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Abstract—Color mosaic sampling schemes are widely used in dig-
ital cameras. Given the resolution of CCD sensor arrays, the image
quality of digital cameras using mosaic sampling largely depends
on the performance of the color demosaicking process. A common
problem with existing color demosaicking algorithms is an incon-
sistency of sample interpolations in different primary color chan-
nels, which is the cause of the most objectionable color artifacts. To
cure the problem, we propose a new primary-consistent soft-deci-
sion framework (PCSD) of color demosaicking. In the PCSD frame-
work, we make multiple estimates of a missing color sample under
different hypotheses on edge or texture directions. The estimates are
made via a primary consistent interpolation, meaning that all three
primary components of a color are interpolated in the same direc-
tion. The final estimate of a color sample is obtained by testing dif-
ferent interpolation hypotheses in the reconstructed full-resolution
color image and selecting the best via an optimal statistical decision
or inference process. A concrete color demosaicking method of the
PCSD framework is presented. This new method eliminates certain
types of color artifacts of existing color demosaicking methods. Ex-
tensive experimental results demonstrate that the PCSD approach
can significantly improve the image quality of digital cameras in
both subjective and objective measures. In some instances, our gain
over the competing methods can be as much as 7 dB.

Index Terms—Bayer CCD pattern, color demosaicking, digital
cameras, Fisher discriminant, second-order Laplacian correction
filter, soft decision.

I. INTRODUCTION

THE COLOR mosaic CCD sensor arrays like the well-
known Bayer pattern [3] are widely used in digital cam-

eras because of their simplicity and low cost. However, an
inherent drawback of the color mosaic is the subsampling of
primary colors, particularly in red and blue channels. Color
demosaicking via adaptive and robust sample interpolation
thus holds the key to the visual quality of digital cameras.
Many color demosaicking algorithms were proposed [1]–[5],
[8]–[10]. For an up-to-date comprehensive literature survey on
color demosaicking for digital cameras, we refer the reader to
the introduction part of a recent paper of Gunturk et al. [8], and
to a good website on the topic [5]. Also, an excellent informa-
tive introduction to color demosaicking among other technical

Manuscript received June 16, 2003; revised December 8, 2003. This work was
supported in part by the Natural Sciences and Engineering Research Council of
Canada. The associate editor coordinating the review of this manuscript and
approving it for publication was Dr. Zhigang (Zeke) Fan.

The authors are with the Department of Electrical and Computer Engi-
neering, McMaster University, Hamilton, ON L8S 4K1, Canada (e-mail:
xwu@mail.ece.mcmaster.ca; nzhang2@cogeco.ca).

Digital Object Identifier 10.1109/TIP.2004.832920

problems of digital cameras can be found in [2] by Adams et al.
Central to the color demosaicking process is gradient-guided
directional interpolation. The main idea is to reconstruct the
missing samples via interpolation along rather than across the
edges. However, many existing color demosaicking algorithms
suffer from an inadvertent oversight of not imposing the con-
sistency of interpolation directions in three primary colors red,
green, and blue, despite their efforts to exploit the correlation
between the color channels. Fine objects in a scene such as
hairs and cloth threads, which the existing color demosaicking
algorithms often fail to reconstruct, typically have a constant
hue and subtle changes, if any, in intensity and/or saturation
due to illumination conditions. Consequently, there is a high
degree of agreement in the gradients of the three primary colors
in natural images, which we call primary consistency. This is
an important physical constraint. The violation of this consis-
tency causes objectionable visual artifacts. A main contribution
of this paper is the new concept of primary-consistent color
interpolation. Although the ubiquitous (R, G, B) Bayer color
mosaic pattern is assumed throughout the paper, the term color
primaries in the discussions hereafter should be understood
more generally to include individual color components in other
color spaces such as (Y, Cr, Cb), (X, Y, Z), etc., and they can
also be generalized to include individual color components if a
color is represented by more than three components such as the
(R, G, B, E) of the recently released Sony’s new CCD, where
E stands for emerald.

