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ABSTRACT

This paper proposes a novel robust Super-
Resolution Reconstruction (SRR) framework that
can enhance a real complex video sequence and is
applicable to any noise models. Although SRR al-
gorithms have received considerable attention within
the traditional research community, these algorithms
are typically very sensitive to their assumed model of
data and noise, which limits their utility. The real
noise models that corrupt the measured sequence are
unknown; consequently, SRR algorithms using L1 or
L2 norm may degrade the image sequence rather than
enhance it therefore the robust norm applicable to
several noise and data models is desired in SRR algo-
rithms. This paper proposes a SRR framework based
on the stochastic regularization technique of Bayesian
MAP estimation by minimizing a cost function. In or-
der to tolerate to any noise models, the Hampel norm
is used for measuring the difference between the pro-
jected estimate of the high-resolution image and each
low resolution image, and removing outliers in the
data. Tikhonov regularization is used to remove ar-
tifacts from the final result and improve the rate of
convergence. Moreover, in order to cope with real
video sequences and complex motion sequences, this
paper proposes a SRR General Observation Model
(GOM or affine block-based transform) devoted to
the case of nonisometric inter-frame motion. In the
experimental section, the proposed framework can en-
hance real complex motion sequences, such as Suzie
and Foreman sequence, and confirm the effectiveness
of our algorithm and demonstrate its superiority to
other SRR algorithms based on L1 and L2 norm for
several noise models (such as AWGN, Poisson noise,
Salt & Pepper noise and Speckle noise) at several
noise power.
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1. GENERAL INTRODUCTION

Several distorting processes affect the quality of
image sequences or video acquired by commercial dig-
ital cameras. Some of the more important distorting
effects are warping, blurring, down sampling and ad-
ditive noise. The term SRR [1, 2] ranges from blur
removal by deconvolution in single image to the cre-
ation of a single HR (High Resolution) image from
multiple LR (Low Resolution) images having rela-
tive sub-pixel displacements. In all cases, the goal
of SRR is to remove the effect of blurring and noise
in the LR images and to obtain images with reso-
lutions that go beyond the conventional limits of the
uncompensated imaging system. Thus, the major ad-
vantage of this approach is that the cost of imple-
mentation is reduced and the existing low resolution
(LR) imaging systems can still be utilized. Therefore,
SRR applications on image sequences grow rapidly
as the theory gains exposure. Continuing researches
and the availability of fast computational machineries
have made these methods increasingly attractive in
applications requiring the highest restoration perfor-
mance. SRR techniques have already been applied to
problems in a number of applications such as satellite
imaging, astronomical imaging, video enhancement
and restoration, video standards conversion, confo-
cal microscopy, digital mosaicing, aperture displace-
ment cameras, medical imaging, diffraction tomogra-
phy and video freeze frame. In SRR, typically, the LR
images represent different “looks” at the same scene
[2] hence LR images are sub-sampled (aliased) as well
as shifted with sub-pixel precision. If the LR images
are shifted by integer units, then each image contains
the same information, and thus there is no new infor-
mation that can be used to reconstruct a HR image.
If the LR images have different sub-pixel shifts from
each other and aliasing is present, however, then each
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image cannot be obtained from others. In this case,
the new information contained in each LR image can
be exploited to obtain a HR image. To obtain dif-
ferent looks of the same scene, some relative scene
motions must exist from frame to frame via multiple
scenes or video sequences. Multiple scenes can be ob-
tained from one camera with several captures or from
multiple cameras located in different positions. These
scene motions can occur due to the controlled mo-
tions in imaging systems, e.g., images acquired from
orbiting satellites. The same is true for uncontrolled
motions, e.g., movement of local objects or vibrating
imaging systems. If these scene motions are known
or can be estimated within sub-pixel accuracy and we
combine these LR images then SRR is possible.

