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Regularization Super-Resolution with Inaccurate Image

Registration™

Ju LIU', Member, Hua YAN'"9, and Jian-de SUNT, Nonmembers

SUMMARY  Considering the inaccuracy of image registration, we pro-
pose a new regularization restoration algorithm to solve the ill-posed super-
resolution (SR) problem. Registration error is used to obtain cross-channel
error information caused by inaccurate image registration. The registration
error is considered as the noise mean added into the within-channel obser-
vation noise which is known as Additive White Gaussian Noise (AWGN).
Based on this consideration, two constraints are regulated pixel by pixel
within the framework of Miller’s regularization. Regularization parameters
connect the two constraints to construct a cost function. The regularization
parameters are estimated adaptively in each pixel in terms of the registra-
tion error and in each observation channel in terms of the AWGN. In the
iterative implementation of the proposed algorithm, sub-sampling opera-
tion and sampling aliasing in the detector model are dealt with respectively
to make the restored HR image approach the original one further. The
transpose of the sub-sampling operation is implemented by nearest inter-
polation. Simulations show that the proposed regularization algorithm can
restore HR images with much sharper edges and greater SNR improvement.
key words: super-resolution, image restoration, regularization, registra-
tion error, AWGN

1. Introduction

Super-resolution (SR) image restoration can overcome the
inherent resolution limitation of low-resolution (LR) imag-
ing systems and improve the performance of most digital
image processing applications, such as medical imaging,
video frame stills, remote imaging, and video surveillance.
It has been one of the most spotlighted research areas in re-
cent years.

Tsai and Huang [1] carried out earlier research on SR
image restoration. Based on the spatial aliasing effect, they
proposed a frequency domain approach and demonstrated
its ability to reconstruct an improved resolution image from
several down-sampled noise-free versions. Kim et al. [2] ex-
tended this technique for noisy data and derived a weighted
least square algorithm. Tekalp et al.[3] further improved

Manuscript received March 7, 2008.
Manuscript revised August 20, 2008.

"The authors are with School of Information Science and En-
gineering, Shandong University, Jinan, 250100, China.

""The author is with School of Computer Science and Technol-
ogy, Shandong Economic University, Jinan, 250014, China.

*Corresponding author.

“*The work was supported by Program for New Century Ex-
cellent Talents in University Education Ministry of China (NCET-
05-0582), Excellent Youth Scientist Award Foundation of Shan-
dong Province (2007BS01023; 2007BS01006), Specialized Re-
search Fund for the Doctoral Program of Higher Education (No.
20050422017) and Natural Science Foundation of Shandong Prov-
ince (Y2007G04).

a) E-mail: yhzhjg@gmail.com

DOLI: 10.1587/transinf.E92.D.59

the technique by taking into account a linear shift invariant
blur Point Spread Function (PSF) and using a least square
approach to solve the system of equations. However, the
frequency domain approaches are only applicable for trans-
lation motion and shift invariant blur.

More and more resolution enhancement techniques are
operated in the spatial domain because they can be applied
in more cases like other more complex motion models and
shift-variant blur. In 1989, Stark and Oskoui [4] proposed a
Projection onto Convex Sets (POCS) approach to compute
an estimate of desired high-resolution (HR) image from ob-
servations obtained by scanning or rotating an image with
respect to the CCD image acquisition system. In their
method, the desired HR image belongs to an intersection
set of convex constraint sets representing desirable image
characteristics such as positivity, bounded energy, fidelity to
data, smoothness. The POCS approach has been extended
to time-varying motion blur in [5], [6]. Nevertheless, the de-
pendence on a set of initial HR images and the possibility of
no unique solution limited the use of POCS. In 1991, Irani
and Peleg [7] proposed an iterative algorithm using a back
projection filter. However, the appropriate back projection
filter is very difficult to compute.

The regularization SR algorithms based on determinate
conditions or stochastic techniques, such as Constrained
Least Squares (CLS)[8], Maximum Likelihood (ML) [9],
Maximum a Posteriori (MAP)[10]-[13], are an effective
class of resolution enhancement methods to avoid the ill-
posed problem in SR image restoration. A MAP/POCS hy-
brid method was proposed in [14] as well. Bose et al. [15]
and [16] pointed out the choice of the regularization pa-
rameter influences the quality of the solution significantly,
and used the L-curve method to generate the optimum value
of the regularization parameter. Nguyen[17] also calcu-
lated the regularization parameter by Generalized-Cross-
Validation (GCV).

