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Abstract

Most digital cameras capture images through Color Filter Arrays (CFA), and recon-
struct the full color image from the CFA image. Each CFA pixel only captures one primary
color component at each pixel location; the other primary components will be estimated
using information from neighboring pixels. During the demosaicking algorithm, the un-
known color components will be estimated at each pixel location. Most of the demosaicking

algorithms use the RGB Bayer CFA pattern with Red, Green and Blue filters.

Some other CFAs contain four color filters. The additional filter is a panchromatic/white
filter, and it usually receives the full light spectrum. In this research, we studied and com-
pared different four channel CFAs with panchromatic/white filter, and compared them
with three channel CFAs. An appropriate demosaicking algorithm has been developed for
each CFA. The most well-known three-channel CFA is Bayer. The Fujifilm X-Trans pattern

has been studied in this work as another three-channel CFA with a different structure.

Three different four-channel CFAs have been discussed in this research: RGBW-Kodak,
RGBW-Bayer and RGBW- 5 x 5. The structure and the number of filters for each color are
different for these CFAs. Since the Least-Square Luma-Chroma Demultiplexing method is
a state of the art demosaicking method for the Bayer CFA, we designed the Least-Square
method for RGBW CFAs. The effect of noise on different CFA patterns will be discussed
for four channel CFAs. The Kodak database has been used to evaluate our non-adaptive
and adaptive demosaicking methods as well as the optimized algorithms with the least

square method.

The captured values of white (panchromatic/clear) filters in RGBW CFAs have been
estimated using red, green and blue filter values. Sets of optimized coefficients have been
proposed to estimate the white filter values accurately. The results have been validated

using the actual white values of a hyperspectral image dataset.

A new denoising-demosaicking method for RGBW-Bayer CFA has been presented in
this research. The algorithm has been tested on the Kodak dataset using the estimated

value of white filters and a hyperspectral image dataset using the actual value of white
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filters, and the results have been compared. The results in both cases have been compared
with the previous works on RGB-Bayer CFA, and it shows that the proposed algorithm
using RGBW-Bayer CFA is working better than RGB-Bayer CFA in presence of noise.
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Chapter 1

Introduction

1.1 Problem Statement

Imaging systems need three primary color coordinate values (tristimulus values) at each
pixel location to reconstruct a full color image. Digital cameras usually capture images
through a Color Filter Array (CFA). CFAs filter the incident light at each pixel sensor
element with one of a certain number of color filters (usually three), and thus the captured
image contains only one color component at each pixel, while the other components are
missing. Through the demosaicking process, the missing color components at each pixel

will be estimated and the full color image will be reconstructed.

CFAs vary based on their color filters, the number of sensor classes (different filters)
in the CFA pattern, and their geometric structure. Most of the CFAs contain the three
display primary colors (red, green and blue), while some others contain cyan, magenta and
yellow. There are also some CFAs with an additional transparent filter. The arrangement
of the color filters is different in each pattern, as well as the number of red, green, blue or
other pixels in one period of the structure. The most common CFA is the Bayer structure
containing two green pixels, one red and one blue in each template. See Figure 1.2 for

some examples of CFA patterns.

Demosaicking refers to the process of reconstructing an image from incomplete samples.



The most basic demosaicking scheme relies on simple interpolation between neighboring
pixel information within each class and its results are usually not adequate [2]. The per-
formance of the demosaicking algorithm using different patterns and the robustness of the

algorithm to noise are two major challenges in this field.

1.2 State of the art

Demosaicking algorithms and CFA design methods are both crucial steps to restore
the image. In previous research, the demosaicking algorithms were mainly analyzed and
implemented in the spatial domain. Demosaicking techniques in the spatial domain are
categorized into two major groups. The first set of methods contains fixed interpolation
techniques such as nearest neighbor, bilinear interpolation and bicubic interpolation on
each color channel. Figure 1.1 shows the spatial multiplexing of sub-samples for the Bayer
pattern. These methods usually provide satisfactory demosaicking results in smooth areas,
but the results are not well estimated along edges or in high frequency areas. The second

set of methods use inter-channel correlation with assumptions like smooth hue transition.

+ :

Figure 1.1: CFA spatial multiplexing of red, green and blue sub-samples for the Bayer

pattern

As will be shown later, the CFA signal can be analyzed in the frequency domain, where
it can be interpreted as the frequency division multiplexing of a baseband grayscale com-
ponent called luma and color components at high spatial frequency referred to as chroma
components. The number of chromas usually depend on the number of pixels/ filters in one

period of the CFA pattern. The specific chroma in the low frequency band is called luma



or brightness component. The CFA signal can be modeled as a sum of one luma and a
set of chromas at specific spatial frequencies. In the last decade, it has been demonstrated
that the luma and chroma components are reasonably isolated in the frequency domain.
Hence, demosaicking algorithms using a frequency domain representation became more

competitive.

The most popular and simple CFA template is Bayer, and many existing demosaicking
methods are working well on it. One of the best demosaicking methods for RGB-Bayer
pattern in the frequency domain which outperforms other methods, is the adaptive least
square luma-chroma demultiplexing method. In this method a set of least-square filters will
be applied on an adaptive demosaicking method. The adaptive demosaicking algorithm for
the Bayer pattern chooses one chroma component that locally has less overlap with luma,
and reconstructs the other chromas adaptively. Some literature has proposed that using
other patterns rather than Bayer might lead to better reconstruction results. Due to the
overlapping effect between different channels in the CFA, some CFA structures might work
better than Bayer. Some patterns have been proposed but they have not been fully studied,
like the Fujifilm X-Trans pattern. Some others proposed and commercially implemented
that use other color filters rather than red, green and blue might provide better signal to

noise ratio.

Adding a clear filter instead of color filters to the CFAs has been proposed in some
previous work. The clear or transparent filter is shown as panchromatic (P) or white
(W) filter in different CFA patterns. Since color filters transmit only a fraction of the
visible spectrum, they are more attenuated than panchromatic/white filter and it has been
assumed that the panchromatic/white filters might have better signal to noise ratio. It
has been proposed that adding panchromatic/white filters to the CFA results in better
image quality or robustness to the noise. During the photo capturing process the photon
noise will be introduced, and usually in lower light levels, signal to noise ratio will be
lower. Through the white balancing process in digital cameras, the value of received noise
in different color channels will be scaled differently. The value of scaled noise in the white

channel is usually less than other color channels, so adding panchromatic/white filters to



the CFA might increase the overall signal to noise ratio in the image. Several patterns
with clear filters have been proposed in literature, and the noise effect of these patterns

needs to be fully studied.

1.3 Research hypothesis and objectives

Advanced demosaicking algorithms have been discussed in the literature for some three
channel CFAs like Bayer. We propose that luma-chroma demultiplexing methods can be
used to design good demosaicking methods for various other RGB CFAs such as Fujifilm
X-Trans pattern.

Different types of four-channel RGBW CFAs have been introduced in previous work.
The comparison between RGBW CFAs and the three-channel RGB CFAs, indicated that
the quality of image and signal to noise ratio (SNR) were improved using the RGBW CFAs.
We hypothesize that better overall image quality can be obtained for noisy camera sensor
images using RGBW patterns, since the panchromatic/white filters pass more light, and
therefore result in better signal to noise ratio. A basic demosaicking algorithm for different
RGBW CFAs can be designed, and Luma-chroma demultiplexing methods can be used to
design optimized demosaicking methods for noisy image with RGBW CFAs.

The objectives of this research are:

e To design demosaicking method based on the frequency domain analysis for three

channel Fujifilm X-Trans pattern that have not been studied in the literature.

e To develop demosaicking systems for RGBW CFAs that demonstrate that RGBW
CFAs have better performance in the presence of noise than RGB Bayer CFAs.

e To present a general method that can be used for luma-chroma demultiplexing with

advanced RGB and RGBW CFA designs.



e

(a) RGB-Bayer pattern ) RGBW-Kodak pattern

(b) CYYM pattern

e) Fujifilm X-Trans pattern

(c) RGBW-Bayer pattern

Figure 1.2: Sample CFA patterns



1.4 Proposed research

In this research, we decided to work on other proposed CFA patterns which had re-
ceived little analysis and compare the results with Bayer. We want to study and optimize
the reconstruction techniques for various new sampling structures, such as Fujifilm with
three color components and different RGBW patterns with four color components. This
study involves the design and optimization of appropriate non-adaptive and adaptive de-
mosaicking methods. The noise effect on the RGBW patterns will be studied, and also the

noise reduction step will be applied.

The Fujifilm cameras using different CFA patterns have been commercially successful,
but there is little research on the performance of these structures. Due to the large number
of RGB pixels in the Fujifilm X-Trans pattern [19], its complicated structure, its stated
advantage and also lack of literature on this pattern, we were interested to work on it. It
is a 6 X 6 pattern, and it contains 18 components in one period, so the overlap effect of the
components in the frequency domain as well as designing an appropriate filter to extract
each component, will be studied in this research. Hence, we modeled the demosaicking steps
using the X-Trans Fujifilm pattern and simulated non-adaptive and adaptive demosaicking
algorithms in Matlab software. A detailed optimization of filter parameters and the region

of support has been addressed.

Peak signal to noise ratio (PSNR) and S-CIELAB are two validated metrics in this
research area. Since other existing metrics have not been validated in this field, and our
research does not consist of evaluation of different metrics, the reconstructed image quality
is measured with these two metrics. So, the presented results in this research can be
compared with previous demosaicking methods in terms of PSNR and S-CIELAB. Using
these criteria, we will evaluate the amount of received noise, the false color artifact in the

reconstructed image, and quality of the image in the sense of human vision perception.

Since the signal to noise ratio in color filters is lower than for clear filters, some other
modified CFAs contain panchromatic/ white filters as well. The RGBW color filter arrays
can improve the quality of the image, and improve the signal to noise ratio compared to

the previous three-channel CFAs.



The simplest four-color CFA is RGBW-Bayer. Each R, G and B CFA pixel only cap-
tures one of the primary color component and white filters pass all three color components.
The value of missing color components will be estimated with an appropriate demosaicking
algorithm. A basic demosaicking scheme relies on linear interpolation of neighboring pixels

color information [10].

As we mentioned, the color components are more isolated in the frequency domain,
many demosaicking methods on the RGB Bayer pattern have been discussed in the fre-
quency domain. Also, the least square method presented in [29],[18] optimized the chroma
extraction step. The extracted chroma using least-square filter will reduce the false color
effect in the reconstructed image. The least square method has been applied on the RGB-
Bayer pattern in [29].

Different four channel CFAs have been studied and compared using interpolation meth-
ods in [2]. A new demosaicking algorithm based on [1&] will be provided for RGBW Bayer,
RGBW-Kodak and a 5 x 5 RGBW [15] in this research. Due to the specific structure of
these CFAs and the number of different color filters, these three CFAs have been studied

in this research.

The Kodak-RGBW [22] pattern has a large number of white filters and its adaptive and
non-adaptive demosaicking algorithm will be discussed in this research. Furthermore, we
have developed an adaptive demosaicking algorithm using the RGBW-Bayer pattern as a
four-channel color filter array to enhance the quality of the display and signal to noise ratio
value. The optimized least square method will be presented on this pattern as well. The
additional filter array is spectrally nonselective and isolates luma and chroma information.
The 5 x 5 RGBW CFA has been proposed in [15] and our demosaicking algorithm has
been implemented on it. The results of these three patterns will be compared with the

RGB-Bayer as well.

Often CFA images are noisy, and some demosaicking-denoising algorithms for RGB
CFAs have been presented in literature. We would like to study the effect of demosaicking-
denoising algorithm on RGBW CFAs in this research. A demosaicking-denoising algorithm

will be proposed in this thesis, and the results will be compared with previous works.



The study on Fujifilm X-Trans pattern resulted a publication in International Confer-
ence of Image Processing (ICIP)-2014 [38], and the research conducted on RGBW-Kodak
pattern has been published in SPIE/ IS&T Electronic Imaging-2015 conference [39]. The
proposed demosaicking algorithms for different RGBW patterns have been published in
SPIE/ IS&T Electronic Imaging-2016 conference [10].

1.5 Structure of the thesis

The rest of this thesis is organized as follows: Chapter 2 will review the related work
in this area. Different CFAs will be discussed in Chapter 3 and appropriate adaptive
and non-adaptive demosaicking algorithms will be presented in this section. The least
square optimized demosaicking algorithm will also be presented in the same section. The
experimental result using the proposed algorithm and the comparison between our method
and the previous method will be carried out. An appropriate demosaicking algorithm using
RGBW CFA for noisy images will be presented in Chapter 4. The conclusion and future
work will be discussed in Chapter 5.



Chapter 2

Background and Related Work

There are two major issues regarding the quality of reconstructed color images from
single-sensor digital cameras: CFA patterns and demosaicking algorithms. In this chapter
different CFAs will be categorized based on their color filter types and placements. We
will first explain the basic CFA formation and demosaicking algorithm steps. Different
demosaicking algorithms that have been modeled in space and frequency domains will be
introduced, and the state of the art demosaicking method will be reviewed. Finally, the
effect of noise through the demosaicking process and the noise reduction methods will be

discussed.

2.1 Representation of CFA formation

Virtually all the CFA patterns that are used or have been proposed are periodic; dif-
ferent periodic CFAs can be represented using specific lattices in the space domain, and
the corresponding reciprocal lattices in the frequency domain. The general theory of CFA
representation in the frequency domain has been described in [16], and the basis will be

reviewed here.

In most cases, the CFA signal is sampled on a square lattice A = Z? with reciprocal
lattice A* = Z2. We use the pixel spacing as the unit of length. A sublattice of lattice
A shows the periodicity of the pattern. The following lattice I' and it’s corresponding

9



Figure 2.1: Bayer CFA sampling structure shows the constituent sampling structures Vg

( O), \I’G (A) and \IIB (D)

reciprocal lattice I'* represent the periodicity of the CFA pattern for Bayer. Vr is the
sampling matrix of I" lattice. Figure 2.1 shows the periodicity of the Bayer CFA pattern,

where

Vp = , Vpe = (2.1)

(@)
[N}
O Nl

N =

There are K elements in one period of the CFA pattern, where K = |det Vr|. For
example K = 4 for the Bayer pattern. We arrange the K elements of one period as the

|" as the first

columns of a matrix B. The order is arbitrary, but we usually put [0,0
column. These points b; are in fact coset representatives of sublattice I' in A. The cosets

themselves are b; + ', i =1, ..., K. A possible matrix B for the Bayer pattern is

0011
B= . (2.2)
0101

The assignment of color channels to the cosets will be represented by matrix J. This is
a K x C matrix, where C' is the number of channels in the pattern, i.e., the number of

different color filters. An entry is equal to 1 for the sensor class assigned to this point, and

10



it is zero for other missing sensor classes at the same point. For Bayer pattern we have

(2.3)

S = O O

o O = O
_ o O =

where the columns correspond to R,G and B filters respectively. For each class of R, G
and B, there will be a sampling structure Vg, Wg and Vg as shown in Figure 2.1. The
union of these three sampling structures forms the lattice A. Also, the CFA signal will be
defined as follows in the space domain, using space domain multiplexing,

K

foralx] =Y filxlmilx] (2.4)

i=1

where m;[x] is the indicator function for W,

and f;[x] is the signal for the i*® sensor class defined over the entire latice A. m; is periodic

and represented by a discrete domain Fourier series

K
milx] = My, exp(j2nx - dy) (2.6)
k=1
K
M, = Zmi[bj] exp(—j2rb; - dg). (2.7)
j=1

The d; are representatives of cosets of A* in I'*. They are specified by the columns of
a 2 x K matrix D. We can choose d; = [0 0]7. We have D = [d, ds, d3, d4] for Bayer.

The following matrix represents D for Bayer

110011
D=- . (2.8)
210101
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The CFA value at each point can be represented as a sum of modulated chroma compo-
nents plus a baseband luma component. The CFA signal is given by the following equation;
it is derived by substituting 2.6 into 2.4 and rearranging it as follows:

foralx] =) ailx] exp(j2r(x - ). (2.9)

=1

The luma and chroma components are obtained from the original RGB components by
q[x] = Mf[x] (2.10)

f:[f17f27f3]T:[R7GaB]T and q:[q17Q27"'7qK]T7 (211)

where ¢ is called the luma component, and the ¢; to gx are called chromas for each pattern.

We can find matrix M coefficients based on the following equations

N =2rD" x B (2.12)
M = l(e—ij)J (2.13)
- :

where the exponential of the matrix is carried out term by term, and post multiplication

by J is matrix multiplication.

The following matrix shows the calculated matrix M for Bayer,

| =
—_

2
0
(2.14)
0
2

and the following equations show the luma and chroma components for the Bayer pattern

using the matrix M coefficients

ale] = Al + bl + 1ol
wle) = ~ 7 ile] + 3 fole
sl = Jhle] = 3 hla)



wlel = ~ 3l + 3 hle] = 3l

. In the frequency domain, using the standard modulation property of the Fourier trans-
form, we find

K
Fopa(u) = Z Qi(u—d;) where Q;(u) = Fg(x]}. (2.15)

i=1
Basic frequency-domain demosaicking involves extracting the chroma components with
bandpass filters separately, demodulating them to baseband and reconstructing the esti-

mated RGB signal based on these signals with

~

f[x] = M'q[x] (2.16)

where M is the pseudo inverse matrix of M.

2.2 General methods for demosaicking

The earliest demosaicking techniques employ some well-known interpolation methods
like bilinear interpolation, cubic spline interpolation and nearest neighbor replication.
Later on, inter channel correlation has been used to reconstruct the red and blue col-
ors using red-to-green and blue-to-green ratio. In fact, these algorithm are based on the
assumption that the hue changes smoothly along neighboring pixels. In these methods
[3], the green component will be reconstructed using bilinear interpolation. Using the es-
timated green component, the red and blue color components will be reconstructed using
red-to-green and blue-to-green ratios. To be more precise, the interpolated red hue/ blue
hue value will be multiplied by the green value to determine the missing red/ blue value
at each pixel location. In some other works, the color difference is used instead of color
ratio [32]. These methods are not working well for high resolution data sets [30]. There
are some methods using wavelet transform, and some method applied frequency domain

based demosaicking algorithm.
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2.2.1 Interpolation techniques

One of the simplest demosaicking methods is bilinear or bicubic interpolation. In
this method, the values of missing color components are estimated by interpolation of
neighboring pixel information. Figure 2.2 and 2.3 show a linear interpolation in Bayer

pattern.

Figure 2.2: Bilinear interpolation for green components for the Bayer pattern

1
Gop = ZL(GH + Ga1 + Gog + G32) (2.17)

RZZ

Figure 2.3: Bilinear interpolation for red/ blue components for the Bayer pattern

1
Ray = Z(Rll + Ry3 + Rs1 + Rs3) (2.18)

1
Ry = 5(311 + Ry3) (2.19)

An interpolation based technique called Bayer reconstruction transforms RGB color

space to Y C,.Cy. The luminance image, Y, is reconstructed from green component after
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applying bilinear interpolation on the green channel. The chroma values, C,/C;, for the
given red/blue components will be calculated by C;, = R —Y, and C, = B —Y [I1]. The
missing chroma will be estimated using bilinear interpolation. The results transform to

the RGB color space at the end.

