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ARTICLE INFO ABSTRACT

Keywords: A crucial problem concerning Tikhonov regularization is the proper choice of the regular-
Parameter choice rules ization parameter. This paper deals with a generalization of a parameter choice rule due to
Multi-parameter Tikhonov regularization Regifiska (1996) [31], analyzed and algorithmically realized through a fast fixed-point
Large-scale discrete ill-posed problems method in Bazan (2008) [3], which results in a fixed-point method for multi-parameter
Tikhonov regularization called MFP. Like the single-parameter case, the algorithm does
not require any information on the noise level. Further, combining projection over the
Krylov subspace generated by the Golub-Kahan bidiagonalization (GKB) algorithm and
the MFP method at each iteration, we derive a new algorithm for large-scale multi-
parameter Tikhonov regularization problems. The performance of MFP when applied to
well known discrete ill-posed problems is evaluated and compared with results obtained
by the discrepancy principle. The results indicate that MFP is efficient and competitive.

The efficiency of the new algorithm on a super-resolution problem is also illustrated.
© 2012 Elsevier Inc. All rights reserved.

1. Introduction

Linear least squares problems of the form
minfg—Af|, A€R™" m>n, geR" feRr" (1.1)

with A large and ill-conditioned arise in a number of areas in science and engineering. They are commonly referred to as
discrete ill-posed problems and arise, for example, when discretizing first kind integral equations with smooth kernel as
in signal processing and image restoration, or when seeking to determine the internal structure of a system by external mea-
surements, e.g., computerized tomography. In practical applications g represents data obtained experimentally and it is of
the form g = gt t e, where e represents noise, g&*t denotes the unknown error-free data and Af®*" = g®at, Note that
due to the noise and the ill-conditioning of A, the naive least squares solution of (1.1), fis = A'g (where A" denotes the
Moore-Penrose pseudoinverse of A) is dominated by noise and thus some form of regularization is needed in order to obtain
a useful approximation to f*, The earliest and most known and well established regularization method is that due to Tik-
honov [35] where fexat is approximated by regularized solutions defined as
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fi = argmin {|g ~Afl}+ ZLfI5 ). Le R (12)
€ n

where L, referred to as the regularization matrix, is introduced to incorporate desirable properties on the solution such as
smoothness, and 4 > 0 is the regularization parameter. Common choices of L include the identity matrix, in which the prob-
lem is said to be in standard form, and discrete differential operators. The proper choice of the regularization parameter is a
nontrivial problem for which several parameter choice methods exist. These include discrepancy principle (DP) [26], which
requires a priori knowledge of the noise level, and a number of methods that do not require this information such as L-Curve
criterion [17], Generalized Cross-Validation (GCV) [13] and Reginska’s parameter choice rule [31]. For recent contributions
which exploit the discrepancy principle the reader is referred to [30,38]. Apart from the above classical approaches, several
works based on other techniques have been proposed including preconditioning, see, e.g., [37], as well as optimization tools
[10,34]. Most of the above methods can be readily implemented using the generalized singular value decomposition (GSVD)
of the matrix pair (A,L) when A and L are small or of moderate size. However, for large-scale problems the GSVD is compu-
tationally demanding and thus iterative or projection methods are preferable; these include [11,16,20,22,27,32], and a meth-
od called GKB-FP [5], which combines projection over the Krylov subspace generated by the Golub-Kahan bidiagonalization
algorithm [14] and fixed-point iterations at each step.

Although Tikhonov regularization has been widely applied to solve ill-posed problems, it has been mostly confined to a
single constraint. However, there are situations where the noise-free solution exhibits several distinct features and a natural
question is how to incorporate them into the regularization approach. In this paper we are concerned with multi-parameter
Tikhonov regularization problems where the minimization problem (1.1) is replaced by

q
ﬁarfgrﬂyin{lg—AfllﬁJrZi?LJI%}, LeR™ i=1...q (13)
c n

i=1

where 4 = [14,... ,/lq}T, Ji > 0, is a vector of regularization parameters. Note that solving (1.3) amounts to solve the regular-
ized normal equations

q
(ATA + ZzlfoL,-) f=A"g,
i-1
whose solution f; is unique when
NANNL)N---NN(Ly) =0, (1.4)

where A/ (A) denotes the null space of A. Condition (1.4) is met, e.g., when one regularization matrix is the identity or when A
has full column rank; throughout the paper (1.4) is always assumed to be true. Applications of formulation (1.3) have ap-
peared in a number of problems such as the determination of geopotentials from precise satellite orbits [36], high-resolution
image reconstruction with displacement errors [25], image super-resolution [39], and estimation of parameters in jump dif-
fusion processes [12]. Like the one-parameter case, the parameter choice rules for the multi-parameter case can be separated
into two classes: rules that exploit a priori knowledge about the noise level and rules that do not exploit this information. As
an example of parameter choice rule that exploit the knowledge of the norm ||e|| we cite Lu et al. [23], Lu and Pereverzev [24],
and the papers [1,2,9] where the choice of the parameters depends on the structure of the noise. The second class include a
generalization of L-Curve method [6], a multivariate GCV [8], an approach due to Brezinski et al. [8] where the regularized
solution is taken to be a constrained linear combination of one-parameter regularized solutions, and the minimum distance
function approach of Belge et al. [7].

