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1.1 Introduction

Today, digital cameras are ubiquitous. One can be purchased for the price equivalent to a night’s stay in a

hotel in occidental countries, or we receive it for “free” when acquiring a mobile phone or a laptop computer.

The existence of such a common and ultimately cheap device is due to the fundamental developments in the

way an image is acquired by the sensor and processed by the microcomputer embedded in the camera.

These developments would not have been possible without recent breakthroughs in digital color image

processing [1].

In this chapter, we focus on the sampling of images by a single camera sensor and on the subsequent

digital image processing necessary to mimic the fact that a color image has three different color responses

at each spatial position [2]. These image processing steps are calleddemosaicing(or demosaicking) al-

gorithms. We highlight the properties of the human visual system (HVS) that have been exploited in the

development of digital cameras in general and demosaicking in particular. The working of the human visual

system is still a source of inspiration today because it has capabilities that are not yet taken into account in

digital cameras. In particular, we discuss how the random nature of the arrangement of chromatic samples

in the retina can improve the color sampling by digital cameras.

The chapter is organized as follows. In the first section, we recall the properties of the human visual

system that have been exploited in the development of digital color image processing. How the trichromacy

of color vision has been discovered and is used in digital image processing is discussed. We describe

how digital images are either acquired through three sensors or through a single sensor. In the second

section, a model of spatio-chromatic sampling applicable to the human visual system and digital cameras

is described. This model enables the understanding of the signal content in single-chip digital cameras. In

the third section, methods of reconstructing color information from a mosaic through linear approaches are

discussed. In the fourth section, we extend these approaches with adaptive processes.
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1.1.1 Trichromacy in human vision

We can state that the history of color science started in the16th century with the discovery made by New-

ton [3] who showed that sunlight was composed of several colors, the colors of the rainbow. By extension,

every “light” is a combination of all the monochromatic lights of the visible spectrum. In practice, this

discovery permits to reproduce color sensations by modulating the intensity of different monochromatic

primaries. However, it is not necessary to modulate the entire wavelength domain to reproduce a color sen-

sation because, as discovered by Young [4] and then confirmed by Helmholtz [5], the human visual system

is trichromatic. The property of trichromacy is that it is sufficient to modulate only three primaries to mimic

the sensation of any light with arbitrary continuous spectrum, provided that none of the primaries can be

matched with a combination of the other two. In general, we use a red (R), a green (G), and a blue (B)

primary. R, G, and B are indicative of their maximum intensity in the visible spectrum: blue is the color of

short wavelength radiation, green of middle wavelengths, and red of long wavelengths.

Trichromacy was established long before it was known that the human retina was composed of three

kinds of cones sensitive to three different wavelength ranges [6, 7]. These cones are called L, M, and S for

their respective sensitivity to Long, Middle and Short wavelengths. Two lights that have the same L, M, and

S cone responses give the same color sensation (such lights are called metamers). Thus, the dimension of

the space that represents color in the human visual system is three. This property is not only used to sample

light in digital capture systems, but also in image displays.

Trichromacy is also the basis for colorimetry [8], the science of color measurement. The principle of

colorimetry is based on color matching experiments. The experiments consist of comparing a color with

an additive mixture of monochromatic primaries. The intensity of the primaries needed to obtain a match

with a color sensation serves as an indicator of the color content in terms of these primaries. This method

was used to standardize color spaces such as CIE-RGB and CIE-XYZ by the Commission Internationale de

l’ Éclairage in 1931.

An important property of color spaces is that the mixture of light is a linear process. The color-space

position of a light mixture can be derived by adding the coordinate vectors of the lights that make up that

mixture. Also, in a color space defined by theϕR, ϕG, andϕB spectral sensitivities of a camera sensor, any

light (or color) is defined by a linear combination of the primaries R, G, and B. Thus, the RGB values of a

digital image define the corresponding color as a linear mixture of the R, G, and B primaries.

1.1.2 Digital color image encoding

Trichromacy is exploited in the formation, rendering, and reproduction of color images. As shown in Fig-

ure 1.1, a color image is a matrix with three components, one for R, one for G, and one for B, respectively.
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Figure 1.1: (a) Example of a color image decomposition into its red, green, and blue components. (b) The

red component of the image (c) green component (d) blue component.

