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Abstract
Although most demosaicking methods assume the existence of high local correlation in estimating the missing 
color components, such an assumption may fail for images with high color saturation and sharp color transitions. 
This paper presents a demosaicking scheme by exploiting both the variance of color differences (VCD) and the 
non-local similarity. First, the missing green components are estimated according to VCD along different edge 
directions. Then, the nonlocal pixels similar to the estimated pixel are searched to improve the initial estimate 
of the G channel. Based on the interpolated green plane, the missing blue and red components are preliminarily 
estimated. Finally, the blue and red channels are enhanced by exploiting nonlocal redundancies respectively. Ex-
perimental results show that the proposed algorithm is able to improve the CPSNR, sharpen edge and texture and 
lead to higher visual quality of reconstructed color images.
Keywords: COLOR DEMOSAICKING, NONLOCAL SIMILARITY, MULTI-COLOR GRADIENT, IMAGE 
INTERPOLATION
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1. Introduction
In the past decades, color image processing has at-

tracted much interest. Digital camera is probably the 
most popular still image acquisition device, whose 
commercial proliferation has a great impact on the 
research in this field. Instead of using three CMOS or 
CCD sensors, a single sensor based on the Bayer color 
filter array (CFA) pattern is cost-effective to capture 
images. In the Bayer CFA-based sensor configura-
tion, only one color is captured at each pixel. In order 
to reconstruct a full color image, the missing color 
samples need to be estimated by a process called color 
demosaicking (CDM). The quality of reconstructed 
color images depends on the employed demosaicking 
algorithms and the image contents[1-5].

The early demosaicking methods include nearest-
neighbor replication, bilinear interpolation and cubic 
spline interpolation. Although these classical meth-
ods can be simply implemented, they are not able to 
exploit the information given by the three color com-
ponents jointly and suffer from many artifacts such as 
blocking, blurring and zipper effect at edges. There-
fore better results are achieved by interpolation ap-
proaches specifically designed for the reconstruction 
of images sampled with a Bayer CFA.

The recently developed methods include the adap-
tive homogeneity CDM by Hirakawa et al. [6], the 
successive approximation based CDM by Li [7], the 
directional linear minimum mean square-error esti-
mation (DLMMSE) based CDM method by Zhang et 
al. [8], the variance of color-difference based CDM 
method by Chung et al. [9], and the nonlocal means 
based self-similarity driven (SSD) method by Buades 
et al. [10], etc. 

Although the Kodak dataset [11,12] has been wide-
ly used as a benchmark dataset in evaluating CDM al-
gorithms, it was not originally released for CDM. It 
has been pointed out in [13] that images in the Kodak 
dataset have much higher spectral correlation, smaller 
chromatic gradients and lower color saturation than 
images in McMaster dataset [14]. Furthermore, com-
pared with the digital color images captured by current 
digital cameras, the images in Kodak dataset are less 
saturated and smoother, and hence they are less repre-
sentative for the applications such as CDM.

Most of the existing demosaicking methods as-
sume high local correlations[13,15]. Such an assump-
tion, however, may be invalid for images such as 
those in the McMaster dataset. In natural images the 
correlation is often weak around object boundaries. 
Consequently, many CDM algorithms derived under 
the assumption of high correlation may fail in areas 
of edges.

To improve the demosaicing results for images 
with lower local redundancy, the paper has proposed 
a demosaicing method by exploiting effectively both 
the variance of the color differences and the nonlo-
cal redundancy. First, missing green components are 
estimated using VCD along different edge directions. 
Second, according to the similar degree and the non-
smooth operator, the image patches are adaptively 
selected to enhance the local estimate of G channel. 
Third, the missing B and R components are prelimi-
narily estimated with the help of G channel. Finally, 
the B and R channels are enhanced by using nonlocal 
correlations respectively.

The remainder of this paper is organized as fol-
lows. Section 2 introduces the details of the proposed 
VCD-NS algorithm. Simulation results including 
complexity analysis and image quality evaluation are 
shown in section 3. Finally, conclusions are drawn in 
Section 4.

