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ABSTRACT

Spatial resolution of digital images are limited due to optical/sensor
blurring and sensor site density. In single-chip digital cameras, the
resolution is further degraded because such devices use a color filter
array to capture only one spectral component at a pixel location. The
process of estimating the missing two color values at each pixel loca-
tion is known as demosaicking. Demosaicking methods usually ex-
ploit the correlation among color channels. When there are multiple
images, it is possible not only to have better estimates of the missing
color values but also to improve the spatial resolution further (us-
ing super-resolution reconstruction). Previously, we have proposed
a demosaicking algorithm based on the projection onto convex sets
(POCS) technique. In this paper, we improve the results of that al-
gorithm adding a new constraint set based on the spatio-intensity
neighborhood. We extend the algorithm to image sequences for
multi-frame demosaicking and super resolution.

Index Terms— Super resolution, demosaicking, POCS

1. INTRODUCTION

To represent a color image, a sensor needs at least three color sam-
ples at every pixel location. However, putting three separate sensors
at each camera is not a preferred approach because of cost and de-
sign difficulties. Instead, manufacturers use a color filter array (CFA)
with a single sensor to capture only one color sample at pixel loca-
tion. The color samples obtained with such a CFA must then be
interpolated to estimate the missing samples. Because of the mosaic
pattern of the color samples, this CFA interpolation problem is also
referred to as “demosaicking” in the literature [1].

The most commonly used CFA is the Bayer pattern. The Bayer
pattern includes twice as many green samples as red/blue samples,
taking advantage of the fact that human eye is more sensitive to
changes in green than in red/blue. Standard interpolation techniques
(such as bilinear and bicubic interpolation) do not produce good re-
sults in the demosaicking problem. When the correlation among
color channels are not taken into account, visible artifacts occur.
There is a variety of demosaicking algorithms in the literature, in-
cluding edge-directed [2, 3], constant-hue-based [4], Laplacian as
correction terms [5], alias canceling [6], projections onto convex sets
based [7], and homogeneity-directed [8] interpolation methods. A
comprehensive survey/comparison of these algorithms is provided
in [1].

When there are multiple images, spatial resolution can be im-
proved beyond the physical limits of a sensor chip through subpixel
registration. This multi-frame resolution enhancement is known as
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super-resolution (SR) reconstruction. A recent IEEE Signal Process-
ing Magazine provides a comprehensive survey on SR image recon-
struction [9]. Although there have been a significant amount of work
on SR reconstruction, there are only few recent efforts modeling
CFA sampling and addressing issues related to image reconstruction
from CFA-sampled data.

In [10], data fidelity and regularization terms are combined to
produce high-resolution images. The data fidelity term is based on a
cost function that is composed by the sum of residual differences be-
tween actual observations and high-resolution image projected onto
observations (simulated observations). Regularization functions
are added to this cost function to eliminate color artifacts and pre-
serve edge structures. A similar algorithm is presented in [11].

Among different demosaicking approaches, the POCS-based de-
mosaicking algorithm has one of the best performance in terms of
mean square error [7], [1]. One advantage of the POCS framework
is that new constraints can be easily incorporated into a POCS-based
algorithm. Here, we add a new contraint set to this framework. This
new constraint set is based on the spatio-intensity neighborhood of a
pixel.

We also modify this algorithm for super-resolution reconstruc-
tion of CFA sampled image sequences. We investigate two approaches:
sequential and joint. In sequential approach, we separate the restora-
tion process into two parts. The first part is multi-frame demosaick-
ing, where missing color samples are estimated. The second part
is super-resolution reconstruction, where sub-pixel level resolution
is achieved. In joint approach, super-resolution and demosaicking
steps are merged into the same framework.

In Section 2, we present an imaging model that includes CFA
sampling. We introduce our POCS-based multi-frame demosaicking
algorithm in section 3. The Section includes three constraint sets and
corresponding projection operators for multi-frame demosaicking.
Single-frame demosaicking is a subset of this algorithm. In Section
4, we explain how to achieve sub-pixel resolution. Experimental
results and discussions are provided in Section 5.

2. IMAGING MODEL

We use an image acquisition model that includes CFA sampling in
addition to motion and blurring. The model has two steps: the first
step models conversion of a high-resolution full-color image into a
low-resolution full-color image. The second step models color filter
sampling of full-color low-resolution image.