The rendering of these three components on a video screen, which has three RGB phosphors or three color

filters, allows reproducing the color sensation equivalent to the one produced by the natural scene itself.

Thus, the color processing chain from the acquisition of a color image, the coding of digital values, and the

rendering to the display can be designed using a three-dimensional space for all color representations.

R, G, and B is not the only color representation used in digital video and imaging. Chromatic information

in images is often reduced to achieve smaller sized files. The human visual system is less sensitive to high

frequencies in chrominance than in luminance. In other words, the spatial resolution of the chrominance

can be quite a bit lower than the resolution of the luminance without observing any visual degradation in the

image. A luminance-chrominance representation is analogous to the receptive field encoding at the ganglion

cells in the human retina. Luminance represents spatial information in terms of light-dark changes, such as

edges, while chrominance represents the hue and saturation of a color (see section 1.2.1).

There are several ways to construct a luminance-chrominance representation of a color image. For

example, we can transform the R, G and B values into a triplet called Y, Cb, and Cr, where Y represents the

luma and is a positive combination of R, G, and B values. In general, the RGB values are already “gamma-

corrected,” i.e. a non-linear encoding has been applied to the color channels, and thus Y is not representative

of the physically measurable luminance anymore. Cr and Cb are two opponent chromatic channels and are

close to Red minus Green and Blue minus Yellow. We can reduce the amount of image data by retaining all

Y values, but sub-sampling Cb and Cr by a factor of 2 or 4 without significant visual loss.

1.1.3 Image acquisition through single chip digital camera

Similarly to the human retina, where we have only one cone type per spatial location, most digital cameras

today use a single sensor to capture color images. The sensor is covered by a matrix of color filters (Color

Filter Array - CFA) to allow the acquisition of different chromatic contents of the scene. In general, the

filters transmit either blue, green, or red light. Consequently, a single chromatic value is sampled at each
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spatial location. To reconstruct three chromatic values from the mosaic of single values, we need to use a

signal processing method that is called demosaicking.

There are many configurations of color filter arrays proposed for digital cameras. The problem to take

into account when designing a CFA is the ability to fully reconstruct a color image with three chromatic

components from the mosaic of single color values. The sampling of a scene with a single color filter per

spatial location results in a compromise in the representation of spatial versus chromatic information of the

image. Spatial and chromatic information is present as a mixture in a CFA image. Thus, can we design an

arrangement of color filters that maximizes the ability to fully reconstruct the spatial and chromatic content

of the scene? This question is still unresolved, but we discuss the properties of several CFA’s in terms of

their spatial and chromatic representation of light in section 1.2.2. Figure 1.4 illustrates some typical CFA

patterns.

The first proposed color filter array was composed of vertical stripes of red, green, and blue columns. It

has also been proposed that the stripes could be oriented. These arrangements, even if they are easy to build,

have not been used extensively because the color sampling frequencies are not the same in horizontal and

vertical direction.

The CFA proposed in 1976 by Bayer [9] from the Eastman Kodak Company is the most famous and

still the most often used CFA today (Figure 1.4(a)). It fulfills two constraints. It has a color sampling

frequency that is the same in vertical and horizontal direction for all three colors. It also has two times more

green pixels than red and blue, favoring the sampling of luminance as stated by the inventor. The diagonal

sampling frequency is thus higher for green than for red and blue. Surprisingly, at the beginning this CFA

was not as successful as today. Recall that in 1976, most electronic image capture was for analog color

television, which used an interlaced image encoding. Interlacing video means that the first frame displays

only even image lines, and then the second frame displays the odd lines. This method reduces the amount of

data to be processed at one time, and it became a standard of color television. The problem with the Bayer

CFA is that the red or blue values are sampled only on either the even or the odd lines, respectively. This

has for consequence that the red and blue colors flickered when video frames were displayed in interlaced

mode. For that Dillon [10] proposed another CFA where red and blue are present at every line.

However, the Bayer CFA is certainly nowadays the most popular CFA in digital cameras because it

has a good representation of chromatic and spatial information. We will also discuss a CFA proposed by

Lukac [11] that is an improvement of the Bayer CFA for the horizontal representation of luminance values.

There are several other proposed CFAs, which use either four colors or a hexagonal arrangement of the

color filters. We do not discuss these CFAs in this chapter. Also, a different method for acquiring a color

image with a single sensor has recently been proposed. This method was developed by Foveon [12] and

uses the fact that the penetration of light in silicon depends on the wavelength of the light. It allows the
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separation of red, green, and blue at each pixel by reading the responses at different well depths, and is not

further discussed.

