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Abstract 

Critical issues in demosaicing are visual artifacts appearing  
in reconstructed images. Many algorithms have been proposed to 
overcome this problem. In this work, we have performed a 
comparative study of some conventional and recent color image 
demosaicing algorithms and identified experimentally the one that 
gives good results. From our investigation, algorithm based on 
wavelets analysis of the luminance component, is the best. Bi-
orthogonal wavelets are recommended to be used in this algorithm. 
We then experiment famous bi-orthogonal wavelets to identify the 
best one. We conclude that   Mallat’s bi-orthogonal wavelets give 
the best reconstruction results according to CPSNR and FSIMc 
measures.  

Introduction  
Most popular digital cameras use a color filter array to sample a 
single chromatic value per spatial position. This process is called 
mosaicing. Bayer filter is the most used color filter array [1]. To 
estimate the full resolution color image with its three components, 
an interpolation algorithm is needed. Number of algorithms have 
been developed, but they all generate a certain degree visual artifacts 
such as blurring, introduction of false colors, aliasing, zipper effect, 
etc. 
Demosaicing algorithms are numerous [2], going from the simple 
ones acting in each channel to determine the missing value, to more 
sophisticated ones which exploit the spatial and/or spectral 
correlation of pixels within a color.  The performance of a 
demosaicing algorithm is measured in the ability of this one to 
reconstruct the color image with the less possible artifacts. 
Therefore, objective assessment of the reconstruction algorithms is 
done using measures such as the CPSNR [3] and the FSIMc [3, 4].  
 In this paper, using the Bayer color filter array and images of the 
Kodak and IMAX databases,  we compare in table 1 and table 2 from 
top to down Demosaicing with directional filtering and a posteriori 
decision [5],   Highly effective iterative demosaicing using 
Weighted-Edge and Color-Difference Interpolations [6],  
Exploitation of Inter-color Correlation for Color image 
demosaicking [7],  Demosaicing based on Wavelet Analysis of the 
Luminance Component [8], Bilinear interpolation  [13],  Adaptive 
Residual Interpolation for color image demosaicking [9], 
Minimized-Laplacian Residual Interpolation for color image 
demosaicking [10], Residual Interpolation for color image 
demosaicking [11] and, Beyond Color Difference: residual 
interpolation for color image demosaicking [12].  
In table 1, we compare nine demosaicing algorithms using Kodak 
database images. Ten images of Kodak database have been used for 
the experiment. Table 1 shows CPNSR measured in decibels (dB) 
and FSIMc measures of the reconstructed images. The best 
performances are bolded.  Demosaicing algorithm based on the 

wavelets analysis of luminance component outperforms in a 
reasonably good time. 
Table 2 shows the same measures but on ten images of IMAX 
database. It is difficult to elect the best algorithm based on these two 
metrics. The algorithm in [7] has the best CPSNR and the one in [9] 
the best FSIMc. 
Due to the inconstancy of the performances in the IMAX database, 
we only take into account the results in table 1. Therefore the so-
called algorithm Demosaicing based on wavelet analysis of 
luminance component have been elected. We then investigate the 
more suitable bi-orthogonal wavelets. Experiments lead to results 
and discussion for decision making. 

Table 1: Comparison results of nine demosaicing algorithms 
with Kodak database 

 

 

 

 

 

 

 

 

Table 2: Comparison results of nine demosaicing algorithms 
with IMAX database 

 

 

 

 

 

 

 

 

Algorithm CPSNR FSIMc ∆t(s) 
DDFPD 

[5] 38.809 0.9987 1.89 

WECDI 
[6] 37.44 0.9720 1.50 

ICC [7] 41.63 0.9984 1.51 
WALC [8] 42.72 0.9988 2.38 

BI [13] 36.02 0.9795 1.22 
BCD [12] 38.491 0.9986 3.32 
ARI [9] 39.211 0.9988 38.70 

MLRI [10] 38.946 0.9987 2.55 

Algorithm CPSNR FSIMc ∆t(s) 
DDFPD 

[5] 36.06 0.9978 2.32 

WECDI 
[6] 36.35 09655 1.71 

ICC [7] 40.54 0.9983 1.73 
WALC 

[8] 39.27 0.9977 3.41 

BI [13] 39.94 0.9862 1.37 
BCD [12] 38.11 0.9984 3.75 
ARI [9] 38.18 0.9987 44.16 
MLRI 
[10] 37.89 0.9984 2.59 

RI [11] 37.71 0.9983 2.32 
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Demosaicing based on wavelet analysis of the 
luminance component (WALC) 
This technique based on directional filtering uses new approach to 
localize details information in the image [8]. Edges directions are 
estimated using the luminance component and wavelets transforms 
give more accurate results. The algorithm is composed of different 
steps presented as follows: 
 
Step1:  Luminance estimation 퐿(x,y)  as follows : 

퐼 (푥,푦) =
1
4

[푅 (푥,푦) + 2퐺 (푥,푦) + 퐵 (푥,푦)]