The SRR problem is modelled by using sparse ma-
trices and analyzed from many reconstruction meth-
ods such as the non-uniform interpolation, frequency
domain, Maximum-Likelihood (ML), Maximum A-
Posteriori (MAP), and Projection Onto Convex Sets
(POCS). For comprehensive review in SRR algorithm
in the last two decades refer to our previous work in
[3].

In this section, we first study and review some of
the previous works on SRR algorithm regarding for
SRR estimation techniques. Later, the SRR Classical
Observation Models (COM) are reviewed. Finally,
we show the inefficiency of independent solutions for
these problems and discuss the obstacles to designing
a unified framework to enhance image sequences or
video.

1.1 Observation Model in SRR

This section reviews the literature from the regis-
tration point of view because the quality of the SR
(super-resolution) image depends heavily on the ac-
curacy of the observation model. Subpixel precision
in the motion field is needed to achieve the desired
improvement.

Most SRR algorithms reviewed in [3] are restricted
to globally or locally uniform translational displace-
ment between the measured images or sequences.
This implies that the measured images or sequences
are observed at a high temporal frequency sampling
(or high frame rate) but the measured images or se-
quences are usually observed by the real commercial
cameras at low temporal frequency sampling (or low
frame rate) such as standard sequences (Foreman,
Carphone, Susie, etc.). The measured images or se-
quences have many complex motions instead of only
a simple translational motion; therefore, the pure
translation model can not effectively represent the
real complex motion and SRR applications can be
applied only on the sequences that have simple trans-
lation motion as shown in [4]. In [3-4], we proposed
the SRR using a regularized ML estimator with affine
block-based registration for the real image sequence.
G. Rochefort et al. [5] proposed SRR approach based

on regularized ML for the extended original obser-
vation model [6,7] devoted to the case of nonisomet-
ric inter-frame motion such as affine motion in 2006.
This paper proposed the novel general SRR observa-
tion model to overcome the insufficient temporal sam-
pling frequency and to model the real complex motion
sequence that the SRR COM model can not support.
To implement the proposed SRR observation model,
the sub-pixel image registration is designed to calcu-
late the nonisometric inter-frame motion parameter.
Moreover, the fast algorithm is proposed to reduce
the computational load for the proposed sub-pixel
registration.

1.2 SRR Estimation Technique in SRR

In this section, the relevant research papers, pub-
lished in the conferences and journals, are compre-
hensively reviewed from the estimation point of view
because the SRR estimation is one of the most crucial
parts of the SRR research areas and directly impact
to the SRR performance.

The early SRR algorithms [7-12] are based on clas-
sical ML technique using L2 norm with several regu-
larized functions such as GGMRF (General Gaussian
Markov Random Field) [13], HMRF (Huber Markov
Random Field) [8-9] and BTV (Bilateral Total Vari-
ance) [14], etc. Later, the SRR algorithms [15-18]
based on L1 norm have been proposed since 2004.

