ensures A uniqueness. For Theorem
1, we know that there is a unique solution
to P(\,My) = ¢* when |[KMy — f||3 > 2
is also My ¢ D which means we can find the
unique Ay > 0, make |Kz5¥(\giq) — f]13 = 2.
When M € D, we can select Ag41 = 0,
make z*t! = M, € D. To sum up, we must be
a unique A\ry; > 0 making z**!' € D. Notice
that (22) is nonlinear, and we can solve it with
the Newtonian method. Therefore, the ADMM of
parameters is selected according to the deviation
principle. The specific process is as follows:

Algorithm II ( ADMM based on devia-
tion principle Solve the constrained TV-
L2 model(9))

e Enter f,k > 0, (1, 02,P3 > 0, Initialize u =
u,z=20and a=a®,v=17°u=p°.

Based on (14), updating out v**1;

Based on (15), updating w**1;

Based on (16), updating u**!;

Have M}, = p* + pBaub+1;

It M, € D

Then Ap41 = 0;

It My & D:

Solve P(A\py1, My) = c%;

Have 2**1(\py1) =

Mot 1 KK + B3 1) (Nka KT f + My,);

By means of (13) to correct it af+1, k1t

e Determine whether the termination condition
is met, if satisfied, the image z**!, is output,
otherwise, the second step is returned.

4 Numerical experimentation

In this part, we will illustrate the effectiveness of
the model (9) and the stability of the ADMM algo-
rithm. In this paper, the algorithm ends when
the selection iteration reaches 200 steps, and
the algorithm results of the fixed regulariza-
tion parameters are compared with the adap-
tive selected regularization parameters to ver-
ify the effectiveness of the proposed algorithm

and model. Since the algorithm contains multiple
parameters, to select the parameters efficiently,
we first save the degraded graph as a mat for-
mat and then debug the relevant parameters to
optimize the experimental results. The experi-
mental platform in the paper is adopted Matlab
9.6 on PC (Intel Core i5 4590, 3.30GHz), where the
fuzzy images are obtained using the Matlab func-
tion H=fspecial(’gaussian’, Hsize, Sigma) and
Blur=imfilter(I, H, ’conv’) . In the experiments,
we measure the observed image quality and the
recovered image quality by using PSNR (Peak
Signal-to-Noise Ratio) and SSIM (Structural Sim-
ilarity Index Measurement).

To compare our method with other methods,
we select Aight natural images to test as shown
in Fig.1. Consider the gray-scale image Cam-
eraman and Lena as the test image, where the
parameters used by the fuzzy image are Hsize=3,
The coefficients select 0.1,0.05,0.01,respectively.
Figure.2 and Figure.3 show the recovery result
of the grayscale image Cameraman and Lena,
which shows that the fixed parameter of image
restoration are superior to the adaptive parame-
ter method when the coefficient is equal to 0.1,
however, the model recovery effect of adaptive
selection of regularization parameters is better
than that of fixed regularization parameters when
the coefficient is equal to 0.01 and 0.05, which
can well reflect the detailed characteristics of the
image. So our model has a very good recovery
effect(See Table 1 and Table 2 for details).

We also restore Pepper of 256 x 256 pixel
images degraded by random noise. The middle and
bottom of Fig.4 are the corresponding restored
images with the method of fixed parameters
and adaptive selected regularization parameters
respectively. Fig.4 shows that the image quality
of our method is more effective than that of fixed
parameters. The comparisons of our method and
fixed parameters are shown. We observe the PSNR
and SSIM of our method are higher than those of
the Fixed parameters(See Table 1 and Table 2 for
details).

Recovery results by different models for Man-
drill are as shown in Fig.5. The first row is
a degraded image and corrupted by the ran-
dom noise. The second row is the corresponding
restored images with fixed parameters. The third
row is corresponding restored images by the adap-
tive selected regularization parameters used in the



Figure 1

Original images with the same size. From left to right:(a).Cameraman(256 x 256) (b).Lena(256 x 256)

(c).Pepper(256x256) (d).Mandrill(256 x 256) (e).Boat(256 x256) (f).BaJie(256 x256) (g).Clown(256 % 256) (h).FigPage(256 x
256)

Figure 2 Cameraman recovery rendering of the dia-
gram.The three columns are shown from left to right
the COEFFICIENT select 0.1,0.05,0.01.First row behav-
ior degradation image;model recovery result of second
behavior regularization parameter A = 25 ;third behav-
ior adaptation selects the model recovery result of the
regularization parameter

model. Fig.5 shows that the image recovered from
the model adapted for selecting the regularization
parameters has a more obvious contrast.

