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Abstract In this paper, we analyze the Bregman iterative model using the G-norm. Firstly, we show the
convergence of the iterative model. Secondly, using the source condition and the symmetric Bregman distance,
we consider the error estimations between the iterates and the exact image both in the case of clean and noisy
data. The results show that the Bregman iterative model using the G-norm has the similar good properties as

the Bregman iterative model using the L?-norm.
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1 Introduction

The restoration problem is modeled by f = Ku + v, here, K is blurring operator (usually
bounded linear operator), w is cartoon part and v is texture and/or noise. The total variation
(TV) denoising models are based on a variational problem with constraints using the TV norm
(TV(u) = [, |Vul|dz) as a nonlinear nondifferentiable functional. The popular ROF (Rudin-
Osher-Fatemi) (i.e., TV-L?) modell®'112] is one of the most famous PDE-based image denoising
models in image processing. The TV-L' modell’>7 has also been used for denoising and
cartoon-texture decomposition. Buades summarized different models based on total variation
in [2].

Y. Meyerl® pointed out the crucial role played by a certain functional Banach space, called
the space of texture and denoted by G. The TV-G model is:

A
min TV (u — Ku A >0, 1.1
Lmin TV () + 5 If = Kello, (1)
where BV () denotes the space of functions with bounded variation on 2 and A > 0 is the
regularization parameter that determines the balance between goodness fit to the original image
and the amount of regularization done to the original image f in order to produce the approxi-
mation u. Because the G-norm is difficult to compute using the usual Euler-Lagrange equation

in numerical experiments, the approximation is proposed by Osher, Solé and Vese(OSV)[10):
A
in T AT — Ku)||? 1.2
oin V) + IVAT(f = Ku)ll,  A>0, (1.2)

where the G-norm used in the TV-G model (1.1) is replaced by an (H~!)? fitting term. The
flexibility of the Bregman distances is attractive for achieving certain imaging tasks such as
preservation of edges[?l.
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To improve the restoration effect, S. Osher et al.l¥ proposed an iterative regularization
procedure based on Bregman distance

D?(u,v) = J(u) — J(v) — (p,u — v)
({-,-) denotes the usual duality product) as follows:
Algorithm.  Initializing ug and pg, and for k=1,2,---,

ug = argrrEn{Qk(u) = H(u, ) + D" (u,up—1)}, (1.3)

where J(-) and H(-, f) are convex non-negative regularization functionals and py, is the subgra-
dient of J(ug) with 8J(v) = {p: DP(u,v) >0, Yu € BV(Q)}.

The iterative regularization model is called as ITV-L? modell® with J(u) = TV (u), H(u, f) =
3||f = Ku|[?>. Similar as the OSV model (1.2), the ITV-G model is with the same J(u) and
H(u, f) = J|IVATH(f = Ku)|]*.

M. Burger et al.8] considered the error estimations for the TV-L? model and the ITV-L?
model based on the generalized Bregman distances. Motivated by the analysis in [3,4], we first
consider the convergence theorem for the ITV-G model, then the error estimations with noise
or not will be shown.

The rest of the paper is organized as follows. In Section 2, we give the convergence analysis
of the ITV-G model. In Section 3, we consider the error estimations between the iterates and
the exact image both in the case of clean and noisy data, and derive the convergence rate. Some
concluding remarks are given in Section 4.

2 Convergence Analysis

Now we give the well-definedness of the Algorithm in the above section for the ITV-G model.

Theorem 2.1. Assume J(u) = TV (u), H(u,f) = 3||[VATYHf — Ku)||* and let up = 0,
po = 0 for the iterates (1.3). Then for each k € N there exists a minimizer u, of Qi(u),
pr € 0J(ug) and qi € Oy H (uy, f) = AK*A~Y(f — Kug) such that pr. + qx = pr—1. If K has no
nullspace, then the minimizer uy is unique.

