Mathematical Analysis
of Super-Resolution
Methodology

n image acquisition system com-
posed of an array of sensors,
where each sensor has a
subarray of sensing ele-
ments of suitable size, has recently been
popular for increasing the spatial resolu-
tion with high signal-to-noise ratio be-
yond the performance bound of technologies that
constrain the manufacture of imaging devices. The attain-
ment of super resolution (SR) from a sequence of de-
graded undersampled images could be viewed as
reconstruction of the high-resolution (HR) image from a
finite set of its projections on a sampling lattice. This can
then be formulated as an optimization problem whose so-
lution is obtained by minimizing a cost function. The ap-
proaches adopted and their analysis to solve the
formulated optimization problem are crucial, and the
subsequent documentation will trace the issues leading to
cutting-edge research in the subject.

The image acquisition scheme is important in the
modeling of the degradation process. The need for model
accuracy is undeniable in the attainment of SR along with
the design of the algorithm whose robust implementa-
tion will produce the desired quality in the presence of
model parameter uncertainty. To keep the presentation
focused and of reasonable size, data acquisition with
multisensors instead of, say; a video camera is considered.
Multiple undersampled images of a scene are often ob-
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tained by using multiple identical image sensors which
are shifted relative to each other by subpixel displace-
ments [8], [21], [22]. The resulting HR image recon-
struction problem using a set of low-resolution (LR)
images captured by the image sensors is interesting be-
cause it is closely related to the design of high-definition
television (HDTV) and very high-definition (VHD) im-
age sensors. Charge-coupled device (CCD) image sensor
arrays, where each sensor consists of a rectangular
subarray of sensing elements, produce discrete images
whose sampling rate and resolution are determined by the
physical size of the sensing elements. If multiple CCD im-
age sensor arrays are shifted relative to each other by exact
subpixel values, the reconstruction of HR images is
sometimes modeled [8] by

g=Hf and g=g+n, (1)

where f is the desired HR image, H is the blur matrix, and
g is the observed HR image by interlacing the LR images
from sensors. 1 is the additive, possibly Gaussian, noise.
Figure 1 shows the method of forming a 4 x 4 image g with
a2 x2 sensor array where each g, has a2 x2 sensing ele-
ments, 1.e., four 2 x2 LR images. Here the blur matrix is
constructed from the averaging of the pixel values. As an
example, Figure 2(a) illustrates that the point spread func-
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tion of the sensor applies to the image by averaging of the
tour pixel values. Since the system described in (1) is
ill-conditioned, a solution for f is constructed by applying
a regularization technique that involves a functional R(f),
which captures the regularity in f, and a tuning (regulariza-
tion) parameter o that controls the degree of regularity of
the solution to the minimization problem:

min{ | Hf - g[; +oR(f) }. 2)

the image involves the pixel values outside the scene.
When solving for f from (2), some assumptions on the
values of f outside the scene are needed. These assump-
tions are linked to boundary conditions [1], [16].

The traditional choice was the imposition of zero
boundary condition outside the scene [8], i.e., a dark
background was assumed outside the scene. The blur ma-
trix, in this case, is a block-Toeplitz with Toeplitz-block
(BTTB) matrix [35], which occurs naturally in many

The maximum a posteriori (MAD) reg-

ularization technique [8], [39], the

L,-norm regularization functional ay a, by by

R(f):HfH; , and the H -norm regular-

ization functional R(f) :HLin [36], b n

where L is the discretization matrix of % U ° ! ay| by| a| b

the first order differential operator, have e | di| el

been considered and used in HR image oo dor > i blale

reconstruction. S Bl T
The main task is to recover the HR ¢ fon d dy G| 9o | Ca|

image f given the blurring matrix H g

and a b'lun.'ed and noisy image g using o o d d

regularization models. There are several

problems that must be handled and

solved to efficiently obtain a high qual- 9 o

1ty HR Image. . . A 1. Formation of the observed HR image.

