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In this paper, we propose a content adaptive demosaicing algorithm, utilising content analysis and
correlation between the red, green and blue planes of a particular image. These two aspects are used for
the classiﬁcation of the technique in the generated trained ﬁlters. The proposed method aims to
reconstruct a high quality demosaiced image from a CFA Bayer pattern. The strategy highlighted in this
paper is very effective, as many of the image details are maintained during reconstruction. Since image
content analysis and ﬁlter coefﬁcient optimisation are performed during training and the training
process is ofﬂine, the online de-mosaicing ﬁlter is very efﬁcient.
& 2012 Elsevier B.V. All rights reserved.
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1. Introduction
Digital cameras employ the usage of a CFA (Colour Filter Array)
Bayer pattern. In order to fully utilise the chip design in digital
cameras, just one array is used to capture pixels of the red plane,
the green plane and the blue plane. Due to the higher sensitivity
of the human vision system towards the green colour, the green
pixels constitute 50 percent of the entire array, whereas the red
and blue pixels constitute 25 percent each of the CFA. To fully
reconstruct a coloured image, there is a requirement to compute
the full resolutions of the red, blue and green planes. With the
increase in the demand of high deﬁnition images, it has now
become imperative that the reconstruction of these images is in
very high quality. It is now very common to have digital cameras
providing options of taking pictures with a resolution much
higher than full HD. There is therefore a need to obtain the full
resolution red, blue and green planes. A strategy such as linear
interpolation or bi-cubic interpolation would result in a very low
quality reconstruction. Such a strategy would cause a great deal of
blurring and aliasing in the detailed regions of an image. Therefore, it is necessary to use more advanced methods to perform a
high quality reconstruction of these planes.
Content adaptive demosaicing is therefore the need of the hour
and due to its high demand, there have been methods proposed
in this ﬁeld. The majority of the content adaptive techniques
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deal with an edge detection mechanism as shown in Hamilton’s
method [1], where interpolation is performed along the edges of an
image. The technique in [2] relates the concept of bilateral ﬁltering
to demosaicing. Bilateral ﬁltering is used to cause a similarity
measure between pixels. It is explained by an example wherein a
Gaussian noise corrupted image undergoes a block blur operation.
The image then undergoes a similarity kernel which, when combined with the block blur kernel, results in a bilateral ﬁlter kernel.
The idea is then extended for a demosaicing process. The missing
pixels for the green plane are computed by means of linear
interpolation. The interpolated green pixels are then used to
evaluate a bilateral kernel, with blurring and similarity measures.
The bilateral kernel can then be applied to the red and blue planes,
respectively to compute the missing pixels. The results seem to be
much better than linear interpolation, however formation of the
similarity kernel is crucial and is highly dependent on the similarity
standard deviation. Also, any error occurrence in the evaluation of
the complete green plane would propagate to the other two planes.
Menon et al. [3] proposed a very unique technique to maintain
details after the demosaicing process. It is evident from the Bayer
pattern that at pixel points where a green pixel is not present,
either a blue or a red pixel is present. In the proposed method, the
green plane is completed by means of linear interpolation. The
pixel points at which an interpolated green pixel is inserted, the
high frequency components of the pixel are replaced by the high
frequency components of the respective original red/blue pixel.
By this way, the green plane is ‘‘ﬁne tuned’’. The red and blue
pixels are interpolated by means of the similar interpolation of
the R–G or the B–G difference. This results in all the three planes
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being very high quality, although again suffers from the problem
of error propagation if there is an erroneous calculation of the
green plane.
A very similar technique was developed in [4]. It follows a
calculation of the Jacobian at every point, and the complete green
plane is constructed by means of a ‘‘weighted’’ horizontal and
vertical interpolation. The weights (referred to as the voting
parameters) of the interpolation are dependent on the Jacobian,
in other terms, the edge details of the image. A linearly interpolated R–G (or B–G) difference frame is evaluated. This difference frame, when subtracted with the interpolated green plane,
would result in interpolated red values to be retrieved, alongside
the original red pixel values, hence enabling demosaicing. The
results seem to be free from any sort of aliasing errors and
computationally, it claims, to be less complex than most adaptive
demosaicing techniques.
Out of the many prevalent techniques in demosaicing, the
majority of them rely on the edge detection mechanism. Besides
Hamilton’s method [1], the algorithms in [5–9] all deal with this
mechanism, but how the edges are detected varies. In [1],
horizontal and vertical indicators for edge detection are proposed.
Interpolation is then performed along the directions hence
pointed to by the edge indicators. The method in [5] uses a
weighted edge scheme, where weights of interpolation are
dependent on the edges. The authors of [6] proposed 12 directional feature vectors and the green plane is interpolated and
forms the basis of the red and blue planes.
Peiandi and Tam [10] proposed a colour difference model, Kr
(difference between green and red planes) and Kb (difference
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between green and blue planes), and this new plane conﬁguration
is interpolated. A green plane interpolation technique in which
the interpolation weights are based on the values of red and blue
plane was presented in [11]. Correspondingly, a complete green
plane assists in the interpolation of the red and blue planes, as the
interpolated values in the green plane adjust the weights for the
interpolation of the red and blue planes. Of most of the contemporary techniques in adaptive demosaicing, [12] is a variant
strategy in which the power spectral density of the Bayer pattern
is evaluated. Upon low pass ﬁltering, the Y (luminous plane) is
obtained and band pass ﬁltering produces the U and V (chrominance) planes. It is noteworthy though that most of the prevalent
techniques focus on a very precise construction of the green plane
which forms the basis for the interpolation of the red and blue
planes.
Filter coefﬁcients of the existing content adaptive techniques
are dependent on the quality of edge detection and are heuristically designed according to the edge orientation and strength. In
this paper, we present a demosaicing method using optimised
ﬁlters based on a training process and well-deﬁned content
classiﬁcation. The classiﬁcation-based trained ﬁlters have been
successfully applied in many restoration and enhancement applications, such as resolution up-conversion [13,14], compression
artifacts removal [13,15], and repairing low quality enhancement
units [16].