2.2.2 Edge-directed interpolation

Some demosaicking techniques perform adaptive interpolation along the edges to create
better results. These methods use different edge classifiers like horizontal or vertical edge
classifiers, the gradients, the Laplacian operator and the Jacobian before green channel
interpolation. The interpolation applies to the selected direction afterward [1]. Some other
methods use a weighting scheme, and estimate the missing information using neighboring
pixels, and the calculated weights on the basis of the edge direction. Gunturk et al. [20]
also used the edge directed interpolation in their alternating projections algorithm. The
local homogeneity for each pixel has been measured in Hirakawa et al. [23]. They select the
interpolation direction using the homogeneity function in each pixel’s neighborhood. The
reconstructed images using edge-directed interpolation are usually sharper, and it contains
less blurring artifacts. Thus the results of demosaicked images using this method are good

in sharp regions, but they have poor results in problematic areas of the image [30].

2.2.3 Demosaicking methods using wavelet

In a typical wavelet-based demosaicking, first, the luminance image is formed using an
interpolation method. The red, green and blue components are also interpolated in the
same way. The wavelet transform will be applied on those interpolated images as well as
the luminance image separately, and four different wavelet coefficients will result. Some
merging scheme will be applied afterward, and the wavelet coefficient of each band of color

image will be modified by the wavelet coefficient of the luminance image.

Gunturk et al. [20] used a wavelet-based technique for demosaicking. They combine

the optimal edge directed interpolated image with the luminance image using wavelet
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transform. Another wavelet based method presented in [14] improved the results visually
and quantitatively comparing to the bilinear and gradient-based interpolation methods. A

low complexity demosaicking algorithm using wavelet has been presented in [11].

Hirakawa et al. [24] presented a framework for demosaicking using the properties of
Smith-Barnwell filterbanks for demosaicking and denoising aspects. They present a gen-
eral framework for applying wavelet domain denoising algorithm as well as some existing

denoising algorithm prior to the demosaicking.

A hybrid demosaicking algorithm also has been presented in [27]. In this method,
they used the demosaicking algorithm presented in [29], and proposed an iterative post-
processing algorithm using wavelet decomposition to reduce the color artifacts around the

edges.

2.2.4 Demosaicking based on the frequency domain representa-

tion

The spatial multiplexing of red, green and blue color components can be represented in
the frequency domain with one luma component and several chroma components [3]. The

number of chromas usually depends on the number of samples in the pattern.

Demosaicking algorithms in the frequency domain usually involve extracting of luma
and modulated chromas using two dimensional filters. In the Bayer pattern, one luma
and three chromas will be extracted using passband filters, and the RGB values will be
estimated in each spatial location using luma and chroma components, as we explained in

section 2.1.

Since the components in the frequency domain representation are usually more isolated,
the image quality will improve compared to the spatial domain methods. Moreover, some
chromas with less interference with the luma can be used to reconstruct an image with less
aliasing effect. A method proposed in [21] used the high frequency information of the green
image to reconstruct and enhance the red and blue color information. Another method

presented in [16] designed an adaptive filter to extract the chromas with less overlap, and it
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reduce the aliasing effect. LSLCD method [29] is one of the state of art algorithm that has
been described in frequency domain. This method optimized the filters and reduced the

overlap between luma and chroma components using least-square optimization method.

2.3 Image quality measurement

There are different metrics for image quality measurement. In this work, two metrics
will be calculated: peak signal-to-noise ratio (PSNR) and S-CIELAB. These two metrics
provide numerical comparison between the original image and the demosaicked image, and

help to compare different demosaicking algorithms.

2.3.1 Peak Signal-to-Noise Ratio

Mean-squared error and peak signal-to-noise ratio are two commonly used measures to
compare the reconstructed image with the original image. For an Ny x N, image RGB(i, j),

the M SFE value for R, G and B will be calculated as follows:

N1 N2

. . _ . . 2
MSE(R) _ Z Z (R(’L;j) ]Rif(l%j)]f}:constructed) (220)
i=1 j=1
N1 N2 o 9
MSE(G) _ Z Z (G(ij> ]Gv(lz;Y)]\R;Qeconstructed) (221)
i=1 j=1
N1 N2 S o 9
MSE(B) _ Z Z (B('l, ]) -].if(l'l;;])]\ﬂ}:constructed) (222)
i=1 j=1
MSE MSE MSE(B
cmsp = MSEW) + 53 (G) + MSE(B) (2.23)

The value of MSE, usually depends on the image intensity scaling. To solve this problem,
PSNR has been introduced, which measure the estimated error in decibels (db). Larger
values of PSNR shows better quality of reconstructed image. Since the values of pixels
in one image is scaled between [0 1], the following equation calculates the PSNR of an

image and its demosaicked image

CPSNR = 10log,,( (2.24)

C’MSE)
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2.3.2 S-CIELAB

S-CIELAB is a metric based on L*a*b* color space, and it better measures perceptual
color difference. S-CIELAB gives us more accurate information about the image quality
viewed by human observer. The CIELAB metric is suitable for measuring color difference
of large uniform color targets. The S-CIELAB metric extends the CIELAB metric to color

images.

To measure perceptual difference between two lights using the CIELAB, the spectral
power distribution of the two lights are first converted to XYZ representations, which reflect
(within a linear transformation) the spectral power sensitivities of the three cones on the
human retina. The spatial filtering pre-processing step will be applied in an opponent color
space. The opponent color space contains one luminance and two chrominance channels
[26]. The following equation shows the linear transform between the XYZ color space to

opponent channel, AC;C5.

A 0.297  0.72 —0.107 X
Cy | = | —0449 0.29 —-0.077 Y (2.25)
Cy 0.086 —0.59 0.501 Z

The filtering step contains the two-dimensional separable convolution kernels. These ker-
nels are in the form of a series of Gaussian functions that can be found in [26]. Then,
the filtered opponent channels will be transformed back into XYZ space using the inverse
transform function. The XY7Z values are transformed into an L*a*b* space, in which equal
distance is supposed to correspond to equal perceptual difference (perceptually uniform
space). Then, the perceptual difference between the two targets can be calculated by
taking the Euclidean distance of the two in this L*a*b* space. The S-CIELAB software

presented in [20] has been used in this research.

Color discrimination and appearance is a function of spatial pattern. In general, as the
spatial frequency of the target goes up (finer variations in space), color differences become

harder to see, especially differences along the blue-yellow color direction.

So, if we want to apply the CIE L*a*b* metric to color images, the spatial patterns of

the image have to be taken into account. The goal of the S-CIELAB metric is to add a
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spatial pre-processing step to the standard CIELAB metric to account for the spatial-color

sensitivity of the human eye.

2.4 Review of different CFA patterns

Color Filter Arrays (CFAs) vary due to the type and placement of their color filters.
Each filter in a CFA is sensitive to a specific range of wavelengths to detect a certain
color. Most CFAs contain three primary color components: red, green and blue. Some of
them have an additional panchromatic/white filter as well. There are also some CFAs with
complementary color components: cyan, magenta and yellow. The basic CFA structure

containing four pixels is called Bayer, with two green, one blue and one red filter.

Due to the human eye sensitivity to the green light, usually the number of green filters

is twice as large as for the rest of the color components in RGB CFAs.

2.4.1 Three channel CFAs

The type of color filters in three channel CFAs can be either red, green and blue or
cyan, magenta and yellow. There are different types of structures with red, green and blue

filters like Bayer, Fujifilm [19] and Diagonal stripe pattern.

Bayer CFA pattern

Bayer is the three channel CFA, containing two green, one blue and one red in each
2 x 2 pattern. It is used in many cameras like Canon, Olympus, Lumix and Sony. Due to
the popularity of Bayer pattern, many demosaicking methods have been designed for it.

Figure 2.4 shows one period of the Bayer pattern.

Fujifilm X-Trans pattern

The Fujifilm X-Trans pattern, as we can see in Figure 2.5 is a three channel 6 x 6 pattern.

It can be considered as a 3 x 6 pattern where half of the pattern is the shifted version of
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Figure 2.4: Bayer CFA pattern

the other part. This pattern has been developed by Fujifilm company [19]. According to

the manufacturer, this pattern eliminates false colors while realizing high resolution [19].

Figure 2.5: Fujifilm X-Trans CFA pattern

Diagonal stripe pattern

This pattern is a 1 x 3 pattern and contains three basic color component in one period.
Since the defects are usually observed along rows or columns of the sensor cells, this pattern
is robust against image sensor imperfections [31]. Figure 2.6 shows diagonal stripe pattern.

Based on the previous work, the result of demosaicking using this pattern is not as good

as RGB-Bayer [15].
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Figure 2.6: Diagonal Stripe CFA pattern
CYYM pattern

This pattern contains one cyan, two yellow and one magenta, and is used in a few
cameras of Kodak. It has the same structure that has been discussed in Bayer with
different color components. The advantage of using subtractive primaries is being more

sensitive to light. This pattern did not become very popular compared to the other RGB

patterns.

Figure 2.7: CYYM CFA pattern

2.4.2 Four channel CFAs

Four channel CFAs receive the color information through four different color filters.
The four color filters usually take a combination of the first three primaries, which gives

better estimation of the missing color information.
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RGBE pattern

This is a Bayer-like pattern, where one of the green filters is modified to emerald, and
is used in a few Sony cameras. According to the manufacturer [12], using the emerald
filter reduces the color reproduction errors, and also records images closer to the human

eye perception.

Figure 2.8: RGBE CFA pattern

RGBW pattern

There are different kinds of RGBW patterns. The most simple pattern is RGBW-Bayer
which is a Bayer-like pattern. One of the green filters has been replaced with panchromatic/
white filter in this pattern. Another popular pattern is RGBW-Kodak CFA, and it has
been used in many cameras. This pattern is a 4 x 4 and half of the filters in the pattern
are white. There is also a 5 x 5 pattern, that has been introduced in [15]. These patterns

will be studied in detail in Chapter 3 and 4.

Figure 2.9: RGBW-Bayer CFA pattern
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CYGM pattern

Due to the human eye sensitivity to green color, a yellow color filter has been replaced
by a green filter in CYYM three channel pattern. Therefore, the pattern has one cyan,
one yellow, one green and one magenta to provide a compromise between maximum light
sensitivity and high color quality. It has been used in Nikon and Canon cameras such as
Powershot S10, Canon digital IXUS S100 for a period of time, but it has been replaced

with other patterns like Bayer very soon there after.

Figure 2.10: CYGM CFA pattern

2.5 Noise effect on CFA image

CFA sensors capture an image through the photo-electric conversion mechanism of a
silicon semiconductor. Incoming photons produce free electrons within the semiconductor
in proportion to the amount of incoming photons and those electrons are gathered within

the imaging chip. Image capture is therefore essentially a photon-counting process.

As such, image capture is governed by the Poisson distribution, which is defined with
a photon arrival rate variance equal to the mean photon arrival rate. The arrival rate
variance is a source of image noise because if a uniformly illuminated, uniform color patch
is captured with a perfect optical system and sensor, the resulting image will not be
uniform but rather have a dispersion about a mean value. The dispersion is called image
noise because it reduces the quality of an image when a human is observing it. Image noise

can also be structured, as is the case with dead pixels or optical pixel crosstalk. We focus
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on the Poisson-distributed noise (also called shot noise) with the addition of electronic

amplifier read noise, which is modeled with a Gaussian distribution [2].

2.5.1 Demosaicking methods with a noise reduction stage

Many demosaicking algorithms have been designed for noise-free CFAs. Recently, the
effect of noise on the captured image has been addressed in some other works, and they
present demosaicking algorithms for noisy images. These methods mainly focus on restoring
more details and reducing the amount of noise in the reconstructed image. In demosaicking
methods with a noise reduction stage, usually, the noise will be modeled and added to the
input image for simulation. Jeon and Dubois modeled the noise in the white-balanced,
gamma corrected signal as signal independent white Gaussian noise. They used three

different variances for different color channels of RGB Bayer CFAs [18].

In some previous works, the noise reduction step is applied to the demosaicked image,
while some other methods implement the demosaicking stage after noise reduction. The
effect of noise in low-light images has been addressed in [7]. They applied denoising step
on the noisy image prior to the demosaicking step to prevent further corruption in the
demosaicking process. Their method results in sharper low-light images, and reduces noise

artifacts in the demosaicking step.

Most of the recent works in this area apply joint denoising and demosaicking schemes to
the noisy image. Nawrath et al.[35] present a non-local filtering for the denoising step and
produce demosaicked image with less color artifacts and less blurry effect. They stated that
the difference between two color channels is locally nearly constant. According to this rule,
they applied a non-local means filter to the joined difference channels and interpolated color
image. The state of the art joint demosaicking and denoising method for RGB-Bayer CFA
has been proposed in [25]. As we discussed before, the panchromatic/white filter receives
more light comparing to the other color filters. Due to the lack of literature on joint
demosaicking and denoising algorithm using RGBW CFAs, we propose both demosaicking
algorithm and noise reduction method for RGBW patterns.

There are several methods to reduce noise in gray scale or color images, but they are not
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working well for CFA images. Sung Hee et al. [13] proposed a noise reduction method for
CFA images. In this method, the denoising step will be applied before demosaicking to the
input CFA image. They also presented a comparison between two adaptive demosaicking
algorithm (Hirakawa and Dubois) and a bilinear demosaicking method. They compare the
demosaicking error as a function of noise-level for the mentioned methods. They stated that
the adaptive algorithm performs extremely well under low sensor noise conditions, their
performance decreases as noise increases compared to the bilinear method. Consequently,

there is an interaction between input noise and the demosaicking algorithm that is used.

In some joint denoising-demosaicking algorithm, we need to estimate the noise value
on a specific image before applying the noise reduction step. An accurate noise estimator
would significantly benefit many image denoising methods. There are some noise estimation
method designed for images. A recent work presented a method to estimate additive noise
by utilizing the mean deviation of a smooth region selected from a noisy image. The noise
distribution is estimated by computing the average mean deviation of all non-overlapping

blocks in the smooth region [11].

Tomasi et al.[11] presented the bilateral filter. This method is based on matching
distance (spatial), and similarity (intensity) criteria, and preserve sharp edges in noise

reduction process.

Non-local filter method presented by Buades et al. [5], finds the similar patches to the
area around each pixel, in entire image, and weights the similar patches by their similarity.
Each pixel will be replaced by the weighted average of the center pixels of the matching
patch. This method is slow in practice, and it usually searches for similar patches in a

small area around each pixel.

Later on, Dabov et al. [12] presented BM3D method similar to Buades’s method.
In this method similar patches will be collaboratively filtered to provide an estimate for
each pixel in the blocks. So, there will be several estimates for each pixel, and this method
combined them to generate basic estimate of the true image. Then, another block matching

step will be performed on the basic estimate, as a final denoising step.

The BM3D method, is based on an enhanced sparse representation in the transform
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domain, and it consist of two main steps: grouping and aggregation. The enhancement of
the sparsity is achieved by grouping similar 2D image blocks into 3D data arrays which is
known as grouping step. The collaborative filtering is applied on these 3D blocks afterward.
This step contains three parts: 3D transformation of a group, shrinkage of the transform
spectrum, and inverse 3D transform. The filtered blocks will returned to their original
positions. Because of the overlapping of the blocks, there will be different estimates for
each pixel. During aggregation step, those redundant information will be combined using

averaging procedure.

Another method called clustering-based sparse representation (CSR) have been pro-
posed in 2011. In this method, a dictionary of reference patches will be created, and the
patches will be built as weighted combination of these dictionary patches. The average

value of all patches in the same location will be assigned as pixel value[l3].

According to a comparison has been presented in [0] a different denoising method,
BM3D is working well among the listed method, and it preserve details of the image as

well as sharp edges.

2.5.2 State of art joint demosaicking-denoising method for noisy

RGB-Bayer patterns

Jeon and Dubois proposed a state of art demosaicking-denoising method for RGB-Bayer
pattern. They used the least-square demosaicking method that has been proposed in [18].
For the design, they artificially add noise with different noise levels to the input images,
and use the noisy images for training a set of the least-square filters. Several least-square
filters adapted to different noise level have been designed in this method. They estimate the
noise level of the input using Amer et al. noise estimation method [1], and an appropriate

set of filters will be chosen using the estimated parameters.

Since the reconstruction of luma components is crucial in the demosaicking systems,
and results in better quality of the reconstructed image, they utilize a separate noise reduc-

tion stage for luma components. They used the Block Matching 3D (BM3D) denoising
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algorithm [12] | which is one of the state of art denoising methods. The luma denoising

step improves the quality of output RGB image.

2.6 Summary

In this chapter, we reviewed different demosaicking algorithms in the space domain
and the frequency domain. Also, different CFA patterns have been studied in this chapter.
There is not enough literature on some of the discussed CFAs, and they need to be studied
in detail. Some commercially well-known CFAs will be studied in this work, and the
demosaicking algorithm will be provided for these CFAs. Four-channel CFAs are widely
used in cameras recently. The effect of noise on four-channel CFAs with panchromatic
filters has not been fully studied. The frequency domain analysis containing noise reduction

algorithm using RGBW CFAs will be discussed in this research.
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Chapter 3

Demosaicking algorithms in the

noise-free case

As discussed in the previous chapter, there are many popular CFAs, and some related
demosaicking algorithms have been provided in the literature in each case. In this thesis we
narrow down our research to two main categories: three-channel CFAs, and four channel
CFAs, since these cover most cases in actual use. We start by considering the noise-free
(or low-noise) case. Due to the lack of published research on the Fujifilm X-Trans pattern

and given its claimed advantages, we focused on this pattern as a sample of three-channel

CFAs.

The RGBW CFAs have been chosen as four-channel CFAs, due to their anticipated
benefits in the noisy case, and three different RGBW patterns have been analyzed in our
work. The results of the reconstructed images have been compared, and the best RGBW
pattern has been chosen for the noise reduction step. The following sections explain the

details of the demosaicking algorithms for different identified patterns.

3.1 Demosaicking algorithm structure

Different CFA patterns may have different sizes. Using the smallest repeated pattern,
the CFA signal is sampled on lattice A = Z? with reciprocal lattice A* = Z2.
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Using these lattices, we can model the CFA signal as a sum of luma and chroma

components.

foralx] = Z ¢i[x| exp(j2m(x - d;)), where

We also calculate matrix B and matrix D for this CFA pattern, as described in chapter
2. Matrix M also will be calculated afterward.

Since we have three individual color components for three-channel CFAs in the space
domain related to R, G and B, there should be at least three individual components in
the frequency domain (chromas) as well. Generally, there are C filter types, where C' = 3
for three-channel CFAs, and C' = 4 for four-channel CFAs, and there should be at least

K = C components for a sample CFA.

Using Fourier analysis (discrete-domain Fourier series), we find that the spatial mul-
tiplexing of C' components is equivalent to the frequency domain multiplexing of K com-
ponents. The basic demosaicking algorithm involves extracting the K components using
bandpass filters, demodulating them to baseband and reconstructing the C' original com-
ponents. This has no advantage over spatial interpolation. However, we can reduce the

number of K components, and design an adaptive algorithm.

Although the number of chromas vary depending on the CFA pattern in different cam-
eras, there should be some relation between chromas. It is always beneficial to decrease
redundancy between chromas to three basic components, since it reduces the computa-
tional complexity. The smaller number of chromas also results in less overlap between

chromas. It will also lead us to more accurate chroma extraction.

