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Abstract

We examine the method of local regularization for the solution of linear first-
kind integral equations on R". We provide a theoretical analysis of the method
and prove that the regularized solutions converge to the true solution as the
level of error in perturbed data goes to zero. We also develop an iterative
numerical algorithm based on this theory and describe its implementation.
Our testing with a number of examples shows that local regularization tends
to perform better than a classical method we call Tik-CG (a method based
on a conjugate gradient algorithm with stopping criteria applied to standard
Tikhonov regularization) when performance is measured in terms of relative
error in solutions and/or in perceived sharpness of images. Unfortunately, this
improvement can come at a cost as testing shows that the local regularization
algorithm tends to be slower than the Tik-CG approach when applied to 2D
images. As we illustrate with our numerical results, however, a compromise
can be found by using the converged Tik-CG image as the starting value for
the iterative local regularization method.

1. Introduction

In this paper we consider the problem of finding u solving the equation

where for 2 =

Au=f (1.1)
[0, 1]" € R", A is the bounded linear operator on L?(2) given by

Au(x) = / k(x, s)u(s)ds, aa x € Q, (1.2)
Q

with k € L*°(Q2 x ) satisfying

lk(x, s) — k(y, s)| < Li(s)|lx — y|"* aa x,y,s €, (1.3)
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for x> 0 and L, € L*(Q). Here ||-|| denotes the Euclidean norm in R”. We assume that
equation (1.1) has solutions and let # € L?(2) denote its (unique) minimum norm solution.
Clearly f € L*°(R2); we will further assume that 1 € L>(£2).

Equation (1.1) can be used as a mathematical model of an inverse problem, i.e., given
data f which represent a desired or an observed effect in real world problems, determine the
cause which is represented by a physically relevant solution (often a generalized solution) i
of equation (1.1).

Although a number of important inverse problems are covered by our theory, here we will
be particularly interested in the blurred image reconstruction problem (see, e.g., [2, 5], and
the references therein). That is, let iz (x) represent grey-level values of an image at location
x = (x1,x2) € Q, where 2 = [0, 1] x [0, 1] C R2. One model of image blurring is given by
equation (1.1) with operator A in (1.2) defined using the Gaussian (convolution) kernel

k(z,y) = é e—ﬁHw—yllz’ (1.4)
b4
for B > 0 a blurring parameter. The image reconstruction problem then is to approximate i
(the exact image) solving (1.1) given an estimate of 8 and data f, where f denotes the blurred
image grey level subject to observational and measurement errors.

For A with a non-closed range, problem (1.1) is an ill-posed problem due to the fact that
A~! (or the generalized inverse A") is unbounded [13]. In a practical setting this means that in
the usual situation where our data are imprecisely measured, the approximation iz’ = A~! f?
(or i® = A* £%) may be far from the desired solution i even if the perturbed data f? satisfy
Il f— f2Il <8, for$ > 0small. Regularization methods overcome this difficulty by providing
an alternate method for the construction of #® from perturbed data f?, ensuring that #’ — @
as the noise level § — 0 and that i2® depends continuously on data.

Classical regularization techniques such as Tikhonov regularization can produce an overly
smooth solution in situations where sharp or discontinuous features in the true solution are
precisely those of interest (such as occurs in the image reconstruction problem). Alternative
regularization methods, e.g., bounded variation regularization [1, 4, 11, 12, 25], have been
proposed to improve upon Tikhonov regularization in such situations; however these methods
come with their own drawbacks. One problem is that the methods often are derived by
replacing the usual Tikhonov penalty term with a nondifferentiable penalty function. This leads
to nontrivial difficulties in practical implementation because standard optimization packages
cannot be used. Thus regularization methods of this type can be costly and associated with slow
speeds of convergence. Other approaches add a (nonquadratic) penalty term in an appropriate
norm in a Besov space, and couple the analysis with wavelet expansions [9, 10].

An alternative approach is the method of local regularization, a differentiable
optimization-based method (as will be seen in the next section). We will briefly motivate

this idea by defining a local regularization parameter r = (ry, 72, ..., r,) where r; € (0, %),
and by considering a translated version of equation (1.1),
Aii(z +p) = f(z+p), (L.5)

for a.a. x, p satisfying

n

p=(p)i_, pi€l-riri] and = ()i, X €[r,1-r] (1.6)

That is, for a.a. x, p satisfying (1.6), we have

f k(x + p, s)u(s) ds+/ k(x+ p, s)u(s)ds = f(x+p), (1.7)
B(z,r) Q\B(xz,r)
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where B(x, r) C 2 is the rectangular cube centred at x defined by
B(x,7) = {y = (), € R"|ly: —xi| <rif.

Making a change of integration variable in the first term in (1.7) we obtain, for a.a. @, p
satisfying (1.6),

/ k(:c+p,ac+s)11(w+s)ds+/ k(x+p, s)i(s)ds = f(x+p), (1.8)
B(0,7) Q\B(z,r)
where we note that each term on the left-hand side of equation (1.8) represents the action
of the operator A on the x-dependent ‘local part’ and the ‘global part’ of i, respectively.
This idea suggests a decomposition of the operator A into ‘global” and ‘local’ parts, for each
x € Q. This splitting of A is the basis of the local regularization method and allows us to
apply specific regularization strategies using only the local part of A.

It is worth noting that, in addition to the possibility of a better reconstruction of localized
or sharp features in the true solution, a variation of the local regularization method motivated
above leads to a fast sequential numerical algorithm when applied to a Volterra equation such
as

f k(t, s)u(s)ds = £(t), aa.t e (0,1).
0

Indeed local regularization is well-known for its ability to retain the causal structure of the
original Volterra problem, in contrast to classical methods such as Tikhonov regularization
[7,8,17-19, 21-24].

The subject of this paper is the solution of the non-Volterra problem (1.1), and in this
case an iferative local regularization procedure is needed rather than a sequential method.
Intuitively the procedure works like this: an initial guess is made for the solution on the
entire domain, then the solution is iteratively updated on small subdomains by solving a local
regularization problem while assuming the solution off the small subdomain (i.e. the global
part) is fixed at its previously set value.

