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Abstract—1In this paper we generalize the iterative regular-
ization method and the inverse scale space method, recently
developed for total variation-based image restoration, to wavelet-
based image restoration. This continues our earlier joint work
with others where we applied these techniques to variational
based image restoration, obtaining significant improvement over
the Rudin-Osher-Fatemi total variation based restoration. Here
we apply these techniques to soft shrinkage and obtain the
somewhat surprising result that (a) the iterative procedure
applied to soft shrinkage gives firm shrinkage and converges to
hard shrinkage and (b) that these procedures enhance the noise
removal capability both theoretically, in the sense of generalized
Bregman distance, and for some examples, experimentally in
terms of SN R, leaving less signal in the residual.

Index Terms—Image restoration, iterative regularization
method, inverse scale space methods, total variation, Bregman
distance, wavelet, wavelet shrinkage.

I. INTRODUCTION

OTAL variation (TV) regularization (cf., e.g., [1], [2])

and wavelet shrinkage (cf., e.g., [3]-[5]) are among the
most useful techniques for signal and image denoising. The
relations between them have been studied by several authors,
e.g., in [6]-[8].

In recent work, the authors and colleagues developed an iter-
ative regularization method (IRM) and applied it to variational-
based image restoration [9]. Significant improvements were
obtained in both theoretical and numerical results. Later in
[10], [11] the discrete refinement procedure in this method was
successfully generalized to a time-continuous inverse scale
space (ISS) formulation.

In this paper, we start by reviewing TV-based denoising
methods and their recent developments, IRM and ISS, and
the relation between TV regularization and one important
technique in wavelet based denoising - soft shrinkage (cf. [4]).
Then we generalize the iterative regularization idea to the latter
and obtain another type of wavelet shrinkage - firm shrinkage
(cf. [12]). After taking a limit of the discrete iteration, we
show that iterated soft shrinkage becomes hard shrinkage (cf.
[4]). Finally we generalize the inverse scale space idea to soft
shrinkage and present some numerical examples.
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II. TOTAL VARIATION BASED METHODS, ITERATIVE
REGULARIZATION AND INVERSE SCALE SPACE

Given a noisy signal (one-dimensional, 1D, d = 1) or
image (two-dimensional, 2D, d = 2) data, denoted by f :
Q) c RY — R, which is corrupted by additive noise from the
unknown original data g, the task of denoising is to look for
a signal or image u which is close to f and “clean” in some
sense. Without confusion, we will use the word “image” in all
dimensions.

Variational methods solve this problem via the following
minimization

ut = argmin{J(u) + AH (u, f)}, (1)

where J(u) is a regularization term which characterizes some
features of the desired solution u, H(u, f) is a fidelity term
which measures the difference between v and f and usually is
a nonnegative functional, and A > 0 is a scale parameter tuning
the weight between the regularization term and the fidelity
term. TV-based methods use J(u) as the BV -seminorm of wu:

J(u) = [ulpya) = / Vul dedy, @)

which is also referred to as the total variation of w, and
then look for solutions u in BV (Q) (cf., eg., [13, Chapter
5]). One important feature of using the BV -seminorm as a
regularization term is that it helps to recover clean functions
u having sharp edges. TV-based methods were introduced
to image processing by Rudin-Osher-Fatemi [1], with the
following ROF denoising model:

A
u* :32 I‘}l(iél){WBV(ﬂ) + 2|f—u|%2} (3)
The solutions of (1) and (3) are often obtained by solving
the corresponding Euler-Lagrange equations through, e.g.,
gradient descent or a fixed point method.

Due to its simple formula and edge preserving property,
ROF is one of the most popular TV-based image denoising
techniques. A defect involving loss of contrast was observed
and analyzed by, e.g., [14], [15]. To solve this problem, in [9]
the authors and colleagues developed an iterative regulariza-
tion method (IRM), which replaces the regularization term in
(1) by a generalized Bregman distance. For p € d.J(w), which
is the subgradient of the weakly convex functional J at w (cf.,
e.g., [16]), we define the (nonnegative) quantity

DY (u,w) = J(u) — J(w) = (u—w,p), )

which is known as the generalized Bregman distance asso-



ciated with J(-) and p (cf. [17]-[19] for an extension to
nonsmooth functionals .J). (-,-) is the usual L? inner product
on 2. We note that if J(-) is not strictly convex, then 9.J(-)
may contain more than one element. For a uniquely selected
p € 0J(-), which is the case for our iterative regularization
procedure defined in [9] and also in the following sections of
this paper, (4) is well-defined.