Finally, similarly to the human visual system that has a random arrangement [13] of cones at the sur-

face of the retina, we study the case of a random arrangement of chromatic samples for digital cameras.

The problem with a random arrangement is that the neighborhood of a sample changes from location to

location and uniform space invariant reconstruction methods cannot be used. However, using a pattern of

random color filters periodically repeated on the sensor surface, we benefit from the non-aliasing properties

of random sampling and are able to reconstruct the color with a linear method.

1.2 Signal representation in a color filter array

In this section, we show that the representation in luminance and opponent chromatic channels is a better

representation of a color image than red, green, and blue when discussing demosaicking. This representation

allows distinguishing the spatial and chromatic contents of a scene. Moreover, it is still effective even in the

case of a mosaic image with a single chromatic value per spatial position.

1.2.1 Luminance-chrominance representation of a color image

Considering the trichromatic properties of the human visual system discussed in the previous section, it has

become natural to think that a color image should be represented by three components. These components

are representative of the energy measured by three sensors with different sensitivities, usually red, green,

and blue.

An RGB representation of a color image does not highlight the two main properties of our visual per-

ception of scenes: the ability to account for both the intensity of the light source on an object surface and

the colors of the object. However, since the tristimulus values form a vector space, a linear transformation

from this space to define another space with different properties is possible without changing drastically the

nature of the data. A linear transformation also allows for a reverse transformation.

The transformation should decorrelate as much as possible spatial information from chromatic content.

The spatial component should contain no chromatic content, while the chromatic component should be

free of any intensity information. Intuitively, the transformation should be a positive combination of red,

green, and blue values for the achromatic channel, whereas it should be a difference of these values for

the chromatic channel, with an average value that is zero. There exists an infinite number of possible

transformations from RGB to achromatic and chromatic color channels following these rules. Actually, the

achromatic information of a tristimulus value is not uniquely defined. The achromatic channel has a spectral

sensitivity response that is defined by the respective contributions of the spectral sensitivity responses of
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each R, G and B channel.

Let I = {CR, CG, CB} be a color image with three color planes Red, Green, and Blue. The projection

of the color channels on an achromatic axis is given by the following sum, with the assumption thatpi

(i ∈ {R,G,B},
∑

i pi = 1) , is the proportion of the chromatic componenti in the achromatic signalφ:

φ =
∑
i

pi.Ci (1.1)

The content of the signalCi can be expressed by the irradiance of the sceneS(x, y, λ) through the

spectral sensitivity responses of the filtersϕi (i = R,G,B) of the acquisition process:

Ci(x, y) =
∫
λ
S(x, y, λ)ϕi(λ)dλ (1.2)

From Equation 1.1 and Equation 1.2, note that luminance has a spectral sensitivity response given by

the spectral sensitivity functionsϕi and the weightspi of the chromatic channels. The spectral sensitivity

function for luminance is given by
∑

i pi.ϕi. This means that the luminance is directly dependent on both

the spectral sensitivity functions of the chromatic channels R, G, and B and the proportion of each of these

channels that give the luminance signal.

For the human visual system, the luminance signal is not completely defined. The CIE recognizes the

V (λ) [8] function as being the luminosity function of the standard observer, which should represent the

human ability to assess the sensation of luminosity. It is therefore possible to simulate this function during

the luminance computation by choosing the appropriate coefficientspi that match as best as possible the

spectral sensitivity response of the luminance function to the shape ofV (λ).

Concerning chrominance, the debate is even more open. There is no real consensus on what the human

visual system computes as chromatic channels. Some indications are given by the work of Hering [14] and

Jameson and Hurvich [15], which estimated opponent color responses psychophysically.