Such an iterative local regularization method was first introduced in [20] for one-
dimensional non-Volterra problems, although with a slightly different structure. In [20]
the translated equation (1.5) was defined for a// = in the interior of 2; however, in order for
the resulting equation to make sense, the value of = had to depend on « with r decreasing
as x approached the boundary of 2. While such an approach does allow for a variable
regularization parameter throughout the entire domain €2 (which has some benefits), this idea
does not easily extend to n-dimensional problems because of difficulties at corners. Instead,
we have taken a different approach here with a constant regularization parameter r associated
with a given fixed size of the local regularization region; we have allowed for variable local
regularization through the use of a second (variable) regularization parameter o which controls
the amount of regularization being imposed on each local region.

Although the underlying structure of the theory we introduce here differs from that of
[20], some of the convergence arguments carry over with little change. To abbreviate our
presentation we will outline the main points of the construction and convergence theory in
sections 2 and 3 below, referring the reader to [6] for complete details. Finally, in sections 4
and 5 we illustrate how numerical methods suggested from the theory can be used to solve some
sample 2D image reconstruction problems. We compare our findings to a classical iterative
regularization method (i.e., the conjugate gradient method with stopping criteria, applied to
classical Tikhonov regularization). For 2D problems we find that the local regularization
method is slower than the classical method but that in many cases it does a better job of
resolving sharp features in images.
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2. Basic definitions

We will make clear the local regularization ideas motivated above by defining the required
spaces, operators and regularization parameters.
We will let r = (r;)’_; € R", for r; € (0, 1), denote the regularization parameter
associated with the size of the local regularization region, with
7= max r;,
i=1,2,....,n

qqqqqq

and make the definitions
[r,1—7rl={xeR"r<x;<1—r, fori=12,...,n},
[-r.rl={peR"—r <p <r, fori=1,2,...,n},

and define the r-dependent product space €2,, C Q x (—%, %)n via

Q. ={(x,p)lxelr,1—r],pel[—r,r].
We will also use « to designate a second regularization parameter,
a € A={acL®R)|omn = inga(w) > 0}.
xre
This parameter will control the amount of regularization applied in local regularization regions,
with the dependence on x allowing for the possibility of more or less regularization in different
parts of the domain €.
In order to better handle the translated variables f and & in equations (1.5) and (1.8) we
make the following definitions. Let
F(x)(p) = f(z+p), Ur(x)(p) = i(z + p), aa. (x,p) € Q.
Then for f, it € L*(R2), it follows that F,., U, € &,., where
Xy = LA ((r,1=7); L* (=7, 7))
is a Hilbert space with the weighted norm
1

loll? = 5 f f lo(@)(p)|” dp da,
rry -ty Jipa—r] J[—r.r

¢ € X, and associated inner product. Given ¢ € A we will sometimes use an equivalent
norm for ¢ € A&,

1
o=y [ a@ [ @i dpde.
271y - Ty [r,1—7] [—r,7]

It will also be useful to define F,, U, € X, via

Fr(@)(p) = f(2), Up(x)(p) = i(z), aa. (X, p) € Q,
and to define F? and F? € X, in the expected way from f?. It is not hard to show that
1T I < il o, 10N < lllloo,

with similar bounds for the other quantities defined above [6].

Eventually we will be looking at the behaviour of regularized solutions as the
regularization parameter r approaches 0, a fact which makes the use of parameter-dependent
spaces X, somewhat problematic. It will be convenient to have a reference (parameter-free)
space, X = L*(Q: X), to which these spaces may be mapped. Here X = L*>((—A, A)") for
some fixed A > 0, with usual norm |-|x and usual inner product (-, -) x; throughout we will
simplify computations by taking A = 1. The norm on X’ is the expected one,

||¢||iz/ |¢(m)|§dw=[/ 19(x)(p)|* dp de,
Q QJ(—=A,A)

for ¢ € X, with the associated inner product (-, -) y.
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To move from the parameter-dependent space X, to X we will use the mapping E,., where
forp € X, p e [—A, A" and x € 2, we have E,.¢ € X with

o(x) (171, P12y« - oy Pnln), rxe(r,1—r),pe(—A,A)",

E,o(x)(p) = {O, otherwise.

It follows that ||Erg0||§( = 2”||<p||$, for ¢ € A..

The decomposition of the operator A into x-dependent ‘local’ and ‘global’ parts is
accomplished in part by the operators A, and B,., respectively. We define A, : X, — A, and
B, : L*(Q) — X, by

Arp(z)(p) = / k(z +p, x + s)p(x)(s)ds, a.a. (x, p) € Qy,
[=r,7r]

Brn(z)(p) = / k(z + p, s)n(s)ds, aa. (x, p) € Q,
Q\[x—7r,z+T]

for ¢ € X, and n € L*(Q). Both operators are bounded linear, with operator norms satisfying
AN < 2%1r2 - - rallklloos 1Brll < llklloos

respectively [6]. To complete the decomposition of A we define C,. : X, — A via
C,.=A,+B,.T,, 2.1

where the operator 7, assumes the role of mapping quantities in A,. into variables defined on
the original domain Q2. An example of the operator 7,. particularly well-suited for numerical
computations may be found in section 4. (See, for example, equation (4.3) and the discussion
following it.) To precisely define 7, here, we let £ € X* be fixed and normalized so that
£(1) =1, where 1 € X is given by 1(p) = 1 fora.a. p € (—A, A)". We will denote by y,
that unique nonzero element of X satisfying

K(U) = <U, y@)X9 LRSS X,

where the construction of £ gives f[iA Al ve(p)dp = 1. We then define T € L(X, L*())
for @ € X by

To(x) = L(p(x)), aa e,
and 7, € L(X,, L>*(Q)) via
T,=TE,,

where the operator norms of 7, and T satisfy || 7,.|| < ~/2"||T||. It is worth noting that for
x e Q,

_ i(x), xe(r,1-—r),
T,.U, = .
Ur(@) {O, otherwise,
so that
1720y — il = / i (@) dz < (3" = D7 ool
Q\(r,1-r)

Finally, from the properties of A,., B, and T,., we have that C,. defined by (2.1) satisfies
C, € L(X,).
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2.1. The local regularization problem P? ,

Definition 2.1. Let f° € L>(Q) be given satisfying || f — f°lleo < 8, and let r and a be
defined as above. Problem P,‘f,a is that of finding (p,‘f’a € X, such that

92, = argmin{[Crp — F2|2 + 102, }.
peX,

The following theorem follows from the classical Tikhonov regularization theory.