The accuracy of registrations between LR images will
influence the quality of the reconstructed HR image. How-
ever, image registration, especially on the subpixel level, is
very difficult. The restored HR image is distorted since the
subpixel motion is estimated inaccurately. We need to con-
sider the inaccuracy of image registration as part of the SR
problem. In [18] only the pixels from the LR images are de-
termined to be usable by the three different criterions: maxi-
mum distance from the median - MDM, maximum distance
from initial image - MDIM, and maximum distance from
the SR estimate - MDSRE. But the performance of the re-
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construction algorithm in [18] depends on the selected hard
threshold and regularization parameter. In [19], Noha A. El-
Yamany etc. proposed an adaptive M-estimation framework
to suppress the outliers due to model violations. The frame-
work used a robust error norm in the data fidelity term of
the objective function and adapted the estimation process to
each of the LR frames and each of the color components,
which resulted in color SR images of crisp details and no
artifacts. However, the performance of the framework still
depended on the selected regularization parameter. In [20],
Lee and Kang proposed a regularized adaptive HR recon-
struction considering inaccurate subpixel registration. They
called the distortion the registration error noise. Two meth-
ods for automatically estimating the regularization param-
eter for each LR channel were advanced, based on the ap-
proximation that the registration error noise was modeled
as Gaussian with the standard deviation proportional to the
degree of registration error. In [21], besides registration er-
ror noise and additive white Gaussian noise (AWGN), He
and Kondi took blur noise into account. These three types
of noise are the sources of the residual noise that was as-
sumed approximately Gaussian. Moreover, they affected
the residual norm in the cost function for each LR chan-
nel (image). An iterative process was proposed with a reg-
ularization parameter to control the within-channel balance
between received data and prior information, as well as a
channel weight coeflicient to control the channel fidelity.

Due to inaccurate image registration, this paper con-
siders the displaced frame differential (DFD) between the
warped HR image and forward motion compensation of the
original HR image. The DFD creates the cross-channel er-
ror information across the estimated observed channel. The
error information is called the registration error here. Dif-
ferent from [20] and [21], we consider the registration er-
ror as the noise mean added into the within-channel ob-
servation noise which is known as AWGN. Based on the
idea of Miller’s regularization [22], [23], two constraints are
regulated pixel by pixel. Regularization parameters con-
nect the two constraints to construct a cost function. The
regularization parameters are adaptively estimated based on
the within-channel AWGN and the cross-channel registra-
tion error. For making the restored HR image approach the
original one further, sub-sampling operation and sampling
aliasing are dealt with independently in the iterative imple-
mentation of the proposed algorithm. The transpose of the
sub-sampling operation is implemented by nearest interpo-
lation.

The remainder of the paper is organized as follows. In
Sect. 2, the observation model of the LR images is formu-
lated. In Sect. 3, we first analyze the change of the noise due
to the DFD. Then we propose a regularization SR restora-
tion approach based on the idea of Miller’s regularization.
Finally, the method of estimating the regularization param-
eter is given. Simulations to demonstrate the effectiveness
of the proposed algorithm are presented in Sect. 4. Conclu-
sions are given in Sect. 5.
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2. Problem Formulations with the Mathematical
Model

An HR image of size L;N| X LN, corresponding to a con-
stant scene during the acquisition of the multiple LR images
is written in lexicographical notation as L; L, N X 1 vector f,
where N = N; X N,, L and L, represent the down-sampling
factors in the horizontal and vertical directions of the HR
grid, respectively. By warping f, we get f;.

fi=Mif(1<i<p) ey

where p is the channel number for observing LR images. M;
is the Ly LoN X L{L,N forward motion matrix, and M; = I,
where I is the identity matrix. For sufficiently high frame
rates, most motion models can be (at least locally) approxi-
mated by the translational model, which fairly well approx-
imates the motion contained in image sequences where the
scene is stationary and only the imaging device moves [24],
[25]. We hereby consider the motion as a translational
model.

The observed LR images result from blurring and
down-sampling operations performed on f;. Assuming that
each LR image is corrupted by additive noise, the obser-
vation model can be represented as a matrix-vector equa-
tion [14], [26].

8 = DBif;+n;= DB:Mf + n (2)

where g; is the N x 1 lexicographically ordered vector of the
i-th LR image. n; is the N x 1 lexicographically ordered vec-
tor of the noise, which is generally modeled as i.i.d. AWGN
with variance o?. B; is the L; LN X L; L, N blurring matrix,
which denotes the image degradation process. In this paper,
all the blur operators are assumed the same, i.e. Vi, B; = B.
D is the N X L L, N down-sampling matrix. A simple detec-
tor model with some aliasing, i.e. sub-sampling after L; X L,
pixel averaging, can be used to realize the down-sampling
operation from HR grid to LR grid. Let A represents the
pixel averaging, and S represents the sub-sampling, then

8 = SAB,‘M,‘f + n; 3)
The above observation process is shown in Fig. 1.
Let H; = DBM; which presents the observation chan-

nel. Then the p matrix-vector equations from different LR
images can be stacked into

n;

J—- P'*'I:' B:.
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Fig.1  The observation process of i-th LR image.
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The mathematic model is the same as the classical im-
age restoration problem. Thus, some ideas of solving the
classic restoration problem can be used to solve the SR prob-
lem.