Using matrix M, we can find the dependency of chromas. We can divide chromas into
several groups of dependent chromas. We have to choose one chroma per group as a basic
chroma, and fully extract it. Then we will be able to fully reconstruct the rest of chromas
in the same group. The group assignment of chromas are not necessarily unique, and there
should be a minimum of three basic chromas for each three-channel pattern and four for

four-channel CFAs.
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In this section, we present our applied demosaicking algorithm as a general model, so
it can be applied on any other CFA pattern. As we discussed in the previous section, the
following equation shows the relation between chroma components in frequency domain

and the RGB image.

q[x] = M f[x] (3.1)
f= [ Ji, fas f3, fa }T (3.2)
q= [ a1, G2, -, (K }T (3.3)

Assuming M is a K x C matrix, we are concerned with the case where K > C, and

we would like to simplify matrix M.

We can minimize the number of rows in M and decrease the number of color compo-
nents in the frequency domain as follows in two steps. First, we delete zero rows of M as
not relevant. Second, as experience shows that in most cases of interest, the rows of M
each belong to one of C' one-dimensional sub-spaces of R®, we need to find those rows in

matrix M.

Since we simplify the matrix M, we will be able to design the adaptive demosaicking
algorithm. In the adaptive algorithm, only one color component in each group will be
estimated, and it will be used to determine all the others belonging to the same group.
The specific component in each group can be chosen locally based on an estimate of which
component in its group is least affected locally by crosstalk. Once all chromas are adap-
tively estimated, they can be remodulated and subtracted from the CFA signal to estimate

the luma.

The following examples show the process of matrix M simplification more clearly for

different CFAs. In the case of Bayer, as we discussed in Section 2.1, equation 2.13 we have

9
1 0
- (3.4)
4 1 0 —1

9




In this CFA mg; = —msy;, and thus g3 = —go. Thus, only one of ¢ and g3 is needed to

reconstruct F', and the best one can be chosen locally using an adaptive algorithm.

A more complex case is the Fujifilm X-Trans CFA, where K is 18. This will be studied
in detail in Section 3.2. Five rows of M are zero, so they can be ignored. There are

thirteen remaining rows, and we call the downsized matrix M.

2 5 2
—-0.25-0.435 0.5+4+0.865 —0.25—-0.43j
—-0.254+0.435 0.5—-0.865 —0.25+0.43j

05—-0865 —1+1.737 0.5—0.867
0540865 —-1-1.735 0.5+ 0.865
—-0.25+4+0.4357 0.5—-0.865 —0.25+0.43j

M’ = % X | —0.25—0.43] 0.5+0.86] —0.25— 0.43; (3.5)
-1 2 -1
-1 2 -1
0.75 + 1.3j 0 —0.75 — 1.3j
—0.75 — 1.3j 0 0.75 + 1.3j
0.75 — 1.35 0 —0.75 + 1.35
—0.75 4 1.3j 0 0.75 — 1.35

These rows lie in three 1D subspaces spanned by a;[2,5,2], as[—1,2,1] and a3[1,0, —1]
where a1, as and a3 are arbitrary complex constants which we can choose according to our

convenience.

Next consider Kodak RGBW. In this CFA C' =4 and K = 16, but four rows are zero,
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and can be ignored. The remaining rows are:

2 4 2 3
~1+j 0 1-j 0
—1—-j 0 145 0
1—j 0 =144 0
1+ 0 —-1—-j 0
1 2 —4 2 0
M = o x 4 (3.6)
“14+j 0 1-j 0
1—j 0 =144 0
—1—-j 0 144 0
145 0 —-1—-j 0
| 2 -4 -2 8

By looking at matrix M’ there are some obvious similarities between rows. They lie
in four 1D subspaces spanned by a4[1,2,1,4] as group one, as[1,0,—1,0] as group two,
as[l,—2,1,0] as group three and a4[1,2,1,—4] as group four. These subspaces can be

easily found by inspection.

If we can reconstruct one chroma based on the other, we assume those chromas belong
to the same class. Here we assume Luma (first row) as a separate class, rows 2 — 5 and
8 — 11 as second class, rows 6 and 7 as our third class, and the last row as the fourth class

of chromas.

The matrix J is defining the four input channels: R, G, B and W, while each column
of the matrix represents one of the colors in this pattern. Panchromatic pixels in the CFA

will be calculated using equation 3.7.
W =ag(R) + ag(B) + ac(G) (3.7)

In the frequency domain, the Fourier transform of the CFA signal is

N

Fepa(u) = Z Qi(u—d;) where Q;(u) = F{g[x]}. (3.8)

=1
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The chroma components are extracted with bandpass filters centered at the frequencies d;.
The next step in the demosaicking algorithm is reconstructing the full RGB color image

using the pseudo inverse matrix M.

There are two main issues in adaptive algorithm: how to design appropriate filters
to extract the modulated chroma components, and how to adaptively estimate the basic
chroma in each group to minimize the effect of crosstalk. These issues will be addressed

for each of the CFA patterns to be presented in the subsequent section.

3.2 Three channel color filter array

The three-channel color filter arrays usually contain three primary color filters: red,
green and blue. Due to the different CFA structures, the number of each color filter type
in one period of the pattern varies. The most widely used three-channel CFA is Bayer,
containing two green, one blue and one red filter in one period of the pattern. Because
of the human eye’s sensitivity to the green color, the number of green pixels in most of
the three channel CFAs is usually twice or almost twice the number of blue or red pixels.
The quality of the output images depends on the number of different color filters in each

pattern as well as the arrangement of the color filters in the template.

3.3 Demosaicking for the Fujifilm X-Trans pattern

In this work, we implement demosaicking algorithms related to the Fujifilm X-Trans
CFA pattern. The Fujifilm CFA pattern is a 6 x 6 template containing 20 green pixels, 8
blue and 8 red as we can see in Figure 3.1. The number of green pixels is more than the
total number of blue and red pixels. This template provides a higher degree of randomness
with an array of 6 x 6 pixel units. According to the manufacturer, without using an optical
low-pass filter, moiré and false colors are eliminated while realizing high resolution [19].
Analysis of this pattern is more complicated than for the Bayer pattern due to the large

number of sensors in one period of the CFA. In the following sections, two different analysis
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approaches will be presented for Fujifilm X-Trans pattern.

Figure 3.1: Fujifilm X-Trans CFA pattern

Demosaicking algorithm

Although the pattern is generally viewed as 6 x 6, it is in fact 3 x 6 with periodicity
given by a hexagonal lattice. The second 3 x 6 part can be assumed as a shifted version of
the first half. The CFA signal is sampled on lattice A = Z? with reciprocal lattice A* = Z2.
A lattice and it’s corresponding reciprocal lattice to represent the periodicity of the CFA

pattern can be given by

Vr = 63 Vs = % 0 3.9
I — ) I'* = . ()
0 3 o

The analysis of this CFA can be carried out using the general theory described in
[18], and summarized in Chapter 2. According to the analysis, the CFA signal can be

represented as a sum of modulated chroma components plus a baseband luma component.
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The CFA signal is given by

K
feralx] = Z%‘[X] exp(j2m(x - d;)) where K =18. (3.10)
i=1
According to [18], d; refers to the columns of matrix D and they are coset represen-

tatives of A* in I'*. The matrix D is a 2 x K matrix where K is the number of samples
in one period of the lattice, which is equal to 18 for the Fujifilm pattern. The following

matrix is used here

602 -21-12-21 -1 0 0 2 -2 3 —-1313

00 0 1 -12 -2-1 1 -22 -2 2 -1 3 13 3
(311)

Dzlx
6

The luma and chroma components are obtained from the original RGB components by
qlz] = Mf[x] (3.12)
J= [f1>f27f3]T =[R,G, B]T and  q =[q1,q2," - >QI8]T' (3.13)

For finding matrix M we need to calculate matrices B and J. Also, b; refers to the

columns of matrix B which gives the coset representatives of I' in A. We use

012012012012012012
B = . (3.14)
00011 1222333444555

Color channels will be represented by

0001010O00O01O0O0O0OO0O0OT1FQ0
J={1010101011010101°01 . (3.15)
06010000O010O0O0OO0O1O0T1QO0O00¢O0

The following matrix shows the calculated matrix M for 18 components using 2.13 in
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Section 2.1. Note that only 13 components are nonzero.

0.2222
—0.0278 — 0.0481j
—0.0278 + 0.0481;
0
0
0.0556 — 0.0962;
0.0556 + 0.0962;
0
0
—0.0278 + 0.0481;
—0.0278 — 0.0481j
—0.1111
—0.1111
0.0833 + 0.1443;
—0.0833 — 0.1443;
0.0833 — 0.1443;
—0.0833 + 0.1443;
0

0.5556
0.0556 4 0.0962;
0.0556 — 0.0962;

0
0
—0.1111 + 0.1925;
—0.1111 — 0.1925;
0
0
0.0556 — 0.0962
0.0556 + 0.0962;
0.2222
0.2222
0

o o o O

0.2222
—0.0278 — 0.0481y
—0.0278 4 0.04815

0
0
0.0556 — 0.0962j
0.0556 + 0.0962j
0
0
—0.0278 4 0.04815
—0.0278 — 0.0481y
—0.1111
—0.1111
—0.0833 — 0.14435
0.0833 +0.1443;
—0.0833 + 0.14437
0.0833 — 0.1443;
0

(3.16)

In the frequency domain, using the standard modulation property of the Fourier trans-

form, we find

Fepa(u) = ZQi(u —d;) where Q;(u) 2 F{q[x|}

(3.17)

Figure 3.2 shows the power spectral density of a sample X-Trans CFA image, illustrating

the position of luma and chroma components in one unit cell of A*.

Basic frequency-domain demosaicking involves extracting the luma and the twelve

nonzero chroma components with bandpass filters separately, demodulating them to base-

band and reconstructing the estimated RGB signal based on these signals with

flx] = M'q[x|
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Figure 3.2: Luma- Chroma position for Fujifilm X-Trans pattern

where M is the pseudo inverse matrix of M.

Due to the similarity of different chromas and their distance from luma in this pattern,
three baseband Gaussian filters have been designed in our basic implementation. The
Gaussian filters are 2D filter with ¢ = 2.32 for both dimension. The filter sizes have been
set experimentally. Different chromas have been filtered by modulating these Gaussian
filters to the different band center frequencies. The first filter extracted go, g3, ¢10 and ¢11.
The second one has been used for gg, q7, ¢12 and ¢3 and the last one extracts ¢4, ¢15, 16

and q17-

The Luma component will be extracted as follows:

18

q,[x] = feralx qu exp(j2m(x - d;)). (3.19)

=2

Although we model the whole system for 18 components, there are 5 components with

gi|x] equal to zero. These are correspond to dy, ds, ds, dg and dig.

Based on the dependence of different chroma components we can categorize all 18

component into 5 groups and estimate the rest of the components based on them. The
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following equations show the relations between the 13 nonzero components.

pi(x) £ @(x) Luma (3.20)

p2(x) £ q12(x) = q13(x) (3.21)

P3(x) £ g2(x) = ¢5(x) = ¢5p(%) = qu(x) (3.22)
pa(x) £ gs(x) = ¢ (x) (3.23)

ps(%) £ qua(x) = ¢i(%) = —qu5(x) = —¢i(x) (3.24)

By inspecting the values of matrix M, the values of some components can be retrieved
based on the others. The following equations show further relations between different

components:

qi2(x) = qu3(%) = —(gs(x) + ¢7(x)) (3.25)

G65(%) = —(22(%) + ¢3(%)) + j(g2(x) — ¢s(x)) (3.26)

Thus we can calculate py, ps and py using the real and imaginary part of one of them.

Since the value of p, is real, we need to have either p3 or p, to find the rest.
po(x) = —2Re{ps(x)} (3.27)
pa(x) = —2Re{p3(x)} + j2Im{p3(x)} = 2p;(x) (3.28)

We can conclude that all the first 8 chroma components can be calculated based on
any one of these components. Thus we are able to estimate some of the chromas which
have more interference with Luma based on the other components that are further from
Luma. This is the key idea behind the extension of adaptive luma-chroma demultiplexing

for Bayer pattern to the X-Trans pattern.

In summary we have p; as luma, ps as the first chroma and one of py, p3 and py as
the second chroma. In the adaptive method, weights will be assigned to the chromas
selectively. The more accurately reconstructed chroma in each group receives a higher

weight and the other chroma component will be updated sequentially. The new estimated
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Figure 3.3: Fujifilm adaptive demosaicking system

chromas improve the luma estimation when using equation 3.19. Figure 3.3 shows the

structure of the adaptive demosaicking algorithm.

There are four chroma components which are very close to the luma: ¢o, ¢3, 10 and
q11- We are trying to find a more accurate value for ¢,, and calculate the other three
components using the updated ¢s. Since ¢, g3, ¢s, G7, 10, G11, 12 and ¢i3 are closer to the
luma, we used a weighted form of each one adaptively to reconstruct the ¢, component
with least overlap with luma. In this method, the energy function has been calculated
between luma and one of each pairs of chromas. Every two symmetrically located chromas

have been assumed as a pair: ¢, and g3, g5 and ¢7, q10 and q11, g12 and q;3.

To optimize the weight assignment process, we create a filter to extract the overlapped
information in the middle of the Euclidean distance of luma and the given chroma. The

filtered information shows the average local energy as an overlapping index at that location.
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Specifically, a baseband Gaussian filter hg, with a certain standard deviation rg has been
designed for this process. The rg has been set experimentally to give the best filtering
performance. The Gaussian filter has been modulated to the certain frequency between
luma and chroma, to filter the local energy. The modulated filter is shown as hg,. The
filtered signal will be squared and will be filtered using a 5 X 5 moving average filter

afterward.

This value has an inverse relation with the accuracy of the filtered chroma. So, we
assign the inverse form of energy index to the mentioned chroma as weight (w). Four
different weights have been calculated in this way, and each weight has been assigned to a
pair of above chromas. Therefore, the chroma having less overlap with the luma receives
more weight, and the least accurate one receives less weight in each pixel of the image.
Each of those four weights has been divided by the sum of w; to ws to make sure that
the total value of the assigned weights is equal to one. The following equations show the

weighting process.

energy = (fora * haa)” * hsxs (3.29)
! (3.30)

 enerqy '

oy (w2)ge(x) + (we)gs(x) + (w10)q10(X) + (wi2)qi2(X)

G(x) = P (3.31)
d3(x) = G3(x) (3.32)
G1o(x) = ¢5(x) (3.33)
q11(x) = ¢2(x) (3.34)

The updated ¢, will be used to reconstruct the enhanced g3, ¢i0, ¢11 and luma in
adaptive demosaicking algorithm. The luma component will also be updated afterward.
The non-adaptive algorithm extracts the chromas using the Gaussian filters and simply

reconstructs the RGB image using the extracted chromas.

In comparing demosaicking algorithms using Fujifilm and Bayer patterns, we note that

there were also three selected independent components in Bayer. Since the updated ¢, in
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the presented algorithm depend on ¢, q109, q12 chromas, we will not be able to optimize
the weighting scheme that has been described above. Thus, we need to minimize the
dependency between chromas. The following method expresses the Bayer-like analysis for
the X-Trans Fujifilm pattern. In this method ¢, will be reconstructed using two chromas,

and the assigned weights will be optimized.

Bayer-like analysis for Fujifilm CFA pattern

In this method we are trying to reconstruct the remaining thirteen components using
one luma and two chromas as we have before for Bayer. Since we are reconstructing an
RGB image, we need in fact three degrees of freedom. The signal ¢; is a luma signal, given
by

qlx] = %(2fR[X] +5falx] +2fp[x]) £ folx] (3.35)
Note that this is different than the luma component in the Bayer CFA. There are essentially

two distinct chroma signals, which can be taken to be the same ones as in the Bayer CFA:

ferlx) = §(—falx] + 2folx] — fulx) (3.36)

fealx] = 3(~falx] + folx) (3.37)
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We can relate the remaining twelve ¢ signals to fo; and feoo as follows:

G2[x] = (0.1111 + 0.19257) fo [x]
[x] = (0.1111 — 0.1925)) fe1 [x] = ¢ [x]

gs[x] = (
gs[x] = (
q7[x] = (
qo[x] = (0.1111 — 0.1925j) fer [x] = 3 [X]

—0.2222 + 0.38505) fo1 [x] = —2¢5[x]

0.2222 — 0.38505) fe1[x] = —2¢2[x]

11 x| 0.1111 + 0.19257) fe1[x] = ga[%]

=
0afx] = 04444 fca[x] = 2(aelx] + g3[x)

q13[x] = 0.4444 for [x] = 2(q[x] + ¢5[x])

qua[x] = (—0.3333 — 0.5772) fealX]

¢15[X] 0.3333 + 0.57727) feo[X] = —qu4[x]

= (
Gi6[x] = (—0.3333 + 0.5772) foa[x] = g4 [x]
= (

q17[x] = (0.3333 — 0.57727) foo[x] = —q1,[X]

The first eight of these can be used to estimate f; and the last four can be used to estimate
foa-

Although the above relationships between different ¢ components hold for the actual
q components, they will not in general hold exactly for estimates of the ¢ signals from
the CFA signal, mainly because of crosstalk between the different components. However,
assuming symmetric bandpass filters are used to extract the modulated components from
the CFA signal, pairs at mirror frequencies (i.e., d and —d) will be conjugates of each
other. These mirror pairs are (g2, q3), (¢6,97), (q10, 1), (q12, q13) (these are real), (q14, G16)
and (qi5, q17). These pairs should be estimated as a unit, with their sum being real. Thus,
there are four pairs used to estimate fo; and two pairs used to estimate foo. Consider for

example the case of ¢o and g3. We have defined

ro[x] = qo[x] exp(j2md; - x) (3.38)
r3[x] = g3[x] exp(j2mds - x) (3.39)
= ¢;[x] exp(—j2nd; - x) = r}j[x] (3.40)
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Assuming we use mirror symmetric bandpass filters to estimate ry and r3, we will necessarily

find

Go[x] = To[x] exp(—j2mdy - x) (3.41)
G3|x| = 73[x] exp(—j2nd; - x) (3.42)
= 73 [x] exp(j27dy - x) = G5 [x] (3.43)

Then, 853[x] = Go[x] + g3[x] is real, and can be used as an estimate of gu[x] + q3[x] =
0.2222fc1[x]. In a similar fashion: 81011[x] £ Gio[x] + G11[x] is real, and can be used as an
estimate of q10[x] + q11[x] = 0.2222fc1[x]; 36.7[X] £ Gs[x] + Gr[x] is real, and can be used as
an estimate of gs[x] + g7[x] = —0.4444 fo,[x]; and finally, 81213[x] £ Gi2[X] + Gi3[X] is real,
and can be used as an estimate of ¢12[x] + q13[x] = 0.8888 f1[x].

We could combine these to form a non-adaptive estimate of fo; by giving them equal

weighting:
ferlx] = 05953923[X] + 53353 510.1 [X] — Gsaz 56,7 [X] + Graes S12.13x] (3.44)
= 283[x] + §81011[X] — 5 86,7[X] + 2% 812.15[X] (3.45)

or alternatively (and better, since in general sy 3 and s10,11 suffer more crosstalk than s 7

and s1213)
fCl[ ] = —‘56 7lx]+ 1%5’12,13[3(]- (3.46)
A general formula is

fCl[ | = wa52 slx] + %wb§10,11[X] - %wcg(i,?[x] + gwd§12,13[x] (3.47)

where w, + wp + w, + wg = 1.