For the cost function for the data fidelity, all the
SRR algorithms [1-18] are based on the simple esti-
mation techniques such as L1 norm or L2 norm min-
imization. Therefore, these SRR methods are very
sensitive to their assumed data and noise models.
The success of SRR algorithm is highly dependent
on the model accuracy regarding the imaging pro-
cess. These models do not always represent the actual
imaging process, as they are merely mathematically
convenient formulations of some general prior infor-
mation. When the data or noise model assumptions
do not faithfully describe the measure data, the esti-
mator performance degrades. Furthermore, the exis-
tence of outliers defined as data points with different
distributional characteristics than the assumed model
will produce erroneous estimates. Most noise models
used in SRR algorithm are based on AWGN model
at low power; therefore, SRR algorithms can be effec-
tively applied only on the image sequence that is cor-
rupted by AWGN. Only with this AWGN model, L1
norm or L2 (quadratic) norm error are effective. For
normal distributed data, the L1 norm produces esti-
mates with higher variance than the optimal L2 norm.
On the other hand the L2 norm is very sensitive to
outliers and noise because the influence function in-
creases linearly and without bound. The real noise
models that corrupt the measured sequence are un-
known; consequently, SRR algorithm using L.1 norm
or L2 norm may degrade the image sequence rather
than enhance it. Therefore, the robust norm which is
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applicable to several noise and data models is desired
in SRR algorithms. From the robust statistical esti-
mation study [19-20], Hampel Norm [21-23] is more
robust than L1 and L2. Hampel Norm is also capa-
ble of outlier rejection and more forgiving on outliers;
that is, the error is increased less rapidly than L2.
Consequence, we used to propose a robust iterative
SRR algorithm based on Hampel norm that can be
applied on simple translation motion sequence [23].
This paper proposed the novel robust SRR frame-
work that can be applied not only on any noise models
but also applied on complex motion sequences. The
algorithm is based on the iterative robust SRR al-
gorithm using the stochastic regularization technique
of Bayesian MAP estimation by minimizing a cost
function. The Hampel Norm is used for measur-
ing the difference between the projected estimation
of the high-resolution image and each low resolution
image, removing outliers in the data. Tikhonov reg-
ularization is used to remove artifacts from the final
result and improve the rate of convergence. In or-
der to cope with real sequences and complex motion
sequences, this paper proposes the general SRR ob-
servation model by introducing the affine block-based
transform, devoted to the case of nonisometric inter-
frame motion.

The organization of this paper is as follows. Sec-
tion 2 explains the main concepts of SRR algorithms
in both observation model and estimation technique
point of view. Section 3 introduces the iterative reg-
ularized SRR based on L1, L2 and Hampel with the
proposed general observation model. Section 4 out-
lines the experimental results that are separated into
two parts for comprehensive. First, the comparative
results between the SRR algorithm based on Ham-
pel, L1 and L2 norm with the classical observation
model are presented. Later, the comparative results
between the SRR algorithm using the proposed Ham-
pel norm and the L1 and L2 norm with the proposed
observation model are presented. The real complex
motion sequences (such as Suzie and Foreman) are
used in the experiment and several noise models (such
as AWGN, Poisson noise, Salt & Pepper noise and
Speckle noise) are used in the experiment. Finally,
Section 5 provides the summary and conclusion.

2. SRR FRAMEWORK WITH CLASSI-
CAL AND GENERAL OBSERVATION
MODEL

The first step to reconstruct the SRR image is to
formulate an observation model that relates the orig-
inal HR image to the observed LR sequences. We
present the observation model for the general SRR
from image sequences. Based on the observation
model, probabilistic SRR formulations and solutions
such as ML (Maximum Likelihood) estimators pro-
vide a simple and effective way to incorporate various
regularizing constraints. Regularization reduces the

visibility of artifacts created during the inversion pro-
cess. Then, we can rewrite the definition of these ML
estimators in the SRR context as the minimization
problem.

2.1 Observation Model of SRR

2.1.1 The Classical Observation Model (COM) of
SRR

This section presents the SRR COM. Define a low-
resolution (LR) image sequence, {Y,}, as our mea-
sured data (The size of the LR images is Ny X Ny pix-
els). A HR image X(¢N; x ¢N3 pixels) is estimated
from the LR sequences, where ¢ is an integer inter-
polation factor in both the horizontal and vertical
directions. To reduce the computational complexity,
each frame is separated intooverlapping blocks (the
shaded blocks in Fig. 1(a) and Fig. 1(b)).

For notation convenience, all overlapping blocks
in a frame will be presented as a vector, ordered
column-wise lexicographically. The overlapping block
in LR frame is denoted by Y, € RM*(M?2 x 1) and
the overlapping blocked in HR frame is denoted by
X € RT™M* (L2 x 1 or M2 x 1). We assume that
the two images are related via the following equation

Y, = DyHyFo X +V, ;k=1,2,....,N (1.1)

where Y, is a blurred, decimated, down sam-
pled and contaminated by additive noise of X (orig-
inal overlapping HR image). The matrix Fo g
(F € quMZXQQMQ) stands for the classical trans-
lation [9-14] between the images X and Y - Hy, is the
blur matrix2 W2hiC£1 125 space and time invariant and
H, € RIM xaM" . D, ig the decimation matrix
assumed constant and D, € R¢ M*xa*M* -V, isa

system noise and V,, € RM ’