3. Super-Resolution Image Restoration

The objective of SR image restoration is to obtain a desired
HR image from multiple observed LR images while simul-
taneously reducing the influence of system degradation and
additive noise. The process of obtaining the desired HR im-
age can be regarded as the inverse process of image observa-
tion. The implementation of SR image restoration generally
includes image registration, image interpolation, and image
restoration. The accuracy of the image registration is one of
the most important factors for influencing the quality of the
SR restoration algorithm. However, accurate image regis-
tration is a challenging problem. Due to the inaccuracy of
image registration, there must exist displaced frame differ-
ential (DFD) d; between the warped image f; and forward
motion compensation of f.

di=f,—- Mif Q)

where M ; denotes estimated forward motion matrix.
[ can be expressed by f and d; as

fi=Mf+d; ©)

Let H; = DBM;, which represents the estimated ob-
servation channel. The observation model considering the
DFD is

g = DB(M,f +d))+n; = H,f + DBd, + n; (7
Defining e; = DBd,; gives
e; = DBd; = DBM,f - DBM,f = H.f -H.f  (8)

Adding e; to the AWGN n;, a new noise n; can be de-
noted as

n; =e +n ©)]

Since H i» H;, and f are determined variant matrix or
vectors, e; is determined correspondingly, which represents
the error information caused by the inaccurate image regis-
tration. e; is called the registration error and it is different in
each pixel. Its value of its elements is small corresponding
to the flat areas of the LR image, and large to the vicinity of
image edges.

The observation process of i-th LR images with the reg-
istration error e; is illustrated in Fig. 2.
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Fig.2  The observation process of i-th LR images with the registration
eITor e;.

Without loss of generality, n; is assumed to be Gaussian
noise. So, the probability density function of the new noise
n; per pixel can be expressed as

Pu my(X)= (1 /@O'i ) exp (—[x —ei(m)]? /20’?) (10)

where m € [1,---,N]. It is different from the zero-mean
AWGN n;. Its mean is the registration error e;.

The aim of the SR problem is to obtain the desired HR
image. That is, e; is not obtained by (8) explicitly. There
are some properties helpful to approximate the registration
error e;.

Using the property that the matrices B and M; com-
mute [24], [25], (8) can be rewritten as

e; = H,f - DMBf (11)

While image registration is implemented between LR
images, M, is obtained by mapping M onto the HR grid,
where M .z denotes the estimated motion matrix on the LR
grid.

Finally, we change the order of M; and D, and get

e;=H,f — MyxDBf
= (g, —m)— Mg (g, —m)

=g~ Mirg +n —n (12)
Some approaches for eliminating noise can be used to
remove n; and n; in g; — Mz r g, here.

4. SR Image Restoration with Inaccurate Image Regis-
tration

SR image restoration is an ill-posed problem due to vari-
ous factors, such as insufficient number of LR images, ill-
conditioned blur operators, inaccurate image registration,
and the AWGN. Regularization is often used to stabilize the
inversion of the ill-posed problem by combining some prior
knowledge about the desired HR image. In this section, the
ill-posed SR problem is formulated in terms of Miller’s reg-
ularization to construct a cost function, an adaptive gradient
descent optimization is used to minimize the cost function,
and regularization parameters are selected in terms of the
registration error and the AWGN.

4.1 Cost Function
According to Miller [22], two kinds of constraints are reg-

ulated for solving the problem of the classic image restora-
tion [23]:
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llg — HfI3 < & (13)
ICfI; < E? (14)

where ¢ and E are two defined limits. & is related to the

energy of the noise n, E? is related to the high-frequency
energy of f. |lg — Hf||3 denotes a measure of the fidelity
of f, and ||Cf ||§ denotes a measure of the smoothness of f.
Here C denotes a regularization matrix formed by the two-
dimensional 3 x 3 Laplacian kernel defined as

0 -1/4 0
~1/4 1 -1/4
0 -1/4 0

Connecting (13) and (14) into a cost function by regu-
larization parameter gives

J(f) = llg — HfI3 + ANCS; (15)

where 1 = &’ /E2 denotes the regularization parameter that
can be used to compromise between fidelity and smooth-
ness.