However, to the best of our knowledge, very little is known about efficient algorithms for solving large-scale multi-
parameter Tikhonov regularization problems of the form (1.3). For a first attempt see [32] where an algorithm based on gen-
eralized Arnoldi iterations is proposed. The algorithm looks promising but its efficiency remains to be verified.

The main purpose of this paper is to present a generalization of Regifiska’s parameter choice rule to the multi-param-
eter case, which results in a fixed-point method for multi-parameter Tikhonov regularization called MFP, as well as to pro-
pose a GKB-FP type algorithm that is well suited for large-scale multi-parameter problems. Throughout the paper we
assume that no estimate of |le||, is available. The rest of the paper is organized as follows. In Section 2 we review the ori-
ginal Reginska's parameter choice rule and provide theoretical results which support its generalization to the multi-
parameter case. Our algorithm for large-scale Tikhonov regularization is described in Section 3. In Section 4 the efficiency
of the proposed algorithm is illustrated by comparing our results with the results obtained by other methods. Conclusions
are in Section 5.

2. Generalization of Reginska’s parameter choice rule to multiple parameters and its algorithmic realization

The purpose here is to generalize the parameter choice rule due to Regifiska [31] to multi-parameter Tikhonov regular-
ization and to introduce a corresponding algorithmic realization.
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2.1. Brief review of original Reginska’s rule
Let x(2) = ||g — Af||> and y(2) = ||Lf;||> where f; solves the one-parameter Tikhonov problem (1.2). Based on the fact that

y(2) decreases with / while x(4) increases, Regiiiska [31] proposed as Tikhonov regularization parameter a local minimum of
the function

W(2) = XDy, p>0. 2.1)
Bazan [3] investigated the properties of ¥ and concluded that its minimizers are fixed-points of
, - Af
o) = yul8 Al o 22)
ILf: 1l

which gave rise to the FP-algorithm. Practically, the FP-algorithm proceeds as follows

e Given an initial guess A%, set u = 1 and calculate the iterations
},(kH) _ ¢(;L(I<); 1)’ k > 0’ (23)

until the largest convex fixed-point of ¢(4,1) is captured.
o If £t =1 does not work, u is adjusted as explained in [3,4] and the iterations restart.

The success of this choice (hence of the FP-algorithm) is supported by the observation that the minimizer of W corresponds
to a good balance between the size of the solution norm and the size of the residual norm, in which case the error in f; with
respect to fe*t tends to be minimized. This justifies the excellent performance of the FP-algorithm when compared to other
well respected methods, as reported in [3,4,21]. We recall from [4] that a fixed-point of ¢ is said to be convex when the asso-
ciated L-Curve is locally convex at that point. Typical behavior of curves W(1) and ¢(/) can be seen in Fig. 1 where small cir-
cles are used to highlight the location of the minimizer of W (1) and the corresponding fixed-point of ¢(4,1).

2.2. Parameter choice rule for multi-parameter case

The previous single-parameter choice rule can be extended to the multi-parameter case by selecting as regularization
parameter a local minimum of the function

P(2) =Xy (DY, (1) -y (D', ;> 0, (24)
where f, solves the multi-parameter Tikhonov problem (1.3) and
X(2) = g - Aflz. ¥i(2) = ILfillz, i=1,....q (2:5)
We shall now discuss conditions for a point 4 = [41,..., 4,]" to be a local minimizer of function ‘P. Note that the gradient
VW¥(4) can be demonstrated to be
VY =y -yt Q + Vi), (2.6)
where
)
J=1: . |, and Q=
é [ X
— YWl
10°
107
10°

-5 0

10 10 10°

Fig. 1. Functions ¥(2) and ¢(4, 1) for i_laplace test problem from [18], n = 256, and data with relative noise level 1%. For this test problem the regularization
matrix is the identity, the selected parameter is 2* = 0.0233 and the relative error in f;- is 18.44% (the optimal one is Aopima = 0.0105 and the relative error
in the associated solution is 18.27%).
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Since each partial derivative of y;(4) with respect to 4; depends on 2, sometimes we will denote J(1) to highlight the depen-
dence of J on 4; the same observation applies for Q. For future reference, note that, as

X(2) = g — ALl = g'g — 2¢"Af, + fTATAf,, and yi(2) = L5 = fTLILF,
then

() s, a(2)

The following technical results will be needed.