2.1.2 The General Observation Model (GOM) of
SRR

The pure translation model can not well repre-
sent the real complex motion effectively; therefore,
the general observation model is desired. In this sec-
tion, we first propose the general observation model
for SRR algorithm based on stochastic regularization
technique. From the high accuracy of the general ob-
servation model, the fast affine block-based registra-
tion [3-4] is used for registration step of SRR. Thus,
we assume that the two images are related via the
following equation (as shown in Fig. 1(c))

where the matrix Fj(F € RQQMZX‘ZQMQ) stands
for the proposed nonisometric inter-frame warp [4]
between the images X and Y,. The matrix Fj is
created from affine motion vector but the matrix Fe g
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Fig.1: The General Observation Model (GOM)

in equation (1.1) is created from classical translation
motion vector.

2.2 The Estimation Norm of SRR

Typically, many available estimators that estimate
a HR image from a set of noisy LR images are not
exclusively based on the LR measurement. They are
also based on many assumptions such as noise or mo-
tion models and these models are not supposed to be
accurate, as they are merely mathematically conve-
nient formulations of some general prior information.
When the fundamental assumptions of data and noise
models do not faithfully describe the measured data,
the estimator performance degrades. Moreover, ex-
istence of outliers defined as data points with differ-
ent distributional characteristics than the assumed
model will produce an error in estimation. Estima-
tors promising optimality for a limited class of data
and noise models may not be the most effective over-
all approach. Often, suboptimal estimation methods
that are not as sensitive to modelling and data errors
may produce better and more stable results; that is
more robust.

A popular family estimator is the ML-type estima-

tor (ML estimators) [8-12]. We rewrite the definition
of these estimators in the SRR framework as the fol-
lowing minimization problem:

N
X = AI‘gMiIl{ZP(DkaFkXYk)} (2)
X k=1

where p(-) is a error norm and X is an estimated
overlapping HR image. To minimize (2), the intensity
at each pixel of the expected image must be close to
those of original image.

2.2.1 L1 Norm Estimator

One of the popular robust estimators in SRR, prob-
lem is the L1 norm estimators (p(z) = ||z||) [16-18].
We rewrite the definition of these estimators in the
SRR context as the following minimization problem:

N
X = ArgMin {Z | Dy Hy Fr X — Yk”} (3)
k=1

The L1 norm is not sensitive to outliers because
the influence function, p (-), is constant and bound
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but the L1 norm produces an estimator with higher
variance than the L2 (quadratic) norm.

2.2.2 L2 Norm Estimator

Another popular estimators in SRR problem is the
L2 norm estimators [8-12]. We rewrite the definition
of these estimators in the SRR context as the follow-
ing minimization problem:

N
X:ArgXMin{Z|DkaFkX—Yk|g} (4)
k=1

The L2 norm produces estimator with lower vari-
ance than the L1 norm but the L2 norm is very sen-
sitive to outliers because the influence function of 1.2
norm increases linearly and without bound.

2.2.3 Robust Norm Estimator [19-20]

A robust estimation is an estimated technique that
is resistance to outliers. In SRR framework, outliers
are measured images or corrupted images that are
highly inconsistent with the original image. Outliers
may arise from several reasons such as procedural
measurement error, noise or inaccurate mathemati-
cal model. Outliers should be investigated carefully;
therefore, we need to analyze the outlier in a way
which minimizes their effect on the estimated model.
L2 norm estimation is highly susceptible to even a
small number of discordant observations or outliers.
For L2 norm estimation, the influence of the outlier
is much larger than the other measured data because
L2 norm estimation increases the effect of the error
quadraticly. Consequently, the robustness of L.2 norm
estimation is poor.