To summarize, instead of solving (1), IRM in [9] solves the
following sequence of variational problems

k—1

u®) — argmin{Dg( )(u,u(kfl)) + )\H(u(k—l)’ f)}’ 5)

p* = p=H — 29, H(u* Y, f) € 0 (™), (6)

where k > 1,u(® = p(® = 0. The sequence {u(®)} satis-
fies: H (u(k), f) monotonically decreases with respect to k;
D(g,u™) monotonically decreases as long as H(u(*), f) >
H(g, f), where g is the unknown clean image. From these two
facts, if we have the value or an estimate of H (g, f) (which is
usually related to the noise level), then the iteration (5) and (6)
will be stopped at the last & such that H(u®), f) > H(g, f).
The numerical examples in [9] show significant improvements
of IRM over standard models (1). For rigorous analysis and
details, see [9].

Later in [10], [11], the authors and colleagues generalized
the discrete IRM to a time-continuous nonlinear inverse scale
space (ISS) flow. The idea can be briefly described as follows:
rewrite (6) as

p(k) — p(k’_l)
A

then interprete A as a timestep At and let it go to 0, define
p*) = p(kAt),u®) = u(kAt). After dropping the superscript
k and k — 1 and letting At — 0, kAt — t we obtain

dp _

dt
with u(0) = p(0) = 0 and u € 9J*(p), where J* is the dual
functional of J (cf., e.g., [16]). We obtained similar numerical
properties for u(t) in ISS as for u(*) in IRM. Therefore the
flow can be stopped at ¢ when H (u(?), f) H(g, f). For
details see [10], [11].

= -9, Hu* Y f), (7)

—0uH (u, f), (®)

ITI. WAVELET SHRINKAGE AND THE RELATION WITH TV
REGULARIZATION
Given an orthonormal wavelet basis {¢j(z)}, j =
(41, 42, j3), which is generated, e.g., by {1/}”3)(:1:)}?:;11 with
Yi(z) = 20pUs) (201 — 4o, §1 € Z,jo € Z%, 2 € RY, the
wavelet transform of an image f can be represented as (cf.,
e.g., [20]-[22]):

f= ZwaJ

We denote f = {f} = {(f,43)}.
In general, wavelet shrinkage attempts to denoise images
via the following three steps (cf., e.g., [3], [4]):

Z (f,43)¢5.

(1) Analysis. Transform the noisy image f to the wavelet
coefficients f = {f;};

(2) Shrinkage. Apply a shrinkage operator 7 with a threshold
parameter 7 related to the noise level to the wavelet
coefficient f: @ := Tr(f)§

(3) Synthesis. Reconstruct the denoised solution u from the
shrunken wavelet coefficients:

w=>Y iy => D-(fj)s
j j

Remark. In the literature (e.g., [7]) the wavelet basis is of-
ten divided into two parts: lowpass scaling functions o(x) and
bandpass wavelet functions 1(x). Correspondingly the wavelet
coefficients are divided into two parts: scaling coefficients
(or “approximation coefficients”) and detail coefficients. Then
in the shrinkage step above one can choose to apply the
shrinkage operator either on all wavelet coefficients or only on
the detail coefficients. In our discussion in this paper we will
consider shrinkage on all the wavelet coefficients. Since our
models are separable, our discussion can be easily generalized
to the case of shrinkage on detail coefficients only.

There are various types of shrinkage operators discussed in
the literatures. We list those that we will use here:

o Soft shrinkage (cf. [4]), for 7 > 0,

| w—rsign(w), if |w| > T,
Sr(w) = { 0, if |w| < 7. ©)
o Hard shrinkage (cf. [4]), for 7 > 0,
] ow, if |Jw| > T,
Hr(w) _{ 0, if fu| <7 (19)
o Firm shrinkage (cf. [12]), for 75 > 7 > 0,
w, if |w| > 7o,
‘7:7'177'2(10) = c(w77'1,7'2), if 71 < |U)| < T2,
0, if Jw| <7,
(1T)

where c(w, 11, T2) = (w—7sign(w)) is a value between

0 and w.

