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Stochastic Color Interpolation for Digital Cameras
Hung-An Chang and Homer H. Chen, Fellow, IEEE

Abstract—This paper presents a stochastic estimation approach
to adaptive interpolation of color filter array. It models an image as
a 2-D locally stationary Gaussian process and achieves robustness
against aliasing by employing an edge-sensitive weighting policy
based on the stochastic characteristics of uniformly oriented edge
indicators. Experimental results show that the algorithm can ef-
fectively eliminate the occurrence of perceptible artifact. Perfor-
mance comparison in terms of peak signal-to-noise ratio and mean
square error is provided to demonstrate the superiority of the pro-
posed algorithm.

Index Terms—Color filter array (CFA), color interpolation, de-
mosaicing, edge detection, edge-sensitive weighting.

I. INTRODUCTION

MOST digital cameras with a single CCD or CMOS sensor
array use a color filter array (CFA) to capture images.

The most commonly used CFA is the Bayer color array, or Bayer
pattern [1], that samples the blue and green colors alternatively
in the even rows and the green and red colors in the odd rows as
shown in Fig. 1, resulting in a subsampled image with a single
color component for each pixel. The green pixels are sampled at
a higher rate because human eye is more sensitive to the green
color than to the blue and red colors. To reconstruct a full color
image from the raw data, color interpolation (also known as de-
mosaicking) is required to estimate the two missing color com-
ponents of each pixel.

The most straightforward color interpolation algorithm is
bilinear interpolation, which determines the missing colors
of each pixel by averaging the color values of nearby pixels.
However, it suffers from artifacts such as false color and blur-
ring especially in image areas with dense edges. This type of
artifacts is also known as the zipper effect and is caused by
alias—a situation where the Nyquist rates of the high spatial
frequency bands of such image areas exceed the sampling rate
of the CFA. As illustrated in Fig. 2, the artifacts become more
profound for sharper edges because the energy of the high
frequency bands increases as the edges become sharper.

Many techniques [2]–[24] have been proposed to mitigate
the alias effect. One class of techniques exploits the high cor-
relation between different color channels and transforms the
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Fig. 1. Bayer color array.

Fig. 2. Illustration of the zipper effect along a scan line of an image. Only green
and red pixels are shown (modified from [6]). Vertical axis represents the color
intensity. (a) Original image. (b) Bayer pattern image. (c) Image obtained by
bilinear interpolation suffers from the zipper effect near the edge.

image to a new color space where the image intensity field
varies more slowly. For example, Cok [2] found that the hue of
pixels, namely or , has a slower variation than RGB
and proposed a color interpolation method over hues. Pei et al.
[4] found that the color differences - and - also exhibit
slowly varying characteristics and proposed a color difference
based interpolation method. However, these methods are unable
to handle images where the color values of different channels do
not change coherently and hence sharp edge may remain after
the color space transformation.

Another important class of aliasing reduction techniques tries
to solve the problem by edge-adaptive interpolation. The main
idea is to adjust the weight for interpolation by using edge in-
dicators along various edge directions. An edge indicator along
an edge direction estimates the likelihood of edge crossing when
moving from the pixel to be interpolated to another pixel in the
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edge direction. The weight for interpolation is inversely propor-
tional to the likelihood estimate to prevent interpolating across
an edge.

Gradient-based interpolation [20] is a simple version of
edge-adaptive interpolation. It uses the vertical and horizontal
gradients as the edge indicators and avoids pixels in the di-
rection of large gradient in the interpolation. This method can
be regarded as a two-directional, hard-decision edge adaptive
method. The edge-adaptive interpolation can be further refined
by taking more edge directions into account and by applying
a soft-decision weighting policy [22]. The C2D2 method pro-
posed by Kêhtarnavaz et al. [5] considers eight directions and
uses the reciprocal of the directional derivatives as the weights
for interpolation and achieves significant improvement over the
gradient method.