Another drawback of the existing color demosaicking algo-
rithms is that they interpolate missing color components at a
pixel independently of the color interpolations at neighboring
pixels. The interpolation decision is made on a hypothesis of
the local gradient direction. However, these algorithms do not
validate the underlying hypothesis after the color interpolation
is completed. The verification of the hypothesis is difficult if
the pixels are treated individually. To overcome this drawback,
we introduce a new notion of soft-decision color demosaic. At
each pixel, instead of forcing a decision on the interpolation
direction with insufficient data, we make multiple hypotheses
and interpolate missing color components for each of the hy-
potheses. Then, we examine the interpolation results under
different hypotheses in a local window, and choose the one
whose underlying hypothesis agrees with the reconstructed
color image the best. In other words, the decision to choose
the optimal interpolation is delayed until the final color re-
construction under different hypotheses can be compared. In
practice, only two hypotheses, one for horizontal structure and
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the other for vertical structure, suffice to eliminate most of
color artifacts of the existing color demosaicking algorithms.

The new approach of interpolating missing primary color
components of a pixel in a consistent direction and deter-
mining the interpolation direction via soft decision is called
primary-consistent soft-decision (PCSD) demosaic. In the next
section, we present a primary consistent color interpolation
scheme. The consistency of interpolation direction in different
color channels is not always easy to achieve in certain con-
figurations of a local mosaic pattern. The remedy is to first
interpolate missing green samples separately in multiple direc-
tions, i.e., making multiple estimates under different hypotheses
on edge directions. Then, the interpolations of missing red and
blue samples are carried out also separately under each of the
hypotheses and aided by the corresponding directional green
estimates. In Section III, we complete the development of the
PCSD framework by introducing the concept of soft-decision
color demosaicking in choosing the primary-consistent esti-
mates under different hypotheses. A concrete realization of the
PCSD framework is proposed that uses Fisher’s linear discrim-
inant to make an optimal decision between two estimates under
horizontal and vertical edge hypotheses. Section IV presents
experimental results of the proposed PCSD-based method. It
also offers a comparison study between the new color demo-
saicking method and the existing ones. In order to not interrupt
the presentation flow, some relatively lengthy detailed analyzes
of the problems associated with inconsistency of interpolation
directions and with hard decision in color demosaicking are
presented in Appendices A and B.

II. PRIMARY-CONSISTENT COLOR INTERPOLATION

A natural tendency in designing a gradient-guided color de-
mosaicking algorithm is to estimate the gradient at the highest
directional resolution possible. Two cases in point are rather
elaborated methods of directional interpolation proposed by
Chang et al. [4] and Adams et al. [1]. These methods differen-
tiate sample values in all eight digital directions and reconstruct
the missing color component by selecting and weighing one or
more directional interpolations along a probable edge. Surpris-
ingly, though, the end effects of such methods, in some cases,
can be quite counterintuitive, as we analyze in Appendix A.
The case study of Appendix A shows that these methods may
end up interpolating different primary color components in
different directions, contradicting their aim to trace the edges
and violating a basic physical constraint that the primary
color channels should agree in gradient in natural scenes. This
inconsistency in primary color interpolation often causes ob-
jectionable color noises. Having found the root cause of many
color interpolation artifacts, we focus in this section on how to
maintain primary consistency in color interpolation.

Given a pixel in the mosaic, we interpolate each of the missing
color components twice, in horizontal and vertical directions
separately. Unlike existing color demosaicking algorithms, we
do not decide on the gradient direction at the time of color inter-
polation due to lack of information. The decision between the
two interpolations (or weighting of the two) for the pixel is de-
layed till the results of both interpolations are available for all

the missing color components in a local window. This delayed
decision process is the subject of Section III, where the results
of this section will be integrated into a soft decision process to
form the so-called PCSD framework of color demosaic.