T2 — 7'1

Now we consider the Besov space B% o1 (), which contains,
roughly speaking, functions with first order derivatives in
LY(2). (For the formal definition of Besov spaces B4, cf.,
e.g., [23]). One important fact is that the discrete {!-norm of
the wavelet coefficients is equivalent to the norm in B;"' (),
which is a subset of BV (Q) for Q C R? (cf., e.g., [6], [8],
[24]1-[27]). We replace the BV -seminorm (2) by the I*-norm
of wavelet coefficients

) =3 Jig] ~ lull .
J

Here ‘=’ is used to represent the equivalence between the two
norms. (We still use the notation J although it has different
meaning now.) From Parseval’s identity we have

If —allfe = I =@l =D 15— @l
j

(12)

13)

We then approximate the TV-based ROF model (3) by using



the following wavelet-based method:
A~
u* argmin{J(ﬁ) + §||f - {LHQL?}
. - A ;-
= arggmn{z lag| + 5 Z |f; — uj|2}, (14)
J J

where fJ are the wavelet coefficients of the noisy image f and
the restored image u* is the wavelet reconstruction of u*. To
simplify the notation from now on we drop the superscript
if not otherwise specified.

Note that because the summation in (14) is separable, it
suffices to solve a sequence of scalar mlmmlzatlon problems
n%n(bfj (ti;) for all j, where ¢z (1i;) = |t + 5 2(f; — 1)

The minimizer of (14) is

s — { fi - %sign(fj), if |JS| > %a
i = 1

0, if | < 5 (15)

for all j, which is precisely the soft shrinkage algorithm (9)

with threshold 7 = §:

U= S% (f).
The above connection between ROF and soft shrinkage was
observed by Chambolle et. al. in [6].
Remark. Denote F(u;) = |u;| a scalar function, then
J(u) =35 F(u) and we can write the subgradient 0.J (1) =
{0F (u3)}, where

- {5 4B o
The Euler-Lagrange equation of (14) is

OF (ii3) + @ — f;) 0, for all j,
Denote 5 = M f; — i) € OF (i), 05 = 5, then ¥ = f; — i3

and we have a decomposition f; = uj + v;. From (15) we

e Gy, IR >
_ sign~j7 i HESSY 17
b { VA A 1n
nd Lign(F),  if 1yl > ]
= ) oxsignlfi), Ui > % 18
H { fis iflfl <5, (18)

for all j. Note that although OF (0) = [—1,1] is a multivalued
set, p; defined above is unique. We will use p; and v; later to
define the iterative regularization procedure.

IV. ITERATIVE REGULARIZATION APPLIED TO WAVELET
SHRINKAGE

Now we generalize IRM and ISS in [9]-[11] to wavelet
shrinkage. The generalized Bregman distance associated with
J(@) in (12) and p € 0J(w) can be defined as

Db (a,w) = J(a) — J () —

(@ —w,p). 19)

Again we note that for w; = 0, OF (w;) is a multivalued
set. However, as we shall see below, the proposed iterative
regularization algorithm will automatically select a unique
subgradient p € 9.J(w). Without confusion, we will omit the
word “generalized” in the following discussion.

Following the same idea as in [9], we replace J (@) in (14)
by the Bregman distance (19) and then obtain a sequence
of minimization problems on %; and the update of its dual
variable pj as follows

(k—1)

(% A~
) = argind D5 a0 + S -l o)
u

P =+ A —a®),

with £ > 1,40 = 0, p(°) = 0. We shall show later that such
p*) e aJ(a®). We call this as a wavelet-based iterative
regularization method (W-IRM).

If we denote 3% = 2 then 5(© = 0, by plugging
(19) into (20) and dropping the constant terms from the
minimization, after some simplification we can rewrite (20)

as
2
}. (22)
L2

Note that at the k™ iteration we simply replace the wavelet
coefficients f in the original minimization (14) by f f+ k=1,
and proceed to solve the same minimization procedure as for
(14). Therefore the minimizer of (22) is

21

by ~
a® = arggnin{J(ﬂ) t3 H(f + k=D — 17,’

(oot 357 — Ssienfy 4 7).
k 1)
ﬂ§k) — lf ‘f.] + | > )\a (23)
0,
it |+ oY < L
or simply,
i =Sy (f+a1 "), (24)
where k > 1, ﬁJ( =0 and
ot = f+ oY —al, (25)

We have the following results for the above iterates aj’“)

and v(k).