Proof. 'We prove the above result by induction. For & = 1, we have u; = argmin{Q1(u) =

J(u) + H(u, f)} and the existence of minimizers as well as the optimality condition p; + ¢1 =
po = 0 is well-known. Moreover, with r; = AA~Y(Ku; — f) we have p; = K*ry.
Now we proceed from k£ — 1 to k, and assume that

pr—1=K"r_1. (2.1)
Under the above assumption, the functional
Qur(u) ru— J(u) = J(up—1) + H(u, ) = (pr—1,u — up—1)
is weak-* lower semicontinuous and it is bounded below by H (u, f) due to the properties of the
subgradients. Moreover, we can estimate by (2.1)
Qr(u) =J(u) — J(up_1) — (rp—1, Ku — Kug_1) + M|VATH (EKu — f)|?
=J(u) = J(up—1) = (rk—1, Ku — f) = (rp—1, f — Kug—1)
+ A|VATHEKu - f)]*. (2.2)

Since
(re—1,Ku—f) = —(Vr_1, VAT (Ku — f)), (2.3)
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we have
= (ri—1, Ku— f) + A[VATH (Ku — f)[]”

1 1
“NIVAT Eu— )+ 5 VrealP = | [Vl

2\
1
Vel (2.4)

By (2.2) and (2.4), we get

Qr(u) = J(u) = J(ug—1) = (rr—1, f = Kug—1) — 41)\||V7"k—1||2- (2.5)

Since only the first term on the right-hand side of this inequality is not constant, boundedness
of Qp(u) implies of boundedness of J(u). This shows that the level sets of Q(u) are bounded
in the norm of BV (Q2), and therefore they are weak*-compact. Hence, there exists a minimizer
of Qk(u) due to the fundamental theorem of optimization. Moreover, if K has no nullspace, the
strict convexity of H(-, f) and convexity of the other terms imply the strict convexity of Q(u),
and therefore the minimizer is unique. Since pg_1 € 9J(ug) + Oy H (ug, f), which yields the
existence of py, € 0J (ux) and g, = O, H (u, f) = AK*A~Y(f — Kuy) satisfying py—1 = px + qx.

O

We recall below several intermediate results as well as some of the main results shown in
(8]

Proposition 2.1. Under the above assumptions, the sequence H(ug, f) obtained from the
iterates (1.3) is monotonically non-increasing, one even has

H(Uk, f) < H(“’k? f) + DPr=t (’U,]C?Uk,l) < H(’U/k,h f) (26)
Moreover, let u be such that J(u) < oo, then one has

DP* (u, ug) + DP*=' (ug, ugp—1) + H(uk, f) < H(u, f) + DP*' (u, ug—1). (2.7)

Theorem 2.2 (Exact data). Assume Ku = f, u € BV(Q) and J(u) < oo, then

Hug. f) < HGw )+ 77 (28)
and, in particular, ug is a minimizing sequence.

Moreover, uy, has a weak®-convergent subsequence in BV (), and the limit of each weak*-
convergent subsequence is a solution of Ku = f. If w is the unique solution of Ku = f, then
ug — u in the weak®-topology in BV (Q).

The similar processes of proof are in [8]. Next, we consider the noisy case.

Theorem 2.3 (Noisy data). Assume Ku = f, u € BV(Q),

IVATH = Al <6 (2.9)

and J(u) < oo, then

k62

k
D;Dk u uk +ZDPJ 1 U]7UJ 1)+H(u3,f6)] < 2

Jj=1

+ J(@). (2.10)
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Proof. The sequence H (uy, f) obtained from the iterations (1.3) is monotonically non-increasing,
(2.6) and (2.7) hold when f is replaced by f°. Using (2.9), we have

pY

DP3 (@, u;) + DV~ (uj,uj-1) + H(ug, f0) < 5

+Dpj71(ﬂ,u]‘,1), Vj € N. (211)
Summing (2.11) up from 1 to k, we arrive at (2.10).

We get the similar conclusions as the conclusions of the ITV-L? modell®. It should be
noticed that we use |[VA™Y(f% — f)|| < 6 to replace ||f® — f|| < & that is often used in
ITV-L2/TV-L? model. O

3 Error Estimation

In the following, we discuss the basic ideas needed for the error estimation. The so-called source
condition!®:

(SC) There exists £ € d.J (%) such that & = K*q for a source element g € L*().

Since the Bregman distance is not symmetric in general, which can be remedied partly by using
the symmetric Bregman distancel®:

D™ (uy,up) = (ur — ug,p1 — p2) = DP* (ug,ur) + DP? (u1, us), pi € 0J(u;). (3.1)

The symmetric Bregman distance depends on the specific selection of the subgradients p;, when
the subgradients are not unique.