Theorem 2.1. Let v, a and f° satisfy the conditions stated in definition 2.1. Then there exists
a unique solution (pﬁ’a € X, of problem Pﬁ,a. Both (Pﬁ,a and nf’a = T(pﬁ’a € L*(Q) depend
continuously on F? € X, and thus on data f° € L™(Q).

3. Convergence

Our main convergence result is as follows:

Theorem 3.1. Let {8}, € R with 8§y — 0as k — oo. Let {r}52, and {ax}32, C A be
given such that ||r| € (0, %) and |rill, okl = 0 as k — oo. Assume further that there
is M > 0 such that

(l) Sg/ak,min - 07
(i) Nrell" /8, < M,
(iii) |tk ll oo / Otk min — 1,

as k — oo. Foreachk = 1,2,..., let f5, € L*(2) be given with || f — FoN < 8, let

@ . € X, denote the solution of problem P2 , associated with f*, and let

N = Tre@y - 3.1
Then
m — i in L*(Q),

as k — oo, where it is the solution of the original problem (1.1).

Remark 3.1. We note that, as in [20], assumptions (i) and (ii) in the main convergence theorem
above correspond to similar conditions in the classical regularization theory in requiring that
the regularization parameters 7, and «; converge to zero at a rate relative to the level §; of
noise in the problem. For assumption (iii) we observe that «x may be spatially varying as
long as there is noise in the problem (i.e., when §; > 0); however as §; nears zero and k is
sufficiently large, o is very close to its max and min values, both of which are approaching
zero as k — 00.

We will simplify notation henceforth by writing ¢; = <pffk o P = ’P,‘fi.ak, X = A,
Fy=F, . F) = F}¥, Uy = Uy, Uy = Uy, Ex = E,,, Ay = A, and so on. The proof of
theorem 3.1 requires the following intermediate lemma.

Lemma 3.1. Let {82, € R and {o}32, € A. Let {2, satisfy |||l € (0, %) and
assume that there exists M > 0 such that
(l) Slg/ak,min < Ma
(ii) llrell* /6 < M,
(ii) |lak Nl oo/ 0tk min < M,



Local regularization for n-dimensional integral equations 1617

ask — oo. Foreachk = 1,2,..., let % e L>®(Q) be given with | f — f*|lec < &, and
let g € X denote the solution of Problem Py associated with £, with n; = Trpr € L*(2).

Let ¢ = Exgr € X. Then there is $ € X and a subsequence of {¢r} which converges
weakly in X to . That is, relabelling the subsequential indices,

ok —~QinX as k — oo.
In addition, n € L*(2) defined by
n=T¢
is such that (using the same relabelling of indices as above)
m—n inL*(Q)ask — oo.
Further, if 8 — 0, ||| = 0, and ||oxllo — 0 as k — oo, then n is a solution of Au = f
and § is a solution of Ay = f, for A € L(X, L*(Q)) defined by A = AT .
Proof. Making only straightforward changes [6] in lemma 2.1 in [20], we have that

|Cogr — B\ + 110l o < CLIRS - 12 D2 + etk lloo) 112, + 621,

for some C > 0 independent of 7, oy and &;. Then

n

2
1Bl < = (1Ce = B, + i, )

,min
2MC _
< ——[(rlirds - - rieg I, + e lloo) 112, + 8],
Ok, min
so that ||@x|lx = || Ex@kllx 1s uniformly bounded for all k = 1,2, .... The statements of the

lemma regarding the weak subsequential convergence of ¢, and 1, follow from the fact that X’
is a Hilbert space and from the observation that ny = Trpxy = TErpr = T fork =1,2, .. ..
We now define A, € L(L*(Q), &) fork = 1,2, ... via

Apu(z)(p) = Au(x), aa. (x,p) € Ay,
for A the original operator defined in (1.2) and u € L?(2). Then

- - 1
IAen = Fell7, = 2—/ / |An(x) — f(2)|* dpda
Filvk2 s Tkn J e, 1=ri] d [=re,me)

—>/IAn(w)—f(w)|2dw=IIAn—f||L2<sz> as &k — oo,
Q

where it remains to show that || Azn — F¢ ||, — 0ask — oo in order to conclude that 7 solves
Au = f. But

5
A0 = Felle, < DT
i=1

where
T = |Avpe + BeTepn — ), Ty = || Acgellr, -
7§ = [|Axn — BiTik |l T = |1F{ — Fillr,s T = | Fy — Filly,-

Arguments like those in the proof of lemma 3.2 of [20] may be used to argue Tik — 0 as
k — oofori =1, 2,4 and 5. In what follows we show that T3k — 0 as k — oo. We have that

7§ = |Agn — Binellr
< NA = )l + 1Ak — BOmillr,, (3.2)



1618 C Cui et al

where the first term in (3.2) satisfies
1A=l = [ o= @) da
[P, 1=7i]

< NAM = 10172y = O,

as k — oo from the compactness of A on L?(2). For the second term in (3.2), we have for
a.a. (X, p) € Qp,,
2

[(Ax — Bom(@)(p)|* = V k(zx, s)ni(s)ds —f k(x + p, s)ni(s)ds
Q Q\B(,7)

2
<2

/ k(. 8) — k(@ + p, 8)mi(s) ds
Q

2

+2

/ k(x + p, s)ni(s) ds
B(x,ry)

2 2 2 2
< 20U L™ + 2" ks rez =+ Tin)

and thus
1Ak = Bomelly, < el UL el +2" rria - iK1, ),
where 7y, is uniformly bounded since || || = [|Te @k || < V2T ||| @k l- O

Proof of theorem 3.1. In what follows we will show that § = U where ¢ is given in
lemma 3.1 and U € X is defined by

0 (@) = 1@
|Vl | X
Indeed, using arguments similar to those in the proof of theorem 3.1 in [20] it is not difficult to
see that U is the minimum norm solution of fhﬁ = f. If we can then show that ||<;§ e < U |,
it will follow that = U. In fact, since ¢y = Ey¢y, it follows that

, aa. pe[—A, A", zeQ. (3.3)

- on
I6elly < o—(|Cute — ¢ 12+ 19l )
< - (lckVi = F ||ik + ”anik,ak)’ 3.4)

where V € A; is given for (z, p) € Q,, by Vi(2)(p) = U(@)(01/7%1, P2/ 7525 - - - » Pn/ Thn)»
with