A similar approach can be used to estimate foo. We define $1416[%] = Gua[x] + ¢16[x]
to estimate g14[x] 4+ qi6[x] = —0.6666 foo[x]| =, and $§1517(x| = G15[x] + ¢i7[x] to estimate
G15[x] + q17[x] = 0.6666 foo[x] = Averaging these two,

fC2[X] = _§§14716[X] + 2815 17[x]. (3.48)

43



Again, a general formula is
fealx] = —30,814,16[x] + S0p515,17[x] (3.49)

where v, + v, = 1. Given our best estimate of fo1[x] and foo[x], we can estimate f, by

subtracting the modulated components

A

FI] = foralx] = @ilx] exp(j2r(x - d;)) (3.50)

=1

Finally, we can recover the RGB components by the inverse transform

frlx] 1 -3 -2 fulx]
folx] | =11 & 0 ferlx] (3.51)
fox] 1 -2 2 fealx]

Testing on the 24 Kodak images, with v, = v, = 0.5 in all cases, we find that w, =
wy = 0, w. = wyg = 0.5 gives good overall performance found among choices for the weights
(CPSNR ranges from 31.2 dB to 40.1 dB with a mean value of 36.0 dB). In comparison,
equal weights w, = w, = w, = wy = 0.25 is much poorer (CPSNR ranges from 25.4
dB to 36.5 dB with a mean value of 32.3 dB). Interestingly, slightly better results are
obtained with an asymmetric choice w, = w, = w. = 0, wy = 1 (CPSNR ranges from 31.3
dB to 40.2 dB with a mean value of 36.1 dB). On the other hand, the alternate choice
we = wp = wyg = 0, w, = 1 is worse (CPSNR ranges from 30.2 dB to 38.9 dB with a mean
value of 35.0 dB).

An adaptive estimate would be formed by determining which of the terms are least
affected by crosstalk and giving them a higher weighting, while giving the remaining terms
more affected by crosstalk a lower weighting. In other words, we seek an adaptive choice

of the weights w,[x], wy[x], we[x], wq[x], v4[x], vs[x] based on local properties of the image.

In the Bayer-like adaptive method we assumed w, = w, = w. = 0, wg = 1. The wy
is the assigned weight to §1515[x], and the other weights do not effect the feq[x]. Thus,
we need to extract qio and ¢3 correctly. In the following section we will discuss about

designing a Least-Squares filter to extract g2 and ¢3.
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Designing filter using Least-Square method

In the previous sections, we designed Gaussian filters for ¢o and ¢;o which are close to
the luma. In this section, the least-squares method will be explained. We want to design
a filter to extract gi2 and i3, or s1213 = 12 + q13, which are all real. Let us first design
the complex filter to estimate q12, and it will be the same procedure for any other chroma.

We can call the design filter hqo for ¢15. We have:

T12[x] = (fora * hi2)[X] (3.52)
leg[X] = fm[X] exp(—j27rd12 . X) (353)

On the training image q12[x] = 0.4444fc1[x], 712[%] = q12[x] exp(j27ds - x). Let W@ be
the support of the i training image, i = 1, ..., P. Then the least-square filter is

P
_ : @) _ g ) ?
hiy = arg mhlnz Z )(7’12 h* fopa)X] (3.54)
=1 xeW ()
Let S be the region of support of hyy, |S| = Np, then
(h= feplmna = 7 hlk kol fopalm — kiinz — k| (3.55)
(kl,kz)ES

We prefer to express it in matrix form as follows. First, arrange the filter coefficients into

an Np X 1 column matrix, taking the coefficients of h column by column from left to right.

hyp = _ (3.56)

| h(:, Nyar) |
where Np = N7;;, Let N, = |I/V("‘)|7 assumed the same for all 7. Arrange r%) into an Np x 1

column matrix in the same way.

r{) 1, = ) (3.57)




Then
T'ipi2 = Z%h,p (3.58)

where Z® is an Ny x Np matrix. Each column of Z® is a reshaped version of fé’}m 4l —

ki, ne — ko] for some k; and ky, rearranged in the order of hyp.

Shalng — kiyna — ko) (2, 1)

() P
20 miky k) = | JOPal™ klfnz wl2) (3.59)

g%«“A[ — ki, n9 — ko] (1, Nw)

where th[m[kl, ]{52]] = h[k’l, k’g]

Z is real value and r is complex. Equation 3.54 can be written in matrix form as
" 2
Iz = argmin Z ||ZOh — vy, @] (3.60)

This is a standard least-squares problem with solution [31]

P
hipis = [Z ARVAY Z z® rlD 12] (3.61)
i=1
hio(1,1) oo haa(Npar, 1)
hio(1, Nyiu) -+ haa(Npae, Nyaw)

Results and discussion

The proposed demosaicking algorithms for the Fujifilm X-Trans pattern have been im-
plemented in the Matlab environment. We reconstruct 24 Kodak images using Fujifilm
pattern to compare them with the previous works using Bayer patterns. In fact, we sim-
ulated the digital camera processing system. The first step is applying white balancing
and gamma correction method on the captured image. Then the CFA images will be re-
constructed using the white balanced gamma corrected image. The output images will

be reconstructed using the proposed demosaicking process, and the reconstructed images
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will be compared with the input (Captured) images. Since the Kodak dataset is a white
balanced and gamma corrected dataset, we skip the first step in the camera process. We
only apply the demosaicking algorithm on the input Kodak images, and the PSNR and
S-CIELAB results calculate the differences between the reconstructed images and the input

images as ground truth images.

Table 3.1 and 3.2 show the PSNR and S-CIELAB comparison between the least-squares
luma-chroma demultiplexing (LSLCD) method using Bayer and Fujifilm patterns, adaptive
and nonadaptive demosaicking schemes using X-Trans pattern for each image as well as
the average over 24 Kodak images. The proposed least-square method for Fujifilm pattern
is applied based on the Bayer-like adaptive demosaicking. The least-square filters have
been designed for two components to optimize the filtering stage. The results show slight
changes in terms of PSNR using optimized filter set. Columns of Table 3.1 and 3.2 will be

described as follows:

e a) PSNR and S-CIELAB of least-square method using RGB-Bayer pattern over Ko-

dak dataset [29]. The software and results are available at [2]

e b) PSNR and S-CIELAB of non-adaptive demosaicking method using Fujifilm X-

Trans pattern over Kodak dataset

e ¢) PSNR and S-CIELAB of adaptive demosaicking method using Fujifilm X-Trans
pattern over Kodak dataset (First adaptive approach)

e d) PSNR and S-CIELAB of Bayer-like adaptive demosaicking method using Fujifilm
X-Trans pattern over Kodak dataset (Second adaptive approach)

e ¢) PSNR and S-CIELAB of least-square method using Fujifilm X-Trans pattern over
Kodak dataset. It has been presented using Bayer-like adaptive demosaicking algo-
rithm in this chapter.

Both tables show that the proposed adaptive and least-square demosaicking schemes
using the Fujifilm pattern give us lower PSNR than the LSLCD demosaicking scheme using

Bayer pattern, but the visual results show improvement in the reconstructed details and
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its colors. The result of PSNR and S-CIELAB lead to the same conclusions according to
Table 3.1 and 3.2.

Figure 3.4 shows the horizontal, vertical and diagonal details in the reconstructed im-
ages using Bayer and Fujifilm pattern. The visual results show that the X-trans pattern

gives less false colors than Bayer pattern on these details.

Comparing Fujifilm X-Trans and RGB-Bayer patterns based on the provided PSNR,
S-CIELAB and the reconstructed images, we can conclude that the quality of the recon-
structed image with least-square method using Bayer pattern is better than reconstructed
images with least-square method using Fujifilm X-Trans pattern across the edges while
the number of false color in reconstructed image using Fujifilm X-Trans pattern is less
than RGB-Bayer. Since there are more color components in Fujifilm X-Trans pattern, the
overlapping effect between color components will increase, and extracting accurate color
components will be more complicated. Thus it will result in lower quality in the sharp
area and edges. There is a trade off between the amount of correct estimated colors and
the quality of the images in the edges. Thus, less color components in the pattern results

in more false color and better reconstructed edges.
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(a) Original image (b) Reconstructed using X- (¢) Reconstructed using

Trans Bayer

Figure 3.4: Comparison between The new method using X-Trans and LSLCD method

using Bayer
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Image number (a) (b) (c) (d) (e)

01 37.92 32.09 36.21 35.64 35.82
02 40.65 35.75 36.52 36.54 36.64
03 42.22 37.14 36.76 36.68 36.77
04 41.09 36.16 36.22 36.01 36.08
05 37.92 32.15 32.72 32.62 32.73
06 39.95 35.72 38.82 38.45 38.55
07 42.52 36.80 36.84 36.70 36.73
08 35.32 26.90 33.95 33.61 33.68
09 42.57 36.37 38.15 37.96 38.08
10 42.63 37.22 38.95 38.54 38.63
11 39.81 34.37 36.49 36.25 36.32
12 43.14 37.93 39.19 38.89 39.01
13 34.20 30.91 32.91 32.38 32.46
14 36.77 31.54 31.13 31.28 31.34
15 39.83 35.50 35.99 35.73 35.79
16 43.63 39.73 41.00 40.22 40.28
17 41.63 37.62 39.28 39.23 39.29
18 37.28 32.92 34.36 34.18 34.23
19 40.53 33.33 38.21 37.90 37.96
20 40.97 36.54 37.66 37.51 37.57
21 38.79 34.84 37.08 36.84 36.90
22 38.57 32.99 34.94 34.92 35.03
23 42.98 37.50 37.06 36.98 37.02
24 35.34 33.11 35.53 35.42 35.55
Average over 24 39.8 34.80 36.50 36.27 36.35
images

Table 3.1: PSNR of Kodak images using Bayer and Fujifilm X-Trans patterns.(a) RGB-
Bayer (Least-Square method), (b) Fujifilm (Non Adaptive demosaicking), (c) Fujifilm
(Adaptive demosaicking), (d) Fujifilm (Bayer-like Adaptive demosaicking), (e) Fujifilm
(Least-Square method)
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Image number (a) (b) (c) (d) (e)

1 1.19 2.37 1.68 2.16 2.11
2 0.66 1.21 1.15 1.21 1.20
3 0.51 0.98 0.98 1.13 1.12
4 0.66 1.26 1.25 1.37 1.37
5 1.07 2.43 2.34 2.58 2.55
6 0.78 1.19 1.03 1.27 1.25
7 0.55 1.26 1.25 1.33 1.33
8 1.47 3.52 1.93 2.34 2.32
9 0.58 1.19 0.99 1.15 1.13
10 0.54 1.05 0.92 1.05 1.04
11 0.75 1.43 1.22 1.43 1.42
12 0.48 0.88 0.79 0.96 0.95
13 1.62 2.57 2.25 2.95 291
14 1.00 1.90 1.92 2.14 2.13
15 0.64 1.23 1.12 1.25 1.24
16 0.53 0.83 0.79 1.00 0.99
17 0.51 0.86 0.77 0.90 0.89
18 0.99 1.87 1.70 1.97 1.95
19 0.77 1.44 1.11 1.31 1.29
20 0.57 0.95 0.86 1.03 1.02
21 0.91 1.42 1.28 1.53 1.51
22 0.93 1.94 1.63 1.83 1.81
23 0.49 1.04 1.06 1.13 1.14
24 0.98 1.72 1.34 1.57 1.55
Average over 24 0.79 1.52 1.31 1.52 1.51
images

Table 3.2: S-CIELAB of Kodak images using Bayer and Fujifilm X-Trans patterns.(a)
RGB-Bayer (Least-Square method), (b) Fujifilm (Non Adaptive demosaicking), (c¢) Fujifilm
(Adaptive demosaicking), (d) Fujifilm (Bayer-like Adaptive demosaicking), (e) Fujifilm
(Least-Square method)
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3.4 Four channel color filter array

Most of the four channel CFAs contain red, green, blue and white/ panchromatic filters.
There are some other four channel CFAs like: RGBE and CYGM. RGBE is an alternative
for Bayer and one of the green pixels in Bayer has been modified to emerald. It has been
used in some Sony cameras. CYGM is used in a few cameras and it is a 2 x 2 pattern with
one cyan, one yellow, one green, and one magenta. Figure 3.5 shows some sample four
channel patterns. White filters in RGBW patterns usually pass all the color spectrum and
the measured values through white filters can be estimated as a combination of red, green

and blue values.

Since the white filters receive more signal to noise ratio than color filters, we decided
to study the noise reduction impact on different RGBW patterns. The following sec-
tions present non-adaptive as well as adaptive demosaicking algorithms on RGBW-Bayer,
RGBW-Kodak and a proposed RGBW (5 x 5) in [15]. The optimized method using the
least square method is also provided for RGBW-Bayer, and the noise effect on this pattern

will be discussed in chapter 4.

Since most of standard datasets like Kodak dataset contain red, green and blue color
information, and they do not provide clear/panchromatic color information, we will esti-

mated the value of clear/panchromatic filters in three different ways as follows:

e Initially, the clear/panchromatic pixels value will be assumed as a combination of

equal amount of red, green and blue pixels values as W = %R + %G + %B . Then the
CFA image will be calculated based on Kodak dataset for RGBW-Kodak, RGBW-
5 x 5 and RGBW-Bayer patterns. The demosaicking algorithm will be designed and
tested on the CFA images of all three patterns. The results will be compared and

the best demosaicking algorithm using one of these CFA patterns will be chosen.

e Secondly, the clear/panchromatic pixels will be assumed as a linear combination of
red, green and blue pixel values with different coefficient. Those coefficients are not
necessarily equal. The panchromatic pixels will be estimated as W = agR + acG +

agB, and agr, ag and ap will be estimated using an optimization method over
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a) RGBW-Bayer pattern ) RGBW-Kodak pattern

o e

) RGBE pattern ) CYGM pattern

Figure 3.5: Sample four channel CFA patterns

Macbeth color checker [37]. Then, the chosen CFA among three four-channel CFAs
will be calculated using the new set of coefficients, and the demosaicking algorithm

for the same CFA will be updated.

Finally, the estimated clear/ panchromatic pixel values will be validated using a
hyperspectral image dataset. The red, green, blue and panchromatic pixels for the
chosen CFA will be calculated on the hyperspectral images, and the demosaicking

algorithm for the same CFA will be tested using hyperspectral image information.
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Figure 3.6: An 8 x 8 section of the Kodak-RGBW pattern showing four periods

3.4.1 RGBW-Kodak pattern

We have studied and optimized the reconstruction technique for a new sampling struc-
ture with four color components. The Kodak-RGBW CFA pattern is a 4 x 4 template
containing eight white pixels, four green pixels, two blue and two red as illustrated in

Figure 3.6 [22].

This study involves the design of an appropriate demosaicking method which has been
tested on the Kodak image dataset. Since four-channel CFAs usually improve signal to
noise ratio and reconstruction fidelity, we attempt to model the demosaicking steps using
Kodak-RGBW pattern and simulate non-adaptive and adaptive demosaicking algorithms
in Matlab software. Due to the success of methods for solving the demosaicking problem
in the frequency domain, we also present an algorithm using a frequency domain method.

A detailed optimization of filter parameters and the region of support will be addressed.
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Demosaicking algorithm

The CFA signal is sampled on lattice A = Z? with reciprocal lattice A* = Z2. The
pattern is 4 X 4 and one period with respect to the periodicity lattice covers the sixteen
different points for each pixel. The periodicity lattice and corresponding reciprocal lattice

are given by:

40 10
Vi = Ve = (3.63)
0 4 0 1
The demosaicking model that is used in this study has been described in [18] and we

modified it for RGBW-Kodak pattern. According to the analysis, the CFA signal can be
described as a sum of chroma and luma components.

K

feralx] =) qilx]exp(j2r(x - d;)), K = 16 (3.64)

i=1
As we discussed in chapter 2, b; refers to the columns of matrix B which gives the coset
representatives of I' in A. Also d; refers to the columns of matrix D and they are coset
representatives of A* in I'*. The matrix D is a 2 x K matrix where K is the number
of components in one period of the lattice, which is equal to 16 for the RGBW-Kodak
pattern. We have used

1 |01 -10 0 1 -1 1 =120 2 —1212
D=-x . (3.65)
4 oo 01 -11-1-11202-1 2122

01 2301230123012 3

B = . (3.66)
0000111 122223333

The luma and chroma components can be extracted from the CFA image, so we can

calculate them using the following equation:

qlx] = MfIx] (3.67)

T T
f:|:f1 ) f2 ) f3 ,cmd q= qaq 5, 492 -5 Q16 (368)
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The calculated matrix M for 16 components is shown below for Kodak-RGBW pattern.

0.125
—0.0625 + 0.0625;
—0.0625 — 0.0625j
0.0625 — 0.0625
+0.0625 + 0.0625j
0.125
—0.125

0

0

0

0
—0.0625 + 0.06257
+0.0625 — 0.06257
—0.0625 — 0.06255

+0.0625 + 0.06257
—0.125

0.25

0
0
0
0

—0.25

0

2
0
0
0
0
0
0
0
0

5

—0.25

0.125
0.0625 — 0.06257
0.0625 + 0.0625;

—0.0625 + 0.0625

—0.0625 — 0.06257

0.125
—0.125

o o o O

0.0625 — 0.06257
—0.0625 + 0.06257
+0.0625 + 0.06255
—0.0625 — 0.06257

—0.125

<
ot

(3.69)

The matrix J is defining the four input channels: R, G, B and W, while each column of

the matrix represents one of the colors in this pattern.

o O O
o o = O
_ o O O
o o o =
o O = O
_ o O O

o o o =

- o O O

- o O O

000O0O0O0
001001
100100
010010

= o O O

(3.70)

As we discussed before, we assumed to have three-channel CFA camera input and simulate

the values of the white filter in the CFA image. Ideally the white filter should pass all three

colors and does not absorb any color spectrum. So the value of the white pixels in CFA

image can be estimated as W = %R + %G + %B. This research is trying to show that the

captured panchromatic filter values in digital cameras usually contain less noise compared

to the other three color filters. This hypothesis will be discussed in presence of noise in
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Figure 3.7: Luma-~ Chroma position in one unit cell for RGBW-Kodak pattern

Chapter 4.
1
3

In the frequency domain, the Fourier transform of the CFA signal is given by:

W =-(R+B+G) (3.71)

Fepa(u) = Z Qi(u—d;) Where Q;(u) £ F{g[x]} (3.72)

The chroma components are extracted with bandpass filters centered at the frequencies d;.
The next step in the non-adaptive demosaicking algorithm is reconstructing the full RGB
color image using the pseudo inverse matrix M T and extracted chromas using the following
equation. Figure 3.7 shows the position of 16 extracted component in one unit cell of A*.
Since we cannot fully extract the luma and chromas close to luma, those chromas can be

reconstructed using the rest of the components.

fixl=M'qlx] (3.73)
Based on the matrix M, ¢» to ¢5 and ¢ to ¢15 can be reconstructed by using only one of
them. Also matrix M shows that the values of components gg to ¢i1 are zero.