Let xS be the unknown high-resolution image with color chan-

nels red (xR), green (xG), and blue (xB). The ith observation, y
(i)
S ,

is obtained from this high-resolution image through spatial warping,
blurring, and downsampling operations:

y
(i)
S = DCW (i)xS , for S = R,G,B, and i = 1, 2, ...,K,

(1)

I ­ 7531­4244­0728­1/07/$20.00 ©2007 IEEE ICASSP 2007



whereK is the number of input images,W (i) is the warping opera-
tion (to account for the relative motion between observations), C is
the convolution operation (to account for the point spread function
of the camera), andD is the downsampling operation (to account for
the spatial sampling of the sensor).

The full-color image y
(i)
S is then converted to a mosaicked ob-

servation z(i) according to a CFA sampling pattern:

z(i) =
�

S=R,G,B

MSy
(i)
S (2)

where MS takes only one of the color samples at a pixel according
to the pattern. For example, at red pixel location, [MR, MG, MB ]
is [1, 0, 0].

We investigate two approaches to obtain xS . In the sequen-

tial approach, each full-color low-resolution image y
(i)
S is estimated

from the multiple observations z(i), and then SR reconstruction is

applied to these estimates y
(i)
S to obtain xS . In the joint approach,

xS is obtained directly from z(i) without estimating y
(i)
S .

3. MULTI-FRAME DEMOSAICKING

In this section, we introduce multi-frame demosaicking, where mul-
tiple images are used to estimate missing samples in a Bayer-sampled
color image. The process is based on the POCS technique, where an
initial estimate is projected onto convex constraint sets iteratively to
reach a solution that is consistent with all constraints about the solu-
tion.

This algorithm is based on the demosaicking approach presented
in [7]. In [7], we define two constraint sets. The first constraint set
stems from inter-channel correlation. It is based on the idea that
high-frequency components of red, green, and blue channels should
be similar in an image. This constraint set is also used in this paper.

The second constraint set ensures that the reconstructed image
is consistent with the observed data of the same image. This con-
straint set can be improved when there are multiple observation of
the same scene. A missing sample (due to the CFA sampling) in an
image could have been captured in another image due to the relative
motion between observations. It is possible to obtain a better esti-
mate of a missing sample by taking multiple images into account.
Therefore, we define a constraint set based on the samples coming
from multiple images.

In addition to previous constraint sets, we propose a third con-
straint set in this paper to achieve color consistency. Consistent
neighbors of a pixel is decided according to both spatial and inten-
sity closeness. Intensity of a pixel is updated using the average value
of its consistent neighbors. These constraint sets are examined in
following sections.

3.1. Detail Constraint Set

LetWk be an operator that produces the kth subband of an image.
There are four frequency subbands (k = LL,LH,HL,HH) cor-
responding to low-pass filtering and high-pass filtering permutations
along horizontal and vertical dimensions.

The “detail” constraint set (Cd) forces the details (high frequency
components) of the red and blue channels to be similar to the details
of the green channel at every pixel location (n1, n2), and is defined
as follows:

Cd =

���
��

y
(i)
S (n1, n2) :���
�
Wky

(i)
S

�
(n1, n2)−

�
Wky

(i)
G

�
(n1, n2)

��� ≤ Td(n1, n2)

∀ (n1, n2), for k = LH,HL,HH and S = R,B

��	
�


(3)

 

II 

I 

Fig. 1. I: Input images are warped onto reference frame. II:
Weighted average of samples are taken to find values on the refer-
ence sampling grid.

where Td(n1, n2) is a positive threshold that quantifies the “close-
ness” of the detail subbands to each other. For details and further
discussion on this constraint set, we refer the reader to [7].

3.2. Observation Constraint Set

The interpolated color channels must be consistent with the color
samples captured by the digital camera for all images. Even if a color
sample does not exist in an image as a result of Bayer sampling, that
particular sample could have been captured in another frame (due to
motion). By warping all captured samples onto the common frame
to be demosaicked, we can obtain a good estimate of the missing
samples.