Theorem 1. For the solutions ﬂjk

updates (23) and (25), k > 1, we have

and v v deﬁned in the

(1)
1o (F O 1
) _ [ xsign(fs), i 1G> s 26
E { S A S

and sign(7; T )) = sign(f;);
(2

fi if 15l > 72ox
ssign(f;), if 1713\ <|fsl < ﬁ’
0, if 1fil < 2

and sign( J(k)) = stgn(fJ tfu( ) #£0;
@) for i = 20", 5\ € oF (a 8’“
The proof of Theorem 1 will be shown in the appendix.
We note that (27) is firm shrinkage (11) (cf. [12]) with
thresholds 7(*) = ﬁ and 7(F-1) = TN 1 5+ In other words,
iterative soft shrinkage gives firm shrinkage! We also see that
these thresholds are monotonically decreasing with respect to

the iterates k. Therefore, the iterative soft shrinkage provides a

~(k ~
i = q k-

27



multiscale wavelet denoising sequence, in the sense that bigger
coefficients in 1; are saved earlier than smaller ones.

Now we need a stopping criterion for the iterations. We
first observe that the L? distance between f and u(*), which
equals to the distance between f and @(®), is monotonically
decreasing with respect to k. Then we can use the same
stopping criterion as was used for iterated total variation based
models: we stop the iteration (20) and (21) at the last k = k
where

IF = @®| 2 > o,

where o = ||f —gl|z2 = ||f —§l| 2 is the standard deviation of
the noise f — g, g is used to denote the original clean image.
Note that this stopping criterion corresponds to the commonly
used L? constraint in denoising problems. In general g is
unknown, however, as we discussed in [11], in typical imaging
situations, an estimate for the standard deviation or variance
of the noise is known, which yields a bound of the form

If—gllz <o

A. Bregman distance

We are interested in the Bregman distance between the
original clean image g and the restored image u. In the wavelet
space, we turn to compute the Bregman distance (19) between
the wavelet coefficients § and @*). Using p*) = X\o(®) and
(26), we have

(k) - - ~ - ~
= J@) — (@™ = > lal = > 55
Jj J

Bf1>1/kX
+ D
Bl fi1<1/kX
> 0.

(1g5] — sign(f3)3;)

(135 — kX335 (28)

And we also have
S(k) sk=1) o
Dl} (gau(k)) 7D(p] (gau(k 1))
= —(g.p" —p"Y)
_<§_ﬂ(k)’ﬁ(k) _]5(1:—1)>
—{g—a®™ A(f - ™))
1, - 1.+

M5 IF = @I + 517 - 3l32)
<0

IN

IN

as long as || f = a™| 2 > || f = gll2 = 0.

Therefore, the Bregman distance (19) monotonically de-
crease for k less than k, which is the last iterate such that
| f—@®| 2 > o and is also our stopping point as mentioned
above. In other words, #(*) monotonically converges to § in
the sense of Bregman distance when k& < k. This unsurpris-
ingly is the same conclusion that we obtained in the iterative
regularization procedure for TV-based models, see [9].

B. Limiting case

If we reinterpret A\ = At as a timestep and kX = t%),
dropping superscript k£ then (27) becomes

5 if [l > =
aj(t) = & (i — gsien(fy), if 1 < |fil < g,
0, if [f;] < 1.
Let At \, 0, then ¢t — At — . We have the following
solution ) 3 |f| 1
w-{4 Bk e

which turns out to be hard shrinkage (10) with threshold 7 =
1.

tr -
=M (f).

The Bregman distance Dg(t) (g, u(t)) is same as the one stated
in (28), with kX replaced by ¢, i.e.,

Dig.aw) = Y (gl-sien(a) - Y (51-tha)-
Blfi1>1/ Blfil</e
] (30)
So we have the result that Dg(t)(g, @(t)) monotonically de-
crease in time as long as ||f — ()2 > o.