Much can be improved if the influence is bounded
in one way or another. This is exactly the general idea
of applying a robust error norm. Instead of using the
sum of squared differences as in (4), this error norm
should be selected such that the influence of the data
whose error level () is high (outlier) is ruled out. In
addition, one would like to have a smooth influence
function so that numerical minimization of (5) is not
too difficult. The suitable choice (among other) is the
Hampel error norm [19-20] that is defined in (6). We
rewrite the definition of these estimators in the SRR
context as the following minimization problem:

N
X = ArgXMin {Z prampiL (DipHpFpX — Yk)} (5)

k=1
x? slel <T
)= 2T|z| = T* ;T <|z| <2T (6)
PHAMPELW= 2 _ (3T — |z|)? ;2T < |z| < 3T
AT? iz > 3T

The parameter T is Hampel constant parameter
that is a soft threshold value and T € [0,255]. For
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values of x smaller than , the function follows the L2
norm. For values larger than 7', the function gets
saturated. Consequently for small value of x, the
derivative of pganprr(-)is nearly a constant. But
for large values of z (for outliers), it becomes nearly
zero. Therefore, in a Gauss-Newton style of optimiza-
tion, the Jacobian matrix is virtually zero for outliers.
Only residuals that are about as large as T" or smaller
than that play a role.

From L1 and L2 norm estimation point of view,
Hampel norm acts as an L1 norm when z is large
and as an L2 norm when z is small (normal-distribute
data) therefore Hampel norm acts as the suitable ap-
propriate norm for the particular values of x.

3. THE PROPOSED ROBUST SRR FRAME-
WORK WITH GENERAL OBSERVA-
TION MODEL

This section proposes the iterative SRR algorithm
using L1, L2 and Hampel norm minimization with
regularization functions for the COM and proposed
GOM, described in previous section. Typically, SRR
is an inverse problem [10-12] thus the process of com-
puting an inverse solution can be, and often is, ex-
tremely unstable in that a small change in measure-
ment (such as noise) can lead to an enormous change
in the estimated image (SR Image). Therefore, SRR
is an ill-posed or ill-conditioned problem. An impor-
tant point is that it is commonly possible to stabi-
lize the inversion process by imposing additional con-
straints that bias the solution, a process that is gen-
erally referred to as regularization. Regularization is
frequently essential to producing a usable solution to
an otherwise intractable ill-posed or ill-conditioned
inverse problem because regularization can help the
algorithm to remove artifacts from the final answer
and improve the rate of convergence.

A block diagram of the proposed iterative SRR
framework is illustrated in Figure 2. The proposed
SRR framework is the iterative process composed of
2 main parts: the estimation of the registration pa-
rameters and the estimation of HR image. First, the
initialized SR image is determined by interpolating
LR image (the reference image). Second, the regis-
tration parameters, which used to wrap all low resolu-
tion images and used in the image estimation process,
are estimated from low resolution images (or observed
sequences). Third, all LR images, the estimated SR
image, all registration information, regularized infor-
mation and initial SR image are used in the image
estimation process to generate the estimated SR, im-

age.

3.1 SRR based on L1 Norm with General Ob-
servation Model (GOB)

Combined with the GOM, we propose the SRR
based on L1 norm. A regularization term compen-
sates the missing information with some general prior



228 ECTI TRANSACTIONS ON ELECTRICAL ENG., ELECTRONICS, AND COMMUNICATIONS VOL.9, NO.2 August 2011

information about the desirable HR solution, and is
usually implemented as a penalty factor in the gener-
alized minimization cost function. This estimator is
defined in the SRR as follows:

N
KZArgXMin {ZHDkaFkX — Yyl A ||FX||§}(7)
k=1

where A is a regularized parameter and A € [0, 1].
The classical and simplest Tikhonov regularization
functions is the Laplacian regularization [16] where
the Laplacian kernel is defined as

1
F=g[11:1-81:111 (8)

By the steepest descent method, the solution of
equation (7) is defined as follows.