The success of the C2D2 method suggests that the per-
formance of edge-adaptive interpolation depends on its edge
sensing ability and the robustness of its adaptive weighting
policy. Motivated by this observation, we develop a stochastic
approach to color interpolation. Specifically, the image is
modeled as a 2-D locally stationary Gaussian process and the
interpolation as stochastic estimation. Each missing color of a
pixel is interpolated from a set of uniformly oriented candidate
pixels based on the edge indicators and the observable data of the
candidates. The relative weight of the estimate for each candidate
is stochastically determined according to a reliability measure
that is computed based on the statistics of the corresponding edge
indicator. Then, the missing color is obtained by computing the
weighted average of the estimates. Experimental results show
that the algorithm proposed here can effectively eliminate the oc-
currence of perceptible artifact experienced in previous methods.

The rest of the paper is organized as follows. In Section II,
the properties of a locally stationary Gaussian process are de-
scribed. The details of the proposed algorithm, including the cal-
culation of edge indicators and the stochastic weighting policy,
are described in Section III. Experimental results and discus-
sions are given in Section IV, followed by a summary of the
paper in Section V.

II. LOCALLY STATIONARY GAUSSIAN PROCESS

We begin this section by introducing the autocorrelation func-
tion of a locally stationary Gaussian process and expressing the
difference of two samples in terms of the autocorrelation func-
tion. Then, we show how to normalize the differences of sam-
ples to so that they can be mapped into an identical Gaussian
distribution for further probabilistic analysis.

Within a locally stationary region, the autocorrelation func-
tion of an image intensity field [3] can be expressed as

(1)

where is the distance between the two pixels considered for the
function, and is an image-dependent parameter whose value
can change from one locally stationary region to another within
an image. This model implies that the power spectral density
of the intensity field within a locally stationary region is also
a Gaussian distribution and in accordance with the fact that the
high frequency bands possess much less energy than the low fre-
quency bands. Such high frequency bands occupy only a small
portion of the image spectrum, but they are the one that causes
the notorious perceptible aliasing.

For two samples of the process, and , belonging
to a locally stationary region and with , the dif-
ference is a zero-mean Gaussian random valu-
able. Because of the stationary property, the standard deviation
of is the same as that of . Denote
the standard deviation by ; we have (2), shown at the bottom
of the page, where and , respectively, are the mean and
standard deviation of the process. For convenience, we denote

by .
Consider a set of differences . All

these differences are Gaussian with zero mean, but depending on
their standard deviations may be different. By setting a unit

distance and multiplying by a normalization factor
as

(3)

where the autocorrelation function expressed in (1) is used in
the derivation, we can map into a Gaussian distribution
with zero mean and standard deviation .

Note that the normalization factor is a slowly varying
number when the value of is close to 1. To see this, let
us consider the case where , and . As
varies from 0.85 to 0.95, changes from 0.519 to 0.472, repre-
senting only a 7% change. In this case, can be approximated
by a constant 0.5 to simplify the computation.

III. STOCHASTIC COLOR INTERPOLATION

The proposed interpolation algorithm is divided into three
steps as shown in Fig. 3. In the first step, the missing green
components of blue and red pixels are interpolated. Next, the
missing red components of blue pixels and the missing blue
components of red pixels are interpolated. Finally, the missing
blue and red components of green pixels are interpolated. The
missing green components are interpolated first because the
channel has more samples available in the Bayer pattern and

(2)

Authorized licensed use limited to: National Taiwan University. Downloaded on January 21, 2009 at 05:08 from IEEE Xplore.  Restrictions apply.



966 IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 17, NO. 8, AUGUST 2007

Fig. 3. Flowchart of the stochastic color interpolation algorithm.

Fig. 4. Example of interpolation with four condidate pixels.

hence can generate more reliable estimate than the other two
channels. A reliable estimation of the green components also
helps enhance the interpolation of red and blue components be-
cause of the high correlation between these channels. In this al-
gorithm we separate the interpolation of and from that of
because the numbers of candidate pixels for these two compo-
nents are different.

In this section, we describe the edge indicators and the sto-
chastic weighting policy and show the interpolation formula
used in each step of the algorithm. The index refers to the step
number (which can be 1, 2, or 3) in the following discussion.