A Owing to the blurring (convolution)

process, the boundary values of g are not

completely determined by the original HR image f in-

side the scene. They are also affected by the values of f

outside the scene. How can we handle boundary condi-

tions? a g

A Iterative methods can be applied to solve the a 64 x 64 Pixel

minimization problem (2). However, due to the ill-con- Intensity = (a+b+ct+d)/4

ditioning of the blurring matrix, the convergence of itera- c d

tive methods can be very slow. How can we speed up the

convergence of iterative methods?

A Usually, we assume that subpixel displacements are
known. However, this assumption may not hold in prac-
tice. How can we estimate subpixel displacements?
A In some situations, we do not have enough LR images
to resolve the HR image. How can we modify the regu-
larization model to deal with this situation?
A The H -norm regularization tends to attenuate the
high frequency information of the HR image. If we con-
sider edge-preserving regularization models, can we de-
sign an efficient iterative method for solving the
corresponding minimization problem?

In the following sections, we will study the
above-mentioned problems and provide effective and ef-
ticient methodologies to solve these problems.

Image Boundary

The boundary values of the observed image g, because of
the blurring process, are aftected by the values of original
image f outside the scene. Figure 2(b) illustrates that the
application of the point spread function of the sensor to
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A 2. Example of blur operator.
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applications. When the blur is of the linear shift-invariant
type, the image restoration problem is often modeled as a
system of linear equations, where the characterizing ma-
trix has a structure that can be very ill-conditioned. An ef-
tective way to combat this problem is to approximate the
BTTB matrix by means of a block-circulant with
circulant-block (BCCB) matrix. The sequences of BTTB
and BCCB matrices of increasing size are asymptotically
equivalent in a certain sense and the BCCB matrix is a
very natural and well-used preconditioner [6].

For practical applications, one often resorts to periodic
boundary conditions [1], [16]. The blur matrix, in this
case, is a BCCB matrix which can be diagonalized and in-
verted by the efficiently implementable two-dimensional
(2-D) discrete Fourier transform (DFT) matrix. When
the assumptions of either zero or periodic boundary con-
ditions are not satisfied by the captured images, however,
ringing effects may occur at the boundary of the recon-
structed image. Figure 3 shows the boundary artifacts of
the reconstructed images by using the zero and periodic
boundary conditions. The problem tends to be more se-
vere if the image is reconstructed from data acquired by a
large sensor array since the number of pixel values of the
image affected by the sensor array increases.

The Neumann boundary condition on the image (the
scene immediately outside is a reflection of the original
scene at the boundary) is then assumed [3], [24], [28]. In
this case, the blur matrix is a block-Toeplitz-plus-Hankel
with Toeplitz-plus-Hankel-block (BTHTHB) matrix
[35]. A symmetric BTHTHB matrix can be diagonalized
by the DCT matrix, and because of this a BTTB matrix
encountered in image reconstruction problems is often
approximated by a symmetric BTHTHB matrix for com-
putational efficiency in implementation. Very recently,
the error caused by the approximation is analyzed and a
simple modification of the observed image that can re-
duce the approximation error is proposed in [23]. Experi-
mental results in [10] and [35] have shown that the
Neumann image model gives better reconstructed HR
images than those using the zero or periodic boundary

conditions. In Figure 3, we see that the boundary artifacts
of the reconstructed image using the Neumann boundary
condition is very small. In [39], it has been shown that the
use of the Neumann boundary condition leads to smaller
expected errors in the reconstructed image when the orig-
inal image is statistically stationary near the boundary.
Here we visualize the structures of blurring matrices
based on these three different boundary conditions.

Zero boundary condition (BTTB matrix):

b, b, 0
b, h.,
0 n, b,

h, b, 0 0 b, b,
hm - * hﬂn + hﬂn hm
0 hm hO h,l h—m O

by - b, 0 (b b, 0
hm h—m + hm h—m
0 b, h, 0 b b

(a)

(b)