Figure 3 Recovery renderings of the Lena diagram.The
three columns are shown from left to right the COEFFI-
CIENT select 0.1,0.05,0.01.First row behavior degradation
image;a model complex of the second behavior regulariza-
tion parameter A\ = 25 original result;the third behavior
adaptation selects the model recovery result of the regular-
ization parameters Lena

We restore Boat of 256 x 256 pixel images
degraded by the random noise. Fig.6 shows that
the image quality of adaptive selected regular-
ization parameters is more effective than that



Figure 4 Top:Pepper degraded image and corrupted
by the random noise.The three columns are shown
from left to right the COEFFICIENT select 0.1,
0.05,0.01.Ground floor:It is the original images of Pep-
per.Middle:Corresponding restored images by fixed param-
eters.bottom:Corresponding restored images by adaptive
selected regularization parameters.

Figure 5 Recovery renderings of the Mandrill dia-
gram.The three columns are shown from left to right the
COEFFICIENT select 0.1,0.05,0.01.A first behavior degra-
dation image;a model complex of the second behavior
regularization parameter A = 25 Original result;the third
behavior adaptation selects the model recovery result of
the regularization parameters Mandrill

Figure 6 Boat recovery rendering of the diagram.The
three columns are shown from left to right the COEF-
FICIENT=0.05 and Hsize select 3,5,7.First row behav-
ior degradation image;model recovery result of second
behavior regularization parameter A = 25 ;third behav-
ior adaptation selects the model recovery result of the
regularization parameter.It is clear from the above that
adaptive selected regularization parameters is more effec-
tive in image quality.On the one hand,the noise estimation
strategy is adopted to ensure the rationality of the adaptive
parameter selection,on the other hand,the adaptive param-
eter selection mechanism ensures the adaptability of the
algorithm under different noise, To increase the anti-morbid
problem.

of fixed parameters. We observe the PSNR and
SSIM of our method are higher than those of the
fixed parameters. Consider the gray-scale image
BalJie as a test image, where the parameters used
by the fuzzy image are respectively the COEF-
FICIENT=0.05 and Hsize select 3,5,7.Below for
the BalJie grayscale. Recovery of the image and
making the experimental renderings,see Figure 6.

Consider the classic Clown image. Clown
images have more special than BalJie grayscale
images. Fig. 7 shows the recovery result of the
grayscale image BalJie, which shows that the
ADMM has a very good recovery effect. However,
the model recovery effect of adaptive selection
of regularization parameter is better than that
of fixed regularization parameter, which can well
reflect the detailed characteristics of the image.
We restore Clown of 256 x 256 pixel images
degraded by the random noise. The middle and
bottom of Fig.8 are the corresponding restored



Figure 7 Balie recovery rendering of the diagram.The
three columns are shown from left to right the COEF-
FICIENT=0.05 and Hsize select 3,5,7.First row behavior
degradation image;model recovery result of second behav-
ior regularization parameter A = 25 ;third behavior adapta-
tion selects the model recovery result of the regularization
parameter

images with the method of fixed parameters
and adaptive selected regularization parameters
respectively. Fig.8 shows the image quality of our
method is more effective than that of fixed param-
eters. Our method also can get a better image
recovery performance. We observe the PSNR and
SSIM of our method higher than those of the fixed
parameters.

Recovery results by different models for Fig-
Page are as shown in Fig.9. The first row is
degraded image and corrupted by the random
noise. The second row is corresponding restored
images by fixed parameters. The third row is cor-
responding restored images by adaptive selected
regularization parameters used in the models.
Fig.9 shows that the image recovered from the
model adapted for selecting the regularization
parameters has a more obvious contrast.

