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ABSTRACT
We propose a super-resolution (SR) algorithm that takes into account
inaccurate estimates of the registration parameters. When frames
obey the assumed global motion model, these inaccurate estimates,
along with the additive Gaussian noise in the low-resolution image
sequence, result in different noise level for each frame. However,
in case of existence of local motion and/or occlusion, regions that
have local motion and/or occlusion have different noise level. To
cope with this problem, we propose to adaptively weight each re-
gion according to its reliability and the regularization parameter is
simultaneously estimated for each region. The regions are generated
by segmenting the reference frame using watershed segmentation.
The experimental results using real video sequences show the effec-
tiveness of the proposed algorithm compared to three state-of-the-art
SR algorithms.

Index Terms— Super-resolution, affine model, image registra-
tion, region-based global weight, adaptive regularization

1. INTRODUCTION

In many applications such as remote sensing and video surveillance
the demand for extracting a high-resolution image from low reso-
lution video sequence is gradually increasing since high resolution
images offer more details that provide to the viewer. One way to
obtain high-resolution images is to physically reduce the pixel size
and therefore increase the number of pixels per unit area. However,
since a reduction of pixel size causes a decrease in the amount of
light, shot noise is generated that severely degrades the image qual-
ity. Instead of altering the sensor manufacturing technology, dig-
ital image processing methods to obtain a high resolution image
from low-resolution observations have been investigated by many
researchers [2–10].

Super-resolution (SR) is an approach to obtain high-resolution
(HR) image(s) from a set of low-resolution (LR) images. The most
important steps of SR algorithms are image registration and data fu-
sion. Image registration process has been paid more attention for
the last two decades [1]. Data fusion is the process which fuses the
registered images to construct the HR image. However, registration
of images containing locally moving objects is still a challenging
task. To overcome the problems of registration error in locally mov-
ing parts, three techniques appeared in the literature. The first is to
use different global (or local) weight for different registration error
level [4–7]. The main idea behind this technique is to weight the
frames (or pixels) that have high registration error with small weight
or even discard them. The second is to use local motion (or multi-
motion) estimation to improve the accuracy of registration in the lo-
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cally moving parts [8]. The main idea behind this technique is to
incorporate information from different frames as much as possible.
The third is a combination of the previous categories [7]. Among
them, the first technique is widely used in super-resolution.

As stated before, the idea of using different weight for differ-
ent registration is based on rejecting pixels or even whole frames
that have high registration error. We can categorize existing tech-
niques into two classes. The first is the global weighting [4], where
each frame is weighted with certain weight based on the error in
the whole frame. The second is the local weighting [5, 6], where
each pixel has its individual weight. In [4], it has been proposed
to use a global weight for each frame and also have different reg-
ularization parameter so that as the error increases the weight de-
creases and the regularization parameter increases. This algorithm
suggests different regularization for different frame, however it is
still has a problem in case of existence of occlusion and/or local mo-
tion. In [5], local weights have been proposed, however, the weights
are not adapted to registration error, thus the algorithm in [5] can
not cope with the error resulting from inaccurate image registration.
In [6], local weights have been selected for each pixel using an ex-
ponential function. The registration error (the absolute difference
between the reference frame and the warped frames) has been used
as exponent. The main problem of this algorithms is that the local
weights are sensitive to noise because they are determined pixel by
pixel.

In addition, region segmentation have been used before to en-
hance resolution [9, 10]. In [9], a region-based super-resolution al-
gorithm is proposed in which different filters are used according to
the type of region. But in this method the segmentation informa-
tion is not fully used where it is used only to classify regions into
homogeneous and inhomogeneous regions. In [10], the image is
segmented into background and different objects and each of these
are super-resolved separately using traditional technique and then
the super-resolved regions are merged to construct the HR image.
This algorithm is very complex since it requires detection of moving
objects and registration of each object separately.

Hence, the motivation of this paper is to develop a robust algo-
rithm that takes into account inaccurate registration in case of exis-
tence of moving objects. To do that, we propose to segment the refer-
ence frame into arbitrary shaped regions and to use a global weight
for each region and the regularization parameter is simultaneously
estimated for each region. For each region, the weight is adjusted
so that region with high registration error (due to local motion in
this region) will be considered with small weight or even discarded
depending on the amount of error. Also, the regularization parame-
ter increases as the registration error increases and decreases as the
smoothness of the region increases. This technique can achieve bet-
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ter results than both global and local weighting techniques because it
combines the advantages of both techniques, where weights are less
sensitive to noise and also regions which don’t suffer from registra-
tion error will not be affected by weights.