Lemma 2.1. Under assumption (1.4), the following properties hold

()X _ W 2P
o 23 o ’q 0 (2.8)
(ii) the vectors ,] =1,...,q are linearly independent if, and only if, the vectors L].TLjf,«_, j=1,...,q are linearly independent.
(iii) Jis nonsmgular provided that 2 (,/ ,j=1,...,q are linearly independent.
Proof. Assumption (1.4) implies that (1.3) has a unique solution f; such that
(ATA+ ZLLy + -+ 2LIL)f = A'g. (2.9)
T
This implies A" (Af, — g) = —/3LiLif, — - — 22LiL,f;. Now it suffices to multiply this equation by (g-{}) ,j=1,...,q, and then
use (2.7); this proves (i). On the other hand, differentiation of (2.9) with respect to /; leads to
, of;
2L Lf, + (ATA+ LIy + - + 2L Ly) ( 5 z,-) =0. (2.10)

Let B=A'A+ 2iL{L; + - + Z2L{L,. Then (2.10) can be rewritten as

o o b .
LJ] 6{2 . aﬁ } CRALIL, 2L, - 226LILef).

This proves (ii) since by assumption (1.4) B is definite positive. On the other hand, an immediate consequence of (2.10) is

T
(ZD (ATA+ ZL{Ly + -+ 22LIL )<§£> ~2J; <3f ) LiLf;.
i

Using (2.7) we have

f; T 27T 227T af; ayj
( ) WA+ AL+ 4 AL (57 ) = g (2.11)
which in matrix form is F'(A'A + J3L{Ly + - + 22LLo)F = —Jdiag(Js, ..., /q), where F = L. ()/q : this proves (iii) as F

has full column rank. O

In the single-parameter case ||Lf;||, is a decreasing function of /. For the multi-parameter case we can use (2.11) to prove
the following similar result.

Corollary 2.2. The partial derivative of y;(1) with respect to /; is always negative.
We can now substitute (2.8) in (2.6) to conclude that the gradient of ¥ can be written as

A
V() =y -y | Q-
2
Therefore, the necessary condition for the function W¥(2) be minimized at 2* = [4],. .., ),Z]T # 0, V¥(2") = 0, requires that J(1")
be not singular and
%2
7 .
Q= | ¢ | =2 =n) ic1g (212)
5, yi(2)
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Therefore, if W(4) reaches a maximum/minimum at 2°, this 2* must be a fixed-point of the vector-valued function
@ : R? — R? defined by
(bl (/Lv :ul)
. Ig —Aflly
(1) = : , =/l T o2 i=1,...,q. (2.13)
) L1l
¢q (/“7 :uq)
The question about existence of fixed-points will be addressed geometrically at the end of the section. We now give a

theorem stating conditions for minimizing V.

Theorem 2.3. A sufficient condition for a fixed-point /* of ®(.) be a local minimizer of W(A) is that 2J(.")diag(i*)+
JUDHGHJ(GAT be negative definite, where

2
4 2 praay
w(rw) Ayt gy
2
)2 2014 pu) - s
1 2
H(A): Y2 Y2 qy,
2
24 2t %
1y, 25, yq(l + 1)

Proof. If /" is a fixed-point of ®(/), the gradient and the Hessian of W(4) at A" can be shown to be
— 4+ ()
V) =y () -y (00 : =0,
0 (1)
VAW (1) = =201 (2) - Yo GO () diag (5, -, 2g) (g =T (4)),

where ], (1) denotes the Jacobian of the function ®(%). Using Eq. (2.8) at /" and the fact that yi(A)4? = wx(*) the partial
derivative of ¢;(4) with respect to /; can be written as

o 1 2 1 Oy, i 2l 9,
o (5 0 _l_..._,1 [t ) I
9 2\ 7% g A1+ p) 7 0%
Hence, J (/") takes the form
A 2 22 o 9
gt g o sk e o &
12 W /2 22 b 0
]¢()~):_j
2 U 2 K A m, &,
s 250 AR N

Thus, the expression for the Hessian of W(2) at A" can be rewritten as
VIB(2) =y (1) -y () |20 diag (. 2) +JGOHEIE)T)

By hypothesis [2](2*)diag()f) +J(OHHX" )](A*)T} is negative definite, so V>¥(2") is positive definite and A" is a local minimizer
of ¥. O

From [3, Lemma 1], where the original rule of Regifiska was investigated, we learned that for u = 1 and 4 larger than the
largest generalized singular value of the matrix pair (A, L), it holds ¢(4,1) > /. This is an useful result that allows us to locate
fixed-points when they exist. A similar result can be provided for the multi-parameter case under certain conditions.

Theorem 2.4. Assume that one regularization matrix, say Ly, has full column rank. Let 71 be the largest generalized singular value
of the matrix pair (A,L;). Assume also that f, ¢ N(L;),i=2,...,q. Then for all 1= (1,...,7q), with i; >, and Z; > 0, it holds
that

b)) >4 i=1,....q. (2.14)

Proof. Consider the auxiliary Tikhonov problem
f: = argmin{|ig — Af| + E|L I3}, &> 0, (2.15)

fer®
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where
MLy
L, = y /lj>07 i=1,...,q.
4qlq
It turns out that f; is unique and f; = f;. Let (&) = ||lg — Af¢ll,/|ILif ¢l € > 0. Then for all 4; > 0 we have
i 1) _ g = AR5 g — Af _
2 2ILENE T RILfE + -+ 2L
i GILAN ALl + -+ 2l Lefall2

so it suffices to prove that ¢(1) > 1. Let 7, and x be the largest generalized singular value and corresponding eigenvector of
the matrix pair (A, L;), respectively. Since due to [3, Lemma 1], it holds that ¢(¢) > ¢ whenever ¢ > 7, it suffices to prove
that 9, < 1. To this end note that the largest generalized singular value of the matrix pair (A,L;) can be characterized as