In classical image restoration, the noise n is generally
assumed i.i.d. AWGN with zero mean and variance -2, and
&2 is set a global bound, whereas in the SR problem, the
noise n; has non-zero mean, and the value of the registration
error is different in each pixel. Based on this consideration,
two kinds of constraints in each pixel are regulated here.
The two constraints can be expressed as

(8:m) = Hm. ) f () < em)? (16)
(C(n,n)f(n))* < E® (17)
wheren € [1,--- ,L1L,N], and sl.z(m) is related to the energy

of the noise "1 (m), that is
&l(m) = (07 + (ei(m))?) (18)

where (a'l2 + (ei(m))z) denotes the energy of the noise n;.(m).
Combining the two inequalities (16) and (17), we get

Jim) = i(m)(g;(m)—~ Hi(m,n) f (n))2+ (C(nn)f(m)* (19)

where A;(m) = E> / (0'1.2 + (e,-(m))z) is the regularization pa-
rameter.
We join J;(n)Vn, i into a simultaneous cost function

=3 (| Ve -, +1esi) (20)
i=1

where A; is the diagonal regularization parameter matrix.
A = diag(A; (1), 4;(2),--- , 4;(m),--- , 4 (N))  (21)

When the AWGN and the registration error are trivial,
A; (m) will tend to zero and is not useful to the SR problem.
So in order to avoid this case, we map the regularization
parameter from the LR grid to the HR grid by backward
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motioning the up-sampled e;, and change the order of the
regularization parameter matrix to the smoothness term. We

rewrite (20) as
Jacs

Ai=diag(;(1), 4:2), - , 4 (n), -+ , AL LoN))  (23)
A =(? [E2) +((Wn, )" Un,moesm)) [E2) - 24)

2
(22)
2

)4
I =Y -, +
i=1

where U denotes the up-sampling operation of the image,
and 2; is the diagonal regularization parameter matrix.

The conformation of (22) is similar to the idea of multi-
parameter regularization for image restoration in [27]. In the
case that Vi, n, A; (n) is same, (22) is reduced to the coun-
terpart in CLS. In the case that Vn, A (n) is same in each
observation channel, (22) is reduced to the counterparts in
[20], [21].

Finally, the third constraint is also imposed as a priori
knowledge to threshold f due to the fact that image intensity
is finite and nonnegative.

0 <min < f(n) < max < oo 25)

where min and max denote lower and upper limits.
4.2 Adaptive Gradient Descent Optimization

The desired HR image can be obtained by minimizing the
cost function J(f), i.e.

S

f=arg mfin J(f) (26)

A gradient descent optimization procedure is used to
minimize J(f). For each observation channel, the registra-
tion noise and the AWGN are different and thus have a dif-
ferent influence on single-channel gradient descent. There-
fore, the iteration step should be adjusted adaptively in terms
of the tendency of gradient descent with respect to each ob-
servation channel.

P

Fed e pvag @
i=1

VI = g - (ﬁfﬁi + CTZ,C) e (28)

where ﬂf is the step at the /-th iteration with respect to i-th
observation channel and expressed as

Bl =
(e f)TVJf(f)>/(VJf(f)T(fI,-TfI,-+CT/_liC)VJf(f)) (29)
Then, we introduce the third constraint (25).

Al
max f (n) > max
fl (n) min < fl (n) < max (30)

. Al .
min f (n) < min

fl (n) =
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In the iteration implementation, matrix-matrix and
matrix-vector multiply are performed by translation, convo-
lution and sampling operations. Application of these opera-
tions in the image domain avoids constructing the matrices
explicitly. In [25], [28], the operations of the down-sampling
matrix D and its transpose (up-sampling) matrix D’ are im-
plemented by pulse sampling and zero-padding operations,
which are not in accordance with the detector model. In this
paper, we deal with the pixel averaging and sub-sampling
operation respectively. The sub-sampling operation S and
its transpose S” are implemented by pulse sampling opera-
tion and nearest interpolation shown in Fig. 3.

The adaptive gradient descent optimization of the pro-
posed regularization algorithm is now summarized as fol-
lowing:

Step 1. Begin at / = 0 with initial estimation fo of desired
HR image and select regularization parameters;

Step 2. Letl=1+1;

Step 3. Compute the gradient VJ! (f) given in (28) for i =

15 27 Tt P;
Step 4. Compute the step size ,85 by using (29) for i =
19 29 T, p;

Step 5. Update fl given in (27);

Step 6. Constrain fl using (30);

Step 7. If the stopping criterion is satisfied, the iteration is
stopped, otherwise go to Step?2.

4.3 Regularization Parameter Selection

The first term (0'1.2 /Ez) of (24) is related to the variance of
the AWGN n;. A channel with larger variance is smoother,
whereas a channel with lower variance is less smooth. The
signal-to-noise (SNR) based method proposed in [29] can
be used to determine the term.