Usually we are able to better extract the components which are further from the luma,
and we prefer to use the information of those components to reconstruct the other com-

ponents which are closer to the luma to avoid overlapping effects between luma and the
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components close to luma [1&]. In this adaptive algorithm we have four components close
to the luma: ¢s to g5, and we can reconstruct them using one of the components from ¢y

to qi5 using the following equations.
G=q"=—Q=—0¢"=q2=—q@i3=q, = 05 (3.74)

q2 = 412,93 = q14,494 = Q13,45 = (15 (3-75)

By using the further chroma information, the reconstructed ¢» to g5 will be more accurate
than the non-adaptive algorithm. The luma usually will be calculated by subtracting
all 16 modulated chromas from the CFA image. Using more precise chroma information
will enhance the quality of luma and quality of the reconstructed image as a result. In our
revised demosaicking method, we calculated the value of g5 to g5 based on the filtered value
for ¢4, which is further from the luma, using equations 3.74 and 3.75. The results will be
discussed in the following section. As we discussed before, the reconstructed color image
contains three different color components which are R, G and B. In this pattern there are
one luma and three groups of chroma components in the frequency domain analysis. The
remaining components can be reconstructed using those basic components as we formulate

in the following equations.

P, = Luma (3.76)
Pr=g=0¢"=-@=—0¢"=¢@2=—@3=3¢4s=—0; (3.77)
Py=qs = —qr (3.78)

Py = qis (3.79)

Due to the similarity between the chromas in each group, all of the chroma components in
both adaptive and non-adaptive algorithm have been extracted using three different types
of Gaussian filter. The first filter has been designed for the sets of components in P,. The
second filter is filtering ¢g and g7, and the last filter is only filtering the 4.

Results and discussion

In this research, we have reconstructed the 24 Kodak images using the RGBW-Kodak

pattern to compare them with the RGB-Bayer pattern. As we stated previously, the Kodak
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dataset are white balanced and gamma corrected, so we only apply the demosaicking
algorithm on the input Kodak images, and the results compare the reconstructed images

with the input images as ground truth images.

Tables 3.3 and 3.4 show the PSNR and S-CIELAB comparison between the least-squares
luma- chroma demultiplexing (LSLCD) method using the Bayer CFA, and the revised and
non-adaptive demosaicking schemes using the RGBW-Kodak pattern over Kodak dataset
as well as the average PSNR over 24 Kodak images.

According to the presented results, the proposed revised demosaicking scheme using the
RGBW-Kodak pattern largely improved the results of the non-adaptive algorithm using the
same pattern. The tables also show the comparison between the least-squares optimized
method using RGB-Bayer pattern and our revised method using RGBW-Kodak pattern.
Also Figure 3.8 provides the reconstructed images using the mentioned patterns and the
original images. The results show some improvements mostly in horizontal and vertical
axes using RGBW-Kodak. The reconstructed images contain fewer false colors in different
axes using our algorithm compared to the RGB-Bayer pattern, while the least-squares

method using the Bayer pattern reconstructs the edge details more accurately.
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(a) Original image (b) Reconstructed (c) Reconstructed

using RGB-Bayer  using RGBW-
Kodak

Figure 3.8: Comparison between the revised method using RGBW-Kodak and LSLCD
method using RGB-Bayer
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Kodak image number ~RGB LSLCD method RGBW- RGBW-Kodak(Non-

Kodak(Revised Adaptive
demosaicking) demosaicking)
1 37.92 36.33 27.12
2 40.65 36.10 33.55
3 42.22 36.67 34.74
4 41.09 35.86 34.10
5 37.92 31.90 29.06
6 39.95 38.56 29.55
7 42.52 36.35 33.83
8 35.32 34.02 24.56
9 42.57 37.93 32.25
10 42.63 38.74 33.83
11 39.81 36.36 30.84
12 43.14 39.13 33.27
13 34.20 33.02 27.54
14 36.77 30.83 29.37
15 39.83 35.76 33.21
16 43.63 41.25 33.01
17 41.63 38.68 34.54
18 37.28 34.01 30.46
19 40.53 38.06 28.52
20 40.97 37.45 32.06
21 38.79 36.69 30.02
22 38.57 34.82 31.01
23 42.98 36.40 34.29
24 35.34 35.27 30.12
Average over 24 39.8 36.3 31.3
images

Table 3.3: PSNR of Kodak images using RGB-Bayer (least-square method) and RGBW-
Kodak (Non-adaptive and Revised method) and the average PSNR over 24 Kodak images
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Kodak image number ~RGB LSLCD method RGBW- RGBW-Kodak(Non-

Kodak(Revised Adaptive
demosaicking) demosaicking)
1 1.19 2.24 4.96
2 0.66 1.28 1.94
3 0.66 1.27 1.87
4 0.66 1.57 2.03
) 1.07 3.45 4.09
6 0.78 1.49 3.44
7 0.55 1.70 2.20
8 1.47 2.63 5.99
9 0.58 1.37 2.41
10 0.54 1.24 2.06
11 0.75 1.67 2.80
12 0.48 1.07 2.18
13 1.62 3.28 4.95
14 1.00 2.60 3.38
15 0.64 1.47 2.04
16 0.53 1.10 2.34
17 0.51 1.16 1.71
18 0.99 2.44 3.13
19 0.77 1.57 3.15
20 0.57 1.17 2.29
21 0.91 1.89 3.28
22 0.93 2.23 3.16
23 0.49 1.44 1.81
24 0.98 2.06 3.30
Average over 24 0.79 1.81 2.94
images

Table 3.4: S-CIELAB of Kodak images using RGB-Bayer (least-square method) and
RGBW-Kodak (Non-adaptive and Revised method) and the average S-CIELAB over 24
Kodak images
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Figure 3.9: RGBW(5 x 5)[15] (four periods)

3.4.2 RGBW - 5 x5 pattern

The 5 x 5 RGBW CFA has been proposed in [15] and the demosaicking algorithm
presented in [29] has been implemented on it. We are presenting some improvement on
the result of the reconstructed images using this pattern with the same demosaicking
algorithm. Figure 3.9 shows a new proposed RGBW CFA in [45]. This CFAisa b x 5

template containing 10 white pixel and equal number of red, green and blue filters.

Demosaicking algorithm

As we can see in Figure 3.10 a smaller pattern containing five pixels is repeated in
this CFA. Using the smaller pattern, the CFA signal is sampled on lattice A = Z? with

reciprocal lattice A* = Z2. The periodicity lattice and corresponding reciprocal lattice are
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Figure 3.10: The smaller repeated pattern in RGBW(5 x 5)

given by:

[ay

2 -1
VF - JVF* -
1 2

(ST N
SN owl'

(3.80)

Using these lattices, we can model the CFA signal as a sum of luma and chroma compo-

nents. The demosaicking model is presented in Chapter 2, and it is modified here for this

pattern.
K

foralx = 3 il exp(j2n(x - dy)).

i=1

K =5

(3.81)

(3.82)

As we discussed in Chapter 2, matrix B and matrix D for this CFA pattern are as follows.

01201
00011
02 -2 -1 1

1
_>< ,
5 01 —1 2 -2

Also matrix M will be calculated using the following equations.

q[x] = Mf[x]

f= [ Ji, f2, 3 ]T
T
q= [ qi, G2, -, G5 ]
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K=5 (3.87)

0.2 0.2 0.2 0.4
—0.1618 — 0.11765 —0.1618 +0.11765 0.0618 4+ 0.19025 0.2618 — 0.19025
M (repwsxs) = | —0.1618 +0.11765 —0.1618 — 0.11765  0.0618 — 0.19025  0.2618 + 0.1902;

0.0618 +0.19025  0.0618 —0.19023 —0.1618 + 0.11765 0.0382 — 0.11767

0.0618 — 0.1902y 0.0618 +0.190235 —0.1618 4+ 0.11765 0.0382 — 0.11767
(3.88)

The matrix J is a 5 x 4 matrix, as we explained in Chapter 2, and it defines four input
channels: R, G, B and W. The values of the white filter in the CFA image will be calculated
as W = %R—I—%G—F%B.

- AT
0001
1 000
JreBwsxs = 0 0 1 0 (3.89)
0001
0100
1
W = §(R+B+G) (3.90)
In the frequency domain, the Fourier transform of the CFA signal is:
K
Fepa(u) = ) Qi(u—d;) Where @Q;(u) 2 F{g[x]} (3.91)
i=1

The chroma components are extracted with bandpass filters centered at the frequencies
d;. The next step in the non-adaptive demosaicking algorithm is reconstructing the full
RGB color image using the pseudo inverse matrix M. Figure 3.11 shows the position of 5
extracted component in one unit cell of A*. Since we reduce the number of repeated color
filters from 25 to 5, there is four chroma components with the same Euclidean distance
of the luma in one unit cell. Thus, there is no other way to isolate the chromas from the

luma, and enhance the quality of the reconstructed chromas with an adaptive algorithm.

Results and discussion

The demosaicking method has been applied on the input Kodak images as previous

sections, and the PSNR results calculate the difference between reconstructed images and
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Contour plot of power spectral density
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Figure 3.11: Luma- Chroma position in one unit cellRGBW (5 x 5)

the input images. Although the method discussed in [15] is using the same demosaicking
approach, our implemented algorithm improved the PSNR slightly and the visual results
also shows some improvement in color estimation. Table 3.5 shows the comparison between
our method and the proposed method in [15] using RGBW 5 x5 as well as the non-adaptive
demosaicking algorithm using RGBW-Bayer that will be discuss in the next section.
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Image number in RGBW(5 x 5) RGBW(5 x 5)

dataset proposed reconstructed in [45]
Non-Adaptive using Dubois Method
demosaicking)

1 36.56 35.23
2 37.05 37.49
3 37.46 37.46
4 37.21 37.32
5 33.47 32.96
6 38.88 36.56
7 37.94 38.22
8 34.35 33.28
9 38.84 38.78
10 37.77 36.63
11 37.01 36.13
12 40.39 40.18
13 32.93 30.91
14 31.87 32.24
15 36.65 36.29
16 40.98 39.58
17 39.24 37.90
18 34.79 33.87
19 38.58 37.53
20 37.58 36.71
21 37.31 36.14
22 35.81 35.59
23 38.04 38.86
24 35.27 31.90
Average over 24 36.9 35.4
images

Table 3.5: PSNR of proposed Non-Adaptive demosaicking method using RGBW(5 x 5)
pattern and the presented method in [15] for Kodak dataset
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3.4.3 RGBW-Bayer pattern

Figure 3.12 shows the RGBW-Bayer pattern. The RGBW-Bayer period contains four
pixels, and is the same as the RGB-Bayer pattern where one of the green filters has been

replaced with a white pixel.

Figure 3.12: RGBW-Bayer pattern

Demosaicking algorithm

The CFA signal is sampled on lattice A = Z? with reciprocal lattice A* = Z2. The

periodicity lattice and corresponding reciprocal lattice are given by:

2 0 0
VF: 7VF*:

(3.92)
0 2

O =

N |—=

Using the mentioned lattices, we can model the CFA signal as a sum of luma and chroma
components. The demosaicking model described in [18] has been used and modified here.

feralx] = Z gi[x] exp(y27(x - dy))), (3.93)

K=4 (3.94)

According to [18], b; refers to the columns of matrix B which gives the coset representative

of I'in A. Also d; refers to the columns of matrix D and they are coset representatives of
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A in T
0101
B = , (3.95)
0011

The matrix D is a 2 x K matrix where K is the number of components in one period of

the lattice, which is equal to 4 in RGBW-Bayer.

1 0101
D=-x , (3.96)
2 0011

The luma and chroma components can be extracted from the CFA image, so we can

calculate the M using the following equation.
qx] = M f[x] (3.97)
T
f=r o £ (3.98)

T
q:|:q17 q2, (s, q4:|

The calculated matrices M for each CFA are as follow.

025 025 025 0.25

u —025 025 025 —0.25 599
Bayer — .
! 025 025 —025 —0.25

—-0.25 0.25 —-0.25 0.25

The matrix J is defining the four input channels: R, G, B and W, while each column of
the matrix represents one of the colors in this pattern. As we discussed before, we assume
that the white filter should pass all three colors and does not absorb any color spectrum.
So the value of the white pixels in CFA image can be estimated as the summation of R,
G and B divided by three. The value that has been captured by the white filter usually
contains less noise compared the other three color filters and the optimized results of this

study can be used for noise reduction purposes in the future.
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The chroma components are filtered using bandpass filters centered at the frequencies d;.
The full color image will be reconstructed using matrix M in the non-adaptive demo-
saicking algorithm. Figure 3.13 shows the luma-chroma position in one unit cell.
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Figure 3.13: Luma- Chroma position in one unit cell for RGBW-Bayer

Adaptive demosaicking algorithm for RGBW-Bayer pattern

Note that with our first assumption about W = (R + B + G), we can simplify our

initial implementations as follows:

£i(3) = 5 (R0 + 200 + fy(x) (3101
So we can recalculate all chromas.
009 = 56 + 00 + fy(x) (3102
B9) = 3 (F109 + 5/ + 3 5) (3.103)
) = 3 (70 + 3 ol) — fo(x) (3.104)
W9 = 331100+ £2) = 35) (3105
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In matrix form

C]l(X) 1 1 1
UL e
g (x -+ L 3
o B N 1CY) (3.106)
g3(x) § & —3
11 1 J3(x)
| wx) | | —§5 3 %]
where the coefficient matrix called M. Also we have:
fera(z,y) = q1(z,y) + @2(z,y)(—1)" + gs(z, y) (1) + qu(a, y)(—1)* Y (3.107)
:rl(xay)—i_T?(xuy)—i_T?)(xuy)+T4(x7y) (3108)

As we can see in the matrix M, 4" row of matrix M is sum of 2"¢ and 3"¢ rows. So:

QQ(xv y) + Q3(x7y) = q4(x,y) (3109)

For the adaptive algorithm, first we need to estimate 7y, r3, 4 with three bandpass filters

at (3,0), (0,3), (3, 3) respectively. Then demodulate them as follows:

qA?)('T?y) = 7:3(377?/)(_1)24 (3111)
Gu(z,y) = ra(z,y)(=1)"" (3.112)

Then we need to find the average energy, as we discussed before. Assuming the calculated

energy near (f,,,0), (0, fn,) is e, and e,, we can set

€y

€r + €y

(3.113)

w =

When w ~ 1, then ¢, is more reliable, and when w = 0, then g3 is more reliable. Therefore,
if w =1, we leave ¢ as it is, and replace q3 with ¢4 — g2 using equation 3.109. If w =~ 0,

we leave g3 as it is, and replace ¢ with g4 — gs3.

In general, the reconstructed chromas can be express as:
@2(x) = w(x)ga(z) + (1 — w(x))(da(x) — gs(x)) (3.114)
@3(x) = (1 — w(x))gs(x) + w(x)(q@a(z) — ¢(x)) (3.115)
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gs(x) = qu(x), no change (3.116)

Using the new value of the reconstructed chromas, we can estimate luma.

Q(z,y) = fora(z,y) — @2(2,y)(=1)" — Gz, y)(=1)" — 7a(x, y) (3.117)

So, the M matrix will be as follows:

—_ —_
ol
Wi wiN

Mt = 4 (3.118)

Wi wiN

1

And we can reconstruct the RGB image using M T matrix.

Results and discussion

In this section the results of adaptive demosaicking using RGBW-Bayer have been com-
pared with the least square method using RGB-Bayer. The Kodak dataset is used as the
input images, and the CFA is reconstructed using them. Then the proposed demosaicking
algorithm will be applied on the CFA images afterward. The PSNR ans S-CIELAB metrics
are applied to compare the input Kodak images and the reconstructed images using the
proposed demosaicking algorithm. Table 3.6 and 3.7 shows the comparison between three-
channel and four-channel Bayer patterns in term of PSNR and S-CIELAB. The results are

very close in both CFAs for the noise-free images.
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Image number in Bayer-RGBW RGB-Bayer (LSLCD

dataset (Adaptive method)[29]
demosaicking)
1 37.90 37.92
2 39.22 40.65
3 40.82 42.22
4 40.02 41.09
5 36.93 37.92
6 43.64 39.95
7 41.21 42.52
8 34.92 35.32
9 41.48 42.57
10 41.84 42.63
11 39.29 39.81
12 42.92 43.14
13 34.87 34.20
14 34.82 36.77
15 39.16 39.83
16 43.80 43.63
17 41.31 41.63
18 36.73 37.28
19 40.13 40.53
20 40.17 40.97
21 38.65 38.79
22 37.46 38.57
23 41.12 42.98
24 39.36 35.34
Average over 24 images 39.49 39.8

Table 3.6: Comparison between the PSNR of Adaptive demosaicking method using RGBW-
Bayer CFA and Least Square method using RGB-Bayer for Kodak dataset
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Image number in Bayer-RGBW RGB-Bayer (LSLCD

dataset (Adaptive method)[29]
demosaicking)
1 1.25 1.19
2 0.74 0.66
3 0.62 0.51
4 0.76 0.66
5 1.34 1.07
6 0.44 0.78
7 0.69 0.55
8 1.59 1.47
9 0.69 0.58
10 0.65 0.54
11 0.85 0.75
12 0.53 0.48
13 1.69 1.62
14 1.21 1.00
15 0.75 0.64
16 0.58 0.53
17 0.56 0.51
18 1.19 0.99
19 0.87 0.77
20 0.64 0.57
21 1.01 091
22 1.08 0.93
23 0.62 0.49
24 0.56 0.98
Average over 24 images 0.87 0.79

Table 3.7: Comparison between the S-CIELAB of Adaptive demosaicking method using
RGBW-Bayer and Least Square method using RGB-Bayer for Kodak dataset
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3.4.4 Comparison between RGBW patterns

In this research we decided to develop a demosaicking algorithm for RGBW CFAs, and
study on the effect of clear/panchromatic pixels in reconstructed image quality. Three
different four channel CFAs have been studied, and a demosaicking algorithm has been

developed for each case. The Kodak data set is used to evaluate and compare the results.

Table 3.8 and 3.9 show the PSNR and S-CIELAB comparison between non-adaptive
demosaicking algorithm for each CFA as well as the results of PSNR of the previous work
using RGBW 5 x 5 [15] on Kodak images and the average over 24 Kodak dataset. Also
Table 3.10 illustrates the PSNR comparison between adaptive demosaicking results for
RGBW-Bayer and RGBW-Kodak [39] for the same sample images. The results have been
compared with the results of Least-Square method on the RGB-Bayer [29].