@*(1), (2.16)

TaAT
7 = max XA M (2.17)
x40 XTLTL;x
Then
B XAA XAAx Vet 0 > XTATAx D
2 X OaL) (Oal)R T XT(aL)T (JaLh)x T XT (L) (GaLy)X + - - + XT (GgLg)T (2gL1)X ‘
But this implies that
52 TAT
7;1 - x'A"Ax 73

7 = MaxX—— T T =
49 x#0 XT(/L,] L]) (/1] Lq )X +-F XT(/quq) (/qul )X

Therefore, provided that /; > J4, the largest generalized singular value of the matrix pair (A, L;) satisfies j, < 1, and the the-
orem is proved. [

We stress that though in many problems the regularization matrices are rank deficient, full rank regularization matrices
are also used in several areas, see, e.g., [33]. A practical consequence of Theorem 2.4 is that if all regularization matrices are of
full column rank, then there exists a box B = [0,71] x [0, 7] x --- [0, }4], where }; denotes the largest generalized singular va-
lue of the matrix pair (A, L;), such that

¢i(4,1) >4 with 4 >79;, 4>0, j#i, i=1,....q. (2.18)

This result generalizes Lemma 1 in [3]. Note that, while (2.14) inform us that fixed-points of ® cannot fall outside the region
[0,71] x Z, where Z = {(J2,...,7q) € RT" / 23>0, i=2,...,q}, (2.18) asserts that fixed-points of ® cannot fall outside the
box [0,71] x [0,72] x --- x [0,7,]. Both of these conclusions are important since they help us to detect divergence of our
fixed-point algorithm to be presented in the next section.

We now give a brief discussion about existence of fixed-points. For the sake of simplicity we shall discuss the two-param-
eter case which has a simple and nice geometric interpretation. This can be explained as follows. Consider the planes IT; and
surfaces S; in R3, defined respectively by:

I = {(41,42,2) /2 =2}, Si={(}1,%2,2)/z=¢;(7, 1)}, i=1,2.

Let C; = IT; N Si. A typical surface z = W(4) as well as the projections of C; onto the plane z = 0 are displayed in Fig. 2; surfaces
S; and planes IT; are shown in Fig. 3.

Fig. 2. Surface z = W(4) (left) and projections of C; onto the plane z = 0 (right) for i_laplace test problem from [18], n = 256, data with 1% noise, L; = I and L,
being a discrete first order differential operator.
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Fig. 3. Surfaces S; and planes IT; for i_laplace test problem.

Then, based on (2.12), it is apparent that ® will have fixed-points, provided that C; N C, is not empty. If this is the case,
every point in the intersection is a fixed-point of ®. Note that the intersection C; N C; in Fig. 2 provides two fixed-points of ®.

2.3. FP-algorithm for multi-parameter Tikhonov regularization

Our algorithm for the multi-parameter case, denoted hereafter by MFP, follows exactly the same steps as the fixed-point
algorithm for the single-parameter case; it can be roughly described as follows.

o Given an initial guess 2© = [/{”,...,J%]", set y; = 1,i=1:q, and calculate the sequences

AN — ¢.a®:1), i=1,...,qand k > 0 (2.19)

until a stopping criterion is satisfied
o If i}’o diverges for some i, y; is adjusted and the iterations restart. Adjustment of y; is done similarly as in the single-
parameter case; see [3] for details.

The choice of the initial guess is always a crucial point for iterative methods and there are probably many alternatives for
the initial guess of MFP. Two of these are as follows: (a) choose as initial guess a set of small parameters, say /; = 107, and
then proceed as described above, and (b) apply the single-parameter fixed-point algorithm [3,4] to g single-parameter
Tikhonov subproblems, one for each L;, and take the found fixed-points as initial guess. The main advantage of (b) is that
the FP-algorithm for the single-parameter case provides a parameter y; # 1 when adjustment is required. Our numerical
experiments are carried out following the second option, where we choose to stop the iterations when the relative change
of consecutive iterates is small, i.e., when

S (k+1 k I
[ PR P
where & is a small tolerance parameter or, to prevent slow convergence, when
2 (k+1 k 1
A% — 20, < &)l AN,

where &, is another small tolerance parameter. Finally, since the computation of the sequence (2.19) requires the function ®
to be evaluated repeatedly for several values of 4, the regularized solution f; must be calculated efficiently. This can be done
by first noting that problem (1.3) can be rewritten as

f; = argmin||g — Af|3, (2.20)
fern

where A; = [A" J4L] - J4L])", and g = [g" 0']". Proceeding this way, problem (2.20) can be solved efficiently by using the QR
decomposition or the SVD of A,.