2. The Proposed Demosaicking Algorithm
2.1. Strategy and Flowchart
Figure 1. illustrates the flowchart of the proposed 

demosaicking algorithm. First, missing green sam-
ples are estimated using VCD in a raster scan man-
ner. Second, the nonlocal similarity (NS) is applied to 
enhance the interpolated G channel. In the third step, 
the B and R channels are initially interpolated by the 
aid of the reconstructed G channel. Finally, NS is ex-
ploited to enhance the B and R channels.

Figure 1. Flowchart of the proposed demosaicking method

One key problem in the initial demosaicking is the 
usage of local and directional information. The pres-
ervation of edges is considerable to the visual quality 
of reconstructed color images. Since edges usually 
have one or more dominant directions, the interpola-
tion should be along, instead of across, the edge main 
directions. With the above considerations, the pro-
posed VCD scheme (the detailed description of VCD 
is in Section 2.2) puts its focus on how to effectively 
determine the interpolation direction for estimating a 
missing green component in edge regions and texture 
regions. In particular, VCD is used as a supplemen-
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tary criterion to determine the interpolation direction 
for the green components.

2.2. CFA Interpolation Using VCD
As far as a missing green sample in the Bayer 

CFA is concerned, its neighborhood should be in a 
form shown in either Figure 2a or Figure 2b. Without 
loss of generality, only the case shown in Figure 2a 
is considered. For the other case, the same treatment 
can be done to estimate the missing green samples by 
exchanging the roles of the blue samples and the red 
samples.

In Figure 2a, the center pixel ,i jp  is represented 
by , , ,( , , )i j i j i jr g B , where ,i jg  is the missing G sample 

needed to be estimated. In this case, the vertical gra-
dient ∇v  and the horizontal gradient ∇h  at position 
( , )i j  are computed as follows.
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Figure 2. Four 5×5 regions of Bayer CFA pattern having 
their centers at (a) blue, (b) red, (c)-(d) green CFA samples
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∇v  and ∇h  are used to estimate whether there is 
sharp vertical or horizontal gradient change in the 
5×5 window with ( , )i j  as the center. The non-smooth 
operator, which is also referred to as non-smooth de-
gree, is defined as follows:

max ,
η η
η η

 ∇ + ∇ +
=  ∇ + ∇ + 

h v

v h
e  	 (3)

Where η  is a sufficiently small positive number. 
The smaller is the non-smooth operator, the stronger 
is the correlation among neighborhood pixels, and 
vice versa. 

The blocks are defined to be the flat blocks if 
2<e T , where 2T  is a preset threshold value.

It has been found that the color differences of pix-
els are more or less the same in a local region of a 
natural image[6]. As a consequence, the variance of 
color differences can be used to determine the inter-
polation direction for the G samples.

In the proposed algorithm, the 5×5 block of inter-
est is extended into a 7×7 block by including more 
neighbors to compute the color differences of the pix-
els along the axis within the 7×7 window. The VCD 
of the pixels along the horizontal axis of the 7×7 
block, say hvcd , is defined as 

2
, ,

1 1( )
7 7ϕ ϕ

+ +
∈ ∈

= −∑ ∑h i j n i j k
n k

vcd d d 	  (4)

Where {0, 1, 2, 3}ϕ = ± ± ±  is a set of indexes and 
,i jd  is the color difference of pixel ( , )i j  which helps 

to identify a pixel in the 7×7 window. The values of 
, +i j nd  for n ϕ∈  can be pre-evaluated, and they are 

determined sequentially as follows.

, , ,=i j n i j n i j nd B g
∧

+ + +−  ( 0, 2= ±n ) 	 (5)

, 3 , 2 , 3= G+ + +−i j i j i jd B , , 3 , 2 , 3= G− − −−i j i j i jd B  	 (6)

, , 1 , 1= ( )/2i j m i j m i j md d d+ + − + ++  ( 1= ±m ) 	 (7)

Let vvcd  be the variance of the color differences 
of the pixels along the vertical axis of the 7×7 block. 
In particular, it is defined as 

2
, ,

1 1( )
7 7ϕ ϕ

+ +
∈ ∈

= −∑ ∑v i n j i k j
n k

vcd d d  	 (8)

Where {0, 1, 2, 3}ϕ = ± ± ±  is a set of indexes and 
,i jd  is the color difference of pixel ( , )i j . The values 

of ,+i n jd  for n ϕ∈  should be pre-evaluated, and they 
are determined sequentially as follows.