2. PROBLEM DESCRIPTION

2.1. Observation Model

Assume that K LR frames of the same scene in Lexicographical or-
der denoted by Yk(1 ≤ k ≤ K), each containing M2 pixels, are ob-
served, and they are generated from the HR frame denoted by X,
containing L2 pixels, where L ≥ M. We use the underscore notation
to indicate a vector. The observation of K LR frames are modeled
by the following degradation process:

Yk = DHFkX + Vk. (1)

where Fk, H and D are the motion operator of the kth frame, the
blurring operator (due to camera), and the down-sampling operator
respectively, X is the unknown HR frame, Yk is the kth observed
LR frame, and Vk is an additive random noise for the kth frame.
Throughout the paper, we assume that D and H are known and the
additive noise is Gaussian with zero mean. Therefore the problem
here in this paper is to find the original image X.

2.2. Iterative Super-resolution

To avoid matrices inversion, super-resolution problem is usually
solved iteratively. The method of iterative gradient descent is com-
monly employed [5] in order to minimize the following error func-
tion:

J(X) =

K∑

k=1

ρ
(
DHFkX − Yk

)
+ λkZ(X) (2)

where ρ is a general data fidelity function, Z is the property function
and λ is the regularization parameter. This optimization technique
seeks to converge towards a local minimum following the trajectory
defined by the negative gradient. That is, at iteration n, the high-
resolution image according to observation Yk, is updated as

Xn+1 = Xn + β

K∑

k=1

Rn
k (3)

where Rn
k is the residual gradient at for frame k at iteration n. It is

computed as

Rn
k = FT

k HT DTψ
(
DHFkXn − Yk

)
+ λn

kΦ(Xn) (4)

where ψ is the gradient of the data fidelity term, andΦ is the gradient
of the regularization term. This equation reveals that the iterative
super-resolution method is in fact an iterative fusion of the gradients
of the cost function. Using this idea, Mejdi et. al [5] proposed to
use LMS-based adaptive weight for gradient at each pixel. Also,
the global weighting method can be seen as globally weighting the
gradient at each frame.

3. REGION-BASED WEIGHT FOR SUPER-RESOLUTION

3.1. Proposed Cost Function

Two cost functions are proposed, namely, the adaptively regular-
ized weighted L1-norm and the adaptively regularized weighted L2-
norm. Then the data fidelity terms and the regularization terms are

described as follows:

ρ1

(
DHFkX − Yk

)
=
∥∥∥DHFkX − Yk

∥∥∥1
1,Wk ,

ρ2

(
DHFkX − Yk

)
=
∥∥∥DHFkX − Yk

∥∥∥2
2,Wk ,

and

Z1

(
X
)
=

P∑

l=−P

P∑

m=−P

α|l|+|m|
∥∥∥X − S l

xS
m
y X
∥∥∥1

1
, Z2

(
X
)
=
∥∥∥CX
∥∥∥2

2
,

where weighted L1- and L2-norms for vector X of size M2 are defined
as

||X||1
1,Wk =

M2∑

i=1

Wk(i, i)|X(i)|,

||X||2
2,Wk =

(
XT WkX

)1/2
,

respectively, S l
x and S m

y are the shifting operators in x and y by l and
m respectively, λk is a matrix that contains a regularization parameter
corresponding to each region, Wk is the weighting matrix containing
different weight for different region, β is a scalar representing the
step size in the direction of the gradient, C is a high pass operator
and α is a parameter that adjust the bilateral filter (0 < α < 1).

3.2. Choice of Weights
In this paper we propose to use an exponential function to globally
weight each region rather than the whole frame. Also, the regulariza-
tion parameter is adaptively estimated for each region. It is assumed
that each region have the same motion and then have the same error
level. Therefore, weighting each region with same weight is a rea-
sonable choice. The weight for region �i in frame k is weighted as
follows: let the error matrix at each frame k be

Ek = DHFkX − Yk, (5)

we define the error value at each region as

Ek
�i
=

1

N�

∑

j∈�i

|Ek( j)| (6)

and N�i is the number of pixels in region �i. Then the weight for
all pixels in region�i at frame k is used as

Wk
�i
= exp

(
−Ek
�i

)
, (7)

The weights are normalized so that the summation of the weights for
the same region in all frames equals the number of frames.