Recall that our chrominance is defined as having a zero mean to avoid any intensity information. Also,

since the dimension of the chromatic color space is three, consider that the chrominance space is also

of dimension three to take into account the variability along each of the chromatic axis. However, these

variables are linearly dependent and the intrinsic dimension is thus only two. If we consider the difference

between each chromatic channel and the luminance function defined in Equation 1.1, we have:

ψi = Ci − φ = Ci −
∑
i

pi.Ci = (1− pi).Ci −
∑
j 6=i

pj .Cj (1.3)

Since
∑

i pi = 1, it follows that
∑

i piψi = 0, meaning that the weighted average of the chrominance

components is zero at each pixel. Our definitions of luminance and chrominance respect the condition we

have imposed. Figure 1.2 shows an example of a luminance chrominance decomposition. Note the separate

representation of spatial and chromatic information compared to Figure 1.1, where spatial information is



8 Single-Sensor Imaging: Methods and Applications for Digital Cameras

Figure 1.2: Example of color image decomposition into its luminance and chrominance components. (a)

Color image with three chromatic values R, G and B at each spatial location. (b) The luminance component,

a scalar value per spatial position corresponding to the mean of RGB values. (c) The chrominance values

having three components per spatial position corresponding to the difference of each RGB component with

the luminance

Figure 1.3: Plots of B as a function of G (left) andψB as a function ofφ (right) for the example of Figure 1.2.

We can see that B and G have a principal component iny = x, whileψB andφ are more decorrelated.

present in all three of the R, G and B channels. Figure 1.3 plots B values as a function of G values, andψB

as a function ofφ. We can observe that chrominance and luminance are effectively more decorrelated than

the color planes B and G.

1.2.2 Luminance-chrominance in color filter arrays

To model the sampling of chromatic values by a mosaic, we use the formal construction of the mosaic itself.

A mosaicm is a spatial arrangement of chromatic samples. With the assumption that the samples are on

a grid (either square or hexagonal) and that all the positions on the grid are filled by one filter color, we

can decompose the global mosaic into sub-mosaics,mR, mG andmB. Each one corresponds to the spatial

arrangement of one type of color filter, having a value of 1 where the filter is present and a value of 0 at the

empty positions:

m(x, y) = mR(x, y) +mG(x, y) +mB(x, y) (1.4)
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with (x, y) ∈ N2 the integer coordinates on the grid1.

Since the mosaics are periodic, their Fourier transforms results in Dirac impulses in frequency domain.

One period of the mosaics’ Fourier transforms is given by:

m̂ = δ0 and



m̂R = r0δ0 +
∑
n6=0

rnδn

m̂G = g0δ0 +
∑
n6=0

gnδn

m̂B = b0δ0 +
∑
n6=0

bnδn

(1.5)

whereδ0 = δ(νx, νy) is the Dirac distribution for spatial frequency dimensionνx andνy of spatial dimension

x andy andδn = δ(nx−νx, ny−νy). Thus,δn denotes the Dirac impulse at spatial frequencyn = (nx, ny).

From the analysis of the Bayer CFA pattern, for example,n describes the set of frequency dimensions [16]:

(νx, νy) ∈ {−1, 0, 1} and(νx, νy) 6= (0, 0) (1.6)

where1 is the normalized Nyquist frequency.

r0, g0 andb0 are the mean values of each sub-mosaic, i.e. the probability at each spatial location to

contain a sample of the respective color. We call thempR, pG andpB, respectively. By unicity of the

Fourier transform, we can conclude: pR + pG + pB = 1

rn + gn + bn = 0 (∀n 6= 0)
(1.7)

The resulting CFA imageIm (a single channel image containing the different color sub-mosaics) is obtained

by:

Im(x, y) =
∑

i∈{R,G,B}

Ci(x, y)mi(x, y) (1.8)

The multiplication of Equation 1.8 becomes a convolution product in the Fourier domain. Hence, using

Equation 1.5 and given that a convolution product with a Dirac impulse corresponds to a translation to the

corresponding frequency of the Dirac impulse, we obtain:

Îm(ν) =
∑
i

piĈi(ν)︸ ︷︷ ︸
φ̂(ν)

+
∑
n6=0

rnĈR(n− ν)

+ gnĈG(n− ν)

+ bnĈB(n− ν)︸ ︷︷ ︸
ψ̂n(n−ν)

(1.9)

φ is a linear combination of color signals with positive weights, thus it represents luminance.ψn(n− ν) is

a linear combination of color signals with coefficients whose sum vanishes, modulated at frequencyn. It

represents modulated chrominance.
1Note that in this chapter,x andy are oriented using Matlab convention, where the origin is at the top left and wherex is the

vertical axis andy the horizontal axis
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(a) (b) (c) (d) (e)

Figure 1.4: CFA patterns and amplitude spectra of corresponding CFA images: (a) Bayer CFA; (b) vertical

stripes CFA; (c) diagonal stripes CFA; (d) CFA proposed by Lukac [11] (e) tiling of a 6x6 pseudo-random

pattern.