T S P VA

A 3. Reconstructed images using (a) the zero boundary condition, (b) the periodic boundary condition, and (c) the Neumann boundary

condition.
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Fast Iterative Methods
. L 10° 10°
In the case of Tikhonov regularization in |]= > -
(2), the linear system of equations to be T~ =
: 10°® T~ 107° =~
solved is
(H'H+oR)f=H'"g (3) | 101 10710
0 2 4 6 8 10 5 10 15 20 25
. . . . L=2 and a.= 0.1 L=2 and o. = 0.01
where R is the matrix associated with
the regularization functional R(f) in | 1go 100 -
(2). When the MAP regularization -~ _ T~
. . T = — —_ -~ —
technique is used, R=(I-8)" (I —S), o - - _ _ .. ~ - _
where § comes from a symmetric
noncausal statistical model of the image 10-10 10-10
[8], [39], [5]. With the Neumann 0 20 40 60 5 10 15
boundary condition, this matrix S, re- =2 and o= 0.001 L=4and o =0.1
sulting from a symmetric blurring func- . .
tion, is a symmetric BTHTHB matrix w ~ 107 1L
and, therefore, can be diagonalized b}l T e _
2-D DCT [35], [39]. When R(f):HfH2 10° T - 10°° T -
or R(f):HLfH2 the matrix R is either
272 10-10 10-10
equal to the identity matrix or the dis- 0 100~ 20 350 40 20 40 60 80 100
. . . L=4 and o = 0.01 L=4 and o = 0.001
crete Laplacian matrix. Note that in all

cases the matrix R can be diagonalized
by the 2-D DCT matrix. Hence, inver-
sion in (3) can be done using three
two-dimensional (2-D) fast cosine
transforms (one for finding the
eigenvalues of the coefficient matrix
and the remaining two for transform-
ing the right-hand side and the solution vector). Thus
the total cost of reconstruction of an z#-by-» HR image
requires O(n” logn) operations akin to what is required
tor the periodic boundary condition (characterized by
BCCB matrix diagonalizable by 2-D DFT).

Perfect subpixel displacements e are practically impossi-
ble to realize. Therefore, blur operators in multisensor HR
image reconstruction are space variant. The blur matrix for
the whole L-by-L sensor array is made up of blur matrices
from each sensor:

hglg

H(e)=) 3D, H,, (o)

L-1L-1

(4)

were D, , is a diagonal matrix with diagonal element

equal to 1 if the corresponding component of g comes
from the (/, ,/, )th sensor and zero otherwise. With the
Tikhonov regularization, the linear system is

(5)

The blurring matrix H (e) has the same banded struc-
ture as that of H, but with some entries perturbed. Itis a
near BTHTHB matrix but it can no longer be
diagonalized by the DCT. Therefore, the corresponding
linear system may be solved by the preconditioned conju-
gate gradient method [32], [39].

Af=(H" (e)H(e)+aR)f=H " (e)g=b.
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A 4. The convergence curves of using preconditioners and without using
preconditioners for different sizes L of sensor array and regularization parameters
o. The unbroken and broken lines are associated, respectively, with and without the
use of preconditioners.

Convergence Rate

The conjugate gradient (CG) method was invented in the
1950s [ 18] as a direct method for solving symmetric posi-
tive definite systems. It has come into wide use over the
last 20 years as an iterative method. Let us consider (5)
where the coefficient matrix Ais a symmetric positive def-
inite matrix and the right-hand side vector b. Given an
initial guess f; and the corresponding initial residual
r, =b— Af , the kth iterate f, of CG minimizes the func-
tional W(f)=(1/2)f" Af —f"b, over f, +K, where K,
is the kth Krylov subspace

K, zspan(rO‘ArO, Ay ), k=12,....

Note that if f* minimizes ¥ (f), then V¥ (f" )= Af —b=0
and hence £ is the solution.

Denote f the true solution of the system and define
the norm

], = e af.

One can show that minimizing ¥ (f) over f + K, is the
same as minimizing ‘f -t HA over f, +K,. Since any
yef , K, can be written as

= _
y=f,+YB,A'r,
i=0
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for some coefficients {8,}4-), we can express f —y as
. . k-1 .
f —y=f —f; —ZBL.A’I‘O.
i=0

Asr,=b-Af = A(f" —f,), we have

* . k_l ’1 - .