3.3. Choice of Regularization Parameter
The regularization parameter is adaptively estimated for each region
as follows:

1. in case of adaptively regularized weighted L1-norm

λk
�i
=

∑
j∈�i
|Ek( j)|

γk
�i
−∑ j∈�i

Z1( j)
(8)

where Z1( j) =
∑P

l=−P
∑P

m=−P α
|l|+|m| |X( j) − Xl,m( j)|, Xl,m =

S l
xS

m
y X, γk

�i
is chosen so that λk

�i
is non-negative; therefore

it can be chosen as γk
�i
>
∑

j∈�i
Z1( j). We used γk

�i
as

the summation of L1-norm of these LR region �i as γk
�i
=∑K

k=1

∑
j∈�i
|Yk( j)|.
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Algorithm 1 : the proposed algorithm.

Pre-compute:

1. register low-resolution frames with respect to the reference

frame using Lucas-Kanade affine motion model [1],

2. segment the reference frame into sub-regions using watershed

segmentation.

Iterate until convergence:

1. determine weights for each region using Eqs. 5 to 7,

2. determine the regularization parameter for each region using

Eq. 8 or 9,

3. update HR image using steepest decent.

2. in case of adaptively regularized weighted L2-norm

λk
�i
=

∑
j∈�i

(Ek( j))2

γk
�i
−∑ j∈�i

Z2
2
( j)

(9)

where Z2 = CX, γk
�i

is chosen so that λk
�i

is non-negative;

therefore it can be chosen as [11] γk
�i
>
∑

j∈�i
Z2

2( j). We

used γk
�i

as the summation of L2-norm of these LR region�i

as γk
�i
=
∑K

k=1

∑
j∈�i

(Yk( j))2.

To avoid high values of the regularization parameters in case of small
regions (which is sensitive to noise), we truncated the regularization
parameters in these regions so that they don’t increase more than 0.2.
The whole algorithm is described in Algorithm 1.

4. SIMULATION RESULTS AND DISCUSSION

For test, the Mobile video sequence with CIF format (240 × 352) is
used as a LR sequence. We assumed that the sequence is already
demosaicked or captured by three CCD sensors. To test the effi-
ciency of the proposed region-based weight with adaptive regulariza-
tion, we compared the proposed algorithm with three state-of-the-art
SR algorithms, namely L2-norm [2], L1-norm [3] and frame-based
weighted L2-norm with adaptive regularization [4]. In the simula-
tion, we used 20 steepest decent iterations for all the algorithms, α
is fixed to 0.2.

Figure 1 shows the results of different SR algorithms. In this fig-
ure, a zoomed part of the LR frame and the corresponding segments
are shown in Figs. 1a and 1b respectively. Figure 1c shows that us-
ing L2-norm is sensitive to registration error which is obvious at the
locally moving parts as the ball and train in this example where the
projection of the registration error of each LR frame appears. Also,
although it is robust to registration error, L1-norm cannot cope with
the registration error for moving objects. Instead of projecting the
registration error of all LR frames, L1-norm select the median over
the LR frames which is not suitable for local registration error as
shown in Fig. 1d. In addition, using frame-based weight with adap-
tive regularization is suitable in case of global registration error and
when the area of local errors is big so that global weight can be dom-
inated by these local errors and then frames containing this error can
be discarded. However, in case of small moving objects the global
weight (frame-based weight) is not suitable as shown in Fig. 1e. On
the other hand, using region-based weights can overcome the prob-
lem of local motion and/or occlusion as shown in Figs. 1f and 1g.

5. CONCLUSION

In this paper, we presented an algorithm for image and video resolu-
tion enhancement. The proposed algorithm takes into account inac-
curate estimates of the registration parameters. These inaccurate es-
timates, along with the additive Gaussian noise in the low-resolution
image sequence, result in different noise level for each frame. How-
ever, in case of existence of local motion and/or occlusion, regions
that have local motion and/or occlusion have different noise level.
The proposed algorithm is based on global weighting for each region
with adaptive regularization. The weights are determined globally
for each region. The regions are determined by segmenting the ref-
erence frame into sub-regions using watershed segmentation. The
proposed algorithm can cope with the local motion and occlusion
problems. Affine motion model is assumed.
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(a) (b)

(c) (d)

(e) (f)

(g)

Fig. 1: Mobile sequence: (a) LR frame, (b) Segmented regions, HR frame using; (c) L2-Norm [2], (d) L1-Norm [3], (e) Global weighted

L2-Norm [4], (f) the proposed region-based weighted L1-Norm with adaptive regularization, and (g) the proposed region-based weighted

L2-Norm with adaptive regularization.
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