Through all experimental results, it can be
found that our proposed algorithm can better
recover the detail texture information of the
image, and the boundary contour is also better
processed. It also can to obtain the description of
the image more accurately(See Table 3 and Table
4 for details).

Figure 8 Clown recovery rendering of the diagram.The
three columns are shown from left to right the COEF-
FICIENT=0.05 and Hsize select 3,5,7.First row behavior
degradation image;model recovery result of second behav-
ior regularization parameter A = 25 ;third behavior adapta-
tion selects the model recovery result of the regularization
parameter

Figure 9 FigPage recovery rendering of the diagram.The
three columns are shown from left to right the COEF-
FICIENT=0.05 and Hsize select 3,5,7.First row behavior
degradation image;model recovery result of second behav-
ior regularization parameter A = 25 ;third behavior adapta-
tion selects the model recovery result of the regularization
parameter



Table 1 This is compared with fixed parameters and adaptive selected regularization parameters choice of the two
methods about 4 images(Cameraman, Lena,Pepper,Mandrill) with Hsize=3 for PSNR values in the experiment

where */* respectively represent:fixed parameters/adaptive selected regularization parameters

PSNR!
Image the COEFFICIENT=0.1  the COEFFICIENT=0.05 the COEFFICIENT=0.01
Cameraman 24.32/23.46 25.61/26.45 26.11/30.97
Lena 25.85/24.51 27.87/28.11 28.72/33.10
Pepper 24.46/23.86 25.86/26.86 32.69/32.80
Mandrill 19.71/19.44 20.05/20.66 20.16/23.00

Note:The experimental images from the 1st to 4th rows are respectively Cameraman ,Lena ,Pepper ,Mandrill.From left to
right,they are PSNR values of Hsize=3,THE COEFFICIENT select 0.1,0.05,0.01.

Table 2 This is compared with fixed parameters and adaptive selected regularization parameters choice of the two
methods about 4 images(Cameraman, Lena,Pepper,Mandrill) with Hsize=3 for SSIM values in the experiment

where */* respectively represent:fixed parameters/adaptive selected regularization parameters (Hsize=3).

SSIM?
Image THE COEFFICIENT=0.1 the COEFFICIENT=0.05 the COEFFICIENT=0.01
Cameraman 0.61/0.51 0.75/0.71 0.84/0.92
Lena 0.69/0.62 0.82/0.79 0.88/0.93
Pepper 0.68/0.62 0.81/0.77 0.94/0.94
Mandrill 0.43/0.44 0.47/0.56 0.49/0.76

Note:The experimental images from the 1st to 4th rows are respectively Cameraman ,Lena ,Pepper ,Mandrill.From left to
right,they are SSIM values of Hsize=3,THE COEFFICIENT select 0.1,0.05,0.01.

Table 3 This is compared with fixed parameters and adaptive selected regularization parameters choice of the two
methods about 4 images(Boat,BaJie, Clown,FigPage) with the COEFFICIENT=0.05 for PSNR values in the experiment

where */* respectively represent:fixed parameters/adaptive selected regularization parameters

PSNR!
Image HSIZE=3 HSIZE=5 HSIZE=7
Boat 25.70/26.45 23.95/23.32 23.26/21.15
BalJie 26.53/27.60 24.31/22.89 23.33/19.11
Clown 26.82/26.85 25.19/23.75 24.25/20.45
Figpage 28.2228.61 25.80/24.52 24.48/21.89

Note:The experimental images from the 5th to 8th rows are Boat,BalJie ,Clown ,FigPage. From left to right, they are PSNR
values of the COEFFICIENT=0.05 and Hsize select 3,5,7.
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5 Conclusion

For the non-differentiability of the TV regular
term in the image recovery TV model, we pro-
pose a solution method based on the alternating
direction multiplier method. The algorithm has
the following advantages:

(1) It has the fast iterative convergence speed
and good results with a little iteration;

(2) The numerical solution is relatively stable.

For the selection of the regularization param-
eters, we use the deviation principle to select the
regularization parameters, in the iteration pro-
cess, self-adaptive. The regularization parameters
should be adjusted so that the parameters are
optimal and the image recovery effect is better.
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