Figure 1 illustrates the sampling idea. In the figure, red channels
of three Bayer-sampled images are shown. The grid locations with
“triangles”, “circles”, and “squares” are the ones that have red sam-
ples. We would like to estimate the missing samples in the middle
image. The other two images warped onto the middle image. The
estimation problem now becomes an interpolation problem from a
set of nonuniformly sampled data. After the interpolation, we obtain

an “observation” image, ȳ
(i)
S . The demosaicked samples y

(i)
S should

be consistent with this observation image ȳ
(i)
S . To make sure that,

we can define the “observation” constraint set Co as follows:

Co =

���
��

y
(i)
S (n1, n2) :���y(i)
S (n1, n2)− ȳ(i)

S (n1, n2)
��� ≤ To (n1, n2)

∀ (n1, n2) and S = R,G,B

���
�	

, (4)

where To(n1, n2) is a positive threshold to quantify the closeness
of the estimated pixels to the averaged data.

The observation image ȳ
(i)
S should be interpolated from nonuni-

form samples. There are different approaches to do nonuniform in-
terpolation. One approach is to take a weighted average of all sam-
ples within a neighborhood of a pixel in question. For example, if
a sample is d away from the pixel in question, its weight could be

set to be proportional to e−(d/σ)2 , where σ is a constant parameter.
This requires accurate geometric registration as weight of each sam-
ple is determined according to the spatial closeness to the sampling
location. In our experiments, we used simple bilinear interpolation
to estimate the missing samples. That is, all frames are warped onto
the reference frame using bilinear interpolation. These warped im-

ages are then averaged to obtain ȳ
(i)
S .

One benefit of using this constraint set is noise reduction. When
the input data is noisy, constraining the solution to be close to the
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Fig. 2. Spatio-intensity neighborhood of a pixel is illustrated on a
one-dimensional image. The yellow region is the neighborhood of
the pixel in the middle.

observation image ȳ
(i)
S prevents amplification of noise and color ar-

tifacts.

3.3. Color Consistency Constraint Set

The third constraint set is the color consistency constraint set. It
is reasonable to expect pixels with similar green intensities have
similar red and blue intensities within a small spatial neighborhood.
Therefore, we define spatio-intensity neighborhood of a pixel. Sup-
pose that green channel xG of an image is already interpolated and
we would like to estimate the red value at a particular pixel (n1, n2).
Then, the spatio-intensity neighborhood of the pixel (n1, n2) is de-
fined as

N (n1, n2) =

�
(m1,m2) : ‖(m1,m2)− (n1, n2)‖ ≤ τS

and
���y(i)
G (m1,m2)− y(i)

G (n1, n2)
��� ≤ τI

�

(5)
where τS and τI are spatial and intensity neighborhood ranges, re-
spectively. Figure 2 illustrates spatio-intensity neighborhood for a
one-dimensional signal. In that figure, we would like to determine
the spatio-intensity neighbors of the pixel in the middle. The spatial
neighborhood is determined by τS ; and the intensity neighborhood
is determined by τI . The yellow region shows the spatio-intensity
neighborhood.

The spatio-intensity neighbors of a pixel should have similar
color values. One way to measure color similarity is to inspect color
differences between red and green channels (and blue and green
channels). These differences are expected to be similar within the
spatio-intensity neigborhood N (n1, n2). Therefore, the color con-
sistency constraint set can be defined as follows:

Cc =

�����
����

y
(i)
S (n1, n2) :

����y(i)
S (n1, n2)− y(i)

G (n1, n2)
	

−
�
y
(i)
S (n1, n2)− y(i)

G (n1, n2)
	���� ≤ Tc (n1, n2)

∀ (n1, n2) and S = R,B


����
����
(6)

where (·) is averaging within the neighborhood N (n1, n2), and
Tc(n1, n2) is a positive threshold.

An issue to be considered with all these constraint sets is the se-
lection of the threshold valuesTd (n1, n2),To (n1, n2), andTc (n1, n2).
The detail constraint set should be tight (i.e. Td (n1, n2) should be
small) when the inter-channel correlation is high [7]. When the im-
ages are noisy, a strict observation constraint that forces the solution

towards the average image ȳ
(i)
S would prevent color artifacts. There-

fore, noise variance and the number of images used to obtain ȳ
(i)
S

should be considered during the selection of To (n1, n2). If the im-
ages were noise-free and the warping process was perfect, then we
would keep To (n1, n2) very small. The color consistency thresh-
old Tc (n1, n2) determines how much the color difference smooth-
ness is enforced. The selection of the spatio-intensity neighborhood
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Fig. 3. Joint reconstruction approach is illustrated. The algorithm
starts with a high-resolution image estimate. Simulated observations
are obtained by forward imaging operations, including the CFA sam-
pling. The residuals are computed on Bayer pattern samples for each
channel, and then back-projected. The notation in the figure is as fol-
lows. W (i): Spatial warping onto ith observation, C: Convolution
with the PSF,D: Downsampling by the resolution enhancement fac-

tor, U : Upsampling by zero insertion, W
(i)
b : Back-warping to the

reference grid.