N
> FIHE D sign(Y ,—Dy H i, X.,)
k=—N

—(A-(r'D)X,,)

Xn+1 :Xn"‘ﬁ'

(9)

where (3 is a step-size of the steepest descent
method and 3 € [0, 1].

3.2 SRR based on L2 Norm with General Ob-
servation Model (GOB)

Combined with the GOM, we propose the SRR
based on L2 norm. This estimator is defined in the
SRR context with the combination of the Laplacian
regularization as follows:

N
X:ArgXMin {Z IDyHRFRX —Y |l +2- | DX 3 } (10)

k=1

By the steepest descent method, the solution of
equation (10) is defined as

X7L+1 = X

= n

N
+ﬁ'{ZFgHI?D£(Yk_DkaFan)_()"(FTF)Xn)}(11)
k=1

3.3 SRR based on Hampel Norm with Gen-
eral Observation Model (GOB)

Combined with the GOM, this paper proposes
SRR using Hampel norm that is more robust than
L1 and L2 norm. The definition of this estimator is
defined in the SRR context as the following minimiza-
tion problem:

N
X:ATgXMm{ZfHAMPELHDk Hy Fr X—Y3[+)- FK”%}
k=1

(12)

By the steepest descent method, the solution of
equation (12) is defined as

N
X +1:X _;’_6{ > FI?HJ?DkT'UJHAMPEL(Y’k—DkaFJ?Xn)}
—n —n k=1

- cTnx,)
(13-1)
Yuamper(x) = f]l’JAMPEL(:E)
z? szl <T
B 2T |x| — T? T < |z| <2T 18.9
AT? — (3T — |a|)? ;2T < |2| < 3T (13-2)
472 s|x| > 3T

3.4 The Proposed Registration for General
Observation Model (GOB) of SRR [3-4]

The assumption of the SRR COM that only trans-
lation motion exits in a sequence limits the SRR to
the sequences that have simple translation motion;
hence, the registration is simple. Only 2 motion pa-
rameters need to be estimated for the translation mo-
tion and the registration parameters defined in (14)
(2 motion parameters per block) for the translation
is easily estimated because several registration esti-
mation techniques have been proposed such as FS
(Full Search), 3SS (3 Step Search) or DS (Diamond
Search).

MUg tran (T, y) = a and Moy tren(z,y) =b  (14)

This equation means that every pixel (in an image
block) can only move in the same direction. From
the proposed iterative SSR framework illustrated in
Figure 2, the registration parameters for the GOM
(6 motion parameters per block) must be calculated
as defined in (15) for image fusion process; therefore,
a high accuracy registration algorithm is desired for
the proposed SRR framework.

Mg af fine(T,y) = ax + by + ¢
mvy,affine(xa y) =dzr+ ey + f

This equation means that each pixel (in an image
block) can move in the different directions. In this
section, we propose a scheme for estimating affine
block-based motion vectors for registration step. The
estimation can be separated into 2 stages. In the first
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Fig.2: The Proposed Super-Resolution Reconstruction Framework

stage of the estimation algorithm, the current and ref-
erence frames are divides into 50% overlapping blocks
(16x16). This stage divides the image into small ar-
eas in order to detect and estimate the local motions.
The advantage of the block processing is the reduc-
tion of the computational load and the possibility of
parallel processing. In the second stage, the affine
motion vector of each block between the current and
reference frame is computed by the M3SS (Modified
Three Step Search). The M3SS is proposed to reduce
a very high computational load in affine motion vec-
tor estimation. The M3SS is designed based on the
popular 3SS (Three Step Search). The 3SS (Three
Step Search) is one of the popular and fast algorithms
used in the translational registration; therefore, this
paper develops the M3SS (6 motion parameter esti-
mation) based on 3SS (2 motion parameter estima-
tion).