£ -y=f —f,-YB, A" —f)=pAE ~£,),
=0

where the polynomial

k=1

pE)=1-Y B ="

=0
has degree % and satisfies p(0)=1. Hence

I -, =

min
PeP,, p(0)=1

lp(A) € - £,)

()

A bl

where P, is the set of polynomials of degree k. Since
symmetric positive definite matrices asserts that
A=UAU", where U is a unitary matrix whose columns
are the eigenvectors of 4 and A is the diagonal matrix
with the positive eigenvalues of 4 on the diagonal. Since
UU" =UU=1, we have A"=UNU". Hence p(A)=
Up(AU . Define A> =UANU ", we have

lo(a)e], =|A* ot <A, ],

Together with (6), this implies that

f _kaA =

£ -f,| min mac () (7)

A peP,, p(0)=1reo( A
where 6(A) is the set of eigenvalues of A.

The convergence rate of the conjugate gradient
method has been well studied (see, for example, Golub
and Van Loan [15]). It depends on the condition number
K (A) of the matrix 4 and on how clustered the spectrum
of Ais. If the spectrum is not clustered, as is usually the
case for blur matrices, a good estimate of the convergence
rate is given in terms of the condition number

_ thelargest eigenvalue of A

K(4)

~ thesmallest cigenvalue of A’

The convergence rate of the method can be expressed as

It €], (VR 1)
—=<2 .
I£, £ L WA+l
This indicates that the rate of convergence can be very
slow if k(A) is large. Thus, the method will converge in a

large number of iterations and hence the complexity of
solving the system (5) is very large.

Reconstructed Image at the 7 Iteration

Reconstruction Image at the 11 Iteration

Figure 4 shows the slow convergence
of the conjugate gradient method
when applied to solving the system
(5) for different values of L and o..

One way to speed up the conver-
gence rate of the method is to precon-
dition the system. Thus, instead of
solving (5), one solves the precondi-
tioned system

P (H' (e)H(e)+oR)f
:P_lHT (C)g (8)

The symmetric positive definite ma-
trix P, called the preconditioner,
should be chosen according to the
following criteria:
A P should be constructed very effi-
ciently.
A Px =y should be solved for x very
efficiently.
AThe spectrum of P (H' (¢)H
(¢) +0R) should be clustered or its con-
dition number should be reduced.
The first two criteria occur from
the operation count per iteration as
that is the count for the non-precondi-

A 5. Reconstructed images using different PCG iterations.
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tioned system. The third criterion
comes from the fact that the more
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clustered the eigenvalues are (or the less the condition
number is), the faster the convergence of the method will
be (see, for instance, [27]).

Since H " H +0R can be diagonalized by the DCT ma-
trix, therefore H" H +0oR can be employed as the
preconditioner for H " (e)H (e)+0R (the first two crite-
ria). In [39], it was shown that when either the MAD regu-
larization or the L, -norm or the H, -norm regularization
functional is used, the eigenvalues of the preconditioned
matrix (H"H +aR)™" (H" (e)H(e)+aR) are clustered
around the fixed point at 1 for sufficiently small subpixel
displacement errors [32]. The conjugate gradient method,
when applied to solving the preconditioned system (8),
converges superlinearly [36]. Figure 4 shows the fast con-
vergence of the conjugate gradient method when applied
to solving the preconditioned system for different values of
Lando. In Figure 5, we also show the reconstructed image
can be obtained within a few PCG iterations. More pre-
cisely, for any given € >0, there exists a constant ¢(g)>0
such that the error vector f, —f" of the preconditioned
conjugate gradient method at the /th iteration satisfies

k

4 <e(e)e”.

olution is determined by the size of its photo-detector. An
ensemble of several shifted images could be collected by a
prefabricated planar array of CCD sensors and one may
reconstruct with higher resolution. This is equivalent to
an effective increase of the sampling rate by interpolation.
Fabrication limitations are known to cause subpixel dis-
placement errors, which, coupled with observation noise,
limit the deployment of least squares techniques in this
scenario. However, the displacement errors may not be
known exactly. Total least squares (TLS) [43] is an effec-
tive technique for solving a set of such error-contami-
nated equations and, therefore, is an appropriate method
for consideration in our HR image reconstruction appli-
cations. The TLS HR image reconstruction problem can
be formulated as follows:

min _[[(H(e)+V)f -g]|. +aR(f).

f, arbitrary 1

(10)

The solution of the minimization problem (10) can be
determined by solving an eigenvalue problem [43].