+  
1
4

[퐵 (푥,푦)− 푅 (푥,푦)](푐표푠휋푥
− 푐표푠 휋푦)

+
1
4

[−푅 (푥,푦) + 2퐺 (푥,푦)
−퐵 (푥,푦)](푐표푠 휋푥 푐표푠 휋푦) 

 

 
 
 
(1) 

In formula (1), the first term is the luminance component and the 
others, the chrominance component. 
Step2: The estimated luminance component  L(x,y)  is decomposed 
into horizontal LHL(x,y) and vertical components LLH(x,y) using 
low-pass and high-pass wavelet filter bank respectively. 
Step3: Energy of the components LLH(x,y)  et LHL(x,y)  is processed  
eLH(x,y)  and eHL(x,y)  respectively. These energy values are used to 
determine two edge direction classifiers: 
 

푊 푥,푦) =
퐹 ∗ 푒 (푥,푦)

퐹 ∗ 푒 ( , ) + 퐹 ∗ 푒 (푥,푦) (2) 

 

푊 푥,푦) =
퐹 ∗ 푒 (푥,푦)

퐹 ∗ 푒 ( , ) + 퐹 ∗ 푒 (푥,푦) (3) 

 
Step4: These classifiers are used to estimate green component. 
 
퐺(푥,푦) = 푤 (푥,푦)퐺 (푥,푦) +푤 (푥,푦)퐺 (푥,푦) (4) 

 
 
Step5: Bilinear algorithm is used to estimate red and blue 
component at the green places. Red components at the blue places 
are estimated as follows : 
 

R(x, y) = B(x, y) +
w (x, y)

2 (D (x− 1, y)

+ D (x + 1, y))

+
w (x, y)

2 (D (x, y− 1)

+ D (x, y − 1)) 
 

(5) 

Investigation on the biorthogonal wavelets  
In [8] Cohen-Daubechie-Fauveau bi-orthogonal wavelets is used to 
decompose the estimated luminance component. In [18] authors 
show that bi-orthogonal wavelets under certain conditions ensure 
perfect image reconstruction and examples of bi-orthogonal filter 
banks that fit these conditions have been proposed. 

Mallat’s biorthogonal wavelet 
It is a B-spline non symmetric wavelet [17]. In the first type of this 
wavelets, only the frequency response of an arbitrary filter have 
been given by Mallat. L.Shuguang Liu[15] has later proposed the 

second type of this wavelets and the filter bank H, G and K. The 
coefficients of these filters are obtained as follows : 
 

퐻(푤) =
푒 (cos(푤/2))  , 푚 = 2푛 − 1,푛 ∈ 푍

푐표푠
푤
2 , 푚 = 2푛, 푛 ∈ 푍

 (7) 

 

퐺(푤) =
4푖푒 sin

푤
2  , 푡ℎ푒 1  푘푖푛푑 푤푎푣푒푙푒푡

−16푠푖푛
푤
2 , 푡ℎ푒 2  푘푖푛푑 푤푎푣푒푙푒푡

 (8) 

 
(7) gives coefficients of the low-pass filter  and (8) those of the high-
pass filter. 
The relation between  K, L and  H, G is shown as : 
 

퐾(푤) =
1− |퐻(푤)|

퐺(푤)  (9) 

 

퐿(푤) =
1 + |퐻(푤)|

2  
 

(10) 
 

See [13] for the details. 

Biorthogonal wavelet  proposed by Villasenor  
Scale wavelets ɸA(x) and ɸS(x) have been proposed in [16]. For 
these scale wavelets, we have their corresponding mother functions 
ѰA(x) et ѰS (x). 
휙 (푥) =  2 ℎ (푛)휙 (2푥 − 푛) (11) 

 
 
휙 (푥) =  2 푔 (푛)휙 (2푥 − 푛) (12) 

 
The corresponding mother wavelets ѰA(x) and ѰS (x) are defined 
based on the scale functions and their filter coefficients: 
 
ψ (푥) =  2 ℎ (푛)휙 (2푥 − 푛) (13) 

 
 휓 (푥) =  2 푔 (푛)휙 (2푥 − 푛) (14) 

 
For details, see [16]. 

Biorthogonal wavelet  proposed by Vitterli and 
Herley 
These wavelets filters are regular and with linear phase. In [17] 
authors show that under fairly conditions, bi-orthogonal wavelets 
synthesis filter ensure a perfect signal reconstruction. The filter bank 
coefficients they proposed and that we use are available in [17].  
 

Biorthogonal wavelets proposed by Cohen-
Daubechi-Fauvea(CDF) 
The CDF wavelet is one of the widely used wavelet in image 
processing field in particular in image compression [18]. This 
wavelet is used in JPEG 2000. CDF bi-orthogonal wavelet is 
flexible and his filter bank length is short.  
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Experiments and results  
Ten images picked from Kodak and IMAX databases have been 
used. Kodak database images are of format 768 x 512. In the case of 
Mallat’s wavelets, orders 3 and 4 have been chosen for our 
experiments. 