The results of Table 3.8 and 3.9 show the non-adaptive demosaicking method that we
proposed for RGBW (5 x 5) improved the PSNR and S-CIELAB comparing to the method
in [15]. Also the result of non-adaptive method using RGBW-Bayer is also working slightly
better among three discussed RGBW patterns.
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.:1 [ ™, a \1 “

(b)  Non-adaptive (e)  Non-Adaptive
RGBW K dak RGBW-Bayer

(d) Adaptive (g) Least Square
RGBW-Kodak RGB-Bayer [16]

Figure 3.14: Comparison between The adaptive and non-adaptive demosaicking method

for different four channel CFAs
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Image number in Bayer-RGBW Kodak-RGBW RGBW(5 x 5) RGBW(5 x 5)

dataset (Non-Adaptive (Non-Adaptive proposed reconstructed in
demosaicking) demosaicking) Non-Adaptive [45] using Dubois
demosaicking) Method
1 36.14 27.12 36.56 35.23
2 36.74 33.55 37.05 37.49
3 37.88 34.74 37.46 37.46
4 37.25 34.10 37.21 37.32
5 34.20 29.06 33.47 32.96
6 39.15 29.55 38.88 36.56
7 37.92 33.83 37.94 38.22
8 32.27 24.56 34.35 33.28
9 38.51 32.25 38.84 38.78
10 39.58 33.83 37.77 36.63
11 37.17 30.84 37.01 36.13
12 39.58 33.27 40.39 40.18
13 35.09 27.54 32.93 30.91
14 31.85 29.37 31.87 32.24
15 37.07 33.21 36.65 36.29
16 40.26 33.01 40.98 39.58
17 40.34 34.54 39.24 37.90
18 35.62 30.46 34.79 33.87
19 37.09 28.52 38.58 37.53
20 38.24 32.06 37.58 36.71
21 37.21 30.02 37.31 36.14
22 35.49 31.01 35.81 35.59
23 37.80 34.29 38.04 38.86
24 37.06 30.12 35.27 31.90
Average over 24 37.06 31.3 36.9 35.42
images

Table 3.8: PSNR for Non-Adaptive demosaicking method using different RGBW patterns
and the average PSNR over 24 Kodak images
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Image number in Bayer-RGBW Kodak-RGBW RGBW(5 x 5) proposed

dataset (Non-Adaptive (Non-Adaptive Non-Adaptive
demosaicking) demosaicking) demosaicking)

1 1.96 4.96 2.03

2 1.09 1.94 1.04

3 0.96 1.87 1.17

4 1.07 2.03 1.19

5 1.95 4.09 2.40

6 1.18 3.44 1.32

7 1.14 2.20 1.22

8 2.46 5.99 2.37

9 1.04 2.41 1.09

10 0.93 2.06 1.18
11 1.32 2.80 1.40
12 0.94 2.18 0.88
13 1.98 4.95 2.88
14 1.79 3.38 2.15
15 1.02 2.04 1.13
16 1.15 2.34 1.07
17 0.70 1.71 0.89
18 1.55 3.13 1.95
19 1.35 3.15 1.28
20 0.92 2.29 1.05
21 1.41 3.28 1.52
22 1.56 3.16 1.68
23 0.98 1.81 1.02
24 1.06 3.30 1.62
Average over 24 1.31 2.94 1.48

images

Table 3.9: S-CIELAB of some sample images for Non-Adaptive demosaicking method using
different RGBW patterns and the average S-CIELAB over 24 Kodak images
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The Tables 3.10 and 3.11 provide the results of adaptive demosaicking algorithm in
terms of PSNR and S-CIELAB, and show some improvement on the proposed adaptive
demosaicking algorithm using the RGBW-Bayer comparing to the adaptive algorithm using
RGBW-Kodak. The results have also been compared with the least-square method results
on RGB-Bayer pattern.

Usually adaptive demosaicking method reconstruct more isolated chroma and luma
signals and works better than non adaptive methods, and the reconstructed images prove
this fact. As we can see in Figure 3.14, among non-adaptive methods, the RGBW(5 x 5)
is more successful to estimate colors correctly while RGBW-Bayer reconstruct the edges

and image details better.

Comparing adaptive algorithms, the RGBW-Kodak fully estimated the colors. The
proposed weighted algorithm for RGBW-Bayer reconstructs the image details better while
it contains some false color. We can conclude that the CFA templates with more white
filters estimate less false color and an appropriate adaptive demosaicking algorithm is

needed to restore the edges perfectly.
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Image number in Bayer-RGBW Kodak-RGBW RGB-Bayer (LSLCD

dataset (Adaptive (Adaptive method)[1]
demosaicking) demosaicking)
1 37.90 36.33 37.92
2 39.22 36.10 40.65
3 40.82 36.67 42.22
4 40.02 35.84 41.09
5 36.93 31.90 37.92
6 43.64 38.56 39.95
7 41.21 36.35 42.52
8 34.92 34.02 35.32
9 41.48 37.93 42.57
10 41.84 38.74 42.63
11 39.29 36.36 39.81
12 42.92 39.13 43.14
13 34.87 33.02 34.20
14 34.82 30.83 36.77
15 39.16 35.76 39.83
16 43.80 41.25 43.63
17 41.31 38.68 41.63
18 36.73 34.01 37.28
19 40.13 38.06 40.53
20 40.17 37.45 40.97
21 38.65 36.69 38.79
22 37.46 34.82 38.57
23 41.12 36.40 42.98
24 39.36 35.27 35.34
Average over 24 39.4 36.3 39.8
images

Table 3.10: Comparison between the PSNR of Kodak images for adaptive demosaicking
method using RGBW CFAs and least-square method using RGB-Bayer
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Image number in Bayer-RGBW Kodak-RGBW RGB-Bayer (LSLCD

dataset (Adaptive (Adaptive method)[1]
demosaicking) demosaicking)
1 1.25 2.24 1.19
2 0.74 1.28 0.66
3 0.62 1.27 0.51
4 0.76 1.57 0.66
5 1.34 3.45 1.07
6 0.44 1.49 0.78
7 0.69 1.70 0.55
8 1.59 2.63 1.47
9 0.69 1.37 0.58
10 0.65 1.24 0.54
11 0.85 1.67 0.75
12 0.53 1.07 0.48
13 1.69 3.28 1.62
14 1.21 2.60 1.00
15 0.75 1.47 0.64
16 0.58 1.10 0.53
17 0.56 1.16 0.51
18 1.19 2.44 0.99
19 0.87 1.57 0.77
20 0.64 1.17 0.57
21 1.01 1.89 0.91
22 1.08 2.23 0.93
23 0.62 1.44 0.49
24 0.56 2.06 0.98
Average over 24 0.87 1.81 0.79
images

Table 3.11: Comparison between the S-CIELAB of Kodak images for demosaicking method
using RGBW CFAs and least-square method using RGB-Bayer
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3.4.5 White filter estimation

The method described in previous sections was based on W = %R + %G + %B . We
optimized the white color component calculation assuming that there is a linear relationship
between white component and the three primary color components (red, green, blue).
The following method describes the closest way that we can linearly model white color
components similar to the digital cameras based on two different sensor characteristics.
VEML6040 is an available sensor released in 2015 from Vishay company [10], and KAI-
Kodak110002 [9] is a color sensor presented by Eastman Kodak company in 2004. We
will calculate the optimized coefficients separately for each sensor. Figure 3.15 shows a
typical non-normalized responsivity of red, green, blue and white filter spectral responses,
according to the VEML6040 sensor [10]. Also, Figure 3.16 shows responsivity curves of
red, green and blue filters for KAI-Kodak110002 [9], and Figure 3.17 is the responsivity

curve for white filter for the same sensor.
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Figure 3.15: Non-normalized spectral response of red, green, blue and white color filters

for VEML6040 sensor (400nm-800nm)
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Figure 3.16: Non-normalized spectral response of red, green and blue color filters for KAI-

Kodak11002 sensor (400nm-800nm)
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Figure 3.17: Non-normalized spectral response of white filter for KAI-Kodak11002 sensor
(400nm-800nm)
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Assuming a constant patch of light with power density spectrum C(\), we make the

following four measurements over the range of wavelengths from 400 to 650 nm:

Cr = / r(\)C(A)dA (3.119)
Cp = / b(A)C(A)dA (3.120)
Co = /vg(A)C(A)d)\ (3.121)
Cyw = /vw(A)C()\)d)\ (3.122)

r(A), g(N), b(A\) and w(A) are the spectral sensitivity curves of an RGBW CFA sensor.
Assume that r(\), g(A\), b(\) and w(A) have been scaled, so that if C(\) = Dgs(\) with
luminance equal to 1, then Dg = Dg = Dg = Dy = 1. So the values of red, green, blue
and white components will be normalized by multiplying them to the spectrum of D65, as
a constant power density spectrum, on a specific range of wavelength. We wish to estimate

Cw as a linear combination of C'g, Cq, Cp:
éw :aRCR+aGCG—|—aBCB, where ar +ag +ap = 1 (3.123)

Then using a database of typical spectral densities of light, we can calculate and minimize
the mean square error between the real white components and the calculated one. We
calculate and normalized the values of red (Cg), green (Cg), blue (Cp) and white (Cy)

over the Macbeth color checker database [37].

Common light sources deliver light that has a very broad spectral output, reaching
beyond the visible, so many visual and detector-based applications use an infrared filter
that is designed to pass only light within the visible spectrum. Thus, there is an IR cut-off
filter inside digital cameras that eliminates the effects of infrared light, and cuts off the

frequencies over 650 nm. Therefore we filtered the values over 650 nm in our simulation.

The MSE will be calculated for both sensors separately, using the Quadratic program-
ming subject to ag +ap +ag = 1.

N
Error = Z<CWZ' — (agCri + acCqi + apCp;i))? (3.124)

i=1
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N = number of samples in the database

Using Lagrange multiplier method, we can minimize error function subject to ag+ag+ag =

1. We set [ as Lagrange multiplier variable, and find the local minimum of the ¢ function.

N

€= Z(CWi — (arChri + acCqi + apCp:))’ + Blar + ap + ac)

\%

aG

Vi =

8&3 N

o
aaR

N

Z 2(Cw; — (arCr;i + acCqi + apCp;))(—Cri) + 8 =0

Z 2(Cw; — (arCri + acCqi + apCp;))(—Cai) + 5 =0
i1
N
Z 2(Cwi — (arCri + acCqi + apCp))(—Chi) + =0

=1

We can show all three equations in matrix form.

2 Zfil Cri® 2 Zf\il CriCai 2 Zz]il CriCi ag 2 2511 CwiCRri
23N CaiCri 23N Ca® 23N CaiCl ac | = | 22N, CwiCa:
23 CpiCri 230, CpiCai 23N, Cpi® ap 23 CwiChpi

Assuming
23N COr® 230N CriCai 23N, CriCpi
Q=|23Y CaiCri 22X, Ca® 23N, CaiCh;
257 CpiCri 21, CpiCai 231, Cpi’
and _
23, CwiCri
b= 2 sz\il CwiCai
230, CwiC
we can simplify the equation as:
agr ] 1
ag | =Q(b—=B| 1)
ag 1
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(3.126)

(3.127)

(3.128)

—p

(3.129)

(3.130)

(3.131)

(3.132)

1
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Using the constraint, we can find 3, and apply it to the problem. The local minimum

values for ar, ag and ag will be estimated.

apR
111 e | =1 (3.133)
ap
B = RRRICA (3.134)
|
[1 1 1}@‘1 1
|

The calculated ag, ap and ag will be replaced in equation 3.90 as coefficients for red, green
and blue components. The calculated values based on VEML6040 sensor are ag = 0.3870,
ag = 0.2571 and ap = 0.3560. Note that these coefficients will be applied to a camera

using the filters shown in Figure 3.15.
WyenLsoso = 0.3870(R) + 0.2571(G) + 0.3560(B) (3.135)

Same coefficients have been calculated for KAI-Kodak11002 sensor as ar = 0.1783, ag =
0.3864 and ap = 0.4353, and these coefficients will be applied to a camera using filters as
Figure 3.16 and 3.17.

WiALKodaki1002 = 0.1783(R) + 0.3864(G) + 0.4353(B) (3.136)
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Updated demosaicking algorithm for RGBW-Bayer

In this section, the presented adaptive demosaicking algorithm will be updated using

the new sets of coefficients for both sensors. For VEML6040 sensor as the white filter

values in the CFA have been updated using equation 3.135, the adaptive demosaicking

algorithm for RGBW-Bayer pattern has been designed based on the new white values.

fa(x) = 0.3870f1(x) + 0.2571 fo(x) + 0.3560 f3(x)
So we can recalculate all chromas as follows:

01(0) = (0 + ar) (%) + (1 + a6) fo(x) + (1 + ap) fo(x)

2(3) = (-1 = ar) fi(0) + (1~ a6)fo(x) + (1~ a) fo(x)
150) = 1((1 — a) fi(3) + (1~ a6) () + (=1~ ap) ()

qa(x) = i((—l +ar)fi(x) + (1 + ag) fo(x) + (=1 + ap) f3(x))

In matrix form

) | [ 03234 03726 03040 |

wx) || —0.3234 01274 0.1960 hx)
() | | 01766 01274 —0.3040 F2()
| ux) | | —01766 03726 —0.1960 Jsx)

(3.137)

(3.138)

(3.139)
(3.140)

(3.141)

(3.142)

As matrix M’ has been updated with equation 3.137, we can call the updated coefficients

matrix as N.

We will use the same weighting scheme described in the previous section. The updated

reconstructed chromas using weighting scheme can be express as

. . 0.4348 0.6690
. . 0.4348 0.6028 .

da(x) = dqa(x), no change

(3.143)

(3.144)

(3.145)



Also, according to KAI-Kodak11002 sensor specification the white filter values in the
CFA is updated using equation 3.136, and the adaptive demosaicking algorithm for RGBW-

Bayer pattern captured by a camera using this sensor will be updated as follows:

F1(x) = 0.1783f1(x) + 0.3864 f5(x) + 0.4353f5(x) (3.146)

and the matrix N will be calculated as the updated form of M’

(%) 0.2046  0.3466  0.3588 .
X
go(x) _0.2946 0.1534 0.1412 !
- o) (3147
g5 (%) 0.2054 0.1534 —0.3588 o
X
() —0.2054 0.3466 —0.1412 ’

The weighting method will be updated using the new coefficient matrix. The updated

reconstructed chromas will be

. R 0.5241 0.4824

Gweighted (X) = W(X)d2(x) + (1 = w(x)) (=76 da(x) = 5—=o-0d3(x)) (3.148)

. N 0.5241 0.7019 _

Gweighted (X) = (1 = w(x))3(x) + w(x) (5 orda(x) = 556 (%)) (3.149)
Gs(x) = qu(x), no change (3.150)

As we discussed before, we can find luma by subtracting updated ¢a(x),¢3(x) and g4 (x)

from CFA image. The RGB image will be reconstructed using matrix M.

We can apply the designed adaptive demosaicking algorithm based on equation 3.90
on the calculated CFA using equation 3.135, and the PSNR results will be less than the
updated adaptive demosaicking algorithm using equation 3.135, as we can see in the Table

3.12 and 3.13.

Table 3.12 and 3.13 show the comparison between the total PSNR and S-CIELAB
values over the 24 Kodak images using the ideal estimation for white value using equation
3.90 and the initial estimation for white filters using equation 3.135. The estimated values
for white filters using equation 3.135 show the closest white values to the received values

in white filters in digital cameras. The results show that the PSNR and S-CIELAB values
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improve using the updated adaptive demosaicking algorithm. The results show that when
the demosaicking algorithm is adapted to the true relation between W and R, G and B is
2.75 db higher than that when it is not adapted.
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Image number in (a) (b) (c)

dataset
1 37.90 36.58 37.95
2 39.22 39.05 39.29
3 40.82 33.96 41.02
4 40.02 37.76 40.23
5 36.93 35.49 37.12
6 43.64 36.11 43.43
7 41.21 37.54 41.51
8 34.94 34.50 34.90
9 41.48 38.90 41.57
10 41.84 40.43 41.87
11 39.29 37.56 39.25
12 42.92 36.48 43.15
13 34.87 33.27 34.67
14 34.82 32.85 34.92
15 39.16 36.66 39.29
16 43.80 40.89 43.74
17 41.31 40.49 41.19
18 36.73 35.20 36.65
19 40.13 37.84 40.10
20 40.17 37.44 40.13
21 38.65 37.77 38.56
22 37.46 35.26 37.54
23 41.12 32.41 41.24
24 39.36 37.51 39.15
Average over 24 images 39.49 36.75 39.52

Table 3.12: PSNR Kodak images and average total PSNR over 24 images. (a) Results of applying
adaptive demosaicking method designed using equation 3.90 for the CFA modeled using equation 3.90,
(b) Results of applying adaptive demosaicking method designed using equation 3.90 for the CFA modeled
using equation 3.135, (c) Results of applying adaptive demosaicking method designed using equation 3.135

for the CFA modeled using equation 3.135
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Image number in (a) (b) (c)

dataset
1 1.32 2.01 1.31
2 0.75 0.83 0.74
3 0.65 2.22 0.64
4 0.78 1.40 0.76
5 1.38 1.83 1.30
6 0.48 3.39 0.53
7 0.71 2.36 0.67
8 1.67 1.96 1.67
9 0.73 1.24 0.72
10 0.68 1.12 0.68
11 0.89 1.87 0.90
12 0.57 2.82 0.56
13 1.81 2.89 1.88
14 1.26 2.68 1.25
15 0.77 1.17 0.74
16 0.63 1.36 0.64
17 0.59 0.75 0.62
18 1.24 1.99 1.24
19 0.91 1.80 0.90
20 0.67 1.41 0.65
21 1.06 1.36 1.09
22 1.12 2.40 1.09
23 0.64 3.31 0.62
24 0.59 1.43 0.66
Average over 24 images 0.91 1.90 0.90

Table 3.13: S-CIELAB for Kodak images and average total S-CIELAB over 24 images. (a) Results of
applying adaptive demosaicking method designed using equation 3.90 for the CFA modeled using equa-
tion 3.90, (b) Results of applying adaptive demosaicking method designed using equation 3.90 for the
CFA modeled using equation 3.135, (c) Results of applying adaptive demosaicking method designed using

equation 3.135 for the CFA modeled using equation 3.135
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3.4.6 Least-square method optimization algorithm
Least square filter design

Since we are using ¢y to reconstruct ¢ and ¢3, the optimized extracted ¢, improves the

quality of ¢, and ¢3. Hence, we decided to design least square filter to extract qy.

The least-square method will be explained in the following steps. We can call the design
filter hy for ¢y.

Ta[x] = (fora * ha)[X] (3.151)

Ga|x| = 74[x] exp(—j27dy - X) (3.152)

Assume W is the region of support of the i*" training image, i = 1, ..., P. We set P = 24,
as we are using Kodak dataset for training. Then the least-square filter will be modeled

as:
P
A , 2
b — are mi ) _ p oy 0 '
i=argmin 30|08 = b ) (3.153)
i=1 xeW ()
Assuming S as the region of support of hy, |S| = Np, then

(h * fgl)m)[nl, TLQ] = Z h[kl, k’g]fé@ﬂA [m — k’l, N9 — kg] (3154)
(k1,k2)€S
It can also be expressed in matrix form as follows. We arrange the filter coefficients into

an Np x 1 column matrix, taking the coefficients of h column by column from left to right.

h(:, 1)

hip = h(:_’ 2 (3.155)

| h(:, Nyae) |
where Ng = N3, Let N, = |[W®|, assumed the same for all i. Arrange r{ into an Np x 1

column matrix in the same way.

r{(:,1)
(i)
A r, (:,2
ri}, = 4(, ) (3.156)
| e Nw) |




Then
T1D4 = ZDhp (3.157)

where Z® is an Ny x Np matrix. Each column of Z® is a reshaped version of fé’}m 4l —

ki, ne — ko] for some k; and ky, rearranged in the order of hyp.