A. Edge Indicators

Suppose we want to interpolate a missing color (repre-
senting , or ) of the pixel located at (meaning
th row and th column) of the Bayer pattern from can-

didate pixels. Denote the set of displacements (in terms
of pixels) of these candidates with respect to by

, where is the vertical
displacement from to the th candidate pixel and
the horizontal displacement. Fig. 4 shows an example of these
notations for the interpolation of red color . In this
example,

, and .
The candidate pixels considered in the interpolation algo-

rithm have the following properties.
1) They have the color component obtained from either the

original CFA or the previous steps.
2) They are symmetric. That is, if the pixel at is

a candidate, the pixel at is also a candidate.

3) For each , the pixel at has the same
color as the pixel at .

Define the unit distance and the th
edge indicator as

(4)

where denotes the value of CFA sensory data
at , and is the value obtained from (3) with

. Given and , the value of
as mentioned in Section II can be approximated by a constant
to save computation. Then the distributions of for all

and become the same.
Note that and C in (4) are of dif-

ferent colors. The reason that we consider two color channels
for the edge indicator is to increase the edge sensitivity. Because
a sharp change in any color channel can result in a sharp edge,
jointly considering two color channels can improve the edge-de-
tecting ability.

B. Stochastic Weighting Policy

In step , the missing color is estimated by

(5)

where is an estimate of based on the data avail-
able at , and is the weight associated
with .

The weight is computed according to the reliability
of which is the probability of being a reliable
estimate. Conceptually, we can consider that the reliability of

is measured with respect to a reference edge at the cur-
rent pixel . Denote the reference edge by and its mag-
nitude by , which is the absolute difference of two pixels
separated by one unit distance across the edge. If the value of
the edge indicator is larger than , it implies that
there is an edge sharper than between the current pixel
and the candidate pixel . Therefore, the esti-
mate is unreliable. On the other hand, if

is a potentially reliable estimate. With this concept
in mind and under the stochastic framework discussed so far,
we treat as a random variable. We compute the probability

and use it as the reliability of the estimate
. The weight for is assigned in pro-

portion to the reliability of hence it is proportional to
. The task now is to estimate the distribution

of based on the information we have, namely, the values of
the edge-indicators around .

With the image modeled as a locally stationary Gaussian
process, becomes a zero-mean Gaussian with standard devi-
ation . Therefore, the cumulative distribution function (cdf)
of is

(6)
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The weight for is proportional to the reliability
of and thus satisfies the following two conditions:

(7)

(8)

To calculate the weight, we need to find the value of first.
Instead of calculating directly, we can find its value from the
expectance of because

(9)

which is proportional to . Once the expectance of is
known, can be determined immediately. The expectance of

can be easily calculated from the edge indicators .
Due to the locally stationary property of the image model, the
difference values
and used for calculating the
edge indicators defined in (4) have the same distribution as ;
thus the expectance of the average of these difference values
equals the expectance of . That is

(10)

Since the average is an unbiased estimate of the expectance, the
value of is estimated by averaging the edge indicator directly.

Because the integration in (7) is not in closed form, we pre-
compute the weights and store them in a look-up table to achieve
computational efficiency. Given a specified step size we cal-
culate the numerical value of

(11)

where and is the cdf of standard Gaussian
distribution, and store it in the th entry of the table. The prob-
ability in (7) can be expressed as

(12)

where is the average of the edge indicators

(13)

Fig. 5. Performance of the algorithm under different step sizes.

TABLE I
LOOK-UP TABLE OF f(y ) WITH (y ) = m � 2 2=�

By setting we can find a suitable index for
such that

(14)

Then, we can use to approximate .
The effect of on the performance of the algorithm is inves-

tigated by varying from to (i.e., from
to ) and measuring the PSNR performance of the al-

gorithm. The result is shown in Fig. 5. It can be seen that the per-
formance of the algorithm significantly improves as increases
but eventually saturates. The saturation of performance results
from the fact that is also a random variable. If the variation
of exceeds the step size, any further reduction of the step size
can no longer provide more precise weights. Since the satura-
tion starts roughly at , we choose and
construct a table for , as shown in Table I. This table is
used to determine the interpolation weights in the experiments
described in Section IV.
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Fig. 6. Candidate pixels for interpolating the missing G at B .

TABLE II
DISPLACEMENTS FROM CURRENT PIXEL TO CANDIDATES IN STEP I

The stochastic weighting and missing color estimation pro-
cedure of is summarized as follows.