Firstly, an LR image is bilinear interpolated to get an
interpolated image. In the interpolated image, an interpo-
lated pixel is a weighted average of its four nearest neigh-
bors [30]. Due to the bilinear weights, the noise variance of
the interpolated pixel is

57 = (1-2x+22) (1 - 2y + 2°) o7 31

where x, y denote the distance to the nearest neighbor.
Leta = (1 —-2x+ 2x2) (1 -2y + 2y2) expresses the ra-
tio, which depends on the distances 0 < x < 1,0 <y < 1.

A A B B CC

A B C
S 4 A B B CC
«———DDEETFF

D E F
— ———_»DDEETFF
ST G GHH I I

G H I
G G HH I I

Fig.3  Up-sampling operation 7 on a 3 x 3 image and sub-sampling
operation S on the corresponding 6 X 6 up-sampled image (down-sampling
factors are L) = L = 2).
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a=(1-2x+27)(1-2y+2%)-025<a <1 (32)

Then in terms of the SNR-based selection scheme [29]
of a regularization parameter in classical image restoration,
we use the ratio between the maximum and minimum local
variances of the interpolated image to obtain its SNR ap-
proximately. The calculation of the local variance refers to
[31]. The SNR can be computed as mentioned in [29].

SNR;=1.04 x 10 X log(max _var/ min _var) — 7  (33)

where max _var and min _var are the maximum and mini-
mum local variances of the interpolated image, respectively.
Finally, the first term of (24) is given by the snr;

o2 [ = 10750 [ (34)

In the second term of (24), we implement up-sampling
operation U by bilinear interpolation. Since the registration
error is caused by the DFD and is gray error information
in each pixel, we take the square of upper limit in a priori
gray range, i.e. max?, as the approximate to E2. Thus, a
pixel with less registration error is more fused. On the other
hand, a pixel with more registration error is less fused.

Thus, the regularization parameters can adaptively bal-
ance fidelity to the original LR data and smoothness of the
solution according to information from the within-channel
AWGN and the cross-channel registration error. These pa-
rameters ultimately reduce distortion in the restored HR im-
age and make the restored HR image closer to the original
one.

5. Experiments

To verify the proposed regularization algorithm, we com-
pare with four other algorithms: bilinear interpolation, the
algorithm of Hardie [8] with the best visual reconstruction
(the regularization parameter was obtained via trial and er-
ror), the algorithm of Hu He (the regularization algorithm
for different error levels per frame in [21]) and the adaptive
M-estimation framework [19]. In the proposed regulariza-
tion algorithm, we make use of local mean to remove the
noise. For equitable comparison, every algorithm runs until
the 20-th iteration arrived.

5.1 Experiments with Synthetic Images

We use 256 x 256 ‘Barbara’ for synthetic tests. The down-
sampling factors are L; = L, = 2. Four LR images are
generated by translating, blurring and down-sampling the
test images. i.i.d. AWGN with different variance is added
to each LR image, corresponding to a signal-to-noise ratio
(SNR) of 30-40dB. Defocus blur, a kinds of familiar blur-
ring models are selected as Point Spread Functions (PSF).
The defocus radius is set 2.

Two tests are performed. In Test 1, motion parameters
are known, which means that the noise only includes the
AWGN. Test 2 is for inaccurate image registration, as well
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as for the AWGN. The accurate translation parameters for
the four LR frames are [0, 0], [0, 1], [1,0] and [1, 1] in the
HR grid respectively. We assume that inaccurate registration
parameters are biased to [0.6,0.4], [-0.4,1.2] and [1.2,0.8],
respectively corresponding to [0, 1], [1,0] and [1, 1].

The restored HR images by the five algorithms are
shown in Fig.4 and Fig.5 respectively. The SNR im-
provement is used as the quantitative measure of SR image
restoration performance, which is given by

ASNR = 10 x log, (Ilf0 - f||§/

P-) o

where f is initial estimation of the desired HR image. In
this paper, f° is given by bilinear interpolating the first ref-
erence LR frame.

Since bilinear interpolation only considers an LR im-
age and makes the interpolated images poorest, Fig.4 (a)
obviously show the poor result.

In Test 1, it is easy to be seen from Fig. 4 that although
the restored HR images from the other three methods expect
bilinear interpolation is similar in the subjective evaluation,
the proposed regularization algorithm gives greater SNR im-
provement.

In Test 2, the fixed regularization parameter in Hardie’s
algorithm makes the edge of the restored HR image
smoothed globally as shown in Fig. 5 (b). The restored HR
image by Hu He’s algorithm has texture confusion that can
be observed from the area of scarf in Fig.5(c). The adap-
tive M-estimation framework without regularization gives
the restored HR image with ring artifacts in the vicinity of
the edges shown in Fig. 5 (d). Via trail and error, a fit reg-
ularization parameter for the adaptive M-estimation frame-
work with regularization is selected to make ring artifacts
suppressed in Fig. 5 (e). Whereas in our proposed algorithm,
the consideration of the registration error and the SNR reg-
ularizes the distortion caused by inaccurate image registra-
tion in each pixel, and the AWGN in each observation chan-
nel respectively, and retains the fusion of useful informa-
tion adaptively. Since sub-sampling operation and sampling
aliasing are dealt with respectively, the restored HR image
approaches the original one further. So it can be seen from
Fig.5(f) and (g) that the proposed algorithm can provide
the restored HR image with sharper edges as well as greater
SNR improvement.