2. Proposed technique
The proposed technique consists of an ofﬂine (training) part of
the algorithm and an online part. The ofﬂine part has to undergo
training on an extensive set of images to compose a comprehensive lookup table (LUT) which would cater for different contents
in a particular image.
The emphasis in the paper is put on reconstructing a full
resolution high quality green plane. This is because a very high
quality green plane would contribute more to the overall visual
acceptability of the demosaiced image as compared to the red and
blue planes. Due to the high sensitivity of the human eye towards
the green plane, the focus is to reconstruct the green plane as
accurately as possible.
2.1. Ofﬂine training

Fig. 1. Ofﬂine training algorithm.

Fig. 1 shows the training part of the proposed method. As a
ﬁrst step, the ofﬂine algorithm ‘‘degrades’’ (sub-sample) each
image in to a GRBG Bayer pattern.
So in effect, a mosaiced image is available to the algorithm as
well as the original green plane. The next step is to determine the
class index for each pixel location in the green plane according to
a classiﬁcation method. All the pixels belonging to a particular
class and their corresponding pixels in the original images are
accumulated and the least-squares optimisation is conducted to
produce ﬁlter coefﬁcients for that class. The optimised ﬁlter
coefﬁcients for different classes are stored in a LUT for use during
the demosaicing process.