We point out here that the idea of reinterpreting A as a
shrinking time-step At was used in [10] to define an inverse
scale space model. Therefore, the above formula (29) can also
be viewed as a solution to the inverse scale space model de-
rived from wavelet denoising (14). We will introduce another
version of inverse scale space below involving a regularized

J. ().

V. REGULARIZED WAVELET DENOISING AND INVERSE
SCALE SPACE

In this section we will generalize the above iterative regu-
larization procedure to a time-continuous inverse scale space.
First we need to borrow a standard regularization technique
from the TV-based imaging community: we approximate
F(u;) = [az] as
(3D

where € > 0 is a small constant (and independent of j). Now
_ U
[~2
uj + €

is well-defined and unique everywhere, and we can invert u;
from pj.
If we replace F'(4;) with F,(a;) in (14), we have

Uj :arg;pin{,/ﬂ?—k&—&-;(fj —ﬂj)z}, vj. (33)

The corresponding Euler-Lagrange equation now is

pj = OF(u) = (32)

UJ ~

——— "t Ay — fj) =0.
,/ﬂ?—l—e

This is a nonlinear equation for u; which can be solved
numerically, e.g., by a simple fixed point method. A slight
extra computational cost comes with it as compared to (27).

(34)



Remark. Note that when ¢ — 0, F.(u;) — F(4;),
and for 45 # 0 we also have OF.(u;) — OF(4;). When
U3 = 0, OF.(0) = 0, while the original iteration (21) gives
@Y = 0) = kAfj € 0F(0) = [-1,1), which is
not identically 0. However, p; defined in (32) still satisfies
pj(; = 0) = OF(u; = 0) € [-1,1] = OF(0).

Remark. The regularization technique used in the ap-
proximation (31) is similar to the approximation of the BV-
seminorm term in many TV-based models (cf., e.g., [1], [15]).
The reason we use this regularization here is that for inverse
scale space discussed later, we need to invert u from p, which
requires that p(u) to be uniquely determined. The role and
choice of the parameter € will be studied in our future work.

A. Inverse scale space

Now we define an inverse scale space with the above regu-
larized F,(u;). We start from the Bregman iteration involving
the dual variable p; in (21). For each j we have,

O - kD

DP; 5 ~(k
=G k=1 (35)
a” =5 =0. (36)
Let A = At, kAt — t, the equation becomes
dp; - _
pJ = fi— @ ;(0) = 0. (37)

ap; _
da (u +€)3/2 >

space (W ISS) flow for each u; as follows
(af + €)*/2

diis o )
%:f(fj—uj)v 4;(0) = 0.

This gives us a simple flow involving j, instead of p;.

Since we have a wavelet-based inverse scale

(38)

B. Convergence analysis

We now study the behavior of the above regularized inverse
scale space model (38). First,

LNl = %Z(ﬂ-*aj)?
-1
- 2L (%m)
< 261/22 —uJ

< 261/2||f a(t)|[7-

From Gronwall’s inequality we have

I —a(t)|2e < e 2209 f -
If f € L? let s=0, we have t — oo,

r3 ~ _92cl/2 ~
If—a(t)]|2. < e 2O f]2. \, 0, as t / co.

Therefore, @(t) — f in L? as t — oo, and as a consequence
the reconstructed result u(t) — f as t — oo.
Second, the Bregman distance between ¢ and u is

>3 4;(;, 1), where

u(s)|[72,

t > s.

. - 5 - _ . OF,
0 <dj(g5,15) = Fe(g)— Fe(tz) — (g —uj)ﬁ
J

e—l—gJuJ
\/u7+e
— |gj] — g5 sign(q;) as e\, 0.
For any g € Bi (L),
d B ~ s i S
ﬁD{;( ¥ o= 6w T = (3 — ) (f; — i)

J J

< _Z(fj;uj) Jrz‘:(fj—ng)

J

(15)

< 0,

as long as || f — a(t)|[ze > || = gllze-
We may rewrite
(4 — g;)®

€
)= ~2 ~2 =2 .
\/uj +e(\/uj +e\/gj + e+ e+ giu;)

The factor € > 0 can be removed and we may rewrite,
d D(g,a)
dt €

We also have a stopping criterion which is similar to the one
for iterative refinement: we can stop the evolution (38) at t = t
such that || f — a(t)| 2 = 0.

d; (g5, U (39)

<0, aslong as||f e > |f - gl =o.

VI. NUMERICAL EXAMPLES

In this section we present two numerical examples of
wavelet denoising using soft shrinkage, hard shrinkage and
the iterative regularization method (W-IRM) and inverse scale
space (W-ISS) flow we introduced above.