Denote by and the interpolated colors
in horizontal and vertical directions. There are eight possible
combinations of estimating one of the two missing primary
color components in four different mosaic sample contexts (we
need to estimate two other missing components at the center in
each case)

Using the symmetry, we can reduce these eight combinations
to three cases and will treat each of them in the following three
subsections. We remind the reader that our PCSD color demo-
saicking approach needs to process these three cases in the order
as they are presented below.

A. Interpolation of Missing G Values

First, consider the case of interpolating the missing G value
at the location of an R sampling position in the Bayer pattern as
illustrated in Fig. 1.

The missing G value will be interpolated tentatively in both
horizontal and vertical directions

(1)

(2)

As a convention of this paper, capital letters refer to original
primary color values in the Bayer sampling scheme, small letters
refer to reconstructed primary color values obtained by color
demosaicking, and the subscripts denote the relative geographic
locations as in Fig. 1. An interpretation of (1) is

where is the estimate of G for the current position
using its west (east) neighbors. Clearly, the assumption used in
(1) is that the horizontal gradients in red and green channels
are approximately the same. The same assumption applies to
(2) in a symmetry between horizontal and vertical directions.
The advantage of using the adjacent red samples in the inter-
polation direction to interpolate the missing green value is that
they can factor in the second-order term in the green channel.
Note that the interpolation filter of (1) and (2) is the same as
the second-order Laplacian correction filter proposed by Adams
and Hamilton [1], [9]. The only difference is in that we interpo-
late in both horizontal and vertical directions and choose one of
the two later in a larger context (a soft delayed decision), as will
be explained in Section III, whereas the algorithm of Hamilton
[9] makes a hard decision on the interpolation direction on a
pixel-by-pixel basis.
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The interpolation of missing green values at the blue sampling
positions of the Bayer pattern is symmetric to the case consid-
ered above. One only needs to replace R values of (1) and (2)
by corresponding B values.

After all the missing green values are tentatively interpolated
in both horizontal and vertical directions, we proceed to interpo-
late the missing red and blue values. The reason for interpolating
the missing green values before other two primary colors is two
fold. First, green interpolation tends to be more robust because
the sampling frequency of the green channel is twice as high as
that of the other two primary color channels. Second, once the
missing green values are reconstructed, we have a full-resolu-
tion green image that can greatly aid the interpolation of missing
red and blue values, as we will see in the discussions to follow
immediately.

B. Interpolation of Missing R/B Values at G Sampling
Positions

Next, we proceed to interpolate the missing R and B values
at a G sampling position. For concreteness and without loss of
generality, let us examine a subcase.

1) Subcase 1: G sampling position with horizontal R and
vertical B neighbors, as illustrated below

Note that, by now, all four neighboring green values
interpolated

in both directions are available. Using these reconstructed
green values and the original sample values, we compute

(3)

Since blue color is not sampled at all in the current row and
red samples are completely missing in the current column,
maintaining primary consistency is difficult when estimating

and . The vertical R interpolation has to use
red samples of the horizontal neighbors and

, which is in conflict with
the underlying assumption of vertical structure. The best one
can do here is to fully utilize available vertical information of
the neighboring columns. The green estimates and
associated with and are used to estimate . It is
important to realize that and are estimates under the
hypothesis of vertical structure. The influence of the vertical
structure to the missing red value in the current column is
factored in by assuming that the difference image between
the red and green channels is reasonably smooth in the small
locality. Namely, .
The use of and in our estimate of is to respect
primary consistency the best way we know in this case. This

also explains why we need to first estimate all the missing green
values under the hypotheses of horizontal and vertical sample
structures separately. Here again, our interpolation filters in
(3) would appear to be very similar to those used by Hamilton
[9] and Adams [1]. However, t there is one critical difference.
The methods of [9] and [1] do not guarantee that the green
estimates used to interpolate the missing red or blue sample
are generated by the second-order Laplacian filter in the same
direction. For instance, the interpolation of can use as
the estimate of but as the estimate of , because
and are estimated individually in [9] and [1]. This individual
decision making process can violate primary consistency and
cause severe artifacts as we will show in detail in Appendix
B. The primary consistency can be preserved better in our
soft-decision framework to be developed in Section III. At
that point, the reader will appreciate why we maintain two
sets of estimates, one for each hypothesis of edge direction.