Figure 1.4 shows five examples of CFAs and the amplitude spectra of an image sampled by those CFAs.

Note that the CFA pattern determines the location of the chrominance, and thus controls the amount of

aliasing between the baseband luminance and the modulated chrominances.

1.2.3 Examples on practical CFA’s

The formalism developed in the previous section 1.2.2 allows revisiting the notion of opponent chromatic

channels in the case of digital camera acquisition and of the human visual system. The fact that the mosaic

construction, i.e. the arrangement of chromatic samples of each type, defines the nature of the luminance

and chromatic channels is very important and could be used either for the design of appropriate cameras or

to understand the nature of opponent chromatic channels in the visual system.

It was shown in Equation 1.9 that the position of chrominance in the Fourier spectrum depends on the

spatial arrangement of each corresponding chromatic value in the CFA. For the Bayer CFA, for example,

the repetition of the R color filter is one out of two pixels in horizontal and vertical directions. This places

the red chrominance at the border of the Fourier spectrum. To show precisely where the chrominances are

located, it is useful to mathematically describe the arrangement of the chromatic values in the CFA. For the

Bayer pattern, if we consider the pixel at position (0,0) to be a red pixel, we have:
mR(x, y) = (1 + cosπx)(1 + cosπy)/4

mG(x, y) = (1− cosπ(x+ y))/2

mB(x, y) = (1− cosπx)(1− cosπy)/4

(1.10)

This equation can be rewritten separating the constant part and the modulation part given by the cosine

function:
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mR(x, y) = 1/4 + (cosπx+ cosπy + cosπx cosπy)/4︸ ︷︷ ︸
m̃R

mG(x, y) = 1/2− cosπ(x+ y))/2︸ ︷︷ ︸
m̃G

mB(x, y) = 1/4 + (− cosπx− cosπy + cosπx cosπy)/4︸ ︷︷ ︸
m̃B

(1.11)

which shows that the decomposition of luminance and chrominance is given by the mosaic arrangement. It

follows that the luminance part in the Bayer CFA (φBayer(x, y)) is defined as:

φBayer(x, y) =
∑
i

piCi(x, y) =
R+ 2G+B

4
(1.12)

with R = CR(x, y),G = CG(x, y) andB = CB(x, y). The chrominance in the Bayer CFA (ψBayer(x, y))

is then defined as the difference between the CFA image and the luminance image:

ψBayer(x, y) = Im(x, y)− φBayer(x, y) =
∑
i

mi(x, y)Ci(x, y)− piCi(x, y) =
∑
i

m̃i(x, y)Ci(x, y)

(1.13)

The Fourier transform̂ψBayer can be explicitly calculated and decomposed into two modulated chromi-

nance components:

ψ̂Bayer(νx, νy) = ψ̂1(ν) ∗
∑
n∈N1

δn + ψ̂2(ν) ∗
∑
n∈N2

δn (1.14)

where * denotes a convolution, with the set of frequenciesN1 = {(1, 1)} andN2 = {(0, 1), (1, 0)} and

with  ψ̂1(ν) = R̂−2Ĝ+B̂
16

ψ̂2(ν) = R̂−B̂
8

(1.15)

The chrominanceψBayer actually reflects a three dimensional space of chromatic opponent channels, which

is subsampled and coded in a single lattice. Let us compute the productψBayer(x, y)mi(x, y), which selects

from the chrominance image the values corresponding to the chromatic valuei in the Bayer CFA. Using

mi = pi + m̃i and the fact thatmimj = 0 for i 6= j, we have:

ψBayer(x, y)mi(x, y) =
∑
j

m̃j(x, y)mi(x, y)Cj(x, y) =

(1− pi)Ci(x, y)−
∑
j 6=i

pjCj(x, y)


︸ ︷︷ ︸

ψi

mi(x, y)

(1.16)

Chrominance is thus composed of three different opponent chromatic channels. In the case of Bayer,

these channels are: 
ψR = 3R−2G−B

4

ψG = −R+2G−B
4

ψB = −R−2G+3B
4

(1.17)
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The principle of recovering the three chromatic opponent channels from the chrominance imageψBayer

can be done in two equivalent ways. First, demultiplexing (i.e. multiplying) with the functionmi [16] will

bring back the chrominancesψR, ψG andψB to the center of the spectrum of each color plane. Sincemi

also modulates high frequencies, the operation has to be followed by a low-pass filter. Another way is to

directly estimate the modulated chrominancesψ1 andψ2 using two different filters, and then to demodulate

them to low frequencies [17, 18].