     

     
Figure 1: Ten images picked from Kodak database (first line) and IMAX 
database (second line)  used in our experiments numbered form 1 to 10. 

Table 3: Reconstruction performances using Mallat’s first type 
order 3 wavelets filter 

 

 

 

 

 

 

Table 4: reconstruction performance using Mallat’s first type 
order 4 wavelets filter 

Image CPSNR FSIMc 
1 40.35 0.9989 
2 37.51 0.9983 
3 39.98 0.9991 
4 36.68 0.9982 
5 37.93 0.9986 
6 33.32 0.9962 
7 32.87 0.9972 
8 38.05 0.9984 
9 36.78 0.9977 

10 36.60 0.9974 

 

 

 

 

 

 

 

Table 5: Reconstruction performance using Mallat’s second 
type order 3 wavelets filter 

 

 

 

 

 

 

 

Table 6: Reconstruction performance using Mallat’s second 
type order 4 filter 

 

 

 

 

 

 

Table 7: Reconstruction performance using Vitterly–Herley 
wavelets filter 

 

 

 

 

 

 

Table 8: Reconstruction performance using Cohen–Daubechie-
Fauveau wavelets filter 

 

 

 

 

 

 

 

Table 9: Reconstruction performance using Vilasenor wavelets 
filter 

Image CPSNR FSIMc 
1 40.86 0.9990 
2 38.14 0.9985 
3 40.04 0.9991 
4 36.95 0.9984 
5 38.19 0.9987 
6 33.38 0.9962 
7 32.97 0.9973 
8 38.09 0.9985 
9 36.82 0.9977 
10 33.83 0.9976 

Image CPSNR FSIMc 
1 41.07 0.9990 
2 38.26 0.9986 
3 39.82 0.9991 
4 36.89 0.9984 
5 38.35 0.9987 
6 33.22 0.9961 
7 32.88 0.9972 
8 38.05 0.9985 
9 36.70 0.9976 

10 36.62 0.9975 

Image CPSNR FSIMc 
1 41.02 0.9990 
2 38.23 0.9986 
3 40.00 0.9991 
4 36.82 0.9983 
5 38.26 0.9987 
6 33.34 0.9962 
7 33.04 0.9973 
8 38.07 0.9985 
9 36.76 0.9976 

10 33.73 0.9981 

Image CPSNR FSIMc 
1 36.06 0.9977 
2 34.63 0.9969 
3 37.36 0.9984 
4 35.03 0.9975 
5 34.99 0.9977 
6 32.17 0.9949 
7 31.52 0.9959 
8 37.52 0.9983 
9 36.16 0.9973 

10 32.36 0.9961 

Image CPSNR FSIMc 
1 37.36 0.9981 
2 34.86 0.9971 
3 37.78 0.9985 
4 35.45 0.9976 
5 35.34 0.9978 
6 32.18 0.9948 
7 31.98 0.9962 
8 37.44 0.9982 
9 36.26 0.9973 
10 32.30 0.9959 
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Figure 2. Close-up on the aliasing part of the original lighthouse  image  

 

 
Figure 3 . Close-up on the aliasing part of the reconstructed lighthouse  image 
using first type order 3  Mallat’s wavelet 

 
Figure 4. Close-up on the aliasing part of the reconstructed lighthouse  image 
using first type order 4  Mallat’s wavelet 

 
Figure 5. Close-up on the aliasing part of the reconstructed lighthouse  image 
using second type order 3  Mallat’s wavelet 

 
Figure 4. Close-up on the aliasing part of the reconstructed  lighthouse image 
using second type order 4  Mallat’s wavelet 

Discussion  
Reconstructed images have been evaluated comparing them to the 
original one. The objectives metrics CPSNR and the FSIMc are used 
for this evaluation. CPSNR and FSIMc values obtained from the 
comparison of each image to the original one are recorded in table 
3 to 9, each table presenting results of the different wavelets. For 
each image, the best scores are bolded.   
According to results depicted in the tables above, all the wavelets 
give good FSIMc values generally more than 0.990 as well as 

Image CPSNR FSIMc 
1 37.07 0.9980 
2 37.63 0.9984 
3 37.36 0.9983 
4 34.93 0.9975 
5 35.34 0.9978 
6 32.18 0.9948 
7 31.98 0.9962 
8 37.44 0.9982 
9 36.26 0.9973 

10 32.30 0.9959 
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CPSNR values generally more than 30. Nevertheless, Mallat’s 
wavelets give the best reconstruction results. 
 

Conclusion  
In this paper we have reviewed some recent demosaicing algorihms. 
The comparison of their reconstruction accuracy shows that the one 
based on wavelets analysis of luminance component outperforms. 
This algorithm uses bi-orthogonal wavelets. According to our 
experiments, we have identified Mallat’s wavelets as the one that 
give the best reconstruction results. In further works, we will assess 
this algorithm in the multispectral images context in order to 
compare it with the ones proposed in this area like Linear Minimum 
Mean Square error in [19]. 
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