2) Subcase 2: Consider the following mosaic configura-
tion of G sampling position with horizontal B and vertical R
neighbors:

The estimates of missing R and B for G sampling position
with horizontal B and vertical R neighbors can be derived
symmetrically to Subcase 1 under the same rationale. Namely

(4)

C. Interpolation of Missing R/B Values at B/R Sampling
Positions

The most difficult task for color demosaicking of the Bayer
pattern is to estimate the missing blue (red) value at a red (blue)
sampling position. This is because the blue (red) color is not
sampled at all in both the current row and current column. The
missing blue (red) value has to be inferred from the samples at
the four corners or beyond. Specifically, consider the following
mosaic configuration of missing blue value at the red sampling
position:

In this case, on the same line of reasoning as in Subcase 1, the
primary-consistent estimates are

(5)
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Again, note the association of with
and the association of with in the estimation

formula for primary consistency.
Estimation of missing red value at the blue sampling position

is symmetric. Namely

(6)

III. SOFT DECISION ON ESTIMATES

The second defining characteristic of the proposed PCSD
color demosaicking approach is a novel framework of estima-
tion via soft decision. As presented in the previous section,
two sets of color estimates and are
made for each pixel based on two different hypotheses of
horizontal and vertical image structures. In either estimated
color, one of the three primaries is the true sample value and
the other two are estimated. Although the two hypotheses are
mutually conflicting, under each hypothesis color interpolation
is performed to maintain primary consistency. The decision on
which interpolation result to use is delayed until each of the
hypotheses can be better corroborated by sample statistics of all
three estimated color channels at full resolution in a sufficiently
large window centered at the pixel in question.

Specifically, define the primary differences under horizontal
and vertical hypotheses at position to be

(7)

In order to select between the horizontal and vertical estimates,
the primary differences of horizontally estimated colors in a
3 3 window

(8)

are used to verify the horizontal hypothesis in the window. If
the hypothesis of horizontal edge is correct, then the horizontal
gradients in the difference image between the estimated color
channels in the window centered at the pixel in question
should be small. In order to verify this, we further define the
horizontal and vertical gradients of the horizontally estimated
colors by

(9)

and

(10)

Similarly, in order to verify the hypothesis of vertical edge or
structure using the vertical gradients of the difference image
between the estimated color channels in the 3 3 window, we
define

(11)

(12)

In choosing between the horizontal and vertical estimates, the
gradients and play a major role in making the deci-
sion, whereas and are secondary and useful to break
the tie if and are too close to discriminate. Now, the
problem of testing interpolation hypotheses can be treated as
one of optimal statistical decision. Let the decision whether

or is a better estimate of the con-
cerned pixel be a binary random variable . The soft decision
for color demosaicking is based on the posterior probability

. This posterior probability can be
estimated from a large suitable training set. One can apply the
classic maximum a posterior probability (MAP) techniques to
solve the problem. Minimum-risk Bayesian classifier [7] and
Fisher’s linear discriminant technique [6] also proved to be
effective in our experiments. We describe the latter technique
below in the context of color demosaic.