We end this section with a brief discussion on the convergence properties of the iterates (2.19), concentrating, in partic-
ular, on the two-parameter case; the general case can be handled similarly. Obviously, being (2.19) a sequence generated by
fixed-point iteration, no more than local convergence results can be obtained. The key idea of the convergence analysis is to
recognize that the dynamics of the iterates of the multi-parameter case is essentially the same as the dynamics of the iterates
of the one-parameter case. We thus start by considering the one-parameter iterates defined in (2.3), A%V = (1%, 1), k > 0.
As usual, we shall assume that the residual norm ||g — Af;||, does not vanish at 4 = 0, and function ¢(i*’,1) has a unique
fixed-point that minimizes ¥(4) and a unique fixed-point that maximizes W(1). Let Z and / denote the minimizer of ¥(,)
and the maximizer of W(4), respectively. Such a situation is illustrated in Fig. 4 (left) for i_laplace test problem. Then, based
on the property that ¢ (4, 1) is always an increasing function, the analysis in [3] (see Theorem 2) leads us to the following
conclusions:
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Fig. 4. Left: function ¢(4, 1) for i_laplace test problem with the same data as in Fig. 1. Right: convergence regions of iterates (2.19) (shaded area) for the two-
parameter Tikhonov problem. In this case, the test problem is i_laplace with n = 256, the right hand side has 1% noise, L; = I, and L, is a discrete first order
differential operator. Curves C; and C, are the same as in Fig. 2.

o the convergence region of the iterates i) is the open interval |0, 4.
o0 converges to 7 as far as 29 belongs to the convergence region. If this is the case, either 2% is a decreasing sequence if
29 €)7, 7] (which means ¢(2?,1) < 2) or 2% is an increasing sequence if 1© €]0, 1[ (which means ¢(2?,1) > 2?).

We now turn to the two-parameter case. Let R, be the region between the curves C; and C, and let R, be the region bounded
by the curves C; and C;, and by the lines 4; = 0, 4, = 0, see Fig. 4. Then it turns out that the sequence z}“, i=1,2, will con-
verge to /; as far as the initial guess 2\”, i = 1,2 lies inside R; U R,, which means either ¢;(2”) < 1%, =1,2, or ¢;(2) > 22,
i =1,2. In either case, similar to the one-parameter case, convergence is assured because ¢;(/1, Z>) is an increasing function
of J; if the other parameter is kept fixed, as follows from Lemma 2.1 and Corollary 2.2.

3. Extending GKB-FP to large-scale multi-parameter Tikhonov regularization

We have seen that MFP requires the problem (2.20) to be solved repeatedly in order to calculate solution and residual
norms for distinct values of the parameters /i,..., 4. The approach is simple and can be implemented efficiently via QR
decomposition or SVD of A; for small to medium sized problems. However, this does not work for large problems and there-
fore alternative approaches are needed. In this section such an approach is proposed. Specifically, the purpose of this section
is to extend the GKB-FP algorithm to large-scale multi-parameter Tikhonov regularization. GKB-FP combines the Golub-
Kahan bidiagonalization (GKB) algorithm with Tikhonov regularization in the generated Krylov subspace, with the regular-
ization parameter for the projected problem chosen by the one-parameter FP method [3] at each iteration.

Recall that after k <n steps, the GKB algorithm applied to A with initial vector g/||g|, yields two matrices

Ugpr = [U1, ..., Ugq] € R™®D and V= [24,..., ] € R™* with orthonormal columns, and a lower bidiagonal matrix
B, € R&Dxk sych that
BiUki1e1 =g = Py, (3.1)
AV = Ugs1Bi, (3.2)
ATUkH = VkBl + Olk+1 Vi1 e;(-+‘17 (3.3)

where e; denotes the i-th unit vector in R**'. The columns of V, provide an orthonormal basis for the generated Krylov sub-
space K (ATA,A"g), which is an excellent choice for use when solving discrete ill-posed problems [19].

The main idea behind our extension of GKB-FP for large-scale multi-parameter Tikhonov problems is to produce a finite
sequence of approximate solutions f*’ obtained by minimizing the Tikhonov functional (1.3) over the subspace K (ATA,ATg).

A

Therefore the approximate solution f*' is determined as

q
o= argmin{|g —Af|I3 + Dﬂwn%},

feky i—1

which in turn, can be calculated as

q

fo =y A= argmin{ |IBrer — Bizll + ZAﬂLiV,{Z@}, (3.4)
zeRK i=1

where the last minimization problem is referred to as the projected problem. When L; = and L; = 0, i # 1, the method of the

present paper reduces to GKB-FP. Note that if we calculate the QR decomposition of L;Vy, LV, = Q"'RY, the norm ||L;V,z|, in

(3.4) can be replaced by |\R§")2H2. Proceeding this way, the minimization problem becomes simpler and computation offf") via

(3.4) reduces to
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fO=viz, 2 = argmin|B¥z - g|,,

zeRk

By
k
iR

where B = ,and g = {/3 1061 } ; 50 2 can be efficiently computed in several ways, e.g., by a direct method or by first

JqRY)
transforming the matrix Bﬁ") to upper triangular form, as done when implementing GKB-FP [5]. In addition, the approximate
solution ff") and the corresponding residual rff” =g fAfEk) satisfy