Fig. 2. Adaptive dynamic range coding.
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Pixels and their neighbourhoods in a mosaiced image can be
classiﬁed. By using their corresponding target (original) pixels,
the optimal coefﬁcients can be obtained by means of a Least
Squares minimisation. The classiﬁcation would attempt to treat
similar image textures and contents as similar classes, as indicated in [13].
Suppose that
FD,C(i,j): are the apertures of the source images (degraded, in our
case a mosaiced image) and FF,C(j): are the corresponding pixels in the
target images for a particular class. FF,C(j), which are the ﬁltered pixels,
can be obtained by the desired optimal coefﬁcients:
n
X

F F,c ðjÞ ¼

oc ðiÞF D,c ði,jÞ

ð1Þ

i¼1

where n: is the number of pixels in the aperture, wc(i): are the desired
ﬁlter coefﬁcients, j: indicates the particular aperture belonging to
class c.
The sum of the squared error between the ﬁltered pixels and
the target pixels is:
e2 ¼
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where Nc represents the number of training samples belonging to

class c. To minimise e2, the ﬁrst derivative of e2 to wc(k), k A [1 y
n] should be equal to zero.
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i¼1
The equation can be solved using Gaussian elimination and the
optimal coefﬁcients for the ﬁlter can be obtained as shown in the
following matrix equation. These coefﬁcients can then be stored
in a look-up table with its corresponding class.
2
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2.1.1. Adaptive dynamic range coding
Adaptive Dynamic Range Coding (ADRC) is a strategy to
encode structure information in a particular image as used in
[13]. It is simple and computationally low cost. Taking an
example of a 3  3 block, the encoding of ADRC can be explained
as follows:
(i) The average of the pixels in the block is taken and stored
into a variable Vav. (ii) A class code of the same number of bits as
the number of pixels of the block is allocated. (iii) The ith pixel is
then compared to Vav. If the value of the respective pixel is greater
than or equal to Vav, then the ith element in class index is set to 1.
Otherwise, the ith element of the class index is set to 0. Fig. 2
shows an example of ADRC coding.
2.2. Online de-mosaicing process

Fig. 4. The lighthouse image.

The online de-mosaicing process performs the same classiﬁcation upon the Bayer pattern as the ofﬂine process. The class index
is used to retrieve the ﬁlter coefﬁcients from the look-up table
that was stored during the ofﬂine training process. The retrieved
ﬁlter coefﬁcients are applied to the input image kernel to produce
a full resolution W  H green plane. Fig. 3 depicts the online demosaicing process.

Fig. 5. Different classiﬁcation windows for the green plane.
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2.3. Classiﬁcation
One of the crucial decisions to be made for classiﬁcation is
what shape and size of the window should be utilised for training.
For de-mosaicing, the classiﬁcation window is different to those
in other enhancement methods, because the pixels are subsampled and distributed in a Bayer pattern.
2.3.1. Classiﬁcation of the green plane
As a starting point it would be worthwhile to use only green
pixels for classiﬁcation. For this purpose, the ‘‘lighthouse’’ image,
as shown in Fig. 4, was utilised as a test image to determine the
best possible window option.
Fig. 5 shows the various windows which were used for
classiﬁcation of the green plane for the ofﬂine and online processes,
namely a 2  2 window (needing 4 bits for classiﬁcation), a 3  3
window (needing 9 bits for classiﬁcation) and a diamond shaped
window (needing 13 bits for classiﬁcation). Here, only ADRC is
adopted for classiﬁcation. Note that a diamond shaped window is
theoretically a good compromise, as it is bound to give results
similar to a typical 5  5 window, however utilising a lower
number of bits. The green pixels on all these three classiﬁcation
windows are selected from the sub-sampled Bayer pattern. Therefore, in the original Bayer pattern the classiﬁcation windows are
larger but sub-sampled.
Training was done using 2495 frames of varying resolutions
and a Bayer pattern of the ‘‘lighthouse’’ image was the input to
the online algorithm, for each of the three classiﬁcation windows
as shown in Fig. 5. The mean squared error (MSE) between the
original image and the demosaiced image was obtained for the
green plane, which can be seen in Fig. 6. Understandably, the MSE
decreases as the classiﬁcation window size increases, and the
diamond shaped window performed the best amongst the tests.

Fig. 6. MSE comparison of different classiﬁcation windows.
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Theoretically, it can be implied that the window can be made
larger to further improve the results. It is, however, advantageous
to utilise as few bits as possible for classiﬁcation but still give the
best possible MSE.