IVell?, < P /{rk,lrk?z(w) dx. (3.5)
Thus
T, Vi(z) = / Ex V(@) (p)ye(p) dp
[-A AT
it(x), x e (r, 1 —mrp),
- {0, otherwise,
and

~ 2 ~ ~
|CVi — F Hrk = AV + BT Vi — F I,

<4 AV = U7, +20Fc — FIIZ,
<8I APV ellZ, + U7, ) +26¢
<

2 2 2,2
C(rklrkZ"'rkn+8k)’
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for C = C(u, k) independent of r; here we have used the fact that || A Uy + By Ty Vi—Fi ||%k =
| AUy + Byit — Fy|7, = 0 [6]. We thus have

113 < liminf ||| (3.6)
< limsup : |:C(”131"k22""’13n+5lg)+ ”ak”o; / ﬁz(m)dmi|
Ok min 2" | Ve |X [ri,1—7i]
= )32/ Vel
=015, (3.7)

under the assumptions of the theorem, so that léle < Ullx. By uniqueness of the minimum
norm solution of Ay = f, it follows that ¢ = U.
All inequalities between (3.6) and (3.7) must then be equalities, so
gl = ldllx as k — oo,
and in fact the weak convergence of ¢ to @ is strong convergence. In addition,
mw=T¢y - Th=TU =, as k — oo,

so that n = u. Standard arguments can be used to extend the subsequential convergence to
full sequential convergence. This completes the proof of theorem 3.1. (I

4. Numerical implementation

In this section we develop a discrete implementation of the local regularization method
presented in the previous sections, and describe several numerical examples. The algorithms
have been developed in n > 1 dimensions; specific examples are provided in the case n = 2.

4.1. The discrete local regularization problem

Let N € N and assume 2 is divided into N" ‘cells’, where each cell has edges of length
h=-1.Amore general mesh through €2, where N, subintervals are used along the first axis,
N, along the second and so on, is also possible and does not significantly alter what follows.
We define mesh points 9 = (xl(j), e, x,ﬁj)) = hyj, foreach jintheset J = {0, 1,..., N}".
We further define midpoints #9 = x@ — (h/2)1, forj € {1, ..., N}, p®© = ht, for £ € 7",

and p© = p® + (h/2)1, for £ € Z"", where 1 = (1, 1, ..., 1). In our discretization we will
employ indicator functions in the various cells, given by
1, if x,ij_l) < X gx,ij), foreach1 <k <n,
xj(x) = .
0, otherwise,
and
. 1, if [),Ee_]) < < ,?),ie), foreach 1 < k < n,
Xe(p) = .
0, otherwise.

The regularization parameter () is replaced with a discrete approximation
a(@) =) o 1@, T e Q.
jedJ
The other regularization parameter r is chosen as r = hi, + (h/2)1, where ¢, = (i, ..., i,)
(fixed) has integer components such that 1 < iy < N /4 for each k.
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We also need a discrete approximation of the space X,.. We first define the sets
Jr={73 = 1., j)lit +1 < ji < N — i, an integer}, 4.1)
and
L,={=(,....0)| —ir < < i, an integer}. 4.2)
Then let
XN =3¢ :0@p) =) cjuxi@iulp)
jed, LeL,

If g € X,, then for j € J,, g(@Y)(-) € L*(—r, r), and

lg@9))3 = / 1g@7)(p)|*dp
[=r,r]

=y f 8@ (p)* dp
(— 1)7;,([)]

Lel,

=D 8@’

Lel,

Setting R; = [, x(j)] N[r,1—r]forj € J., we have

gl = 57— / f lg(@)(p)|* dp dz
ry: [r1=7] J[—r,r]
! f lg(@)3d
= g(x x
2nrl"'r [r,1—7] :

N Z / lg@)I3 da

= Sy 2 @ m(Ry)

21y
JjeIr
e — Z m(Rj) Y 1@ ()P,
Jjel, Lel,

where m(-) denotes the ‘volume’ (n-dimensional Lebesgue measure) of a region in R”. In
fact, when g € XY this is a strict equality (i.e., no approximations), and thus we define norms
on XV via

el = 2,1— Y omR) Y le@)(p ), and
n jelr lel,
ol o = S Zm(R ) Z @) (5 )P (29).
jesr Lel,

Now we need to calculate the operators 7)., A, and B,.. For0 < ¢ < 1, let

%, if pr € (—c,0) foreachk,

yi(p) = { _ 4.3)
0, otherwise.
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Then, for ¢ € X7fv, x € [r,1—r], and ¢ € (0, 1) small enough so that max cry < h/2, we
have

Trp(x) = TE,¢(x)

f vi(p) - e@)(pir1, ..., patn) dp
(_A,A)n

1 [0 0
_n/ / p@) (171, - - -5 Putn) dp
_t / / o(@)(p) dp
c'riry - —cry cry
: / f > > cie %) fulp) dp
c'ry - n —cry —cr,
" jed, LeL,

Y cio xi(@)

JE€Jr

= ¢(x)(0). (4.4)

To calculate A,: XY — XN, we fix j € J. and £ € L,.. Then

Arp@)(pY) = / k@9 +p®, &9 + 8)p@7)(s) ds

[—r,7]

— / k@0, 29 +8)[ 37" cpg xp@P)Rq() | ds
[=r.7]

eJ, qeL,
= Z Ciq / k(@90 39 1 5) 3,(s)ds
qeL., r,1]
= cig f k(x99 29D + 5)ds
qel [p(q 1) (ll)]

- Z Ciq / k(x99 v) do

qel [x@+a-D zG+a)]
= Y CjgAjrtjrgs 4.5)
qeLl,
where
Apg= f k(x®, v) dv. (4.6)
[z @]

The identity in (4.5) shows that our discretization leads to a finite-dimensional linear (matrix-
like) representation of the operator A,.. For instance, in the case n = 1 (where we adopt the
convention of writing x; instead of x), let i be the one-dimensional analogue of the vector
t,and i +1 < j <N —i,—i <€ <i. Then

Ar@(£)(De) = (Aj - ¢j)es 4.7
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where we define the matrix A; and the vector ¢; as:

A= (Aj+51-j+€z)_,<el,52<i

Ajoij—i BDjij—ivt o Djiju
Ajivtjmi Djoisvtjiet 0 Djiv jui
= b
Ajij—i Ajsijeivt 0 Djpijri /] gineisn
r 2i+l
¢j=(cj—i Cj—im -+ cji) €R¥L

Cases in which n > 1 are essentially the same, though it would be more natural to think of
expression (4.5) as something like a tensor product. This is because, for each fixed p, (A, 4)
is a n-dimensional array. To get to a matrix expression like (4.7), we arrange the A, 4
(fixed p) as a single row in A;, and treat the components of ¢; similarly.