K k k k
ILF 2 = IRz 2, 0 = 1Bz — Brea ]l (3.5)

For each k > 1 consider the function

9 j') = [d)gk)(lwul)’ LR ((]k) ()“nu“q)]T7
with

VTM% fﬁh,izhn@ (3.6)
2

Our proposal for large-scale multi-parameter Tikhonov regularization is to follow the same steps as GKB-FP. That is, for cho-
sen p>1 and k> p, our projection algorithm computes the fixed-point %" of ®®(i) that minimizes

yh () = Hr |12 I ]||LLf HZ“' following, e.g., MFP, and proceeds by repeating the process until a stopping criterion is satis-
fied. For algorithmic details of GKB-FP, the reader is referred to [5]. Numerical examples have shown that the minimizer of
Y(1) associated with the large-scale problem is captured in a relatively small number of GKB steps.

To make our proposal computationally feasible, the following aspects must be considered

o the initial guess of the fixed-point method on the projected problem at step k + 1 is taken to be the fixed-point /¥ and
e the QR factorization L;V, = QE”)RE’” is calculated only once at step p, and is updated in subsequent steps.

Algorithms for updating the QR factorization can be found in [15, Chapter 12].
4. Numerical results

We illustrate the effectiveness of our algorithm by considering two-parameter and three-parameter regulariza-
tion cases. Two problems are taken from the Regularization Toolbox [18] and one problem comes from image
super-resolution. For each problem we ran 20 instances with distinct noisy vectors g = g®3< e where e is a
random vector generated by the Matlab randn function, scaled so that NL = |le||/||g®**"|| = 0.001, 0.01 and 0.025.
For comparison, we also report results obtained by the method of Brezinski et al. (CLC for short) [8], and the method of
Lu and Pereverzev [24] which is based on the discrepancy principle (DP). CLC proposes as approximate solution a linear
combination of one-parameter solutions f;,:

q
i=1
where
fi= arfgmin{ng —AfI3 + g2 |Lf|5, i=1,...q}, (4.2)
cR"

with the parameters #; being constrained to #; + --- 47, = 1. In our implementation of CLC, one-parameter solutions f, are
computed by the FP method while the parameters #; are computed following the criterion described in [8]. As for the dis-
crepancy principle, the idea is to choose regularization parameters (11, ..., 4q) such that the regularized solution f; satisfies

g —Afill, =co, c=1, (4.3)

which is a non linear equation with infinitely many solutions. The main difficulty with DP is that it can produce useless solu-
tions if one of the computed parameters is very small, as we will illustrate later.

The starting values for MFP were taken to be the parameters used by CLC in (4.1) and the iterations terminated when
A% — 4@ < 4®107°. The initial guess and other parameters required by DP are the same as in [24], i.e., we take
A0 =02, ) =v01,c=1,7=0.5 and 6 = ||e||,. All computations were carried out on a Core I7 with 3.3 GHz and 8 GB
RAM using Matlab. To describe the results we use the following notation:
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e Ef, /1, /2t average values of relative error in f, and average values of computed parameters.
e ky: maximum number of iterations required by MFP to converge or maximum subspace dimension of K (A"A,A™b) after
convergence of the extended GKB-FP algorithm.

4.1. Fredholm integral equations of first kind

We consider two discrete ill-posed problems arising from the discretization of two Fredholm integral equations of the
form

[[Kis.0r0d=go, c<s<a (4.4)

generated by the functions i_laplace and phillips from [18]. Therefore, for each problem there is a triple {A, fexat, gexact} such
that Af™®" = gexact| As regularization matrices we choose combinations of the identity matrix I and discrete differential oper-
ators £1, € R®D*" and £, , € R™"2*" defined by

-1 1 1 -2 1

-1 1 1 -2 1
Ll.n: - - ) ﬁz‘n: . . . . (45)

-1 1 1 -2 1

4.1.1. Inversion of the Laplace transformation

In this case the kernel in (4.4) is K(s,t) = e, s,t € [0,00) while the right-hand side and corresponding solution are
g(s) =1/(s+1/2) and f(t) = e"/2, respectively, and the associated discrete ill-posed problem is generated by the function
i_laplace (Example 1). For the selected size, n =256, the numerical rank of A is 36 and the condition number
K(A) = 1.4 x 10*3. As for the regularization matrices, we consider the cases: (i) Ly =1 and L, = £y, and (ii) L; = and
L, = L5, Numerical results for the case (i) are summarized in Table 1. Note that all algorithms produced results with approx-
imately the same order of accuracy and that the number of iterations required by MFP to converge are quite small (less than
5); concerning DP, it is also fast but we note that the constant ¢ = 1 may prevent convergence, as occurs for NL = 0.001 where
the maximum number of iterations (set to 100) is reached for a few runs. The reason is that the stopping rule for DP with
c =1, |lg — Af]l, < cé, may take too many steps to be satisfied, hence taking cZ1 can be more reliable; repeating the exper-
iment with ¢ = 1.1 the maximum number of iterations is 9. The results for case (ii) (Table 2) show that the quality of the
MFP-based solutions is significantly better than the quality produced by both DP and CLC, the worst results being obtained
by CLC. The reason of the poor quality of CLC-based solutions for NL =0.01 and NL = 0.025 is because the rule used by CLC
was not able to appropriately balance the one-parameter solutions. In this case both MFP and DP take approximately the
same number of iterations to converge.