1) Calculate as defined in (13).
2) For each edge indicator , find index such that

condition (14) is satisfied.
3) Temporarily set . Note that at this point

the weights thus obtained do not satisfy condition (8) yet.
The normalization is done in the next step.

4) Estimate the missing color by

(15)

C. Color Interpolation

Now we describe the details of the proposed algorithm. To
exploit the high correlation between the , and channels,
the color difference technique described in [4] is adopted in the
algorithm.

1) Interpolate the Missing G of R and B Pixels: In this step,
the missing component of a pixel (e.g., in Fig. 6) is in-
terpolated from twelve nearby neighbors of the pixel. The ver-
tical and horizontal positions of these twelve candidates rela-
tive to the pixel to be interpolated are specified in Table II. The
edge indicator of each candidate pixel is obtained by setting

and substituting , and

(16)

into (4). Here, is set to 0.5 for to achieve
the computational efficiency described in Section II. The color
difference value of a blue pixel at is estimated from its th
candidate by

(17)

TABLE III
MOVES FROM CURRENT PIXEL TO CANDIDATES IN STEP II

TABLE IV
DISPLACEMENTS FROM CURRENT PIXEL TO CANDIDATES IN STEP III

where is the average of the two blue pixels right
next to . As an example, in Fig. 6,

and .
The missing value of the blue pixel is interpolated by

(18)

where the weights are obtained by the method de-
scribed in Section III-B.

Similarly, the missing value of a red pixel located at
is interpolated by

(19)

where denotes the color difference value of the red pixel
estimated from the th candidate pixel

(20)

The values thus obtained are used to calculate the color dif-
ference values in the following steps.

2) Interpolate the Missing of Pixels: In this step,
the missing color of a pixel is interpolated from the four diag-
onal neighbors of the pixel. The vertical and horizontal positions
of these four candidates relative to the pixel to be interpolated
are specified in Table III.

Because the distance from the pixel to each candidate is the
same, the edge indicators are calculated by substituting

, and into (4). Given obtained
in Step 1, the color difference values are computed by

(21)

(22)

and the weight for each candidate is computed using the method
described in Section III-B. The missing and are interpo-
lated by

(23)

(24)
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Fig. 7. Test images.

3) Interpolate the Missing R and B of G Pixels: In this step,
each missing color of the pixel is interpolated from twelve can-
didates specified in Table IV. The edge indicators are obtained
by substituting , and defined in (16) into (4).
The color difference values are obtained by

(25)

(26)

Then the missing colors are interpolated by

(27)

(28)

IV. EXPERIMENTS AND DISCUSSION

The test images used in our experiments consist of 20 im-
ages (labeled I001–I020) from the Kodak image database and a
building image (I021) that has fine, dense edges in most areas of
the image. These full-color test images, shown in Fig. 7, were
first down-sampled to the Bayer pattern and then interpolated to
full color. The performance of the various interpolation methods
are measured in terms of peak signal-to-noise ratios (PSNRs) of

the , and channels, mean square error (MSE), and nor-
malized color difference (NCD). The first two metrics are per-
formed in the RGB space, while the last one is in the CIELAB
color space.

The PSNR of the channel of an image with height and
width is obtained by

(29)

where and represent the green components
of the original and the interpolated images, respectively. The
PSNRs of the and channels are calculated in a similar way.

The MSE of the interpolated image is given by

(30)

where denotes the difference between the original color value
and the interpolated color value.

The NCD of the interpolated image is computed according to
the formula shown in (31) at the bottom of the page. Because
the square root operation is performed before the summation in

(31)
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TABLE V
COLOR PSNR OF THE INTERPOLATED IMAGES

Fig. 8. Example of the inconsistency between MSE and NCD.

this equation, the NCD metric may not necessarily be consis-
tent with MSE and PSNR. An example of the inconsistency is
illustrated in Fig. 8, where the MSE of the first estimated data
set is smaller than that of the second one, but the NCD gives the
opposite result.

The conversion from RGB to CIELAB space may also con-
tribute to the inconsistency, since it is not an orthogonal oper-
ation. Generally, if interpolation method A leads to a smaller
MSE but larger NCD than method B for an image, the interpola-
tion error of the image generated by A tends to have smaller vari-
ance than that by B, implying that A is more stable. Because the
proposed algorithm is based on the locally stationary assump-
tion, it is more region-independent than the other methods and
hence is able to achieve minimal MSE.