Now we calculate B, T,: XTN — X,fv . According to the definition of B, and (4.4), we
have, forj € J.and £ € L,,

B, Trp@) () = f k@D +pY, ) Tp(s) ds
Q\B@&9 r)

=) cuw / k@Y, s) xu(s)ds. (4.8)
s Q\B@Y 1)
While, as in the case of A,p(&9)(®), such values may be described via matrix
multiplication, because of the hole in the region of integration, any generic description of
the matrix necessarily is broken up by the presence of zeroed entries. For instance, in the case
n=1wehave,fori+1 < j<N—iand —i < <1,

xj—(i+1)h 1 N—i
/ +/ k(G + e s) - | D cuoxuls) | ds
0 X

j+ih n=i+l

B, T, (%) (Do)

N—i Xj—i-1

N—i 1
k(xjte, s)cuoxu(s)ds + Z/ k(xjye, $)cuoxu(s)ds

u=i+1 Y

I
LMz
—

k(xj+fa S)CMOXM(S) ds

I
i
S

p=i+l
N—i 1
+ D | kG $)cuoxu(s) ds, (4.9)

p=j+i+l ¥ L
where a summation whose lower index exceeds the upper one is to be interpreted as zero. The
case n = 1, then, has three subcases, depending on the value of j:

Casel. If j <2(i+1),then0 < j —i— 1< i+ 1, making the first sum vacuous. Hence
N—i 1
BI9GN(G) = Y [ Ky )0,0) ds
p=j+i+1 Y X+
N—i X
Z / k(xjte,s)cpods

p=j+i+1 VXl

N—i
= D CcuoBjirp (4.10)

pu=j+i+l
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In this case, if we define the vector ¢ as
¢=(civ10 Cix20 CNfi,O)T e RV,
then
B, T,9(x;)(pe) = (B; - ©)y, 4.11)
where B is the (2i + 1) x (N — 2i) matrix given by
B; = (00is1)xl (Ajire,) irnyx(N=2i—j))
0 -+ 0 Ajjsn Aj_ijriv2 Aj_in—i
0 -+ 0 Aj_isjeist Aj_is jeis2 A N—i
= . . (4.12)
0 - 0 Ajyijrin Ajiijriv2 AjriN-i

Case2. 1f2(i +1) < j < N —2i — 1, then from (4.9) we get

j=i—=1 N—i
"
BT (o) = Y / k(xjae S)cuods + Y
u=i+1 Y n-1
Jj—i—1 N—i
{2+ X |emwdien
p=i+l  p=j+i+l

Here (4.11) holds with
B; = (S;100i+1)xi+n|T;),

where
Ajiivr oo Ajijmin
Aj_igtiv NGy, j—io
S; = and
Ajiiiv Ajiij—i1
NG jrivl Aj_in—i
Ajivt, jeitl Aj iy N—i
T, =
Ay jriel AjyiN—i

pn=j+i+l

/ k(xje, s)cuods

u—1

(4.13)

(4.14)

are 2i +1) x (j —2i — 1) and (2i + 1) x (N — 2i — j) matrices respectively.

Case3. If j > N —2i —
(4.9), we get
j—i—1

B.Top())(B) = Y, cuoljaep

p=i+l

In this case, (4.11) holds with
B, = ((Ajie,)istyx(j—2i—1) | 0@istyx(N—j+1))

Ajiiv1 Ajiis Ajij-i-
Ajivisl Ajivie Aj i, j—io1
Az Ajiiiv2 Ajyij—ic

1, then j +i +1 > N —i. Dropping the vacuous second sum in

(4.15)
0
0
, (4.16)
0
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We note that for the discrete algorithms developed below we will require, for a general
(non-convolution) kernel, [ [;_; N (N —2iy) = O(N 21) (possibly) different Ay ¢ values. Even
in n = 2 dimensions this is too costly for current computers when N is of reasonable size.
For kernels of convolution type k(x, y) = K (x — y), however, there are many repeat values.
In the case n = 2, for instance, the matrix of A, ;-values has a block Toeplitz with Toeplitz
blocks structure and, following [26], we exploit this structure in our algorithms in order to
reduce the number of computed A, 4-values to (2N — 1)2 = O@N?) from O(N%).

The last quantity we require is F¥%, our discrete data. By definition,

S AN (Al Soa) L Al 5. .
@) (p®) = /@9 +p) = @), for jelLeL,.

For fixed 7 in the n = 1 case, we are led naturally to define the vector
= (fPx-) L) o ) e R (4.17)
When n > 1, it would be more natural to think of our data as a multidimensional array
in RGAFDx-xQi+l)  Neyertheless, to stay within a matrix-multiplication framework, we
‘straighten out’ the contents of that array into a single (column) vector, much in the same
way Matlab does when a multi-indexed array array(:, :, ..., :) is accessed with just one index

array(:).
Finally we can define the discrete format of the local regularization problem P,‘f’a given
in definition 2.1: for ¢ € XY

| A + BoTogp = FXO |, 410l g = Z m(Rj) Y (lp@?)(p ) a(@")

jesy Lel,

+|A @(ﬁ(j))(ﬁ“))+3 Tr@(iﬁu))(f)([)) _ FN,(S(:%(]))(’A)(Z))} )

Z m(R ) Z (l(A] C; +B] Cc— J)€|2 + (ng)z(x(:f:(ﬁ))

JjeIr Lel,

Z Hj(cj; ©), (4.18)

2)‘!

2”?’1

2”7‘1
where Hj(c;; ©) is defined as
Hj(c;; &) =m(R;) Y (I(Aj - ¢j +Bj - € —E;)el* + (cjo) e @D)).
Lel,

In order to describe the relaxation type of minimization method we are going to use to solve
our discrete regularization problem, we introduce the following notations. Fix m € J,, and
define

Im(€m) = Hp(Cm; ©).
For j # m € J,, note that H;(c;; €) depends on ¢, only through the component ¢,y in €.
So it is valid to define

Tmlemo) = > Hj(c;: ©).