In the previous section we remarked that DP may lead to useless approximate solutions if one of the parameters iﬁ") is
very small. To illustrate such a situation we take the initial guess to be the same as that used by CLC and keep the other

Table 1
Numerical results for i_laplace test problem with L; =1 and L, = £y .
NL = 0.001 NL=0.01 NL = 0.025
MFP CLC DP MFP CLC DP MFP CLC DP
E 0.0170 0.0632 0.0104 0.0200 0.0597 0.0292 0.0277 0.0754 0.0579
1 0.0023 0.0023 0.0002 0.0229 0.0231 0.0482 0.0580 0.0584 0.0859
2 0.0322 0.0322 0.1980 0.3262 0.3257 0.2106 0.8315 0.8265 0.2318
kv 3 - 100 4 - 8 5 - 6
Table 2
Numerical results for i_laplace test problem with L; =1 and L, = £, .
NL = 0.001 NL =0.01 NL = 0.025
MFP CLC DP MFP CLC DP MFP CLC DP
E 0.0176 0.5148 0.0615 0.0792 1.4898 0.1469 0.0809 1.9383 0.1627
1 0.0023 0.0023 0.0075 0.0255 0.0231 0.0429 0.0615 0.0584 0.0774
2 0.3864 0.3868 0.0115 6.7183 6.8705 0.0323 18.0429 17.6902 0.0658

K 6 - 13 10 - 8 10 - 7
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Table 3
Numerical results for i_laplace test problem with L; = I and L, = £,, and the same initial guess as CLC.
NL = 0.001 NL =0.01 NL = 0.025
MFP DP MFP DP MFP DP
E 0.0176 0.4883 0.0792 1.0634 0.0809 1.2596
1 0.0023 0.0003 0.0255 0.00000001 0.0615 0.00000002
Ja2 0.3864 0.3376 6.7183 1.8030 18.0429 5.1006
kn 6 35 10 42 10 44

Table 4
Average error in one-parameter regularized solutions for i_laplace test problem.
NL =0.001 NL =0.01 NL = 0.025
FP DP FP DP FP DP
L=1 0.1552 0.1612 0.1793 0.1866 0.1930 0.1995
L="Ly, 0.0636 0.0127 0.0600 0.0475 0.0758 0.0702
L="Lon 0.5146 0.6402 1.4897 1.1710 1.9383 1.2348

starting parameters unchanged. The results displayed in Table 3 are apparent. Note that for NL=0.01 and NL = 0.025 the
computed solution are dominated by noise (with relative error exceeding 100%). The reason is that /2 practically vanishes
(see Table 3), in which case the solutions determined by DP behave similarly as those determined by DP applied to a
one-parameter problem with the choice L = £, ,, see Table 4. Note that the errors of the solution determined by DP (in bold-
face) for the one-parameter case in Table 4 are close to those shown in Table 3 (in boldface too).

4.1.2. Phillips test problem
This test problem was first studied by Phillips [29] and then analyzed in several places. The kernel is of the form
K(s,t) = @(s —t), s,t € [-6,6], with

 [1+cos(nt/3), i <3
W)‘{o, ey

while the solution and the right-hand side are f(t) = ¢(t) and

g(s)=(6-1s|) {1 +% cos (ms/3)| + 21 sin (7t|s|/3).
T
As before we take n = 256 and consider the same regularization matrices as in cases (i) and (ii) of the inverse Laplace trans-
formation test problem. The data set is generated by phillips function. The results are summarized in Tables 5 and 6. For this
test problem, both MFP and DP converged in a few iterations (as illustrated by ky), and all algorithms performed quite well
for all noise levels.

4.2. Super-resolution image reconstruction problem

High-resolution (HR) images are important in a number of areas such as medical imaging and video surveillance. We con-
sider the problem of estimating an HR image from observed multiple Low-resolution (LR) images. Let the original HR image
of size M = M; x M, in vector form be denoted by f € R, and let the k-th LR image of size N = N; x N, in vector form be
denoted by g, € R, k=1,2,...,q, with M; = N; x D;, My = N, x D,, where D; and D, represent down-sampling factors
for the horizontal and vertical directions, respectively. Assuming that the acquisition process of the LR sequence involves
blurring, motion, subsampling and additive noise, an observation model that relates f to g, is written as [28]

& =Af + €, (4.6)

where Ay is N x M, and ¢, stands for noise. To estimate the HR image f from all LR images g, via single-parameter Tikhonov
regularization we solve the problem

f, = argmin{|\g — Af|l3 + 2 |ILf|2}, (4.7)

ferM
where g = [g] -- -gg]T, A= [A{ .- ~A;]T, and L is an appropriate regularization matrix. Regularization is needed as A is severely
ill-conditioned. Here we estimate the 96 x 96 image tree from a sequence of five noisy LR images with D; = D, = 2, hence