The stochastic interpolation algorithm proposed in this paper
is compared against four existing methods: gradient-based inter-
polation (GB), color-difference-based interpolation (CDB) [4],
CFA interpolation using correlations and directional Derivatives

(C2D2) [5], and adaptive homogeneity-directed interpolation
(AH) [8]. The GB, CDB, and C2D2 methods are described in
Section I. To investigate the effect of median filtering on the per-
formance of the proposed algorithm, a 3 3 median filter (MF)
[14] is applied as a post processing operation, and the result is
compared.

The AH method proposed by Hirakawa et al. [8] applies a five
point 1-D filter to the raw sensory data to generate a vertically
interpolated image and a horizontally interpolated image. Then
the homogeneity of each pixel of the two images is calculated.
At each , the pixel from the image with the larger homo-
geneity is chosen as the output of the interpolation. Since it has
been demonstrated that the AH method has better performance
than the Alternating Projection method [9], we only include the
former in the comparison. Note also that we chose to compare
against the original AH method instead of the simplified ver-
sions [8] because it has the best performance.

The PSNR values of the images interpolated by different
methods are listed in Table V, whereas the MSE and NCD
values are provided in Table VI. As we can see, the AH method
and the proposed algorithm have the best performance among
all methods. Furthermore, the average performance of the
proposed algorithm is better than that of AH by about 1 dB in
PSNR and 13% in MSE. However, AH has a slightly better
NCD. This probably can be attributed to the fact that AH uses
a criterion similar to NCD in calculating the homogeneity.

Another interesting observation based on the average perfor-
mance is that the median filter does not bring improvement to
the interpolation. By examining the interpolated images care-
fully, however, we find that images with regions of dense edges
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TABLE VI
MSE AND NCD OF INTERPOLATED IMAGES

Fig. 9. Part of the building image (I021). (a) Original. (b) GB. (c) CDB. (d) C2D2. (e) AH. (f) Proposed. (g) Proposed with MF.

such as the building image (I021), the light house image (I019),
and the brook image (I013) do benefit from the media filtering.
For images with large smooth areas, the median filter tends to
degrade the overall performance of the interpolation, though it
is able to remove the aliasing near the edges.

The robustness of the proposed algorithm against aliasing is
demonstrated in Figs. 9–12. It is evident from Fig. 9 that the
proposed algorithm is able to deal with dense edges and reduce
the perceptible aliasing effectively. Similar fine results can be
observed at the sticker near the center of Fig. 10, the wires
and trees in Fig. 11, and the slogan and mascot in Fig. 12.

The results show that the algorithm produces better quality for
the interpolated images by preserving the sharpness of object
boundaries and by effectively preventing the occurrences of
false colors.

The proposed algorithm provides significant performance im-
provement without additional computational costs. Although it
needs to compute the average of the edge indicators and to per-
form table look-up, it does not need to compute the reciprocal
of the edge-indicator as the C2D2 algorithm does. The overall
computational cost of the proposed algorithm is similar to that
of other soft-decision edge-adaptive methods.
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Fig. 10. Part of the motors image (I005). (a) Original.(b) GB.(c) CDB.(d) C2D2.(e) AH.(f) Proposed.(g) Proposed with MF.

Fig. 11. Part of the sailboat image (I006). (a) Original.(b) GB.(c) CDB.(d) C2D2.(e) AH.(f) Proposed.(g) Proposed with MF.

Fig. 12. Part of the airplane image (I020). (a) Original. (b) GB. (c) CDB. (d) C2D2. (e) AH. (f) Proposed. (g) Proposed with MF.

V. SUMMARY

In this paper, we have presented a stochastic estimation algo-
rithm for adaptive color interpolation of the Bayer pattern. Each
missing color of a pixel is interpolated from a set of uniformly
oriented candidate pixels. By using the properties of the image
under the locally stationary Gaussian process assumption and
a stochastic weighting policy, the algorithm demonstrates high
edge sensing ability and robust weighting against aliasing.
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