Shalng — kiyna — ko) (2, 1)

. @ —k1,n9 — kal(:,2
2O, mlky, ko) = cralm b 2)(:2) (3.158)

g;"A[ — ki, n9 — ko] (1, Nw)

where hip|m[ky, ko]] = hlki, ko). Z is real value, and r is complex, so we have:
hips = Z yAQKW AU Z ZOTr() ) (3.159)
ha(1,1) - ha(Nypag, 1)
h, = : : (3.160)
ha(L, Npie) -+ ha(Nyie, Npa)

Using the hy, we can extract ¢, more accurately, and reconstruct the ¢, and ¢3 through

equations 3.148 to 3.150. The updated ¢» to ¢4 also leads to better luma estimation.
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Results

Tables 3.14 and 3.15 provide the results of updated demosaicking algorithm with least-
square method using RGBW-Bayer for both sensors, and compare them with the results
of least-square demosaicking method using RGB-Bayer in terms of PSNR and S-CIELAB.
The tables show that the average overall PSNR and S-CIELAB for least-square method
using RGBW-Bayer over 24 images are very close to the average of least-square method

using RGB-Bayer.
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Image number in dataset Bayer-RGBW using Bayer-RGBW using RGB-Bayer (LSLCD

VEML6040 (LSLCD KAI-Kodak11002 method)[1]
method) (LSLCD method)
1 38.93 37.52 37.92
2 39.26 39.25 40.65
3 40.56 41.09 42.22
4 39.85 40.25 41.09
5 36.80 37.07 37.92
6 43.52 42.82 39.95
7 41.03 41.50 42.52
8 35.64 34.62 35.32
9 41.71 41.62 42.57
10 4191 41.84 42.63
11 39.40 39.07 39.81
12 43.25 43.07 43.14
13 35.19 34.34 34.20
14 34.29 34.88 36.77
15 39.08 39.41 39.83
16 43.87 43.30 43.63
17 41.20 41.08 41.63
18 36.57 36.57 37.28
19 40.45 39.86 40.53
20 40.14 39.92 40.97
21 38.86 38.33 38.79
22 37.63 37.44 38.57
23 41.06 41.29 42.98
24 39.09 39.13 35.34
Average over 24 images 39.56 39.39 39.8

Table 3.14: Comparison between the PSNR of Kodak images for Least-Square demosaick-
ing method using Bayer-RGBW CFA and VEML6040 and KAI-Kodak11002 sensors and
Least Square method using RGB-Bayer
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Image number in dataset Bayer-RGBW using Bayer-RGBW using RGB-Bayer (LSLCD

VEML6040 (LSLCD KAI-Kodak11002 method)[1]
method) (LSLCD method)
1 1.24 1.42 1.19
2 0.76 0.76 0.66
3 0.66 0.65 0.66
4 0.79 0.79 0.66
5 1.32 1.31 1.07
6 0.54 0.59 0.78
7 0.70 0.68 0.55
8 1.60 1.81 1.47
9 0.72 0.74 0.58
10 0.68 0.70 0.54
11 0.88 0.95 0.75
12 0.55 0.58 0.48
13 1.82 1.96 1.62
14 1.30 1.31 1.00
15 0.75 0.75 0.64
16 0.64 0.69 0.53
17 0.62 0.63 0.51
18 1.25 1.27 0.99
19 0.91 0.96 0.77
20 0.71 0.73 0.57
21 1.08 1.16 0.91
22 1.08 1.11 0.93
23 0.63 0.64 0.49
24 0.66 0.66 0.98
Average over 24 images 0.91 0.95 0.79

Table 3.15: Comparison between the S-CIELAB of Kodak images for Least-Square demo-
saicking method using Bayer-RGBW CFA and VEML6040 and KAI-Kodak11002 sensors

and Least Square method using RGB-Bayer

98



3.5 Four-channel CFA reconstruction using hyperspec-

tral images

In this section, we will estimate the four-channel image using hyperspectral image in-
formation. We are trying to validate the white filter estimation process that has been
presented in previous section. A recent hyperspectral dataset will be used to make a real
RGBW CFA. The RGB images will be reconstructed using updated least-square demo-
saicking algorithm based on white filter estimation, and the reconstructed image quality

will be compared with the original RGB image.

As we know, color images will be reconstructed based on three primary color compo-
nents (red, green, and blue). The spectral imaging divides the light spectrum into many
more bands (usually 31). The hyperspectral sensors collect information as a set of images.

Each image represents a narrow wavelength range of a spectral band.

3.5.1 Spectral image dataset

A set of hyperspectral images presented in [33] has been used in this work. These images
have been taken using a liquid crystal tunable filter (LCTF) based capturing system. The
target-based characterization methods used for particular lighting geometry, color target
material and surface structure to minimize the lighting geometry on target apparence.
The images have been captured using LCTF system in [400 — 700] interval (every 10 nm).
There will be 31 spectral images in each case. Additional corrections also applied to
compensate angular dependency of LCTF transmission and geometry dissimilarities. To
convert the hyperspectral images into RGB images, we have filtered out the values over
650 nm, assuming there usually should be an IR-cut off filter inside camera. Figure 3.18

shows some sample images of the spectral dataset.
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Figure 3.18: Sample spectral images from [33]

100



3.5.2 RGBW CFA reconstruction using hyperspectral images

To create RGBW CFA image we need to reconstruct red, green, blue and white images
separately using the available 31 spectral images. According to a typical non-normalized

responsivity of red, green, blue and white filters that has been shown in Figure 3.15 and

presented by Vishay company [10], we have:
C — / r)C(A)dA (3.161)
Cp = / B (A)dA (3.162)
Co = / gNC(N)A (3.163)
C = / WA A (3.164)

C()) is a constant patch of light with power density spectrum, and r(A),g(\), b(A) and
w(\) are the spectral sensitivity curves of an RGBW CFA sensor. These curves will be
white balanced when we multiply them to C'(\) = Dg5(A) with luminance equal to 1, then
set Dr = D = Dg = Dy = 1. First, we should white balance the red, green, blue and
white spectrum of Figure 3.15, then hyperspectral images will be multiplied to the white
balanced values of red, green, blue and white. Assuming hyperspectral image as S(i, 7, k),

and Sg,5:,5p and Sy, are the three dimensional red, green, blue and white images.

N3

Sp=>_S(i,j,k)Cr (3.165)
k=1
N3

Sp =Y _S(i.j,k)Cp (3.166)
k=1
N3

Se =Y _S(i,j,k)Cq (3.167)
k=1
N3

Sw=>_8(i,j,k)Cyw (3.168)
k=1

We sum up values over the third dimension. The results will be two dimensional red,
green, blue and white images. The final images will be scaled and gamma corrected as

well. Using these images, the RGBW CFA will be calculated.
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White balancing and gamma correction will be applied before demosaicking. A white
balance channel has a response equal to one to the reference white spectrum. In order to
white balance different channels, we have to multiply them to a constant value in each case.
Gamma correction step is needed to correct the image brightness/ luminance in different
displays. This problem cause due to the nonlinear relationship between received light
and image brightness in human eye. So, it needs to be corrected with gamma correction

function, and raise image brightness to the power of %2
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3.5.3 Results

In this section the results of least-square demosaicking algorithm using RGBW-Bayer
and RGB-Bayer CFA images on hyperspectral image dataset [33] will be provided. The
RGBW CFAs have been created using both VEML6040 and KAI-Kodak11002 sensors.
As we are simulating the digital camera processing system, we have to include the white
balancing and gamma correction steps on the captured image. Then the CFA images will
be reconstructed using the white balanced gamma corrected image. The output images will
be reconstructed using the proposed demosaicking process, and the reconstructed images
will be compared with the input (Captured) images. The PSNR and S-CIELAB results
calculate the differences between the reconstructed images and the input images as ground

truth images.

Table 3.16 shows the average PSNR of reconstructed images using RGBW-Bayer and
VEML6040 sensor over the whole dataset is 1.4db higher than RGB-Bayer. Table 3.17
compare the PSNR of RGBW-Bayer using KAI-Kodak11002 sensor and the RGB-Bayer.
The average PSNR of RGBW-Bayer reconstructed images over the whole dataset is 1.1db
higher than RGB-Bayer for KAI-Kodak11002 sensor.
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Image number in dataset

RGBW-Bayer (LSLCD)

RGB-Bayer (LSLCD method)

1 45.28 44.13
2 39.22 38.12
3 40.72 39.66
4 44.70 43.29
5 44.15 42.78
6 38.90 37.65
7 44.61 43.15
8 40.41 38.63
9 38.41 37.22
10 43.49 42.20
11 43.85 42.20
12 40.05 39.03
13 46.39 44.91
14 42.86 41.06
15 46.11 44.43
16 39.14 37.68
17 45.10 43.59
18 41.35 39.73
19 44.78 43.31
20 43.11 41.66
21 44.54 43.05
22 40.82 38.98
23 45.81 44.48
24 45.30 43.91
25 46.68 45.68
26 41.25 40.31
27 45.78 44.29
28 45.73 45.19
29 43.61 42.73
30 44.90 43.48
Average over 30 images 43.24 41.88

Table 3.16: Comparison between the PSNR, of hyperspectral images [33] for Least Square demosaicking
method using RGBW-Bayer using VEML6040 sensor and Least Square method using RGB-Bayer
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Image number in dataset

RGBW-Bayer (LSLCD)

RGB-Bayer (LSLCD method)

1 42.93 42.01
2 36.82 35.87
3 38.38 37.44
4 42.71 41.84
) 41.02 39.63
6 36.28 35.22
7 42.28 41.19
8 37.94 36.30
9 35.78 34.79
10 41.34 40.39
11 41.82 40.61
12 37.50 36.79
13 43.95 43.00
14 40.80 39.29
15 44.18 42.93
16 36.79 35.71
17 43.35 42.34
18 38.78 37.41
19 42.39 41.36
20 40.41 39.17
21 42.24 41.01
22 38.56 36.85
23 43.50 42.47
24 43.08 42.02
25 44.42 43.63
26 38.62 37.82
27 43.62 42.38
28 43.07 42.49
29 40.82 40.06
30 42.45 41.24
Average over 30 images 40.86 39.78

Table 3.17: Comparison between the PSNR, of hyperspectral images [33] for Least Square demosaicking
method using RGBW-Bayer using KAI-Kodak 11002 sensor and Least Square method using RGB-Bayer
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We also evaluate the accuracy of estimated white pixels, as we optimized the estimation
process in Section 3.4.5 using the hyperspectral dataset. First, we reconstructed the RGB
images using hyperspectral images and estimated the white filter values using equation
3.135. Then, we reconstructed the W (white) images using hyperspectral dataset and
calculated the PSNR of the estimated white values versus the calculated white values from
dataset on the 30 images. The following table shows the comparison of estimated white
and the actual white values using hyperspectral data in term of PSNR. Tables 4.7 and
3.19 show the PSNR of estimated white and actual white images over the hyperspectral
dataset using VEML6040 and KAI-Kodak11002 sensors in order. The average result over
the whole dataset prove that the provided optimized white filter estimation equation in

Section 3.4.5 is accurate.
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Image number Comparison between the actual and the estimated

white image(PSNR)

1 41.96
2 46.37
3 47.32
4 43.09
5 44.83
6 44.65
7 41.92
8 39.75
9 43.45
10 42.55
11 46.10
12 41.10
13 37.16
14 38.40
15 39.66
16 40.19
17 40.58
18 37.35
19 37.71
20 44.44
21 41.20
22 37.30
23 44.56
24 42.01
25 49.60
26 45.70
27 48.73
28 42.96
29 47.50
30 47.13
Average over 30 images 42.84

Table 3.18: PSNR of estimated white using equation (3.135) pixels and actual white pixels
for 30 hyperspectral images using VEML601187sensor



Image number Comparison between the actual and the estimated

white image(PSNR)

1 44.20
2 48.19
3 47.59
4 44.62
5 44.27
6 41.03
7 39.35
8 35.87
9 40.16
10 41.59
11 40.62
12 41.92
13 37.55
14 36.37
15 38.54
16 35.43
17 37.63
18 32.30
19 34.03
20 41.88
21 36.15
22 32.40
23 46.50
24 38.01
25 54.06
26 47.80
27 53.44
28 43.91
29 49.07
30 50.50
Average over 30 images 41.83

Table 3.19: PSNR of estimated white using equation (3.136) pixels and actual white pixels
for 30 hyperspectral images using KAI—Kodlaéi811002 Sensor



Chapter 4

Demosaicking of noisy CFA images

In this chapter we will account for the received noise in camera CFA sensors. The
received noise in CFAs impacts the performance of the demosaicking algorithm. We are
estimating the value of noise in red, green, blue and white filters in this chapter. We will
also propose a joint noise reduction-demosaicking algorithm for RGBW CFAs and evaluate

the quality of the reconstructed image, and we compare the results with the previous works

in this field.

Based on the noise level that have been estimated through noise estimation process, an
appropriate set of least-square filters will be looked up. The demosaicking algorithm using

least-square filters will be applied on CFA image as we discussed in the previous chapter.

4.1 Noise in CFA images

Due to the physical limits of current cameras, there is photon noise captured in camera
sensors. The source of noise can be either an array of electronic noise like variance in
amplifier gains or photon shot noise developed in the light measuring process. Noise in
CCD sensors after gamma correction can be assumed as additive and signal independent

as described in [25].

feran(ni, no] = ferpalni, ne] + ving, no (4.1)
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The noise signal in the images will be modeled as identically distributed and stationary
zero-mean noise. We can approximate noise in the white-balanced, gamma-corrected signal

as signal-independent white Gaussian noise, with channel dependent variances [25]

or? 06t o i owt =ag:ac: ag:aw. (4.2)

We will model the noise in each color channel as white Gaussian noise with variances
or?, 052, op? and oy 2. These values are calculated by the gain needed to achieve white
balance for red, green and blue. We estimate the variance for white color in the same way.
The variance values for red, green and blue channel for Canon 10D with three channel
sensor have been calculated as 1.86, 0.69 and 1 in order [17]. In this research the channel
dependent variances for two different four channel sensors will be calculated, as it has been

calculated for three channel sensors previously.

Using the non-normalized filter absorption curve Cr(A), Ca(N), Cp(A), Cw(N) as we
had in Figure 3.15, and assuming that if the cutoff filter is included, the raw output of a

sensor element will be

- " NG (4.3)

1€ R,G,B,W.

Assume f()) is reference white, D65, as fg5(\)

Amaz
(F65,z'>(mw) I/ Jo5(A)Ci(N)dA (4.4)
Amin

1€ R,G,B,W.
For white balance, we multiply all the Fégﬁw) by constants «;

Fos,i = aiFégiw) (4.5)

such that all Fgs; are equal, : € R, G, B,W. If ap = 1, then we need

aiFg” = Figly) (4.6)
(raw)
o = Losm (4.7)
i = praw) ‘
65,1
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1€ R,G,B,W.

The variances for different channels for VEML6040 [10] sensor have been calculated as
ar = 1.2163, ag = 0.6371, ap = 1 and ayy = 0.8053, and for Kodak-KAI-11000 sensor [9]
are ag = 2.2169, ag = 1.2885, ag = 1 and ay = 0.3690.

4.2 Noise estimation

In the previous chapter we optimized the demosaicking method for RGBW CFAs using
least-square filters, and we applied it to the noise-free Kodak dataset and a noise-free
hyperspectral dataset. We are implementing the denoising-demosaicking algorithm based
on the LS method that has been described in Section 3.4. The image quality using RGBW-
Bayer was the best among the presented RGBW CFAs in previous chapter, and we designed
the joint denoising-demosaicking algorithm for RGBW-Bayer in this chapter.

In this chapter, we simulate Gaussian noise with different variances for each color filter
for both sensors considered, and artificially add them to the input data set. These images
will be used as noisy input images. Since the real noise level is unknown, we will simulate
the noise effect by adding several different levels of noise to the input image. A set of
least-square filters for each noise level will be designed using the noisy datasets. A noise

estimator will be applied to the system to find the variance of the input image noise.

The noise for R, G, B and W components will be estimated using the Amer and Dubois
noise estimation method [1]. The proposed noise estimation method in [4] is not designed
for CFA images, however, it was adapted to RGB-Bayer in [25]. We assume the image as a
combination of four color images, and we are using this method on four subimages of red,
green, blue and white. In this method, the images are partitioned into a set of intensity
homogeneous blocks, and we find the local variance in each block of the image. In each

block, the signals assumed to be constant, and the variance of the noise is o2.

Using the Amer and Dubois method, we select intensity homogeneous blocks in a subim-

age of R,G,B and W. A subimage should not contain blocks with line structure. The noise
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level estimation method consists of detection of intensity homogeneous blocks and calcu-
lating

O; = A/O;0 A (48)

for color ¢ € R, G, B, W of the selected blocks. For each subimage, we define square w X w
blocks By | centered at each location (k,1) in the subimage, j € R, G, B,W. We denote
the sample mean and sample variance for each block by pp(j) and opr%(j). Therefore, for
the most homogeneous block in the image, ppg(j) shows the signal value and the variance
osr>(j) can be representative of the noise in the corresponding channel, and gives us a

good estimation of the noise variance in a specific channel.

Intensity homogeneous block will be calculated for each block as a homogeneity mea-
sure, egg(j) as described in [1] and [25]. Comparing the homogeneity measure for each
block, we will choose the most intensity homogeneous blocks. The following figure shows
different directions that the homogeneity measures will be calculated on the blocks. As
Figure 4.1 shows, eight directional homogeneity measures will be assumed from eight edge
directions, where ( ™ (7) is the absolute value of the output of a one dimensional high
pass filter applied on mask contour m, evaluated at the center of the block. We assume

that blocks with the smallest sum of all directional homogeneity measures,

eprlj) = Z Cer™ (5), (4.9)

1<m<8
may be identified as intensity homogeneous blocks. We can assume the window size w. w

is an odd number, and has been set to w > 5 empirically. We use a high pass filter with

size of 1 X w on the image. The high-pass filter has been set as

fup’ =[-1,-1,4,—-1,-1]. (4.10)

In this method the ideal intensity homogeneous block will be the one with lowest sum
of all homogeneity measures. To find the more accurate estimation of noise level, we do not
rely on only one block homogeneity measure, and we use three blocks in each subimage to
calculate the noise variance. Assume V1) to be the set of locations of the centers of three

blocks in subimage j with the lowest aggregate homogeneity measure. The corresponding
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Figure 4.1: Eight different masks for homogeneity measures with the size w =5

sample variances are opr?(j), (k,1) € VU for j € R,G,B,W, and the estimate of the

variance for each phase is
1
2 2/
Tej =3 Z | ok (J) (4.11)
(k,HeV @)
If we know the exact ratio of ar : ag : ap : ay that was used to obtain fopan, we select

0.1 as,

T

o . Oe, R OeG 0OeB OeWw
0. ¢ = median| ]

where T'a stands for true alpha ratio, which means we apply the known alpha values for

(4.12)

estimating the noise standard deviation.

However, as we describe in Section 4.1, the ratio ag : ag : ag : ay can be different
depending on camera models. Therefore we may have to estimate the agr : ag : ag : ay

ratio first before we determine o.. From equation 4.6 we know

or’0ct o iow? =ag:ag:ag:aw, (4.13)

SO we assume
O¢,R —~ Oe,G ~ O¢,B ~ Oe,W
vV OR /g /OB \/ W

If we arbitrarily set ag = 1, then ag, ag and ay, will be calculated.

(4.14)

The homogeneity in each block will be calculated using local uniformity analyzer, using

high-pass operators on a 5 x 5 mask in eight different directions. The results of the
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local uniformity analyzer will be zero in the homogeneous area, and it is non-zero in non-
uniform areas. The sum of absolute values over the eight directions will be assumed as
the homogeneity factor. Using the homogeneity factor over the blocks, we find the average

variance of noise over the whole image.