We add Gaussian i.i.d. noise n to the original clean image g
and obtain our noisy image f = g-+n. For different thresholds
and parameters, there are two ways to define “optimal” results
numerically: (i) the signal-to-noise-ratio (SNR, SNR(w) :=
201ogyo(llg = gllz2/lln — 7l[22), where 7 = w — g) of the
restored image u is the biggest among all; (ii) || f —u|| 2 = 0.
In applications we may have an estimate of o but obviously no
information about g, therefore we use the second criterion in
our experiments. Moreover, as indicated in previous sections,
(ii) is also our stopping criterion for W-IRM and W-ISS.
To compare the numerical results in this section we choose
thresholds 7 for soft shrinkage and hard shrinkage such that
their results satisfy ||f — u||L2 = o and we use our stopping
criterion (ii) for W-IRM and W-ISS.

Figure 1 shows the original image g, which includes dif-
ferent shapes and scales, and the noisy image f with ¢ =
If =gl = 30 and SNR(f) = 7.29.

We choose the Haar basis and level 3 for wavelet decom-
position in this example. In Figure 2, the first row shows the
results u from soft shrinkage (threshold 7 = 49) and hard
shrinkage (7 = 101), with their corresponding SN R = 12.03
and 13.04 respectively, the second row shows the results from
W-IRM (A = 0.001,k = 11) and W-ISS (dt = 0.001,¢ =
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Fig. 1. shape image, 128 x 128. left: original image; right: noisy image,
o =30, SNR =7.29.

0.014, € = 0.01), with their corresponding SN R = 13.56 and
13.45 respectively. We can see that these two new results are
close to the result of hard shrinkage. Their SN Rs are slightly
higher than that of hard shrinkage and much higher than that
of soft shrinkage.

100

120

100

120 120

20 40 60 80 100 120 20 40 60 80 100 120

Fig. 2. First row: denoised results from soft shrinkage (left, SNR = 12.03)
and hard shrinkage (right, SN R = 13.04); Second row: denoised results from
W-IRM (27) (left, SN R = 13.56) and W-ISS (38) (right, SN R = 13.45).
All ||f —ul| ;2 =~ o = 30.

In Figure 2 there are some artifacts in the results. This is a
common defect of wavelet imaging. We point out here that
techniques such as cycle-spinning (cf. [28]), can be easily
incorporated into our new methods. Moreover, in the W-
ISS method proposed above, we introduced a regularized
parameter €. Numerical experiments show that bigger ¢ will
make the results smoother and thus this can be used to decrease
the artifacts. In Figure 3 we show a result u of W-ISS with e =
10, which has many fewer artifacts than the previous results.
The corresponding SN R = 12.84 is higher than that of soft
thresholding. Furthermore, we also plotted the residual part
v = f — u of this result (to enhance the visibility, we plotted
v + 128 here). We can see that it contains very little visible

signal. This is similar to the residual of hard thresholding.
In soft thresholding, we removed some signal along with the
residual (if we shrink only the detailed coefficients, then the
signal loss is less, but still exists due to the shrinkage). In
TV-based denoising, a similar defects occurs, as we discussed
in Section II.

20 40 60 20 40 60 80 100 120

Fig. 3. First row: denoised result u from inverse scale space with e = 10
(left, SNR = 12.84) and corresponding residual v = f — u (+128, right);
Second row: residuals v + 128 of soft shrinkage (left) and hard shrinkage
(right) in Figure 2.

In Figure 4 we show a result from TV based relaxed inverse
scale space (cf. [11]). The denoised result is better than that
from wavelet methods, with no artifacts and higher SNV R, but
the computational cost is much more expensive due to the
evolution of nonlinear partial differential equations.

100

120

Fig. 4. Result from TV relaxed ISS ( [11]). left: denoised u (SN R = 14.96,
[|f —ullz2 = o = 30); right: residual v + 128 (v = f — u).

In the second example we denoised an MRI image. Figure
5 shows the original image ¢ and noisy image f with 0 = 30
and SNR(f) = 4.43. We use db3 basis and level 3 for wavelet
decomposition in this example. Figure 6 shows the results: the
first row shows u and v from soft shrinkage (7 = 57, SNR =
11.72); the second row shows w from hard shrinkage (7 =
83, SNR = 11.01) and the W-IRM method (\ = 0.0008, k =



16, SNR = 11.01); the third row shows u from the W-ISS
method (dt = 0.001,# = 0.012,¢ = 10, SNR = 11.94). In
this example we can see that: compared with soft shrinkage,
although the SN Rs of hard shrinkage and W-IRM are lower,
using a relative large e = 10 in W-ISS we obtained a result
with fewer artifacts, higher SN R, and much less visible signal
in the residual.