A possible drawback of using such a conventional TLS
approach is that the matrix V' is arbitrary in the
minimization process and the formulation in (10) is not
constrained to handle special structure of the blur matrix

In [32], it was further shown that the
convergence rate of the conjugate
gradient method for (8) depends lin-
early on the displacement errors aris-
ing from imperfect subpixel
locations. Thus the cost per each iter-
ation is O(n’ logn) operations and
hence the total cost for finding the
HR image vector from (8) using the
MAPD, L, -norm or H | -norm regular-
ization s still O(n* logn)operations.

We remark that the use of cosine
transform-based matrices as
preconditioners for HR image re-
construction problems allows the
use of fast cosine transform through-
out the computations. Notice that
fast cosine transform is highly
parallelizable and has been imple-
mented on multiprocessors efti-
ciently. Since the PCG method is
easily parallelizable, too, the cosine
transform-based preconditioned
conjugate gradient method is well

adapted for parallel computing [30].

Regularized Constrained
Total Least Squares

The spatial resolution of an image is
often determined by imaging sen-
sors. Ina CCD camera, the image res-
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A 6. (a) Original image of size 256x 256. (b) Observed blurred and noisy image
256x 256, PSNR = 24.20 dB. (c) Reconstructed image by RLS; PSNR = 25.64 dB. (d)
Reconstructed image by RCTLS; PSNR = 25.88 dB.
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The image acquisition scheme
is important in the modeling of
the degradation process.

from multisensors. We note that the spatial invariance of
the blurring matrix for each sensor translates into the spa-
tial invariance of the displacement error in the blur ma-
trix. In [32], an image processing technique that leads to
the deployment of constrained total least squares (CTLS)
theory is described. The regularized constrained total
least squares (RCTLS) solution to the problem given re-
quires the minimization of a nonconvex and nonlinear
cost functional:

min
f,e such that H( e)is BTHBTH

J s (€)= ILH (e)f - gl +oR(F).

(11)
The solution of the minimization problem (11) cannot be
determined by solving an eigenvalue problem. In [31],an

iterative algorithm that takes advantage, computationally,
of the fast solvers for image reconstruction problems with
known displacement errors is developed. Before solving
for f in the RCTLS formulation, it is first noted that for a
given £, the function ], (f,)is convex with respect to e
(up to negligible terms), and for a given e, the function
J 115 (5€) 1s also convex with respect to f. Therefore, with
aninitial guess e  , one can minimize (11) by first solving

J s (f, ’e()):mfin]ns (~ep)

and then

]Tl,s (fl,el ) = nglin]TLS (fl 3')‘

We note that the first subproblem can be solved by using
the preconditioned conjugate gradient method, and the
second subproblem requires solving a small least squares
problem. Therefore, both subproblems can be solved
very efficiently. An alternating minimization algorithm is
developed in which the function value ], (f,,e ) al-
ways decreases as z increases. In most cases, the algorithm
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A 7. The norm of the errors with (@) a.=1x107, (b) a. =1, (¢) 0. = a1, and (d) the L-curve.
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converges to a local minimizer. It is interesting to note
that the convergence analysis of this algorithm is still un-
der investigation. The reconstructed image by regular-
ized least squares (RLS) and the reconstructed image by
RCTLS are shown in Figure 6(c) and (d), respectively.
The reconstructed HR image using RCTLS shows im-
provement both in image quality and PSNR.