2.3.2. Classiﬁcation of three colours
An alternative strategy is to also include the red and blue
planes during classiﬁcation. This would utilise the correlation
between the three planes and should theoretically improve
results in terms of MSE signiﬁcantly. In this strategy, the ADRC
is applied separately for the green pixels, the red pixels and the
blue pixels. This means that three average values are calculated:
(i) Vav_red: average of red pixels, (ii) Vav_green: average of green
pixels, and (iii) Vav_blue: average of blue pixels.
Each pixel in the kernel is compared with its respective Vav,
which is average of the pixels of the plane that the pixel belongs
to. Various sizes and shapes of the classiﬁcation window were
implemented and tested on the ‘‘lighthouse’’ image and the results
are being discussed in this section.
Fig. 7 shows the various windows that were used for classiﬁcation. Note that all of these classiﬁcations have two scenarios
while parsing through a Bayer pattern: (a) when the central pixel
is a red pixel and (b) when the central pixel is a blue pixel. The
respective ADRC codes of three different colours are concatenated
to constitute a class index for the look-up table. Two bits are
appended to the combined ADRC class code to further reﬁne the
classiﬁcation. These 2 bits represent the dynamic range of the
green pixels, i.e., the difference between the maximum and the
minimum of the green pixel values. The reason of using these
2 bits is to differentiate regions of high dynamic range from ﬂat
regions. One more bit is appended to the class index, which is a
ﬂag to indicate which ‘‘scenario’’ is being encountered in the
classiﬁcation. Notice that such a classiﬁcation of the Bayer
pattern, while utilising the features in the green plane, also
utilises the correlation of the green pixels with the pixels in the
other two planes. This is a key factor which is bound to improve
demosaicing results and is the basis for such a classiﬁcation
strategy.
The Bayer pattern of the ‘‘lighthouse’’ image (Fig. 4) is used as a
test image for all the different classiﬁcation windows. The MSE is
calculated between the original green plane and the reconstructed
(demosaiced) green plane and the results are compared in Fig. 8. It
can be observed that a 5  3 window produces the best results.
Compared with Fig. 6, we can see that the utilisation of all three
colours for classiﬁcation substantially improves the results. Fig. 9
shows the reconstructed green plane of the ‘‘lighthouse’’ image. It
can be seen that the reconstruction is very accurate with very
minimal aliasing at the fence areas in the ‘‘lighthouse’’ image.

Fig. 7. Different classiﬁcation windows using three colours.
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plane using the proposed method in the previous sections. The
high frequency content of the green plane is super-imposed onto
the red and blue planes. For this purpose, once the demosaiced
green plane is obtained for an image, the high frequency details of
this plane are extracted. This is achieved by passing the green
plane through a blurring mechanism, and the result is stored in a
separate buffer.
When the difference of the blurred version is taken from the
demosaiced green plane, the high frequency content of the green
plane is obtained. This is then added pixel-wise onto the red and
blue planes with some thresholds. Fig. 10 illustrates the steps in
reconstructing the red and blue planes. Mathematically, for the
red plane:
Rði,jÞ ¼ Rlði,jÞ þGhði,jÞ
where R(i, j): Resultant R pixel at point (i,j), Rl(i,j): Low Frequency
R component at point (i,j), Gh(i,j): High Frequency G component at
point (i,j).

3. Results

Fig. 9. Reconstructed green plane of the ‘‘lighthouse’’ image.