50 100 150

Fig. 5. MRI image, 256 x 256. left: original image; right: noisy image, o =
30, SNR = 4.43,

VII. CONCLUSION

We have presented two alternatives to soft and hard wavelet
shrinkage. These involve Bregman iteration and inverse scale
space ideas borrowed from TV based restorations ( [9]-[11]).
The iterative soft shrinkage gives firm shrinkage, with the
thresholds dynamically changing in the iteration. It appears
that the new methods W-IRM and W-ISS, especially the latter,
perform better than soft shrinkage from the SN R point of
view and result in less loss of signal into the residual. All
these methods are fast and easy to implement.

As we mentioned at the beginning of Section III, some
shrinkage methods apply the shrinkage operator only on the
detail coefficients and keep the scaling ones unchanged. Since
the summation parts in our models are separable, our discus-
sion in this paper can be easily extended to those methods.
Furthermore, W-IRM and W-ISS can be incorporated with
some other ideas developed in wavelet denoising, e.g., cycle-
spining (cf. [28]) methods which were introduced to reduce the
artifacts in the denoising results. The main goal of this paper
is to discover the link between TV-based ideas and wavelet-
based models, and our results so far are promising.

Our future work will involve the role of the parameter e
in the regularization (31), and using our methods on different
wavelet bases and different types of noise.
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50 50 100 150 200 250

Fig. 6. First row: denoised result from soft shrinkage (left, SNR = 11.72)
and corresponding residual v = f — wu (+128,right); Second row: denoised
results from hard shrinkage (left, SNR = 11.01) and W-IRM (27) (right,
SNR = 11.01); Third row: denoised result from W-ISS (38) (left, ¢ =
10, SNR = 11.94) and corresponding residual v + 128 (right). All ||f —
ullp2 = o = 30.

APPENDIX
THE PROOF OF THEOREM 1

(1) Plugging (23) into (25) we have

{;(’C)—{ 51gn(fJ+vk 1))7 if|f +17(k_1)|>
=

fi +73J.<’“—1> , if |f; +17(k RS
(40)
for k > 1. Since 3" = 0, we have sign(v (1)) = sign(f;).

By induction, sign(®; 5" )) = sign(fj) for all & > 1. Next
we also prove (26) by induction. For £ = 1, we have (26)
from (18). For k > 2,
(i) If | i > x> then of" Y
(k-1 5
’Uj(. )|~Z il > 2ox >
Lign(fy): - o
(i) I [ f5] < Gpyx. then 3] oY = (k= 1)f; and |f; +
"V = |k fi|. From (40), if |kfy] > L, ie., |fi] >

5" = Lsign(f; + 0" 7V) = Lsign(f).

k}\, then vJ = : 13
Nﬁ’ f+* ) = kfi.

= sign(fj) and |fJ
%\ From (40), v(k)

otherwise, |k fj| <



@

3

This validates (26). ~
Now we prove (27). From (25) we have ﬂgk) = fj+

~'(kfl) _ ~§k) Using (26) for k > 1 we have
6 if | < & < =nx» then

(k-1 o (k ; ~(k
vj( ):(k—l)fj,vj():kfj,:u}):&

(i) if |3 > ﬁ 7 then

B = ) = lsugn(f) i = fi;
(i) if 75 < |f5] < G2, then

oD = (k= 1)fy, o) = Xs1gn(f)

. = 1. =
= ugk) =kf;— Xs1gn(fj),
.k I = . =
and s1gn(u§ )) = s1gn(fj)s1gn(k;|fj\—§) = sign(fj).
Note that for £k = 1, we have k%l)/\ = oo and (27)
reduces to (15). This validates (27).
From (26) we have

(k) _ { sign(fj), if |f.l| > k>\’ (41)
J kAfJa if IfJ| < k:)\7

For the first part, we have ﬂj(k) # 0 and 8F( ) =
sign(a (k)) ( ). For the second part, we have ﬂJ( ) =,
and|PJ|<1PJ€aF( )

Overall we have proved Theorem 1. This also shows that

the

dual variable p(*) updated via (21) is automatically a

subgradient of J(a(*)).
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