In the proposed RCTLS algorithm, we find that the
choice of “proper” regularization parameter o is very im-
portant. In Figure 7, we plot the norm of the error be-
tween the real subpixel displacements and the estimated
subpixel displacements by the algorithm for different val-
ues of a. The speed of convergence decreases as o in-
creases. In the case when =10~ [Figure 7(a)] anda.=1
[Figure 7(b)], the norm of error after convergence is
greater than that in the first iteration. The “inappropri-
ate” value of oo makes the RCTLS solution fall into a local
minimum. The L-curve method [17] may be used to get
the optimum value of the regularization parameter. The
L-curve method to estimate the “proper” o for RCTLS is
used here. The L-curve plot is shown in Figure 7(d). With
o retrieved by L-curve, we see in Figure 7(c) that the
RCTLS converges to a better minimum point (the norm
of error is significantly smaller than those obtained by
choosing =107 and a.=1).

Color Images

Multispectral restoration of a single image is a three-di-
mensional (3-D) reconstruction problem where the third
axis incorporates different wavelengths. We are interested
in color images because there are many applications.
Color image can be regarded as a set of three images in
their primary color channels (red, green, and blue).
Monochrome processing algorithms applied to each
channel independently are not optimal because they fail
to incorporate the spectral correlation between the chan-
nels. Under the assumption that the spatial intrachannel
and spectral interchannel correlation

The tradeoff between the size
of the scene and its resolution
has to be addressed.

There is considerable scope for incorporating
regularization methods like the L-curve [7] in this ap-
proach for further improvement in quality of restoration
both in the case of a single image as well as multispectral
video sequences. In [34], Ng et al. also extended the HR
image reconstruction method to multiple undersampled
color images. The key issue is to employ the cross-channel
regularization matrix to capture the changes of reflectivity
across the channels.

Insufficient LR Images

Previously, it was assumed that enough LR images are
available to resolve the HR image. Here, the situation
where some LR images are missing is considered. For ex-
ample, in a 2 X2 sensor array, we should have the refer-
ence, the horizontally displaced, the vertically displaced,
and the diagonally displaced LR image to resolve the HR
image. In Figure 8, we consider the situation that we only
have the reference and the diagonally displaced LR im-
age. The other two displaced LR images are missing.

We note that the optimization problem in (2) can be
used to reconstruct HR images. However, since the blur
matrix is no longer BTHTHB, therefore DCT-based
preconditioners do not work well [38]. Figure 9 shows
the slow convergence of the preconditioned conjugate
gradient method. We find that the preconditioner is not
effective. In [37], Ng et al. considered the following joint
minimization problem:

functions are product separable,
Hunt and Kubler [20] showed that a
multispectral (e.g., color) image can
be decorrelated by the Karhunen-
Loeve transform (KLT). After
decorrelating multispectral images,
the Wiener filter can be applied inde-
pendently to each channel, and the
inverse KLT gives the restored color
image. It has recently been shown
[33] that single color image restora-
tion with multisensors can be formu-
lated as a regularized least squares | | 3

o]~ i e

Vertically
. Displaced
Horizontally
. Displaced

problem that can be solved efficiently | 43"
using the fact that the DCT can

diagonalize the linear system of equa-
tions (resulting from the use of

/\ /\ | Reference
U N2 U #1 ~= Frame
Lens Partially Silvered Relay = CCD Sensor

Mirrors Lens Array

Neumann boundary conditions),

characterized by a BTHTHB matrix. A 8. Missing LR images.
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Due to the ill-conditioning of

the blurring matrix, the
convergence of iterative methods
can be very slow. How can we
speed up the convergence?

. .1 2
min [, (f,u)= min~|H(e)f - (u+v)[,
+o, R(f) +o, R(u) (12)

where u corresponds to the missing observed image pix-
els because of the missing or faulty sensors in the sensor
array and u + v and H are the full observed HR image and
degradation matrix, respectively, by combining all the
sensors in the sensor array. Here R is the regularization
functional that was discussed earlier, and R is the regular-
ization functional for u, o, and o, are positive parame-
ters which measure the tradcoff between a good fit and
the regularity of the solutions f and u. Due to the local av-
eraging of the pixel values in the image formation, the ob-
served image pixel values are close to the neighbor image
pixel values. Our idea is to estimate u _, the missing ob-
served image pixel u by using its neighbor image pixel val-
ues v by, for instance, splines interpolation method [19].
The regularization functional R(u) is defined to be

2
2"

-~ 1
R(u) EEHu -u

Similarly; an alternating minimization algorithm is devel-
oped for solving the joint minimization model (12).