Assuming there are 11 representative levels of noise, we will estimate the noise level of
input image, and select an appropriate set of filters to extract the color components and

demosaicking algorithm.
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4.3 Demosaicking of noisy CFA images

The least-square demosaicking method has been proposed in Section 3.4 for RGBW
CFAs, and will be used for noise reduction. The noisy images will be used as a training
set for the least-square method. Different levels of Gaussian noise with parameter o will
be added to the input CFA images. In the training phase, noise will be added to the
gamma-corrected R, G, B and W components with the given ratio of variances. The
standard deviation of noise for each color channel will be assumed as \/agro, /ago, J/ago
and y/awo, and o € 0,2, ...,20 for eleven noise levels. Then, an appropriate least-square
demosaicking system will be designed for each set of noisy images. So we designed several
demosaicking systems, adapted to different levels of noise. In the proposed noise reduction
algorithm, the noise level of input image will be estimated, and an appropriate set of filters
for demosaicking will be chosen. The following block diagram 4.2 shows the demosaicking

and denoising algorithm.

Since the value of the estimated noise level is a continuous value and the added noise
level is a discrete value, we need to map the estimated value to one of the added noise
levels o € 0,2, ..., 20, then the least square filter will be assigned. Assuming the noise level
2(p — 1), the color mean square error will be calculated and the best set of least square

filter 075 will be determined. We will select the nearest even noise level 0gserete

ISy (4.15)

Odiscrete = 2 X Tound(

The following plot Figure 4.3 shows the estimated noise variance versus the added noise
level over the 24 images of Kodak dataset using VEML sensor. The results illustrate that
the estimated noise level is close to the actual added noise value, and the appropriate least

square filter set has been chosen for each image.
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Figure 4.2: Demosaicking-denoising system
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4.3.1 Luma noise reduction using BM3D

In the demosaicking algorithm, reconstructing the more accurate luma components is
crucial, and results in better quality of the reconstructed image. As we explained before,
during the demosaicking process the luma component will be calculated by subtracting
all chromas from the CFA. Since we are extracting chromas using noisy input images, the
estimated chromas will not be accurate, and it leads to the poor estimation of the luma
component. Using a state of art denoising method for gray scale images gives us a better
estimation of luma. We will apply the Block Matching 3D (BM3D) denoising algorithm

[12] in this stage, which is one of the state of the art denoising method.

4.4 Results

In this section, we designed and implemented the joint demosaicking-denoising algo-
rithm. As we discussed in this chapter, we added different levels of noise artificially to the
Kodak dataset. There will be ten different levels of white Gaussian noise with the variance
of 0 = 0,2,4,...,20. Then the noise estimator will estimate the noise level and set the

suitable demosaicking algorithm for the estimated noise level to reconstruct the image.

The value of clear/panchromatic pixels have been estimated based on the equations
3.135 and 3.136 provided in Section 3.4.5 on the Kodak dataset. The results will be

compared with the hyperspectral image dataset with actual value of white pixels as well.

Tables 4.1, 4.2, 4.3 and 4.4 show the results of demosaicking-denoising method and
least-square method for Kodak dataset noisy images using RGBW-Bayer CFA in terms
of PSNR and S-CIELAB for VEML6040 and Kodak-KAI-11000 sensors. These tables
contain the average results over 24 images of Kodak data set in each case. The average
results over 24 images for different noise level show the proposed algorithm robustness in
different noise level, and let us compare the average results for RGBW-Bayer with the
average results of previous work for RGB-Bayer. According to the provided results in
the following tables the demosaicking-denoising algorithm is working better than regular

demosaicking algorithm without noise reduction method. A comparison between the state
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of the art joint denoising-demosaicking method applied on RGB-Bayer is provided as well.
The denoising-demosaicking method on RGB-Bayer is working better than previous works

on this topic as discussed in [25].

Tables 4.1 and 4.3 show the results of regular least-square demosaicking method using
RGB-Bayer and RGBW-Bayer for Kodak dataset noisy images for both sensors. The
average PSNR of demosaicking-denoising method over 11 noise levels using RGBW-Bayer
is higher than the average PSNR using RGB-Bayer for both sensors. It shows that the
RGBW-Bayer pattern containing clear/ panchromatic filter receives higher signal to noise

ratio, and works better in presence of noise. We can conclude the same result based on

the S-CIELAB results as shown in Tables 4.2 and 4.4.
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Noise level LS method on LS method on Demosaicking- Demosaicking-

(Noise variance) RGBW RGB denoising on denoising on
RGBW RGB
1(0) 39.69 40.22 39.08 40.26
2(2) 37.77 37.96 37.59 37.51
3(4) 34.75 34.68 35.46 34.91
4(6) 32.18 32.00 34.11 32.90
5(8) 30.08 29.85 32.95 31.41
6(10) 28.35 28.10 32.03 30.27
7(12) 26.88 26.64 31.11 29.37
8(14) 25.62 25.38 30.26 28.69
9(16) 24.51 24.28 29.56 28.03
10(18) 23.52 23.31 28.96 27.51
11(20) 22.63 22.44 28.38 27.06
Average over 11 29.63 29.53 32.68 31.62

noise levels

Table 4.1: Average PSNR over 24 Kodak images using least-Square (LS) method and
demosaicking-denoising method on RGBW-Bayer using VEML6040 sensor and RGB-Bayer

for different noise levels
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Noise level (Noise LS method on RGBW Demosaicking-denoising on

variance) RGBW
1(0) 0.85 1.01
2(2) 1.14 1.24
3(4) 1.65 1.62
4(6) 2.21 2.00
5(8) 2.81 2.38
6(10) 3.43 2.76
7(12) 4.05 3.16
8(14) 4.69 3.56
9(16) 5.33 3.95
10(18) 5.97 4.33
11(20) 6.62 4.72
Average over 11 noise 3.52 2.79
levels

Table 4.2: Average S-CIELAB over 24 Kodak images using least-Square(LS) method and
demosaicking-denoising method on RGBW-Bayer using VEML6040 sensor for different

noise levels
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Noise level LS method on LS method on Demosaicking- Demosaicking-

(Noise variance) RGBW RGB denoising on denoising on
RGBW RGB
1(0) 39.39 40.22 38.87 40.26
2(2) 37.14 37.96 36.89 37.51
3(4) 33.86 34.68 34.60 34.91
4(6) 31.17 32.00 33.55 32.90
5(8) 29.01 29.85 32.44 31.41
6(10) 27.25 28.10 31.17 30.27
7(12) 25.76 26.64 30.39 29.37
8(14) 24.49 25.38 29.50 28.69
9(16) 23.37 24.28 28.36 28.03
10(18) 22.38 23.31 27.92 27.51
11(20) 21.48 22.44 27.37 27.06
Average over 11 28.66 29.53 31.91 31.62

noise levels

Table 4.3: Average PSNR over 24 Kodak images using least-Square(LS) method and
demosaicking-denoising method on RGBW-Bayer using Kodak-KAI-11000 sensor and
RGB-Bayer for different noise levels
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Noise level (Noise

LS method on RGBW

Demosaicking-denoising on

variance)

1(0) 0.95 1.11
2(2) 1.30 1.41
3(4) 1.89 1.87
4(6) 2.57 2.24
5(8) 3.27 2.66
6(10) 3.99 3.16
7(12) 4.73 3.58
8(14) 5.47 4.04
9(16) 6.22 4.52
10(18) 6.98 4.93
11(20) 7.74 5.39
Average over 11 noise 4.10 3.17

levels

Table 4.4: Average S-CIELAB over 24 Kodak images using least-Square(LS) method and
demosaicking-denoising method on RGBW-Bayer using Kodak-KAI-11000 sensor for dif-

ferent noise levels
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The following figures show the noisy CFA images for two sample images and two dif-
ferent noise levels in each case (0 = 6,14), as well as the reconstructed image using least-
square demosaicking method (presented in previous chapter) and demosaicking-denoising
algorithm. As we can see visually in Figures 4.4 and 4.5, the quality of reconstructed im-
ages using demosaicking-denoising algorithm are better than the quality of reconstructed
images using LS method in different input noise levels. The CFA images are not meant
to be displayed, and they do not have a good quality. We present them here to show the

effect of noise in different noise level in the CFA images.
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(b) Noisy CFA (f) Noisy CFA
Image with noise Image with noise

level=4

(¢) Reconstructed (g) Reconstructed
using LS method  using LS method

(d) Reconstructed (h) Reconstructed

using demosaicking- using demosaicking-

denoising method  denoising method

Figure 4.4: Reconstructed noisy image with ¢ = 6 using regular least-square demosaicking

method and denoising-demosaicking method with RGBW-Bayer CFA
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(b) Noisy CFA (f) Noisy CFA
Image with noise Image with noise

level=8 level=8

(¢) Reconstructed (g) Reconstructed
using LS method  using LS method

(d) Reconstructed (h) Reconstructed

using demosaicking- using demosaicking-

denoising method  denoising method

Figure 4.5: Reconstructed noisy image with ¢ = 14 using regular least-square demosaicking

method and denoising-demosaicking method with RGBW-Bayer CFA
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All the provided results above have been simulated and tested on RGB Kodak data
set. The following tables show the result of demosaicking-denoising algorithm with least-
square method on a hyperspectral dataset [33] for both sensors. The RGB and RGBW
images have been calculated based on the hyperspectral images, and the RGB and RGBW
CFAs have been reconstructed for each image. Therefore, we are simulating the actual
captured white values from the clear/panchromatic filters using hyperspectral images and
we are comparing the results with reconstructed images using the RGB-Bayer on the same

dataset.

Tables 4.5 and 4.6 provide the average PSNR over the 30 images of dataset for both
sensors. The noisy RGBW CFA have been reconstructed by adding different noise level to
the CFA image, as we discussed before. Using the average results over 30 hyperspectral
images for different noise level we will be able to compare the proposed algorithm robustness
in different noise level, and let us compare the average results for RGBW-Bayer with the

average results of Kodak dataset for RGBW-Bayer.

Since we are using two different datasets, we will not be able to compare the average
PSNR over the whole dataset with the previous results. The provided results are showing
that the proposed demosaicking-denoising algorithm is working very well on hyperspectral

images as a sample of received image with RGBW CFAs in presence of noise.

It shows that the demosaicking-denoising algorithm is working better than regular
demosaicking algorithm without noise reduction method. A comparison between the state
of art joint denoising-demosaicking method applied on RGBW-Bayer on Kodak dataset is
provided as well. The results shows that the RGBW CFA is more robust to noise than the
RGB CFA as we hypothesized in this research.
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Noise level (Noise variance) Demosaicking-denoising on Demosaicking-denoising on RGB

RGBW
1(0) 43.16 43.15
2(2) 40.59 40.47
3(4) 38.34 38.38
4(6) 36.78 36.56
5(8) 35.52 35.22
6(10) 34.42 34.15
7(12) 33.28 33.00
8(14) 32.44 31.96
9(16) 31.56 31.13
10(18) 30.80 30.32
11(20) 29.95 29.51
Average over 11 noise levels 35.17 34.85

Table 4.5: Average PSNR over 30 hyperspectral images using demosaicking-denoising
method on RGBW-Bayer using VEML6040 and RGB-Bayer for different noise levels
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Noise level (Noise variance) Demosaicking-denoising on Demosaicking-denoising on RGB

RGBW

1(0) 40.64 40.61
2(2) 38.68 38.03
3(4) 36.21 35.94
4(6) 35.24 35.05
5(8) 33.98 33.81
6(10) 32.67 32.43
7(12) 31.63 31.23
8(14) 30.60 30.23
9(16) 29.70 29.28
10(18) 28.90 28.43
11(20) 28.16 27.64
Average over 11 noise levels 33.31 32.97

Table 4.6: Average PSNR over 30 hyperspectral images using demosaicking-denoising
method on RGBW-Bayer using Kodak-KAI-11000 and RGB-Bayer for different noise levels
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The following Figures 4.6 and 4.7 show the average PSNR over 30 hyperspectral images
using demosaicking-denoising method on RGBW-Bayer and RGB-Bayer for different noise
levels. Figure 4.6 shows the results of RGBW-Bayer using VEML6040 and figure 4.7 shows
the results of RGBW-Bayer using Kodak-KAI-11000. The results shows that the RGBW-

Bayer works better comparing the RGB-Bayer in presence of noise for both sensors.

RGEW-Bayer
RGB-Bayer
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Figure 4.6: Comparison between the average PSNR over 30 hyperspectral images using
demosaicking-denoising method on RGBW-Bayer with VEML6040 and RGB-Bayer for

different noise levels
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Figure 4.7: Comparison between the average PSNR over 30 hyperspectral images using
demosaicking-denoising method on RGBW-Bayer with Kodak-KAI11000 and RGB-Bayer

for different noise levels
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Also, the following tables 4.7, 4.8 show the average S-CIELAB results of 30 hyper-
spectral images using demosaicking-denoising method on RGBW-Bayer and RGB-Bayer
for different noise levels for both sensors. The average SCIELAB show the similarity be-
tween the original image and the reconstructed image in presence of noise using denoising-
demosaicking algorithm over the whole data set for each noise level. The comparison
between RGB-Bayer and RGBW-Bayer shows that the RGBW-Bayer is working better for

noisy input images.

Noise level (Noise variance) Demosaicking-denoising on Demosaicking-denoising on RGB
RGBW
1(0) 0.53 0.46
2(2) 0.84 0.85
3(4) 1.25 1.27
4(6) 1.66 1.66
5(8) 2.08 2.12
6(10) 2.50 2.58
7(12) 2.93 3.02
8(14) 3.35 3.50
9(16) 3.78 3.92
10(18) 4.20 4.37
11(20) 4.64 4.82
Average over 11 noise levels 2.52 2.59

Table 4.7: Average S-CIELAB over 30 hyperspectral images using demosaicking-denoising
method on RGBW-Bayer using VEML6040 and RGB-Bayer for different noise levels
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Noise level (Noise variance)

Demosaicking-denoising on

Demosaicking-denoising on RGB

RGBW
1(0) 0.66 0.64
2(2) 1.063 1.07
3(4) 1.58 1.65
4(6) 2.08 2.17
5(8) 2.60 2.66
6(10) 3.13 3.26
7(12) 3.66 3.76
8(14) 4.20 4.27
9(16) 4.74 4.79
10(18) 5.27 5.35
11(20) 5.80 5.83
Average over 11 noise levels 3.16 3.22

Table 4.8: Average S-CIELAB over 30 hyperspectral images using demosaicking-denoising
method on RGBW-Bayer using Kodak-KAI-11000 and RGB-Bayer for different noise levels
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The following Figure 4.8 shows the similarity of added noise level versus the esti-
mated noise variance using noise estimation process over the hyperspectral dataset using
VEMLG6040 sensor. The results shows the estimated noise level is close to the actual added
noise level and the filter selection and demosaicking-denoising algorithm works well on

these dataset.

- Noise estimation
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Figure 4.8: Added noise level versus estimated noise level on hyperspectral image dataset

using VEML6040
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Chapter 5

Conclusion

5.1 Conclusions

A novel demosaicking-denoising method for RGBW CFAs has been introduced in this
research. According to the results, the presented method led to a noticeable improvement
in received signal to noise ratio compared to the existing methods in the literature. The
presented methods included a demosaicking algorithm on a three channel CFA and three

four channel CFAs. The contributions were as follows:

e Due to the complexity of the Fujifilm X-Trans pattern, it has been chosen to study
among three-channel CFAs, and adaptive and non-adaptive and least-square demo-
saicking algorithms have been developed for it. Since there is no available literature
on Fujifilm X-Trans pattern demosaicking, the results have been compared with the
state of the art demosaicking method on RGB-Bayer. The Fujifilm X-Trans pattern
has a large number of color filters, and it provides more accurate color estimation
through demosaicking process, but it is not work as good as Bayer pattern in high
frequency areas. The results have been presented at the International Conference of

Image Processing (ICIP)-2014 [33].

e The RGBW-Kodak pattern has been modeled, and adaptive and non-adaptive demo-
saicking algorithms have been proposed for it. It has been published in SPIE/ IS&T
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Electronic Imaging-2015 conference [39]. Also, a recently developed RGBW pattern
presented in [15] has been reviewed in this work and a demosaicking algorithm has
been implemented for this pattern. The RGBW-Bayer CFA has been discussed,
and adaptive and non-adaptive demosaicking algorithms have been presented for it.
Also the adaptive demosaicking algorithm for three-channel and four-channel CFAs
has been presented in a structured and organized method, and it can be applied on

different CFAs.

In our initial assumption, we simulate the white filters output as a combination
of red, green and blue filters. The best estimation of white filter output has been
calculated using the other three primary color components by quadratic program-
ming. The adaptive demosaicking algorithm for RGBW-Bayer has been optimized
using least-squares method. The comparison between different RGBW patterns has
been presented in this research, and it has been published in SPIE/ IS&T Electronic

Imaging-2016 conference [10].

Initially, the Kodak data set has been used for comparing the results. The results
shows less color artifacts for Fujifilm X-Trans pattern compared to the RGB-Bayer.
The results of demosaicking algorithms for all three RGBW patterns have been com-
pared. The visual results and the PSNR show that RGBW-Bayer was the best among
the discussed patterns. The least-square method results for RGBW-Bayer have been
compared with the least-square method using RGB-Bayer pattern.

The effect of noise has been simulated on red, green, blue and white filters, and an ap-
propriate demosaicking-denoising algorithm on RGBW-Bayer pattern has been devel-
oped using a new set of coefficients for noise in different channel. The demosaicking-
denoising algorithm results on Bayer-RGBW CFA with demosaicking-denoising algo-
rithm on RGB-Bayer results have been compared. Thus the results of noise reduction
on white color filters has been evaluated. The proposed algorithm has been applied on
Kodak dataset and a hyperspectral dataset. Also the white filter estimation results
have been validated using hyperspectral images. The results have been white bal-

anced and gamma corrected, and the SCIELAB and PSNR values for each developed
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demosaicking algorithm have been measured.

The results of four channel CFA have been evaluated on a hyperspectral data set [33]
as well. The results of demosaicking-denoising algorithm using both hyperspectral
and Kodak images shows improvement using RGBW-Bayer CFA comparing to the
RGB-Bayer CFA. The comparison between the white filter estimation using the opti-
mized equation 3.135 based on the value of three primary color filters (red,green and
blue) and the actual white filter values of hyperspectral images shows the estimated

values are very accurate.

5.2 Future work

The proposed algorithms for RGB and RGBW color filter arrays led to a new demosaicking-
denoising algorithm for RGBW CFAs. The results of this research can be expanded to

different aspects. Some suggested future works are as follows:

e As this research showed the signal to noise ratio has higher value using RGBW
CFAs, studying and creating CFAs containing more white filters can improve the

reconstructed image quality.

e A case study is applying the presented adaptive, non-adaptive, and least-square de-
mosaicking method, on different CFAs. Since, there might be a better RGBW CFA
to reconstruct the color images, the proposed demosaicking-denoising algorithm can

be applied on other RGBW CFAs.

e The modeled white filter based on red, green and blue filters value, can be utilized
to replace color filters with white filters. Designing new CFA patterns with two color

filters and more white filters can be another research direction in future.
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