We consider to be a vector of
features that the binary random variable exhibits, where

if is a better estimate than and
otherwise. We use a suitable training set
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representing the statistics of the CCD camera data to optimize
the binary decision . The value of partitions the set into
two subsets and . Set consists of all the training
feature vectors associated with . The problem of
optimal soft decision for color demosaicking is then converted
to one of maximum separation of the two sets and in the
feature space of by a classifier. This can be done by Fisher’s
linear discriminant [6], which aims to separate and by a
hyperplane. The hyperplane is set perpendicular to the direction
in which and have the maximum separation. Specifically,
we want to find the projection direction

(13)

where

(14)

and

(15)

The solution of (13) is well known in multivariate analysis

(16)

where

(17)

and

(18)

Once the maximum separation direction is determined, the
optimal estimate can be made by the following linear function

choose

choose (19)

where the threshold value can be optimally chosen by a linear
search using a suitable training set. The optimization criterion
can be to minimize the mean-square estimation error or to min-
imize the number of misclassifications. We found empirically
that the latter criterion produces slightly better visual quality.
This observation can be easily explained because the reviewers
prefer a reconstructed image with as few wrongly interpolated
pixels as possible to one of slightly higher PSNR.

We implemented the Fisher’s linear discriminant and found
that the optimal projection direction is given by

for a very large training set of 36 test images. Interestingly
enough, even without training or optimization, we found empir-
ically that the parameters and worked
quite well on natural color images. The following examples
(Fig. 7) demonstrate the difference in image quality between the
optimized Fisher discriminant and the simple fast linear classi-
fier .

To conclude this section, we would like to emphasize that the
proposed PCSD methodology of PCSD color demosaicking rep-
resents a general framework. It can be realized by other statis-
tical inference techniques. The above development only showed
how the problem can be solved as one of optimal decision or
minimum-risk classification. The problem can also be treated
as one of data fusion so that the two or more estimates under
different hypotheses can be weighted to minimize the estima-
tion error. If color demosaicking is treated as a binary decision
problem as proposed earlier, we essentially choose between one
of the two one-dimensional (1-D) (horizontal or vertical) inter-
polation filters. If the interpolation direction is chosen correctly,
the 1-D filtering is optimal in the presence of edges. In smooth
color areas, the 1-D filtering also works satisfactorily because
the signal is smooth in either direction. However, two-dimen-
sional (2-D) filtering should be clearly superior, at least in terms
of PSNR measure, for signals that are isotropic and smooth.
Therefore, optimal data fusion is a more general and robust ap-
proach in the soft-decision color demosaicking framework. The
research on this approach is under way. Finally, the features on
which the statistical inference is based are very important to the
performance of soft-decision color demosaic, too. The feature
vector proposed here is by no means the
only choice. It can be easily replaced by any other feature vec-
tors, if one can find a set of more revealing and discriminating
features.

IV. EXPERIMENTAL RESULTS

To evaluate the performance of the new PCSD color de-
mosaicking methodology, we compared the new method to
the best in the literature [1], [4], and [9]. Our experiments
were controlled to calibrate the impact of the primary-consis-
tent interpolation and soft-decision estimates only. No pre- and
post-processing is used. When interpolating the missing green
samples, we use the same five-tap second-order Laplacian cor-
rection filter as in [9], which was observed by many authors
including us to be one of the best practical demosaicking fil-
ters. Like in [9], we assumed the smoothness of the difference
image between different color channels, as being evident in
(1) and (2). The only difference is in that we chose and

differently in order to ensure primary consistency and the
interpolation is done separately under two different hypotheses
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Fig. 1. Bayer pattern.

Fig. 2. Images used in experiments. They are referred to as Bikes, Ribbon,
Water, Fence, Sail, and Barb in the text, enumerated from left to right and top
to bottom.

on edge direction. After missing green samples are estimated,
we use the simplest bilinear color difference interpolation to
reconstruct the missing red and blue samples. Under these ex-
perimental conditions, one can be sure that any performance
differences between Hamilton’s algorithm and the PCSD algo-
rithm, either by subjective or objective measures, are solely the
effects of primary-consistent color interpolation and soft-deci-
sion estimation.