For the 7x7 displacement window (translational
deformation) and degree (rotation, extraction or ex-
pansion deformation), the proposed M3SS algorithm
utilizes a search pattern with 3% = 729 check points
(the parameters vary in 6 dimensions instead of 2 di-
mensions as in 3SS check points) on a search window
in the first step. The set of parameters having the
minimum error is used as the center of the search area
in the subsequent step. The search window is reduced
by half in the subsequent step until the search window
equals to the pre-determined resolution. The crite-
rion for parameter selection in this paper was based
on experiments and the chosen parameters produce

the highest PSNR result on 3 standard sequences:
Foreman, Carphone and Stefan [3-4]. The process of
M3SS is used in the following description:

Step 1 : Initialize the dimension of the searching
area to the value depicted in (16).

[a,b,c,d, e, f]=[+0.16,40.16, £2, +:0.16, +0.16, +-2](16)

Step 2 : A minimum BDM (Block Distortion Mea-
sure) point is found from a check point pattern at the
center of the searching area as shown in (16).

Step 3 : If the search window is equal to (17) then
the process stop; otherwise, go to Step 4.

[a,b, ¢, d, e, f]=[+0.16, +0.16, £2, +0.16, +£0.16, £2](17)

Step 4 : The search window is reduced by half in
all dimensions of the previous search window and a
minimum BDM (Block Distortion Measure) point is
found from a check point pattern at the center of the
new searching area. Go to Step 2.

From [3-4], the total number of the M3SS check
points is fixed at 3.65E+3. Compared with the
classical block-based estimation method (translation
block-based estimation method) at 0.25 pixel accu-
racy and w=9 (w is searching window), the total
number of the M3SS check points has approximately
3 times more than the FS (Full- Search) approach of
the COM but the PSNR performance of the M3SS
method for GOM is 5-6 dB higher than that of the
COM.
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4. EXPERIMENTAL RESULT

All methods are implemented in MATLAB and the
block size of LR images is fixed at 8x8 (or 16x16
for overlapping block), the search window is 9x9 for
classical registration, the search window is 7x7 for
proposed registration and 5 frames are used for ML
estimation process. The 38th- 42nd frame Susie se-
quence and the 108th- 112th frame Foreman sequence
in QCIF format (176x144), are used in these exper-
iments to reconstruct the high resolution image of
the 40th frame of Susie and 110th frame of Fore-
man, respectively. Both sequences have complex-edge
characteristic. Then, to simulate the effect of cam-
era PSF, the images are convolved with a symmetric
Gaussian low-pass filter with size of 3x3 and standard
deviation of one. The blurred images are subsam-
pled by the factor of two in each direction (88x72)
and the blurred subsampled images are corrupted by
Gaussian noise.

The criterion for parameter selection in this exper-
iment is to choose parameters which produce both
the most visually appealing results and the highest
PSNR. Therefore, to ensure fairness, each experiment
is repeated several times with different parameters
and the best result of each experiment is chosen [16-
18].

Table 1: Ezperimental Result of Susie: COM

PSNR of LR

PSNR of SRR Image (dB)

Image (dB) L1 L2 Hampel
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Fig.3: FExperimental Result of Susie:COM

Table 2: FExperimental Result of Foreman: COM

PSNR of LR

Noise PSNR of SRR Image (dB)

Power

Image (dB) L1 L2

Hampel

23.7393 26.2371 23.7393 276181

257785 27.16 257785 285444

27.574 288004 27.574 29418

290574 296625 290574 300428

30.1487 30.3824 30.1487 306286

Poisson 27.9892 288819 279892 294286
S&P 25521 27.0972 25521 282192
27.3206 282861 27.3206 291129

20.3506 207082 29.3506 30.0812

Speckle 23.986 267384 23986 279817
25272 27.2486 25272 28.278

27.5301 286916 27.5301 29.3046

16 203124 227614 203124 23.452

221395 238148 221395 24 2431

23.7206 247384 23.7206 25.0005

248508 254008 248508 255716

25.8468 26.0368 25.8468 26.1298

Poisson 250577 255626 250577 25764
S&P 23.6269 24 5757 236289 24 985
246287 251489 24 6287 254178

255815 258052 255815 25946

Speckle 20.557 22.9761 20557 23.5083
21.8538 237556 218538 24 2164

23.7767 24,8022 237767 25.0498

The objective of this experiment is to demonstrate
the performance of the proposed robust norm re-
garding to the SRR performance when the Classical
Observation Model (COM) and General Observation
Model (GOM) are used.