JeSp, jFm

Then

My

hn

Using notations Jp, (€) and Jp, (cmo), we introduce the following iterative relaxation-type
minimization algorithm for the discrete regularization problem:

(|Arg + BoTogp — FYO 15+ 1013 10) = T (€m) + Fin(€mo).
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Local regularization algorithm 1
(1) Initialize vectors ¢;, j € J,.
(2) Do form € J,:
(a) Holding the previously determined values of ¢;, j # m, find B € R*' % solving

min{ 7 (B) + T (Bo) : B = (Be)gey, € R¥7301,
(b) Sete,, = 3.
(3) Goto step 2.

Local regularization algorithm 1 is that which comes directly from a discretization of the
integral equations in sections 2 and 3. In practice it has been observed that nearly identical
results are obtained if the algorithm is simplified considerably. Such simplifications (given
in the local regularization algorithms 2 and 3 below) lead to significantly faster numerical
computations.

Local regularization algorithm 2
(1) Initialize numbers ¢;, j € J;.
(2) Do form € J,:
(a) Holding the previously determined values of ¢, j # m, find 3 € R21>2in olying
min{Jm(B) : B = (B)eer, € R¥3),
or, equivalently, solving

min Ay, - B+By, € — F|? +a(z™)|8]1%,
ﬂeRle“»len

where € is composed of the numbers ¢;, j € J;.
(b) Set ¢, = Po.
(3) Goto step 2.

Each time step 3 is reached in algorithm 2, one might say that € represents a new iterate,
a new approximation to the true solution of (1.1) and (1.2). To be more explicit, going into
step 2 there is a state €oq, and we reach step 3 having made adjustments to each ¢,,,, m € J,
in order to reach a new state Cpew. Let € = Cpew — Cold, the vector containing only these
adjustments. Before entering step 2 again, one can set Coq equal to €y and € = 0. Then, as
we step through the m € J;., € fills up sequentially with nonzero entries.

As we shall see in the next subsection, algorithm 2 is costly (O(N*)) to implement. By
far the greatest cost comes from computing the matrix—vector product (B,,, - ¢) which, for
each m € J,., is O(N?). If we let the matrix A denote the full, unregularized matrix operator
that results from discretizing the operator in (1.2)—a matrix whose pth row consists of the
Apq with g running through all elements of J = {1,2, ..., N}"—then one can fairly easily
extract out the product (B,, - €¢) for any given m € J, from the product (A -¢). To see this,
let L,,, denote the operator that extracts the (2¢, + 1)-width neighbourhood surrounding entry
m. Then

Ap L@ +By, ¢ =L, (A-0).
Note that there is an abuse of notation here in that, as we have defined it, ¢ is not of the
appropriate size for the product (A - €) to make sense. Our practice is to pad € with zeros in the
‘border entries.” (It is possible to pad these entries with local solution values; see [20] for this
type of approach.) For instance, inn = 1 dimension with N =8 andi =2, if¢ = (3, 1,2,5)
then in order to make a well-defined product (A - ¢) we first pad ¢ with i = 2 zeros at each
end to get the vector (0, 0, 3, 1, 2, 5, 0, 0). So, our equation above really should be written as

A L (©) + By, - € = L (A - P(0)),
where P is this padding operator (linear).
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Now, let m € J, be fixed, designating an intermediary stage of carrying out step 2 of
algorithm 2. Let the changes made thus far to the previous iterate C,q up to stage m be
contained in €, and let ¢ be the currently-developing iterate, so € = €q + €. Then

B+ € =L (A-P(€) — Ap, - Lin (©)
= Lm(A * P(éold)) - Am ° Lm(éold) + Bm . €. (419)

Note that one can compute A - P(¢€,jq) before entering into step 2. Employing the block Toeplitz
with Toeplitz blocks (BTTB) structure of A, this computation is O(N?log N). Computing
(B, + ©) via (4.19) would not represent any savings, however, as (B,, - €) is roughly the same
cost to compute as (B,,, - ¢). But knowing that the entries of (B,,, - €) nearest to the local region
surrounding entry m are the most influential in determining the solution of the minimization
problem of Step 2, we replace (B,,, - €) with a reduced calculation. Namely, we fix an integer
L > 1, and keep only the parts of € in an (2L%, + 1)-width neighbourhood of m along
with the corresponding parts of B,,, which act on these parts of e. The algorithm using
this approximation of (B, - ¢) will be called local regularization algorithm 3. In principle,
it seems the size of L might have to grow with N. In practice we have found L < 3 to be
generally sufficient for most problems, at least when N is small enough that the problem itself
does not get out of hand for today’s computers. This means that the products (B,, - €) are
dominated by the O(N 2 log N) calculation of (A - P(€)), and may continue to be as N grows.

4.2. Operation counts in two dimensions

As we saw in the last section, for each m € J,., algorithm 2 calls for the solution to the
minimization problem

min A - B+ By - € — Ll + €@ ™)I1BI3: (4.20)
As is well known (see, for instance, [13]), the solution to this minimization problem is

argmin || D, 8 — gm||§,
B

Am f. —B,,-¢
Dm = ’ m — ’
( (&™) ) ’ ( 0 )

and, in the case n = 2, I represents the (2i;+1)(2i,+1) x (2i; +1)(2i, + 1) identity matrix, and
0 a zero vector of length (21 + 1)(2i, + 1). One approach to solving this least-squares problem
is to apply Gaussian elimination (LU -decomposition) to the associated normal equations

D: D,.3 =D’ gn. 4.21)

(In general, one would solve (4.20) via more stable methods like those of Householder
or Givens—see, e.g., chapter 9 of [13]—but given the relatively small dimension of the
system, the direct solution of the normal equations (4.21) by elimination should not introduce
instabilities. The operation counts for these other methods are of the same order.) Since

D D,, = A* A, +a(@™)I,

and A,, is constant (not varying with m) for convolution kernels, it is the case that the
computation of A¥ A, which represents most of the work in computing D}, D,,,, is performed
only once (not once for each m € J,.). For algorithm 2, we use standard operation counts
from linear algebra to get the following breakdown for those subprocesses which are carried
out anew for each m € J,., assuming i; << N for all &:

where
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Subprocess Flops (leading order term)
Compute f; — B; - ¢ 22i1 + 1)(2i + 1)N?
Compute Dfg; = A%(f; — B; - &) 2(2i1 + 122y + 1)?
Decompose D;ij into LU 2/3)[ Qi + )iy + DP?