5.2 Experiments with Real Images

In the real-image test, we cut the region of interest from
different frames of an image sequence [32] to get four LR
images shown in Fig. 6, with the enhanced resolution fac-
tor set to 2. We first register LR images by edge projec-
tion based on the registration method. Here we neglect the
trivial rotation between the left-most LR frame and the oth-
ers in Fig. 6. Then, different algorithms are used to restore
HR images, shown in Fig.7. We assume the blurring op-
eration is defocus, and the defocus radius is 0.7 as iden-
tified by error-parameter analysis. We can observe from
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‘nE) proposed regularization algorithm
g O algorithm of Hu He
3 — — algorithm of Hardie
S 15F
E
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&
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S O
& 0.5- /’J B
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0 2 4 6 8 10 12 14 16 18 20
iteration number
(e)

Fig.4 Restored HR images in Test 1. (a) bilinear interpolation
(PSNR=20.8301 dB); (b) Hardie’s algorithm (PSNR= 21.7810dB); (c) Hu
He’s algorithm (PSNR=21.8154 dB); (d) the proposed regularization algo-
rithm (PSNR= 23.2507 dB); (e) SNR improvement versus the number of
iterations.

Fig. 7 that bilinear interpolation and Hu He’s algorithm give
poorest restored results. Similar with Test 2, Hardie’s al-
gorithm gives a smoothed HR image. Severe ring artifacts
can be observed form Fig. 7 (d) restored by the adaptive M-
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Fig.5
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Restored HR images in Test 2. (a) bilinear interpolation (PSNR=20.8301 dB); (b) Hardie’s algorithm (PSNR=21.4504 dB, regu-

larization parameter=0.01); (c) Hu He’s algorithm (PSNR=21,7184 dB); (d) the adaptive M-estimation framework without regularization
(PSNR= 21.5468 dB); (e) the adaptive M-estimation framework with regularization (PSNR=21.4945 dB, regularization parameter=0.01);
(f) the proposed regularization algorithm (PSNR= 23.0136 dB); (g) SNR improvement versus the number of iteration.

Fig. 6

Low-Resolution images.

estimation framework without regularization. Although the
adaptive M-estimation framework with regularization gives
an improved HR image in Fig. 7 (e), ring artifacts can’t be
fully suppressed. From Fig.7 (f), the proposed algorithm
produces sharper restored HR images compared to the other
four algorithms.

6. Conclusion

Due to inaccurate image registration, the DFD causes cross-
channel registration error. In this paper, the registration error
is considered as the noise mean and is added to the within-
channel AWGN. Within the framework of Miller’s regular-
ization, two constraints are regulated pixel by pixel and con-
nected by regularization parameters to construct a cost func-
tion. The regularization parameters are adaptively selected
in each pixel in terms of the registration error, as well as in
each observation channel in terms of the AWGN. The con-
sideration of the registration error and the AWGN regular-
izes the distortion in SR restoration and makes the solution
closer to the original HR image. In the iterative implementa-
tion of the proposed algorithm, sub-sampling and sampling
aliasing in the detector model are dealt with respectively to
make the restored HR image approach the original one fur-
ther. The transpose of the sub-sampling operation is imple-
mented by nearest interpolation. Thus, the proposed regu-
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Fig.7 Restored HR images in Test 2. (a) bilinear interpolation; (b) Hardie’s algorithm (regularization parameter=0.1); (c) Hu He’s
algorithm; (d) the adaptive M-estimation framework without regularization; (e) the adaptive M-estimation framework with regularization
(regularization parameter=0.01); (f) the proposed regularization algorithm.

larized algorithm gives results that are more satisfactory in
both objective and subjective measurements.

Acknowledgment

The authors wish to thank Shyamsundar Rajaram, Mithun
Das Gupta and Prof. Thomas S. Huang for their helpful sug-
gestions, Dr. Kaibao Nie and Pascal Clark for proofreading
the manuscript, Prof. Mouyan Zou for his helpful discus-
sion.

References

(1]

(2]

[3]

R. Tsai and T. Huang, “Multiframe image restoration and regis-
tration,” Advance Computer Visual and Image Processing, vol.l,
pp.317-339, 1984.