The same equations can be derived for Lukac’s CFA. The mosaics can be written formally as:
mR(x, y) = 1/4 + cos(πy) cos(π2x)/2 + cos(πx)/4

mG(x, y) = 1/2− cos(πy) cos(πx/2)/2− cos(πy) cos(π2 (x− 1))/2

mB(x, y) = 1/4 + cos(πy) cos(π2 (x− 1))/2 + cos(π(x− 1))/4

(1.18)

which yields the modulated chrominancesψ̂Lukac(νx, νy) = ψ̂1(ν) ∗
∑

n∈N1
δn + ψ̂2(ν) ∗

∑
n∈N2

δn +

ψ̂3(ν) ∗
∑

n∈N3
δn: 

ψ̂1(ν) = R̂−(1+j)Ĝ+jB̂
8

ψ̂2(ν) = R̂−B̂
8

ψ̂3(ν) = R̂−(1−j)Ĝ−jB̂
8

(1.19)

with j =
√

( − 1)) andN1 =
{
(1, 1

2)
}

, N2 = {(0, 1)} andN3 =
{
(1,−1

2)
}

. The chrominances are also

located at the border of the spectrum (see Figure 1.4), but contrary to the Bayer CFA, there is maximum

resolution in the horizontal direction. The luminance and demodulated chrominances are actually the same

as for the Bayer CFA, since the proportionspi are the same in both CFAs.

1.3 Linear systems for Luminance-Chrominance estimation

The missing values in a mosaic of chromatic samples can be reconstructed through a linear combination of

the neighboring pixel values. In this section, we describe several methods, ranging from the simple copy of

pixels and bilinear interpolation to more sophisticated methods taking into account the properties of CFA

images. We also describe demosaicking as a generalized inverse problem.

According to the Bayer patent [9], demosaicking was originally not a priority at that time. Cameras were

essentially designed for color television and the number of pixels in the camera was fitted to the number of

lines of the television format. Moreover the TV color format was YCbCr 4:2:2, thus at least at acquisition,

the form of acquisition did not require any interpolation.

Later, the reconstruction of missing color values became necessary to display appropriate color on the

screen. The first method was to simply copy the values of the neighboring pixel. Figure 1.5 presents the

method for the Bayer CFA and the result of applying this method to an image. Soon after, bilinear interpo-

lation was proposed, which consists in averaging the values from the closest neighbors in the horizontal and
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Figure 1.5: Illustration of pixel copy and bilinear interpolation

(a) Pixel Copy (b) Bilinear

Figure 1.6: Examples of demosaicking by pixel copy and bilinear interpolation

vertical directions. Following the Bayer CFA represented in Figure 1.5, the linear interpolation of the green

and blue pixels at position (2,2) is given by:

G22 = G12+G21+G32+G23
4 B22 = B11+B31+B13+B33

4
(1.20)

The bilinear interpolation operates on the three color channels in isolation. If we consider each channel

with its existing values and zeros at the missing values, it can easily be shown that the following convolution

filter allows interpolating the missing color by bilinear interpolation.

FG =


0 1 0

1 4 1

0 1 0

 /4 FRB =


1 2 1

2 4 2

1 2 1

 /4 (1.21)

Both methods can result in very visible color artifacts and are thus not always suitable (Figure 1.6). The

development of digital cameras for general use and the possibility to embed a microprocessor in the camera

have encouraged investigations into more sophisticated demosaicking algorithms, as discussed in the next

sections.
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(a) Constant Hue (b) Predetermined Coefficient

Figure 1.7: Examples of demosaicking by constant hue and predetermined coeficients

1.3.1 Linear estimation using constant ratio hypothesis

To improve the result of bilinear interpolation, Cok [19, 20] proposed to interpolate hue instead of each

color channel separately. His method is based on the observation that hue tends to remain constant over a

local neighborhood. Hue is calculated as the ratio between Red and Green (R/G) and between Blue and

Green (B/G). The methods is as follows. First, the missing green pixel values are calculated with bilinear

interpolation. Then the ratios R/G and B/G are computed at the respective pixel positions. The missing hue

values are then interpolated, and the respective color (red or blue) is obtained by multiplying each hue value

with the corresponding green values. For example, the interpolation of the blue pixel at position (2,2) is

given by:

B22 = G22

B11
G11

+ B13
G13

+ B31
G31

+ B33
G33

4
(1.22)

Figure 1.7 shows a result of demosaicking with this method.