, , ,=i n j i n j i n jd B g
∧

+ + +−  ( 0, 2= ±n ) 	 (9)

3, 2, 3,= G+ + +−i j i j i jd B , 3, 2, 3,= G− − −−i j i j i jd B  	 (10)

, 1, 1,=( )/2+ + − + ++i m j i m j i m jd d d  ( 1= ±m ) 	 (11)

Since the missing green components are estimat-
ed in a raster scan fashion, the final estimates of the 
green components in position , ={(i,j-2),(i-2,j)}Ωi j are 
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already evaluated. As far as the missing G samples of 
the pixels in position {(i,j+n),(i+n,j)|n=0,2} , their pre-
liminary estimates ,i j ng

∧
+ and ,i n jg

∧
+  have to be evalu-

ated. Concretely, ,i j ng
∧

+  is computed with eqn.(12) 
while ,i n jg

∧
+  is determined with eqn.(13). Note the 

,i jd  involved in (4) uses the ,i jg
∧

 computed with eqn.
(12) while the ,i jd  involved in eqn.(8) uses the ,i jg

∧
 

computed with eqn.(13).
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Let dvcd  be the variance of the color differences 
of the diagonal pixels in the 7×7 window. In particu-
lar, it is defined by:

2
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Although the same set of (5)-(7) and (9)-(11) are 
used to get the ,i jd  required in the computation of 

dvcd , the initial estimates ,i j ng
∧

+  and ,i n jg
∧
+  involved 

in these equations are determined by (15).
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The interpolation direction, which offers the mini-
mum variance of color difference, is determined by 

hvcd , vvcd  and dvcd  to estimate the missing green 

component at , , ,( , , )i j i j i jr g B . ,i jg  is then evaluated 
using formulation (12), (13) or (15) as follows.
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The blocks which are not classified to be flat blocks 
are considered to be in an edge regions or a pattern 
regions. The complexity of the realization of eqn.(4)-

(16) is large. In this case, interpolating missing com-
ponents by eqns. (17) can provide a good demosacing 
result and save a lot of effort at the same time. 
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Once the missing G sample is obtained, the same 
process is used for evaluating the next missing green 
component in a raster scan manner. In order to evalu-
ate the missing green component in the case shown 
in Figure 2b, the blue samples can be replaced by the 
corresponding red samples and the procedures above 
are followed to determine its interpolation direction 
and its interpolated value. 

2.3. Non-local Enhancement of G Channel
An initial estimate of each missing green sample 

can be obtained by using the method described in 
section 2.2. The interpolation may be inaccurate, es-
pecially around object boundaries, because only the 
local correlations in a compact local window is ex-
ploited. Luckily, there are many similar structures or 
patterns in natural images, while a similar structure to 
the given one may appear far from it. Such nonlocal 
similarity can be used in image processing [16-24]. 

To measure the similarity between two given pix-
els, the similar degree is defined by

1( , )=
1+ ( , )×i jsd N N

c d i j
 	 (18)

Where
2

2
( , ) ( ) ( )= −i jd i j x N x N , ( )={ ( ), }∈i ix N x k k N , 
( )={ ( ), }∈j jx N x k k N , 1, 2,...,=j M , c is a constant 

and is set as 0.01, M is the total number of the image 
blocks compared.

We use the nonlocal similarity to enhance the 
CDM results in this section. For this purpose, similar 
pixels are searched to the given ,i jg

∧
 in the prelimi-

narily recovered G image. Although the searching 
can be performed in the whole image, this is compu-
tationally infeasible. In practice, we search for similar 
pixels to ,i jg

∧
 in a enough large window, which cen-

ters on ,i jg
∧

 and is denoted by Ω . The block based 
method can be used to determine the similarity be-
tween ,i jg