Now we derive the error estimation between a solution of the equation Ku = f and the
iterates ug produced by the ITV-G model.

Theorem 3.1 (Exact data). Letu e BV(Q) be a solution of Ku = f and assume that the
source condition (SC) is satisfied. Then

~ [Vql[?
Pk < . .
v (i) < 190 (32)
Proof. Let
Tp = A E A" Ku; — f). (3.3)

According to Theorem 2.1, gy = 0, H (ug, f) = AK*A~Y(f — Kuy,) satisfying px_1 = px + @k
and py = 0. The following equalities are obtained:

k
—> q;=—AK* ZA (f — Kuj) = K*xy, (3.4)
j=1
and
Tj—1 — T = /\A_l(f—KUj). (35)

From the definition of symmetric Bregman distance (3.1), we get for any j € N, 0 < j <k,

ADPi (U, u;) + AD® (uj, @) = Mpj — &, uj — ). (3.6)



Bregman Iterative Model Using the G-norm 183

The above relation, together with (3.4), (3.5) and (SC), shows

ADPi (i, u;) + AD® (uj, 1) =(K*z; — K*q, MNuj — )
=(zj — ¢, N\(Kuj — f)) = (vj — ¢, Azj — xj-1))
(V(zj —q),V(zj—1 —z5)). (3.7)

It is obvious that

(V(zj —q),V(zj—1 —x5))
=(V(z; —q),—V(z; —q) + V(zj—1 — q))

1 1 1
=, V(@1 =)l = IV(z; = @Il =, IVaj1 = Vay ||?

< IV =)l = IV — )l — L IAVAT(F — Kug)|?

< V@~ )l = IV ~ gl (38)
Based on (3.7) and (3.8), we obtain

ADP: (i, 3) + ADS (3, 8) < 1951 = a)l” — IV — ).

By summing up the last inequalities from j = 1 to k, using the non-negativity of Dﬁ(uj,ﬂ),
and the fact that DPJ (u, u;) is non-increasing with respect to j, it follows that

k
~ 1 o
DP*(u, up,) < i ;Dl’a (T, uy) <

[IVqll?
2k

O
Suppose that the given noisy data f° satisfies (2.9). The next result shows that a priori
stopping rule k. (J) ~ (15 yields semi-convergence of the regularization method.

Proposition 3.1. Let u € BV (Q) verify Ku = f, and assume that the (SC) and (2.9) are
satisfied. Moreover, let the stopping index k.(5) be chosen of order (15, Then, {J(ug,s))}s is
bounded and hence, as 6 — 0, there exists a weak”-convergent subsequence {uy, (s,)}n in BV (Q)
whose limit is a solution of Ku = f. Moreover, if the solution of the equation is unique, then
Uy, (5) converges in the weak®-topology to the solution as § — 0.

Proof. The proof follows the pattern of the proof of Theorem 2.2 for the exact data case, but
it is provided here for the sake of completeness. From inequality (2.10), we have

k
J(lNL) + k62 > Z DPi-1 (’U,j, Uj_l)

j=1

E

-1

=J(ur) = Pr—1,uk — W) + ) _(pj — pj-1,u; — 1),
j=1

and by (3.4),

E

—1 k—1
J(@) + AkS® >J (u) + Y {gj ue —u) — Y {(g;,u; — )
1 =1

[
Il
[
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k—1

=J(ur) = XY (AT (Ku; — f°), Kug — f)

J=1

+)\Z “YKuj — ), Kuj — f)

k—1

=J(ur) + A (VAN Ku; — f°), VAT (Kug — f))

J=1
—)\ZVA (Kuj — £°), VAT (Ku; — f))

k—1

=J(ur) + A (VAN (Ku; — f°), VAT (Kug — f°))

j=1

- )\Z VA Y (Ku; — ), VAT Ku; — £9)).
Next we use Cauchy-Schwarz inequality, (2.10) and the inequality ab < ¢ + b to get

3) & kA _
J(@) + Aed? >J (ux) — 9 ZIIVA HEuy = )P - o VA N Ky, — fO)1?
Jj=1
>J(uy) — 4J(0) — 4A\kd?.