Solve Ly = D;g]- by forward substitution  [(2i1 + 1)(2is + 1)]?
Solve UB = y by backward substitution [2iy + 1) (2 + D)?

If each iy < N, then the most significant term above is the calculation of fj — B; - ¢, which
(to leading order) requires O(8i,i, N?) floating point operations. Considering that during one
iteration of the local Tikhonov method such a calculation takes place for each j € J,., which
in the case n = 2 has (N — 2i;)(N — 2i,) elements, this means that each local Tikhonov
iteration requires O(8i;i, N*) floating point operations. By comparison, algorithm 3 employs
O(N?log N) floating point calculations.

The above represents a big savings over standard Tikhonov regularization, for which
the computational work is of order O(N 6y operations in general, and O(N 4) if the Toeplitz
structure is taken into account (see p 233 of [13], and the references therein).

As a computational savings, Tikhonov regularization can be coupled with an iterative
method such as the conjugate gradient method, with a regularized stopping criterion. We
will henceforth refer to this numerical approach as Tik-CG. Following [26], the assumption
of a convolution kernel means that the Tikhonov matrix A has special structure. This fact
may be exploited so that matrix—vector products involving (A*A + «I), which account for the
greatest cost in Tik-CG, may be carried out using two-dimensional fast Fourier transforms at
a much greater efficiency than standard matrix—vector products. In the case n = 2 this means
O(N?log,(N)) floating point operations (to leading order) as opposed to O(N*).

Comparing the estimates for Tik-CG with those for our local Tikhonov method, Tik-CG is
potentially less costly (and, in practice, this is borne out). In n = 1 dimension one is unlikely
to notice the difference. Even in n = 2 dimensions, we think our examples in the next section
demonstrate that the regularization properties of the local Tikhonov method may, at least some
of the time, warrant using the method over Tik-CG. And, local Tikhonov offers the possibility
of varying the amount of regularization throughout different regions of the domain, by letting
«(-) vary over grid points. A few ad hoc examples with variable regularization appear in
[6, 20] in a one-dimensional setting, but this remains a direction for future research.

4.3. Numerical examples

We display numerical examples in n = 2 dimensions. (For examples in one dimension, see
[6].) The Gaussian kernel function k is given by (1.4) and the corresponding operator A
represents the blurring operator. Several choices of 8 are used. In each case, a true solution
it was pre-selected, and the noisy data f? used in the regularization process are a random
perturbation of f = Ai, with the latter computed using quadrature. All calculations are
conducted using Matlab.

In all cases the original image i takes values in [0, 1] (after rescaling of the functional
representation of i, if needed). Approximations of i via local regularization or the conjugate
gradient approach to Tikhonov regularization may actually take values outside [0, 1], however,
so we display the approximate graphical images in the same way that a camera would, i.e.,
by setting values smaller than 0.0 to 0.0 (compression of blacks) and larger than 1.0 to 1.0
(blowing-out of whites). When looking at the actual values of the approximate solutions in



1628 C Cui et al

the examples which follow, we frequently observed that the local regularization method
demonstrated significantly less compression and/or blow-out than the classical method,
suggesting that local regularization appears to exert tighter controls over the overall image.

We make comparisons between local regularization and the coupling of Tikhonov
regularization with the conjugate gradient method (Tik-CG). It is perhaps desirable to make
a comparison also with edge-sharpening methods such as bounded variation (BV) methods,
but since local Tikhonov and Tik-CG both reside in the class of differentiable optimization
techniques (and BV methods do not), the comparison between the two seems more apt. In
all examples below, we have run numerous tests with different values of the regularization
parameters « (for Tik-CG) and r and « (for local regularization) to determine which parameters
were ‘best’ in the sense of providing an approximate solution with smallest relative error. In
what follows we only present the results obtained with these ‘best’ parameters in our findings
for both Tik-CG and local regularization. Tik-CG solutions are computed employing block
circulant extension preconditioning as described in [26], and indicated in that reference as being
similar to the Toeplitz approximate inverse conditioners of [15], and using code adapted from
routines made available by C Vogel at his website*. For the local regularization solutions,
algorithm 3 is employed, generally cycling through until the relative error changed little
between iterates. In the case of local Tikhonov, relative error is really meaningful only on
the (N — 2iy) x (N — 2i,) subarray. So, the stated relative errors for both Tik-CG and local
Tikhonov solutions have been computed on this subarray. Because the values off this subarray
have been set (arbitrarily) to 0.0 for local regularization, a black border appears around each
image. Alternatively, the values could have been set to 1.0 around the border (giving a better
visual presentation for most examples); however, testing showed that values of the solution on
the internal subarray changed little in this case.

Example 4.1. The true solution, a grey box on a white background, is displayed at top left
in figure 1, along with the blurred u containing 15% noise, the Tik-CG and local Tikhonov
solutions. Here, our blurring operator has kernel (1.4) with 8 = 100. For the Tik-CG solution,
we have displayed the method’s 4th iterate with the ‘best’ value of o« = 0.1, which required
approximately 0.34 s of computation time. For the local Tikhonov solution, ‘best” parameters
were found to be « = 0.0075 (constant), L. = 1, and 2, = [2 2]. In this case, the third
iterate is displayed, which took 7.24 s of computation time. Roughly the same local Tikhonov
solution is found in a single iteration (1.99 s) when the Tik-CG solution is taken as the initial
state.

Example 4.2. Here the true solution consists of vertical black stripes on a white background.
The blurred u comes from a Gaussian kernel (1.4) with 8 = 175, and contains 10% relative
error. These are displayed in figure 2 along with the Tik-CG and local Tikhonov solutions.
For the Tik-CG solution, the ‘best’ parameter is ¢ = 0.105; the resulting fourth iterate is
displayed, requiring 0.31 s of computation time. For the local Tikhonov solution, the best
parameters are ¢ = 0.0075, L = 1 and ¢,, = [2 2]. The third iterate is displayed, which took
7.27 s of computation time. Roughly the same local Tikhonov solution is found in a single
iteration (2.48 s) when the Tik-CG solution is taken as the initial state.