∧
 and other pixels in Ω . Denote by iN  the 

5 5× patch centered on the estimated pixel ( ,i jg
∧

). The 
N  most similar 5 5×  image blocks to iN  (including 

iN  itself), which are denoted by , 1, 2, ,= lN l N , are 
searched in Ω . Let 

lNe  be the non-smooth degree 
of the image block lN . To adaptively process the N  
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most similar image blocks, this detection mechanism 
is taken as follows:

(1) If 1( , ) <i lsd N N T , then lN  is replaced by iN ; 
(2) If 1( , ) ≥i lsd N N T  and 2≥

lNe T , then lN  is re-
placed by iN ;

(3) lN  is selected in other cases.
For the convenience of expression, we denote the 

missing G(B, R) component by , , ,( , )i j i j i jg b r , the ini-

tial estimate of , , ,( , )i j i j i jg b r  by (1) (1) (1)
, , ,^ ( , )i j i j i jg b r^ ^ , the ul-

timate estimate of , , ,( , )i j i j i jg b r  by , , ,( , )i j i j i jG B R^ ^ ^ , and 
the searched and adaptively processed N  most similar 
pixels to , , ,( , )i j i j i jg b r  by ( ) ( ) ( )

, , ,( , ), 1, 2, ,= Ll l l
i j i j i jg b r l N^ ^ ^ .

,
^
i jG  can be denoted by the nonlocal enhancement 

output of (1)
,^i jg . Namely, ,

^
i jG  is computed as the 

weighted average of ( )
,
l
i jg :

( )
,

1
=

N
l

i j
l

G gω
∧ ∧

=
∑ (l)

i,j	 (19)

Where the weights ( )ω l  are set as ( ) = ( , ) /ω l
i lsd N N C  

with 
1

( , )
=

=∑
N

i l
l

C sd N N  being the normalization factor 

to make the sum of ( )ω l  be 1.
2.4. Initial Interpolation of B and Rchannels
After interpolating all missing green components 

of the image, the missing blue and red components 
are estimated. Figure 2a and Figure 2b show all pos-
sible cases where the pixel of interest is located at the 
center of a 5 5×  block. For the case in Figure 2a, the 
missing red sample of the center, ,i jr , is obtained by

, , ,,
1 1

1 ( )
4

i j i j i m j ni m j n
m n

r G R G
∧ ∧ ∧

+ ++ +
=± =±

= + −∑ ∑  	 (20)

As for the case shown in Figure 2b, the missing 
blue sample of the center, ,i jb , is obtained by

, , ,,
1 1

1 ( )
4

i j i j i m j ni m j n
m n

b G B G
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=± =±

= + −∑ ∑  	 (21)

Figure 2c and Figure 2d show the two possible 
cases where a green CFA sample lies in the center of 
a 5 5×  window. For the case shown in Figure 2c, the 
missing components of the center are obtained by

, 1 , 1, 1 , 1
, ,

( )
2

i j i ji j i j
i j i j

B G B G
b G
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∧ − +− +− + −

= +  	 (22)
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∧ − +− +− + −

= +  	 (23)

As for the case in Figure 2d, the missing compo-
nents of the center are obtained by

1, 1,1, 1,
, ,

( )
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i j i ji j i j
i j i j

B G B G
b G
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∧ − +− +− + −

= +  	 (24)
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i j i ji j i j
i j i j

R G R G
r G
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∧ − +− +− + −

= +  	 (25)

2.5. Nonlocal Enhancement of B and R Chan-
nels

Once the R and B channels are interpolated with 
the aid of nonlocally strengthened G channel, they 
can then be enhanced by utilizing nonlocal correla-
tions in B and R channels respectively. The pro-
cess is the same as that for the G channel. Namely, 

, ,( )i j i jB R^ ^ can be computed as the weighted average 

of  ( ) ( )
, ,

^ ^( ), 2,3, ,= Ll l
i j i jb r l N . 

3. Experimental Results
The performance of various CDM schemes is 

evaluated on the McMaster dataset. A set of testing 
images are generated by the 12 McMaster color im-
ages in Figure 3. CPSNR [9] is used to measure and 
quantify the performance of the CDM methods.