Our comparative performance evaluation of different color
demosaicking algorithms [1], [4], and [9] was carried out on a
large set of natural color images of different resolutions. Some
of our test images are shown in Fig. 2. These images have three
full-resolution red, green, and blue color channels. The color
filter array (CFA) is simulated by sampling the three color chan-
nels according to Bayer pattern. No antialiasing preprocessing
is performed in the subsampling. The existing demosaicking
algorithms chosen in the study group are among the best so far
in the literature. Tables I, II, and III tabulate the PSNR results
(in decibles) of different color demosaicking algorithms, each
of the primary colors green, red, and blue, respectively. As one
can see from the tables, the PCSD algorithm outperforms ex-
isting ones by significant margins. The difference ranges from

1.6 to 4.6 dB on an average of six test images. In some in-
stances, the gap can be as large as 7.9 dB. In Appendix B, we
use the test image of picket fence in a case study to explain
why such a large performance gap exists between the PCSD
approach and others.

To assess the visual quality of different demosaicking algo-
rithms, in Figs. 3–6, we present the original and reconstructed
color images by different algorithms in some areas of four test
images Fence, Barb, Water, and Ribbon. These images, while
being common scenes in photography, contain some most diffi-
cult high frequency features such as picket fences (Fig. 3), fine
fiber patterns (Figs. 4 and 5) and water texture (Fig. 6) that
can challenge digital cameras, or so-called “heartburn” cases
identified by [2]. The superior image quality of the PCSD al-
gorithm over others is clearly demonstrated by the color plates
of Figs. 3–6.

With the validity and effectiveness of the PCSD color de-
mosaicking approach established, we also experimented with
post-processing filtering to further improve the demosaicking
results, in particular, in terms of objective error measure. Re-
cently, Gunturk et al. published a color demosaicking technique,
called alternating projections [8], to improve Hamilton–Adams’
method. It is essentially an iterative low-pass filtering scheme
under the assumption of smooth difference image between the
color channels. Gunturk et al. used Hamilton–Adams’ method
to get initial estimates of missing green samples. The inter-
polated green samples at the red (blue) locations are used to
form a down-sampled version of the green channel. The original
mosaic samples of the red (blue) channel form down-sampled
red (blue) channel to correspond to the down-sampled green
channel. These down-sampled green and red (blue) channels
are then wavelet transformed into LL, HL, LH, and HH sub-
bands. The current green estimates at red (blue) locations are
updated by replacing green channel’s high frequency (LH, HL,
HH) subbands with those of the red (blue) channel. Actually, the
above procedure is equivalent to the filtering of the down sam-
pled color difference images and by a
5 5 2-D low-pass filter , where

The resulting low-pass filtered images and are then used to
update green color estimations as and
at red and blue locations. After the missing green samples are
interpolated, iterative wavelet transform and projection opera-
tions are used to finish red and blue interpolations (see [8] for
details). The idea of [8] is to make the high frequency energy of
reconstructed color difference images below certain threshold
without changing original mosaic sample values. Gunturk et al.
reported higher PSNR values than those of other algorithms.

Adaptive post filtering can be integrated into the proposed
PCSD demosaicking framework. After tentative color interpo-
lations performed separately under hypotheses of horizontal and
vertical gradients, but before soft decision, we examine the four
full-resolution color difference images
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Fig. 3. Color reproduction comparison of different color demosaicking
algorithms. (a) Part of the original image fence. (b) Algorithm of [4].
(c) Algorithm of [9]. (d) PCSD.

Instead of using a separable 2-D low-pass filter as in [8] without
edge adaptability, we can employ a directional filter. Specifi-
cally, we can filter and along horizontal direction while
filter and along vertical direction. A simple five-tap av-
erage filter was found to perform
well.

By low-pass filtering of interpolation results under different
hypotheses before soft decision (hypothesis verification), our

Fig. 4. Color reproduction comparison of different color demosaicking
algorithms. (a) Part of the original image barb. (b) Algorithm of [4].
(c) Algorithm of [9]. (d) PCSD.

reconstructed green images have on average 2.4-dB higher
PSNR than [8] (see Table IV). This improvement is significant
in terms of subjective quality because the green channel in the
Bayer pattern contains much of the spatial detail. Moreover, the
average PSNR value of blue images (which were reconstructed
by simple bilinear interpolation of the signal after all green
samples have been determined) is also 1.2-dB higher than
the results reported in [8], even though the latter required
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Fig. 5. Color reproduction comparison of different color demosaicking
algorithms. (a) Part of the original image ribbon. (b) Algorithm of [4].
(c) Algorithm of [9]. (d) PCSD.

several (about 8) iterations of wavelet transform and alternating
projections.