Example 4.3. Here the true solution consists of a diagonal cross on a white background,
where a grey stripe passes over a black one. In figure 3(a), N = 64, g = 100, and the blurred
u contains 10% relative error. The Tik-CG solution once again is the fourth iterate, coming
from the best parameter value « = 0.095. In the local Tikhonov solution, the best parameters

4 See http://www.math.montana.edu/~ vogel/Book/Codes/Ch5.
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Trueu (N=64)  Blurred u(beta=100), 15% rel error

Tk-CG local regularlzatwn

{alpha= 1) {2, L=1, alpha= .0075)
relerror=.36 relerror=.18

Figure 1. Example 4.1.

Trueu (N=64)  Blurred u(beta= 115)+1IH'= rel error

L]

TikCG ocal regularization
{alpha=.103) (r=2, L=1, alpha = .0075)
relerror=.23 relerror=.13

Figure 2. Example 4.2.

are @ = 0.0075 (constant), L = 4, and %,, = [2 2]. The third iterate is displayed, and the
computation times are roughly the same as in examples 4.1 and 4.2.

In figure 3(b), N = 128 and 8 = 250. The blurred u contains 15% relative error. For
the Tik-CG solution, the best parameter value is @ = 0.1 and, again, we display the fourth
iterate. For the local Tikhonov solution, the best parameter values are ¢« = 0.005, L = 1 and
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Truew (N=64}  Blurred u(beta= 100) 10% rel error Trueu (N=128) Blurred u{beta=250) + 15% rel error

N

Tik-CG local regularization Tk-CG local regularization
(alpha= 035) {r=2, L=4, alpha= .0075) falpha= 1) {r=2, L=1, alpha= .005)
relerror= 49 rel error=.32 rel error= 41 relerror=,25

(a) (b)

Figure 3. Example 4.3. (a) N = 64, $ = 100,65 = 10%. (b) N = 128, B =250, = 15%.

2, = [2 2]. For both Tik-CG and local Tikhonov, computation times are a little more than
doubled over those of figure 3(a). In the case that a Tik-CG solution was used as an initial
state for local Tikhonov iteration, the single computation took 8.16 s.

Example 4.4. In this case we have constructed a true solution like the simulated satellite
image found in [26]. In [26], this image was blurred in a manner that models the atmospheric
distortion found in images from outer space taken with ground-based telescopes. Such
realism comes at the price of producing blurs using a discretized blurring operator and matrix
multiplication, so we have chosen instead to generate blurred data f° using the integral
operator and Gaussian kernel, as was done in all prior examples. In figure 4(a) 8 = 100, and
relative noise of 10% has been added to this 64-by-64 image. For Tik-CG we have graphed
the 23rd iterate, employing best @ = 0.004, which took about 0.6 s of computation time. For
local Tikhonov, the computation time was about 25 s to get through the fourth iterate (shown),
using best parameters o« = 0.002, L = 4 and 2, = [3 3].

The true image in figure 4(b) is 128-by-128. Here, 8 = 250 was used in the blurring
operator.

In all but example 4.4, it seems that local Tikhonov outperforms Tik-CG, often quite
markedly, at a cost of requiring greater computation time. The image of example 4.4 is
somewhat different from the others in that it has a black background. Nevertheless, local
Tikhonov performs almost as well. Example 4.3 is interesting in that it is not visually obvious
from the blurred image that the background should be white instead of grey. In figure 3(b) it
may be argued that Tik-CG does a better job in restoring the background to white (which it
does by blowing-out white values), but local Tikhonov produces the more visually satisfying
rendering of the original.

Example 4.5. Finally, in this example we illustrate the a priori parameter choice rule given
in theorem 3.1 as applied to the image given in example 4.1. Using § = 85, & = .032, and
7 = (4, 4), we define the sequences

8 =278, a =27a, e = 2752, for k=0,1,...,
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\

Y 4

Trueu (N=64)  Blurred u(beta=10C),+ 10% rel error Trueu (N=64)  Blurred u{beta=250) +10% rel error

TikCG local regularization Tik-CG local regularization
{alpha=.004) {r=3 L=4, alpha= .0015) {alpha=.001) (r=2, L=4,alpha = 002)
rel error =.36 relerror=.39 relerror=.32 rel error=.36

(a) (b)

Figure 4. Example 4.4. (a) N = 64, $ = 100,65 = 10%. (b) N = 128, B =250, 6 = 10%.

;_tf' Y 1"‘\"—! F"‘rwv—p-’-—n—,—‘1 (._,__,_'__'___'
e (um
AV A k ‘

Figure 5. Example 4.5.

so that &, |7« ||, ox — 0as k — oo. Further, as required by theorem 3.1, we have Sf/ak — 0
as k — 0 and |7 ||*/8; remains bounded as k — oco. In the top row of figure 5 we show the
blurred images f% fork = 0, 1, ..., 5 (left to right), where || f — f%| ~ &. In the bottom
row of figure 5 we show the results of local regularization applied to the noisy data f% using
regularization parameters oy, 7y, for k = 0, 1, ..., 5 (left to right). As in example 1, we use
B =100 and N = 64 in each case; the true image may be found in figure 1. The black border
around the deblurred images decreases as k increases and 7, decreases, and is more evident
in this example because of our choice to set unregularized areas to the value 0.0 (black); as
discussed earlier, an alternate choice would have given less obvious bordering.

Finally, because of the discretization, the regularization parameter r; in this example
must be transformed (via rounding) to the integer pair ,,, with the limitation (again due to
the discretization) that ¢,, = [1 1] for k¥ > 4. This limitation means that over-regularization
actually occurs in the discretizations of images for k > 5 since %,, = [1 1] is too large for its
non-integer counterpart ;. (In fact, this over-regularization is already starting to be seen in
the bottom right image in figure 5, the case of k = 5.)
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5. Conclusion

We have extended the ideas of [20] for the local regularization of 1D integral equations in
such a way as to facilitate a theory of local regularization for general 2D integral equations.
Our convergence theory shows that regularized solutions converge to the true solution of the
original problem with appropriate choices of the regularization parameters r and « as the level
8 of noise goes to zero. Numerical implementation illustrates that in many examples local
regularization out-performs other regularization methods based on differentiable optimization
schemes when it comes to relative errors in solutions and perceived sharpness/resolution of
images. Future extensions of this work include the problem of selection of regularization
parameters, a difficult problem in local regularization. Indeed, only recently has this question
been answered for the problem of selection of the parameter 7 in the 1D Volterra problem [3],
so there is hope for the extension of these ideas to the 2D non-Volterra problem. Even more
challenging is the subject of the selection of a variable regularization parameter «, also the
subject of future study.
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