A € R'1520:9216 "We consider two and three parameter regularization cases involving as regularization matrices the M x M
identity matrix, Iy, and the discrete 2D differential operators defined by
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Table 5
Numerical results for phillips test problem with L; =1 and L, = L.
NL = 0.001 NL=0.01 NL = 0.025
MFP CLC DP MFP CLC DP MFP CLC DP
E 0.0138 0.0143 0.0100 0.0218 0.0248 0.0238 0.0309 0.0328 0.0339
1 0.0049 0.0048 0.0534 0.0502 0.0494 0.1614 0.1274 0.1247 0.2468
2 0.1742 0.1741 0.0836 1.7829 1.7806 0.2155 4.5766 45476 0.3807
kn 4 - 7 4 - 3 5 - 2

Table 6
Numerical results for phillips test problem with Ly =1 and L, = £; .
NL = 0.001 NL=0.01 NL = 0.025
MFP CLC DP MFP CLC DP MFP CLC DP
E 0.0097 0.0097 0.0174 0.0262 0.0262 0.0240 0.0477 0.0461 0.0344
1 0.0050 0.0048 0.1581 0.0507 0.0494 0.1614 0.1326 0.1247 0.2468
Ja 3.7597 3.7591 0.00003 39.4760 39.3964 0.0009 110.507 109.297 0.1383
km 4 - 3 5 - 3 9 - 2

Table 7
Numerical results for image super-resolution tree test problem.
NL = 0.001 NL=0.01 NL =0.025
A B C A B C A B C
E 0.0361 0.0274 0.0310 0.0533 0.0493 0.0516 0.0709 0.0720 0.0703
1 0.0007 0.0007 0.0007 0.0082 0.0086 0.0089 0.0222 0.0238 0.0257
2 0.0025 0.0026 0.0027 0.0301 0.0335 0.0340 0.0827 0.0970 0.1019
I3 - - 0.0027 - - 0.0351 - - 0.1104
km 313 207 177 51 47 46 38 41 54

Fig. 5. Top: blurred+noise LR image (left), HR image (right). Bottom: estimated images for the cases A (left), B (center) and C (right), respectively. N = 0.001.



2112 F.S. Viloche Bazdn et al./Applied Mathematics and Computation 219 (2012) 2100-2113

_ |:I[\/11 (X)l:uw1 :| _

|:IM1 ® Lom, }
E] = ’
Lim, ® I,

Loy, @ Iy,

where £, and £, y, are as in (4.5). Note that in this case M; = 96 implies £; € R8249%9216 3pnd 7, ¢ R8948x9216 Hence matrix
A, in (2.20) becomes too large and the multi-parameter Tikhonov problem (1.3) may not be handled efficiently via QR
decomposition as done in the previous examples. It is precisely for large-scale problems like this that our projection algo-
rithm is useful. For the two-parameter case we consider the choices A: Ly = Iy, L, = £; and B: L; = Iy, L, = £,. For the
three-parameter case (labeled by C) we choose Ly = Iy, L, = £; and L; = £,. Average results summarized in Table 7 show
that the quality of the computed solutions at each noise level is about the same for the three choices A, B or C. Note that
in accordance with regularizing properties of Krylov methods, the number of iterations tend to decrease as the noise level
grows. Fig. 5 displays one blurred+noise LR image, the true HR image, and three restored HR images, corresponding to
respectively the cases A, B and C. Since the restored images corresponding to the cases A, B or C are nearly indistinguishable
independently of the chosen noise level, we conclude that for this test problem there is no need to apply three-parameter
regularization with regularization matrices as in case C.

5. Conclusions

We presented a generalization of Regifiska’s choice rule that resulted in a fixed-point algorithm for multi-parameter Tik-
honov regularization called MFP. The method does not require a priori knowledge of the noise level in the data. The analysis
and the resulting algorithm presented here can therefore be regarded as a natural generalization of the results and algorithm
for the one-parameter Tikhonov problem published in [3]. The numerical results show that multi-parameter Tikhonov reg-
ularization can improve significantly the quality of the standard one-parameter Tikhonov formulation. In particular, the re-
sults show that MFP performs in general better than CLC, and that MFP can produce solutions with accuracy comparable to
that of the discrepancy principle, with the observation that the drawbacks of the discrepancy principle, namely, the need for
a priori knowledge of the error norm ||e||, and non-uniqueness of solutions of the discrepancy equation (4.3), are not present
when using MFP. Further, following the main ideas of GKB-FP (which realizes the one-parameter fixed-point method for
large-scale problems), we proposed a GKB-FP type algorithm for large-scale multi-parameter Tikhonov regularization. Fur-
ther investigation of the proposed algorithm is necessary in order to assess its potential; efficient ways to solve the multi-
parameter Tikhonov regularization are the subject of ongoing research. A rigorous analysis about existence of fixed-points
for the multi-parameter case and their classification as done in [4] for one-parameter problems is rather involved and there-
fore postponed to a future work.
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