Alternating Minimization Algorithm
Given u’: iterating £=1,2,..., until convergence

A Step 1) Determine f, =arg mm J . (f,u, ) by solving
the corresponding Euler Lagrangc equation:

(H"(e)H(e)+a,R)f, =H" (e)(u,_, +V).

A Step ii) Solve u, =argmin J(f, ,u) by solving the cor-
responding Euler- Lagrange equatlon

(1+o, )u, — D

(131, emissing sensors

xH(e)ff —v-a,u_ =0.

St

(I_Dlllz)

For Step 1), the linear system can again be solved by the
preconditioned conjugate gradient method with the co-
sine transform preconditioner. Therefore the linear sys-
tem can be solved very efticiently. For Step ii), the vector
u, can be computed by using the matrix-vector
multiplication. Therefore the proposed algorithm for the
joint minimization model is more efticient than the direct
application of the cosine transform preconditioner for
model (2). Moreover, we see in Figures 10 and 11 that the
quality of reconstructed images using the joint
minimization model in (12) is better than those using the
model in (2).

The convergence of the above alternating
minimization algorithm can be analyzed by using the
framework of fixed point theory. We just combine the two
steps of the alternating minimizing algorithm and derive

Relative Residual

0 20 40 60 80 100 120 140
Iterations

(a)

(b)

A 9. Convergence behavior of the original system (- - -) and the cosine transform preconditioned system (—) when SNRs are (a) 50 dB

and (b) 30 dB for missing two LR images.
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£ =1
1+a,

x Y

(1,1, ) emissing sensors

[H" (e)H(e)+0,R]™ H" (e)
(I-D,, )H(ef,,

H" ©H(e)+o,R]"

o, 1
u, + \at
1+a, & l+o,
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In [37], it has been shown that the spectral radius of the
matrix

1
1+a,

[H"(@©H(@e)+o,R]"

xH"(e)  Y(I-D,, )H(e)

(141, ) emissing sensors

If we consider edge-preserving
regularization models,

can we design an efficient
iterative method for solving
the corresponding
minimization problem?

is less than one, and therefore the alternating
minimization algorithm converges globally to a mini-
mizer for any given initial guess.

Edge-Preserving Regularization

The H | -norm regularization tends to attenuate the high
frequency information of the HR image. Therefore,

A 10. (a) Original and (b), (c) two LR images.

(©

A 11. Reconstructed images using (a) the model in (2) [relative error = 0.0614], (b) the joint minimization model with the H'-norm reg-
ularization [relative error = 0.0574], and (c) the joint minimization model with the total variation regularization [relative error =

0.0931].
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The key problem of
simultaneously estimating an
unknown blur from the observed
sequence and attaining SR of

a region of interest remains

to be fully tackled.

edge-preserving regularization is considered. In Figures
11 and 12, we see that the quality of reconstructed images
using the edge-preserving regularization is better than
those using the H, -norm regularization.

In this section, we focus on the regularization term @
of the form

)= 3 o0/ £), .

where ®R— R is a potential function and d, for
i=1,...,7, are linear operators. Typically, the elements of
the sequence {din} are either first- or second-order dif-
terences between neighboring pixels and r is the number
of these differences computed from the image. Assume
that ¢ is smooth, convex, and edge preserving, i.c., 0(t) <t >
as | |- eo. Examples of such functions are [2], [4], [9],
[11]:

or)=l" 1<p<2,
o)=AB+27,

22 if [4<B,
¢<t>_{(x‘c—[32 /2 if [4>B.

However, the resulting minimizers of such objective
functions are nonlinear with respect to f and computation
intensive.