V. CONCLUSION

In this paper, we proposed a new PCSD framework of color
demosaicking techniques and presented a PCSD-based color de-
mosaicking method using the second-order Laplacian correc-

Fig. 6. Color reproduction comparison of different color demosaicking
algorithms. (a) Part of the original image water. (b) Algorithm of [4].
(c) Algorithm of [9]. (d) PCSD.

tion filter and Fisher linear discriminant. Our analysis and ex-
perimental results show that the PCSD demosaicking method
can eliminate or greatly alleviate many types of objectionable
color artifacts of existing color demosaicking methods. We be-
lieve that further improvement in fidelity of demosaiced color
images captured by digital cameras is possible within the new
PCSD framework, with discovery of better interpolation filters
and statistical inference techniques.



WU AND ZHANG: PRIMARY-CONSISTENT SOFT-DECISION COLOR DEMOSAICKING 1271

Fig. 7. Color reproduction comparison of different color demosaicking algorithms. (a) Part of the original image ribbon. (b) Algorithm of [9]. (c) PCSD [no
training: a = (�1; 0; 1; 0)]. (d) PCSD [Fisher discriminant: â = (�0:62;�0:35;+0:62;+0:35)].

APPENDIX

A. Case Study of Primary Inconsistency in Color Interpolation

In this Appendix, we expose the problem of primary incon-
sistent color interpolation and its adverse effects to the image
quality. For concreteness, we choose the color demosaicking
algorithm of [4] to exemplify the problem. This algorithm is
chosen because it went to a great length to interpolate missing
color samples along estimated edge directions/trajectories.
However, it does not ensure that different primary colors are
interpolated consistently in the same direction/trajectory. This
oversight makes directional color interpolation counterproduc-
tive in some cases as we will show below.

The algorithm of [4] interpolates a missing color component
by weighting some of the eight neighboring samples of the con-
cerned pixel based on directional gradients.

For instance, at a red position (Fig. 8), the estimates of the
primary colors for the north location are

(20) Fig. 8. Interpolate G and B for R position.
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TABLE I
GREEN CHANNEL PSNR (IN DECIBELS) COMPARISON OF DIFFERENT METHODS

TABLE II
RED CHANNEL PSNR (IN DECIBELS) COMPARISON OF DIFFERENT METHODS

TABLE III
BLUE CHANNEL PSNR (IN DECIBELS) COMPARISON OF DIFFERENT METHODS

Whether and how much estimate contributes
to the estimate of the center pixel depends on
gradient

Note that in (20), estimate is obtained via an interpolation in
vertical direction but estimate in horizontal direction. This
is clearly a case of primary inconsistency, because the red and
blue interpolations are performed in perpendicular directions.
Suppose that there is a vertical edge, and is relatively small
so that gets selected. However, because is not

estimated in vertical direction, the algorithm of [4] can cause
severe color artifacts even for simple vertical edges. Symmetri-
cally, other cases of primary inconsistency also exist.

To see a case in point, let us examine the following 2-D mo-
saic sample data:

in which represents an original red sample of value 242
in the Bayer mosaic, and so forth. The original image has a
vertical edge through the center of the window. The primary
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TABLE IV
PSNR (IN DECIBELS) COMPARISON BETWEEN ALGORITHM [8] AND PCSD WITH DIRECTIONAL FILTERING

TABLE V
PRIMARY COLOR VALUES AND GRADIENTS IN EIGHT DIRECTIONS ESTIMATED BY THE ALGORITHM OF [4]

color values and gradients in eight directions
, estimated by the algorithm of

[4] are tabulated in Table V. The values in bold face are original
mosaic data, while others are estimates obtained by interpola-
tion formula of [4] like (20).