2.4. Reconstruction of the red and blue planes
As mentioned, for a full coloured image, the red and blue
planes also need to be interpolated. Both red and blue planes
constitute 25% of pixels each in the Bayer pattern.
Bilinear interpolation is ﬁrst applied on the red and blue planes,
which are reﬁned according to the high quality demosaiced green

The proposed method was tested on 24 images from the Kodak
Image Suite [17]. Fig. 11 shows the result of the proposed method
for the ‘‘lighthouse’’ image, which is a very popular image for
demosaicing. It can be seen that, in areas near the fence which is
highly detailed, very little aliasing is observed, while most
demosaicing techniques would produce strong aliasing effects
on those regions. Most of the aforementioned prevalent demosaicing techniques involve an edge detection mechanism. This is
followed by an interpolation along the edges that are detected in
the technique. A great level of computational power is therefore
used in edge detection, which would get more pronounced in high
deﬁnition images. The proposed technique provides an alternative
where in a look up table is utilised and as Table 1 points out, it
provides comparable and at times better PSNR values. It does not
need to utilise an edge detection mechanism, and wholly relies on
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Fig. 11. Full RGB reconstruction of the ‘‘lighthouse’’ image.

4. Conclusion

Table 1
PSNR comparison of results.
Image no

Bi-linear

[4]

[5]

[6]

[7]

Proposed method

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24

26.22
37.12
34.50
33.77
26.67
27.86
33.50
23.61
32.52
32.51
29.22
33.48
23.92
29.28
32.35
31.37
32.16
28.03
28.12
31.64
28.55
30.47
35.21
26.71

33.60
38.30
40.51
38.58
34.80
34.82
40.77
32.14
40.23
39.55
35.98
40.48
29.80
35.34
37.30
38.30
38.46
33.82
36.90
38.47
35.27
36.46
41.53
31.93

37.91
39.10
41.53
39.96
37.45
38.78
41.59
35.64
41.88
41.85
39.38
42.61
34.55
35.74
38.95
42.22
41.53
37.13
40.14
40.69
38.95
37.77
41.86
34.67

38.01
39.62
41.74
40.63
37.88
39.96
42.07
35.27
42.16
41.29
39.81
43.05
35.13
36.01
39.39
43.70
41.69
37.30
40.41
40.40
38.34
38.21
42.20
35.35

38.66
39.87
42.82
40.60
37.94
40.02
42.58
36.67
43.06
42.40
39.77
43.59
35.07
36.68
39.42
43.34
41.43
37.34
41.29
41.38
39.59
38.48
42.87
34.80

34.91
41.14
43.36
42.11
35.57
37.72
42.11
35.12
41.14
41.14
38.59
42.11
32.95
37.72
40.35
42.11
39.68
36.67
39.10
40.35
37.72
38.59
43.36
35.34

ADRC, which in itself is a ‘‘pixel averaging’’ methodology. Despite
being computationally low cost method, there is indeed a tradeoff as the proposed technique requires a bit more memory for
look up table storage, which is perhaps not a stringent requirement of the prevalent techniques.
Table 1 shows the PSNR results of the proposed algorithm and
a few other prevalent techniques on images from the Kodak
Image Suite [17]. The training of the look-up table is done using
2495 frames of varying resolutions and with different image
contents. The classiﬁcation window is a 5  3 window as shown
in Fig. 7. From Table 1, we can see that the proposed de-mosaicing
method is comparative to state-of-the-art techniques. The results
can be improved even further, if more training images are used.
The online algorithm was tested on a Pentium(R) Dual-Core CPU
@2.00 GHz and 3 GB RAM, and it takes 0.35 s to de-mosaic an
image of resolution 512  640.

A content adaptive de-mosaicing algorithm based on the
trained ﬁlter is proposed in this paper. The ofﬂine training process
optimises the de-mosaicing ﬁlter coefﬁcients using pairs of
original full resolution images and mosaiced Bayer patterns.
Classiﬁcation is done by employing the Adaptive Dynamic Range
Coding (ADRC) and the focus is on accurately reconstructing the
green plane, as the human eye is most sensitive to this plane. The
red and blue planes are initially bi-linearly interpolated and then
reﬁned by adding high frequencies from the reconstructed green
plane. Extensive experimentation shows the effectiveness of the
proposed solution. The trained ﬁlter can be similarly applied on
the red and blue planes to improve the overall de-mosaicing
performance, but more memory will be needed to store the extra
look-up tables.
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