is also critical in this constraint set. When the spatial range τS
too large, local spatial neighborhood assumption could be violated.
When τS is too small, noise might become an issue. On the other
hand, the intensity range τI should not be too large not to take unre-
lated pixels into account. In our experiments, we determined optimal
parameters by trial-and-error. We leave the robust and automatic pa-
rameter selection issue as a future work.

3.4. Projection Operations

Because of the limited space, we do not include the projection op-
erators in this paper. The projection operators for the detail and ob-
servation constraint sets are given in [7]. The projection operator for
the color constraint set can be derived similarly.

4. ACHIEVING SUBPIXEL RESOLUTION

4.1. Sequential Approach

In the sequential approach, demosaicking is first performed on each
frame, and then super-resolution reconstruction is applied to the de-
mosaicked images. For demosaicking, either single-frame demo-
saicking or multi-frame demosaicking (as presented in this paper)
can be applied. For super-resolution reconstruction, each color chan-
nel can be treated separately using any of the super-resolution algo-
rithms in the literature. We use the iterated back projections algo-
rithm in our experiments [12]. Starting with an initial estimate for
the high-resolution image, warping, blurring and downsampling op-
erations are applied to produce a simulated observation. The resid-
ual between the simulated observation and the actual observation
y
(i)
S is then back-projected. The back-projection operation includes

upsampling by zero insertion, blurring, and back-warping. This is
done for each channel separately. The process is repeated until con-
vergence.

4.2. Joint Approach

The other approach is to perform demosaicking and super-resolution
reconstruction jointly. That is, a high-resolution image is recon-
structed from the input data z(i) without estimating full-color low-

resolution images y
(i)
S . The reconstruction process is again based

on the iterated back-projection algorithm [12]. Figure 3 shows an
illustration of this approach.
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Fig. 4. Three of the Bayer-pattern input images

                               (a)                                                            (b) 

                               (c)                                                            (d) 

                               (e)                                                            (f) 

Fig. 5. Single- and multi-frame demosaicking results. (a) Single
frame demosaicking using [3]. (b) Single frame demosaicking using
[7]. (c) Multi-frame demosaicking with detail and observation con-
straints used (Td=1, To=20). (d) Multi-frame demosaicking with
all constraints applied (Td=1, To=20, τS=4, τI=6, Tc=2). The it-
eration number for multi-frame demosaicking is five. (e) Sequential
SR result using images multi-frame demosaicking with all constraint
sets. (f) Joint SR result. The enhancement factor for SR is two.

5. EXPERIMENTS

We captured an image sequence of length 21. These images are then
sampled with the Bayer pattern to produce the input data. The algo-
rithms are applied on this data. Figure 4 shows three of these input
data. The motion parameters are estimated using feature-based im-
age registration technique [13]. The motion parameters are estimated
from the interpolated green channels due to its high sampling rate.

Due to the limited space, we provide selected results from our
experiments. Figure 5 includes results of single-frame demosaick-
ing algorithms [3] and [7], the proposed multi-frame demosaicking
algorithm with and without the spatio-intensity constraint set, and
super-resolution results. As seen in the figure, the spatio-intensity
constraint set improves results. SR reconstruction increases resolu-
tion further. The sequential SR performs better than the joint SR
in terms of color artifacts, as we did not include any inter-channel
constraint in the joint SR approach.

6. CONCLUSIONS

In this paper, we present a POCS-based framework for resolution
enhancement of Bayer-sampled video sequences. We defined three
constraint sets to perform demosaicking using multiple images. This
multi-frame demosaicking algorithm performed much better than
single-frame demosaicking algorithms. We also investigated two
different approaches for super-resolution reconstruction. The se-
quential approach is performed on demosaicked images. Whenmulti-
frame demosaicking is used, the super-resolution result has less noise
and color artifacts. The joint approach performed worse than the se-
quential approach because no inter-channel correlation was utilized.
In these initial experiments, the reconstruction parameters were cho-
sen by trial-and-error. As a future work, we will look into the pa-
rameter selection issue in more detail.
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