In [4], the threshold for selecting gradients to be used in in-
terpolation is

Due to the vertical edge, in this case only, and are below
, so and are selected to interpolate the

missing green and blue samples

The original green and blue values for the red position in ques-
tion are 220 and 180, respectively. A large error in blue estima-
tion is caused by primary inconsistency. The color artifacts are
rather conspicuous as in Figs. 3–6.

B. Case Study of Soft Decision

In the presence of high–frequency features, a key to adaptive
color demosaicking is the estimation of edge direction or trajec-
tory before interpolating missing color components accordingly.
The estimation is far more difficult and less robust than edge de-
tection in conventional image processing due to subsampling of
color channels by CCD sensors. This is because the underlying

intensity gradients are necessarily estimated based on incom-
plete information. The following example shows how an inter-
polation result can contradict the very assumption under which
the interpolation is made, and how the problem can be rectified
by the soft decision of the PCSD framework proposed by this
paper.

Presented below is a block of mosaic data taken from Fig. 3(a)

By convention of this paper, the capital letters represent orig-
inal mosaic data, while small letters represent estimated missing
sample values via demosaicking. The three sample positions
identified by bold face letters are the sub-
jects of the following discussion. The green estimates under dif-
ferent edge hypotheses are also given at the three positions, with

denoting the green estimate via interpolation under the as-
sumption of horizontal edge direction, and so forth. This is the
“picket fence” scenario selected by Adams et al. [2] as a repre-
sentative of the most difficult cases for color demosaicking al-
gorithms. The difficulty lies in the facts that the horizontal and
vertical differences are too close to discriminate and that the
penalty of a mistake in interpolation direction is high. It is inter-
esting to see how Hamilton–Adams’ algorithm [9], one of the
best in the literature, handles this case. At red position ,
the horizontal and vertical gradients are estimated as
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Since , the algorithm assumes that samples
are on a horizontal edge and

estimates the green sample for position to be

which is labeled by in the figure above. Now, consider the
red position below . At this position, the estimated
horizontal and vertical gradients are

However, here , the algorithm concludes that sam-
ples are on a vertical edge and
estimates the green sample for position to be

The above suggests three possibilities: the pixel at position
is on the horizontal edge, or on the vertical edge, or at

the intersection of the two perpendicular edges of similar color.
The last case can be ruled out because the two edges have very
different colors: At position the primary difference is

, whereas at position , we have
. Now, the decision is which inter-

polation direction should be at position . This decision is
prone to error if the estimation of missing primary color values is
done on a pixel by pixel basis. Indeed, most of existing color de-
mosaicking algorithms will interpolate the missing green value
at position horizontally, despite the fact that there is a
sharp vertical edge through the pixel in question. This interpo-
lation error causes the color artifacts as shown in Fig. 3(c).

In contrast, the probability of estimation error can be greatly
reduced by soft decision. Instead of jumping to the conclusion
that there is a horizontal edge through position , we also
tentatively interpolate the missing green sample at position

in vertical direction

Then, we test the two conflicting hypotheses of horizontal and
vertical edges by examining in which direction the primary dif-
ference signal of reconstructed color samples is smoother, i.e.,
selecting the direction in which the color variation is the smaller.
If two neighboring pixels and are on an
edge, then the difference values and tend to
be approximately same. Indeed, the second-order Laplacian in-
terpolation filter used by many authors [1], [8], [9], including

us, is based on the assumption of . In the
example above, we have at position and
also at position ; in comparison, we have

at position but at position
(if the missing green sample at position is inter-

polated horizontally by the second-order Laplacian filter, then
). Since the primary difference signal is much

smoother in the vertical direction than in the horizontal direc-
tion, our algorithm chooses over to be the
estimate of the missing green value at position , while the
true value is also 147.
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