So we have the following estimate
J(ug) < 5J (W) + 5Ak6?, (3.9)

which further implies that the sequence {J(us,(5))}s is bounded for § > 0 sufficiently small
and for k.(6) ~ }. Thus we get the boundedness of ||ug, (s /sy for any § > 0. On one
hand, since BV (Q) is provided with a weak*-topology, we conclude that there is a subsequence
{uk, (5,)}n which converges to a point 4 with respect to that topology. Due to the embedding
of (BV (), w*) into (L?(Q2),]| - ||2) for spatial dimension less or equal two, this subsequence
converges to 4 in the L?(2)-norm. Because of the continuity of the operator K on L?(£2), thus
nangO Kuy,_ 5,y = Ku. On the other hand, we derive from (2.10) the inequality

H(ug.5,), [°) < A2 +

By our special choice of k. (,), we obtain lim Kuy, (s5,) = f and then, Ku = f. o
The error estimates for the noisy data case are established below.

Theorem 3.2 (Noisy data). Let u € BV (Q) verify Ku = f, and assume that the (SC) and

(2.9) are satisfied. Then, the following estimate holds:

Vql|?

. I
Pk <
D (s ue) < 7o\

+6||Vql| + A6k, Vk e N. (3.10)

Moreover, if a prior choice k.(d) ~ (15 is made, then the following convergence rate is obtained

DPr) (u, uy,, (5)) = O(0).
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Proof. Let
a:k_)\ZA (Kuj — f°). (3.11)

From (3.4) and (SC), we get for any positive j € N, 0 < j < k,
ADPi (U, u;) + AD® (uj, @) = Mpj — &, uj — )
=(K"z; — K*q, \N(u; —u))
(zj — ¢, \(Kuj — f))
<xj_q7)‘(Kuj_.f)>+/\< _Q7.f6 f>

The above relation, together with (3.11), leads to

ADP (i, u;) + AD* (uj, @)
=(z; — ¢, Ay —x51)) = MV (2 — ), VAT ([ = f))
=(V(z; — q), V(zj—1 —2;)) = MV(2; —q), VAT (f* = f))
<(V(z; —q), V(zj-1 — ;) + A||V(z; — q)l], (3.12)

where we used (2.9) in the last equality. Thus we have
(V(zj =), V(zj — 1)) <A[|V(z; —g)l], (3.13)
that is, ||V(z; — q)|| <||V(zj—1 — ¢)|| + Ad. By the method of induction, it follows that
V(2 = @)ll < [IVall + Adj. (3.14)

Combining (3.8) and (3.12)—(3.14), we obtain
P 21 2 252
ADP? (1) < ||V(xj 1= alI" =, [IV(@; = @)lI" + Ad[[Vall + A°6%.

Fix a positive k € N and sum the last inequalities up from 1 to k, we get

k

(o IVall? 2o k(k+1)

Pj ) < .

)\ZD (@ uy) < 7700+ M0K|[ V| + A% (3.15)
and thus,
k 2
N k(k+1

S o) < VAT 4 aywg) a0 FE Y. (3.16)

Note that monotonicity of the sequence DPi (%, u;) is not guaranteed, as in the noise free case.
So we employ a monotonicity-like inequality derived from (2.11):

o o A2
Drit (u7 uj+1) — DPs (uv U’j) < 9
Summing up these inequalities up to k yields
(k — j)Ad?

Dpk(ﬂvuk)_Dpj(a7uj)S 2
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Summing up again with respect to j up to k implies

k

kD (i) — 3 D (i, ) < ( szy)

Jj=1 Jj=1

which means

k
k(k —1)A6>
kDPk (u, uy) < Z (@, uj) 4 . (3.17)
From (3.16) and (3.17), we have
2
EDP* (w, ug) < ||V2§|| + 0k||Vg|| + 6% k2.
Thus (3.10) follows immediately. a

4 Concluding Remarks

In this paper, we discuss the iterative regularization method based on the generalized Bregman
distance, especially using the G-norm. Firstly, we analyze and show the convergence of the
Bregman iterative model (i.e. ITV-G model). Secondly, we consider the error estimations for
the ITV-G model based on the source condition and the symmetric Bregman distance. The
results illustrate the ITV-G model has the similar good properties with the ITV-L? model. It
should be noticed that || f% — f|| <6 (that is often used when analyzing the ITV-L? model) is
replaced by |[VA™Y(f% — f)|| < J to analyze the ITV-G model.
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