An interesting exploitation of the constant hue algorithm was proposed by Craneet al. [21]. They

used the constant hue hypothesis to derive convolution filters, which apply directly on the CFA rather than

separately in each color plane. They originally designed their method for a CFA called Chromaplex, here

we show the algorithm for the Bayer CFA.

Suppose that we want to interpolate the red pixel at position (3,3). We denote with capital letters the

existing color values and with lowercase letters the missing values, and write

r33 = B33 − B̄ + R̄ (1.23)

WhereB̄ andR̄ are the averages of blue and red in the neighbourhood. These averages can be expressed
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with existing values in the neigborhood as follows:

r33 = B33 − [B33 +B31 +B13 +B35 +B53] /5 + [R22 +R24 +R42 +R44] /4 (1.24)

We obtain the following filter with integer coefficients by multiplying with a factor 20:

1
20


0 0 −4 0 0

0 5 0 5 0

−4 0 16 0 −4

0 5 0 5 0

0 0 −4 0 0

 (1.25)

Note that there are many different filters possible, dependent on the size of the extension we want to

give the filters. We have tested many and report only those filters that give the best results for the images we

used.

For the Bayer CFA, we need to study several positions. The previous example can be used to find blue

values at red pixel positions. The following filterf1 results in red values at positions (2,3) and (4,5) and blue

values at positions (3,2) and (3,4). The second filterf2 is suitable for red values at positions (3,2) and (3,4)

and blue values at positions (2,3) and (4,3). The third filterf3 is for all missing green values.

f1 =
1

80

2
666666666666664

0 0 −4 0 0

0 5 0 5 0

−4 −16 12 −16 −4

0 30 64 30 0

−4 −16 12 −16 −4

0 5 0 5 0

0 0 −4 0 0

3
777777777777775

f2 =
1

80

2
666666664

0 0 −4 0 −4 0 0

0 5 −16 30 −16 5 0

−4 0 12 64 12 0 −4

0 5 −16 30 −16 5 0

0 0 −4 0 −4 0 0

3
777777775

f3 =
1

100

2
666666666666664

0 0 4 0 4 0 0

0 −5 0 −10 0 −5 0

4 0 −8 25 −8 0 4

0 −10 25 60 25 −10 0

4 0 −8 25 −8 0 4

0 −5 0 −10 0 −5 0

0 0 4 0 4 0 0

3
777777777777775

(1.26)

Figure 1.7 shows a reconstruction example with these filters.

1.3.2 Filter design from the CFA spectrum

The CFA sampling model of section 1.2.1 shows that the luminance and chrominance are localized in the

Fourier spectrum. Thus, a filter that is able to select the frequency components of the luminance indepen-

dently from those of the chrominance can act as a luminance selection filter. We can even derive a linear

space-invariant filter for estimating the luminance [16, 22], The processing then does not depend on the

position considered in the image.



16 Single-Sensor Imaging: Methods and Applications for Digital Cameras

Figure 1.8: Synopsis of the demosaicking by frequency selection

The method works as follows: A linear shift invariant finite response filter is used to estimate the lumi-

nance in the CFA image. Generally, a filter of size 9x9 gives accurate enough results. Once the luminance is

estimated, it is subtracted from the CFA image. The resulting image now only contains chrominance. This

is equivalent to applying the orthogonal filter for estimating the chrominance. Then, the chrominance is

demultiplexed according to the red, green, and blue CFA arrangements, resulting in three images containing

opponent chromatic channels. Demultiplexed chrominance is then interpolated using simple bilinear filters,

such as of Equation 1.21. The principle of demosaicking by frequency selection is shown in Figure 1.8.