S.P. Kim, N.K. Bose, and H.M. Valenzuela, “Recursive recon-
struction of high resolution image from noisy undersampled multi-
frames,” IEEE Trans. Acoust., Speech Signal Process., vol.38, no.6,
pp-1013-1027, June 1990.

AM. Tekalp, M.K. Ozkan, and M.I. Sezan, “High-resolution im-
age reconstruction from lower-resolution image sequences and
space-varying image restoration,” Proc. International Conference on
Acoustics, Speech, Signal Processing, vol.3, pp.169-172, March
1992.



LIU et al.: REGULARIZATION SUPER-RESOLUTION WITH INACCURATE IMAGE REGISTRATION

[4]

[3]

(6]

(71

[8]

[91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]
[23]

[24]

H. Stark and P. Oskoui, “High-resolution image recovery from im-
age plane arrays, using convex projections,” Journal on the Optical
Society America A, vol.6, pp.1715-1726, Nov. 1989.

A.J. Patti, MLI. Sezan, and A.M. Tekalp, “Super-resolution video re-
construction with arbitrary sampling lattices and nonzero apperature
time,” IEEE Trans. Image Process., vol.6, no.8, pp.1064-1076, Aug.
1997.

PE. Erem, M.I. Sezan, and A.M. Tekalp, “Robust, object-based
high-resolution image reconstruction from low-resolution video,”
IEEE Trans. Image Process., vol.6, no.10, pp.1446-1451, Oct. 1997.
M. Irani and S. Peleg, “Improving resolution by image registration,”
CVGIP: Graphical Models and Image Processing, vol.53, pp.231—
239, May 1991.

R.C. Hardie, K.J. Barnard, J.G. Bornard, E.E. Armstrong, and E.A.
Watson, “High-resolution image reconstruction from a sequence of
rotated and translated frames and its application to an infrared imag-
ing system,” Optical Engineering, vol.37, no.1, pp.247-260, Jan.
1998.

B.C. Tom and A.K. Katsaggelos, “Reconstruction of a high-
resolution image from multiple degraded mis-registered low-
resolution images,” Proc. SPIE International Conference on Vi-
sual Communications and Image Processing, vol.2308, pp.971-981,
1994.

R.R. Schultz and R.L. Stevenson, “A bayesian approach to image ex-
pansion for improved definition,” IEEE Trans. Image Process., vol.3,
no.5, pp.233-242, May 1994.

R.R. Schulz and R.L. Stevenson, “Extraction of high-resolution
frames from video sequences,” IEEE Trans. Image Process., vol.5,
n0.6, pp.996-1011, June 1996.

R.R. Schulz and R.L. Stevenson, “Improved definition video frame
enhancement,” Proc. IEEE International Conference on Acoustics,
Speech, Signal Processing, vol.4, pp.2169-2171, May 1995.

R.C. Hardie, K.J. Barnard, and E.E. Armstrong, “Joint MAP reg-
istration and high-resolution image estimation using a sequence of
undersampled images,” IEEE Trans. Image Process., vol.6, no.12,
pp-1621-1633, Dec. 1997.

M. Elad and A. Feuer, “Restoration of a single super-resolution
image from several blurred, noise, and under-sampled measured
images,” IEEE Trans. Image Process., vol.6, no.8, pp.1646-1658,
1997.

N.K. Bose, S. Lertrattanapanich, and J. Koo, “Advances in super-
resolution using L-curve,” Proc. IEEE International Symposium on
Circuits Systems, vol.2, pp.433-436, 2001.

M.K. Ng, N.K. Bose, and J. Koo, “Constrained total least squares
computations for high-resolution image reconstruction with multi-
sensors,” Journal of Imaging Science and Technology, vol.12, no.1,
pp-35—42, John Wiley and Sons, 2002.

N. Nguyen, Numerical algorithms for superresolution, Ph.D. Disser-
tation, Stanford University, Stanford, CA, 2001.

Z.A. Ivanovski, L. Panovski, and L.J. Karam. “Robust superresolu-
tion based on pixel-level selectivity,” Proc. SPIE, vol.6077, 2006.
N.A. El-Yamany and P.E. Papamichalis, “Robust color image super-
resolution: An adaptive M-estimation framework,” EURASIP Jour-
nal on Image and Video Processing, 2008.

E.S. Lee and G. Kang, “Regularized adaptive high-resolution image
reconstruction considering inaccurate subpixel registration,” IEEE
Trans. Image Process., vol.12, no.7, pp.826-836, July 2003.

H. He and L.P. Kondi, “An image super-resolution algorithm for dif-
ferent error levels per frame,” IEEE Trans. Image Process., vol.15,
no.3, pp.592-603, March 2006.