To cope with numerical slowness, half-quadratic
(HQ) reformulation has been used [12], [13]. The idea is
to construct an augmented cost function that involves an
auxiliary variable. In the HR image reconstruction, the
augmented cost-function is given by

J(E.9)=|He)f - g, + 7L -], BV, )

This formulation is considered under the condition that
the function

t—t72 — 0 (t)

is convex, continuous, and finite for every # eR and the
following expressions are equivalent:

_ 2
o) = inf{w(s)+ (=52},
w(s)=sup{ o) -t - 5)* )2}
teR
The augmented cost function is minimized using an alter-
nating minimization scheme. Let the solution obtained at

iteration (k—1) read (f*™" |s'*™"). At the next iteration
one calculates

s'® such that ](f(k‘”,s<k))3](f<k'l),s), VseR’,
£* such that ](f(k>,s<k))sj(f,s(k> ), VfeR" .

These minimizations give rise to two minimizer
mappings, f%[iy(dff),...,é,v(dfzf')]T with o:R—> R,
and s—y(s) with ¢R"—>R". The alternate
minimization thus reads

J; T k-1 .
sth =G(di f )), Vi=1,...,r,

£ =(H" (e)H (e) +ocLTL)_1 (2H" (e)g+BL"s)

where the minimizer function ¢ reads

(@)

[11], [42]:
o(t)=t—r).

The above linear system can be solved
efficiently by the cosine trans-
form-based conjugate gradient
method (see [41]). Although the in-
tuition that HQ regularization does
indeed increase the speed of the
minimization of regularized cost func-
tions of the form (14), the critical
question has not been considered in a
theoretical way. The convergence of
the edge-preserving regularization

A 12. (@) H-norm regularization and (b) the edge-preserving regularization.
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Future Research

It is usually not possible at the outset to achieve the de-
sired resolution because of technology and cost con-
straints. For example, the technology of a CCD is
limited by factors like physical dimension, shot noise,
and parasitic effects. In applications like astronomical
imaging, the reduced size and weight of cameras in a
spaceship or satellite affect its quality. The need for
tradeoff between size, weight, and quality of the CCD
array necessitates the design of SR algorithms to obtain
the desired HR image of a common region of interest in
the frames of a video sequence without modifying the
physical characteristics of the CCD array. Imperfect op-
tics, finite detector arrays, and finite individual detector
sizes all contribute to a variety of degradation processes
to which an image acquisition system is susceptible.
Dramatic progress has been documented during the last
decade in the area of HR image processing that encom-
passes the stages of image registration or camera motion
parameter estimation, deblurring, noise reduction (fil-
tering), and interpolation.

Considerable research activity is being witnessed in
areas pertaining to the construction of a panoramic mo-
saic followed by the attainment of spatial resolution in-
crease of regions of interest in the mosaic. In video, the
user gets the sequence of images containing both spatial
and temporal information. The number of pixels in each
frame is fixed to a known resolution. To generate one big
snapshot of the scene that covers all desired areas (pan-
oramic mosaic), one needs to adjust the camera in vari-
ous ways to capture the effects of zooming, panning,
tilting, etc., that may be required for capturing the entire
scene. Usually, the resulting picture will suffer from
undersampling or LR effect because the whole scene has
to be represented by the limited number of pixels. There-
fore, the bigger the scene, the lower will be the resolu-
tion. On the other hand, higher resolution of regions of
interest in the scene can be obtained if the camera is
zoomed to those specific regions. Therefore the tradeoft
between the size of the scene and its resolution has to be
addressed. In the future, more research is needed on how
to take advantage of the intraframe spatial information
along with interframe temporal information to create
the HR panoramic image and then attain SR of regions
of interest in the mosaic.

The key problem of simultaneously estimating an un-
known blur from the observed sequence and attaining
SR of a region of interest remains to be fully tackled.
Blind deconvolution refers to the problem of restoring
the original image from a degraded observation and in-
complete blur information. Existing blind
deconvolution techniques can be categorized into two
main classes. One approach treats blur identification and
image super resolution separately. The other approach
implements the two subtasks simultaneously. Both ap-
proaches are adaptable from the single image case to the
multiframe situation of interest here. Initial results in

MAY 2003

this area of blind robust super resolution have been
reported recently [26]. Recently, Nguyen etal. [40] con-
sidered the blind deconvolution problem in the
multiframe case. Their algorithm can handle only the
PSE which is modeled by one parameter. This restric-
tion is very limited in many applications.
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