Hence, this section presents the experiments and
comparison results obtained by the SRR algorithm
using Hampel, L1 and L2 norm with the COM and
the GOM at various noise models and noise power.
Due to page limitation, PSNR of every case are shown
in Table 1-4 and Fig. 3-8 but only some reconstructed
results of foreman are shown for visual comparison in
Fig. 9.

From experimental result, the SRR algorithm us-
ing Hampel norm with the proposed registration gives
the highest PSRN because these robust estimators
are designed to be robust and reject outliers (noise
and registration error). Moreover, due to the efficient
of the proposed GOM, the SRR algorithm based on
Hampel with GOM and COM gave highest PSNR
than the other SRR algorithms.

The SRR algorithm using L.1 norm with GOM and
COM gives the higher PSRN than the SRR algorithm
using L2 norm because L2 norm is more sensitive to
the outliers such as noise and the registration error
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than L1 norm. Moreover, due to the efficient of the
proposed general observation model, the SRR algo-
rithm based on L1 norm with general observation
model give higher PSNR than the SRR algorithm
based on L1 norm with classical observation model.

Table 3: Experimental Result of Susie:GOM

Noise PSNR of LR PSNR of SRR Image (dB)
Power Image (dB) L1 L2 Hampel
156 23.7393 26.6879 25.2707 27.7113
257765 28.0193 27.0041 28633
27.574 20.1304 28.3754 294776
29.0574 30.0186 29.4315 30.1212
30.1487 30.6615 30.2347 30.7068
Poisson 27.9892 29.3107 28.8507 29.5497
S&P 25521 27.5187 26.2784 285041
27.3206 28.7302 27.8977 29.2558
29.3506 30.0868 295284 30.1961
Speckle 23.986 27.0925 255199 28 0071
25272 27.7187 266633 28 3637
27 5301 291562 283942 29.3786

The SRR algorithm using L2 norm with COM and
GOM gives the lowest PSRN because L.2 norm is more
sensitive the outliers such as the noise and registra-
tion error. The L2 influence function increases lin-
early and without bound. Therefore, when the noise
power or registration error increases, the PSNR re-
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Fig.5: FExperimental Result of Susie:GOM

sult of the SRR algorithm using L2 norm decreases
rapidly as shown in experimental results. Moreover,
due to the efficiency of the proposed GOM, the SRR
algorithm based on L2 norm with GOM gives higher
PSNR than the SRR algorithm based on L2 norm
with COM.

Table 4: FEzperimental Result of Foreman: GOM

PSNR of LR

Noise PSNR of SRR Image (dB)

Power Image (dB) L1 L2

Hampel

15 20.3124 231151 21.1894 234756

221395 24089 228283 24 2526

237206 24 9608 240387 250047

248508 255834 248508 25.5786

258468 261473 258468 261334

Poisson 25.0577 257916 25104 25.764
S&P 23.6269 248592 24 2964 25.0201
246287 25392 248303 25.4357

25.5815 2589735 25.5815 25.9684

Speckle 20.557 23.3854 217708 236247
21.8538 240958 227284 24 2254

237767 250185 241172 250509

5. CONCLUSIONS

In this paper, we propose a SRR algorithm based
on a novel robust estimation norm function with
GOM for video enhancement. The proposed SRR
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framework can be applied on video or image se-
quences corrupted by several noise models and can
be applied on the real complex sequence such as Susie
and Foreman sequence. Experimental results clearly
demonstrated that the proposed algorithm is robust
against several noise models (AWGN, Poisson, Salt
& Pepper and Speckle noise) at several noise power.
The proposed robust algorithm gives higher PSNR
and visually better than the algorithm based on L1
and L2 norm in both COM and GOM.
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