Figure 3. 500 × 500 McMaster images used in the experi-
ments. From left to right and top to bottom, these images 
are labeled as 1 to 12

We denote by VCD-NS the proposed CDM al-
gorithm. The following state-of-the-art CDM algo-
rithms are used to compare: the self-similarity driven 
(SSD) method [10], the VCD method [9], the adap-
tive homogeneity-directed (AHD) method [6], the 
DLMMSE method [8], and the successive approxi-
mation (SA) method [7].

In our implementation of VCD-NS, 35 5×5 simi-
lar patches are searched in a 37× 37 local window. 
The thresholds 1T  and 2T  are respectively set as 0.95  
and 1.5 .

In our experiments, the original color images is 
down-sampled into Bayer CFA images, and then the 
full color images are reconstructed using the six algo-
rithms. The CPSNR performance of the six methods 
are shown in table 1. Among the tested methods, the 
proposed VCD-NS method obtains the best average 
performance.
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Figure 4 to 6 show the cropped and zoomed de-

mosaicking results of the six algorithms on images 1, 
6 and 8. It can be found that the proposed algorithm 

The CDM algorithms VCD, AHD, DLMMSE and 
SA produce many false colors and zipper effects. It 
is because that they assume smooth color differences 
but the hypothesis does not hold well on the McMas-
ter dataset. Although the SSD exploits the nonlocal 
redundancy to recover the color information, it is not 
effective in using the image local directional informa-
tion. As a result, SSD still produce many visible color 
artifacts. The proposed VCD-NS exploits effectively 
the edge direction information and the image local 
redundancy, and exploits the nonlocal redundancy to 
enhance the CDM output. It recovers more faithfully 
the missing color samples, reducing significantly the 
color demosaicking errors and artifacts than SSD. Its 
higher CPSNR in Table 1 also validate their powerful 
capability in color reproduction.

Similar patch searching, which is one of the main 
sources of computational cost, is involved in SSD 

and VCD-NS methods. Therefore, SSD and VCD-
NS methods have higher complexity than the local 
methods VCD, AHD, DLMMSE and SA. Since the 
complexity of the realization of eqn. (16) and its 
preparation work(eqns. (4)-(11) and (14)) is large, the 
proposed VCD-NS algorithm has higher complexity 
than SSD.

4. Conclusion
An adaptive demosaicing scheme, which exploits 

effectively both the variance of color differences and 
the nonlocal redundancy, is presented in this paper. 
First, initial interpolations of the green channel are 
obtained based on the variances of the color differ-
ences along different edge directions. Second, the 
non-local redundancy is applied to enhance the inter-
polated G channel. In the third step, the red and blue 
channels are initially interpolated with the help of the 
reconstructed G channel. Finally, nonlocal similarity 

(a) Original image 1   (b) SSD[10] (a) Original image 6    (b) SSD[10]

(c) VCD[9] 	              (d) AHD[6] (c) VCD[9] 	              (d) AHD[6] 

(e) DLMMSE[8]      (f) SA[7]                           (g) VCD-NS (e) DLMMSE[8] 	 (f) SA[7] 		   (g) VCD-NS

Figure 4. Part of the demosaicing results of Image 1 by 
different methods

Figure 5. Part of the demosaicing results of Image 6 by 
different methods

yields much better demosaicking outputs than the 
other five algorithms.

(a) Original image 8 	 (b) SSD[10] (c) VCD[9] 	            (d) AHD[6]

(e) DLMMSE[8] 	             (f) SA[7] 	                       (g) VCD-NS
Figure 6. Part of the demosaicing results of Image 8 by different method
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is applied to the R and B channels so that the whole 
CDM is completed. The VCD-NS algorithm has been 
tested on the McMaster dataset, and experimental 
results suggest that the proposed method is able to 
produce a better objectively and subjectively CDM 
results as compared with a number of state-of-the-art 
CDM methods.
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Abstract
In this paper, a novel high-throughput implementation for video decoding based on H.264 is proposed to improve 
the decoding efficiency. H.264 provides many new functions than previous video coding algorithm that bring 
more complex computations, Therefore, How t implementation of the decoder efficiency becomes a challenging. 
Research shows in the decoding flow there are many data dependency among different symbols. Especially in 
the entropy decoding this dependence is most obvious. Thence the CAVLC decoder requires large computation 