K. Miller, “Least squares methods for ill-posed problems with a pre-
scribed bound,” SIAM J. Math. Anal., vol.1, no.1, pp.52-74, 1970.
A. Katsaggelos, “Iterative image restoration algorithm,” Optical En-
gineering, vol.28, no.7, pp.735-748, July 1989.

M. Elad and H. Yacov, “A fast super-resolution reconstruction al-
gorithm for pure translational motion and common space-invariant
blur,” IEEE Trans. Image Process., vol.10, no.8, pp.1187-1193,

67

2001.

[25] S. Farsiu, D. Robinson, M. Elad, and P. Milanfar, “Advances and
challenges in super-resolution,” International Journal of Imaging
Systems and Technology, vol.14, no.2, pp.47-57, Aug. 2004.

[26] S.C. Park, M.K. Park, and M.G. Kang, “Super-resolution image re-
construction: A technical overview,” IEEE Signal Process. Mag.,
vol.20, no.3, pp.21-36, May 2003.

[27] C.M. Leung and W.S. Lu, “Multiple-parameter generalization of the
Tikhonov-Miller regularization method for image restoration,” Proc.
27th Annual Asilomar Conference on Signals, Systems, and Com-
puters, vol.2, pp.856-860, Pacific Grove, California, U.S.A., Nov.
1993.

[28] A.Zomet and S. Peleg, “Efficient super-resolution and applications
to mosaics,” 15th International Conference on Pattern Recognition,
1, pp.579-583, 2000.

[29] M.Y. Zou, De-convolution and signal restoration, CA: National De-
fense Industry Press of China, 2001.

[30] www.qi.tnw.tudelft.nl/ tuan/thesis/appA.pdf

[31] A.Katsaggelos, J. Biemond, R. Mersereau, and R. Schafer, “Nonsta-
tionary iterative image restoration,” Proc. IEEE International Con-
ference on Acoustics, Speech, and Signal Processing (ICASSP ’85),
10, pp.696-699, 1985.

[32] P. Vandewalle, S. Siisstrunk, and M. Vetterli, “A frequency do-
main approach to registration of aliased images with application to
super-resolution,” EURASIP Journal on Applied Signal Processing,
vol.2006, pp.Article ID 71459, 14 pages, 2006.

Ju Liu received B.S. degree and M.S. de-
gree both in Electronic Engineering from Shan-
dong University (SDU), Jinan, China, in 1986
and 1989, respectively; and the Ph.D. degree

n. _:- in Signal Processing from Southeast University
\ P (SEU), Nanjing, China, in 2000. Since July

1989, he has been with the Department of Elec-
! tronic Engineering of the SDU. He had been
\ ﬁ A teaching assistant (1989-1992), lecturer (1993—
ol 1998), associate professor (1998-2000), and full
professor since 2000 in Shandong University.
From July, 2002 to December, 2003, he was a visiting professor in the
Department of Signal Theory and Communication, Polytechnic University
of Catalonia (UPC) and Telecommunications Technological Centre of Cat-
alonia (CTTC), Barcelona, Spain. From November, 2005 to January, 2006,
he was a DAAD researcher in the Department of Communication Engineer-
ing, University of Bremen and the Department of Communication Systems,
University of Duisburg-Essen in Germany. He has also visited shortly in
United States of American, Korea and Japan in 2006 and 2007, respec-
tively. Currently, Prof. Liu is head of the Department of Communication
Engineering and vice director of the academic committee in the School of
Information Science and Engineering, Shandong University and director
of Texas Instrument (TI) - Shandong University DSPs Laboratory. He is
the author or co-author of more than 100 journal and conference papers,
the holder of the Program for New Century Excellent Talents in University
(NCET) of China, and the holder of 3 national and local academic awards
in blind signal processing. He is a member of editorial committee of Jour-
nal of Circuits and Systems and Journal of Data Acquisition & Processing
in China. He is a member of the IEEE, and has been an active reviewer
for many IEEE transactions and conferences such as IEEE Trans. on Signal
Processing, IEEE Signal Processing Letters, Europe Trans. on Telecommu-
nications, etc. His present research interests include space-time processing
in wireless communication, blind signal separation and independent com-
ponent analysis, multimedia communication and DSP applications.




68

Hua Yan received the Ph.D. degree in
communication and information system from
Shandong University (SDU), Jinan, China, in
2007. Now she is an associate professor in
Shandong Economic University. Her current re-
search interests include various aspects of super-
resolution image/video processing and its appli-
cation.

Jian-de Sun received the Ph.D. degree
in communication and information system from
Shandong University (SDU), Jinan, China, in
2005. Now he is a lecturer in Shandong Univer-
sity. His current research interests include vari-
ous aspects of multimedia watermarking and its
application.

IEICE TRANS. INF. & SYST., VOL.E92-D, NO.1 JANUARY 2009