The results of this method depend on the linear space-invariant filter, which needs to accurately estimate

the luminance information. As shown in Figure 1.4, the luminance is a wide-band signal that needs to be

estimated in frequencies close to the Nyquist frequency while avoiding frequencies containing chrominance.

The filter design thus depends on the spatial and color characteristics of the camera. A generic filter was

proposed in Alleyssonet al. [16] for general purposes.

In terms of reconstruction quality, using an invariant filter is not the best solution because the structure

of the CFA favors some positions, such as the green pixels in the Bayer CFA. This will be discussed in the

next section.
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1.3.3 Wiener estimation

The method allowing for a direct estimation of a space variant filter was originally proposed by Trussell and

Taubman [23, 24]. The idea is to express demosaicking as an inverse problem. Given the data acquired by

the sensor, is it possible to reconstruct the original scene? The problem could then be solved with a Wiener

approach, which supposes that the original data can be retrieved from a linear combination of the acquired

data. The calculation of the linear parameters can be performed with a linear minimum mean square error

between acquired data and original data.

Trussell [23] formalized Wiener demosaicking by considering that the original data is the multispectral

content of the scene. He also takes into account the optics of the camera. Taubman [24] proposes a practical

method to solve the system by taking into account that the process of acquisition is space invariant.

In this section we discuss the principles of Wiener demosaicking by simplifying the model, considering

only the transformation of the RGB image to a mosaic, as previously described in Chaixet al.[25]. We show

how we can use an image database to constrain the solution. Also, we describe a luminance-chrominance

approach to Wiener demosaicking. Finally, we use this method to compare the performances of different

CFA’s.

Direct RGB estimation

The principle of the formalism of Wiener demosaicking is the use of stacked notation that unfolds the color

image of sizeH ×W × 3 into a column vector of sizeHW3 × 1, whereH,W and3 are respectively the

height, the width, and the number of color channels of the image. This allows expressing the model of image

formation as a matrix multiplication between the original image and the CFA sampling matrix. Taubman

[24] introduced in his paper the concept of “superpixel.” A superpixel is a group of pixels that matches the

basic pattern of the CFA. In the Bayer CFA, the basic pattern is composed of four pixels arranged on a2× 2

square: one red, two green, and one blue. At the scale of the superpixel, the mosaic is regular, a tiling of

superpixels. With the assumption that the acquisition process is invariant over the image, which is widely

used, it allows the design of space-invariant filters at that scale, i.e. of block shift-invariant filters [26] at the

scale of a pixel. Thus, the stacked notation should be expressed at the scale of a superpixel, as shown in

Figure 1.9 and the following Equation 1.27.

X = PrY (1.27)

with Pr being a projection operator that represents the sampling process, converting four pixels of the image

with three colors per pixelsY to four single-color pixels of the CFA imageX.

The goal of linear demosaicking is to find a matrixD that will recover the color imagẽY from the CFA
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Figure 1.9: Illustration that a CFA imageX is constructed from a matrix multiplication betweenPr and the

color imageY if they are represented as column-stacked superpixels.

imageX:

Ỹ = DX (1.28)

minimizing the mean square errore with the original color imageY:

e = E[‖Y − Ỹ‖2] (1.29)

The classical solution to this equation is the Wiener solution given by:

D = (E[YXT ])(E[(XXT )])−1 (1.30)

We can compute matrixD following Equation (1.30) over a database of full resolution color images. The

use of a database means that we explicitly knowY and that we simulate the CFA imageX with Equation

(1.27). The computation requires solely the inversion of a matrix of size4n2 × 4n2 (n being the size of

the neighborhood in superpixels). The details of the method are described in Chaixet al. [25]. A similar

approach was recently used in [27] by defining spatio-chromatic covariance matrices for the four elements

of the superpixel.

Estimation through luminance and chrominance

Instead of directly estimating the color image from the CFA, as described in the previous section, we can in

a first step estimate the luminanceΦ̃ from the CFA:

Φ̃ = HΦX (1.31)

whereHΦ is the luminance filter. Once the luminance is estimated, we recover the modulated chrominance

as the difference between the CFA image and the luminanceΨ̃ = (X− Φ̃). As suggested, we demultiplex
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Figure 1.10: Amplitude spectra of the luminance filter for each position (1, 2, 3 and 4) in the superpixel. At

position 2 and 3 (G pixels), luminance can be retrieved with a maximal horizontal and vertical acuity.

the chrominance by multiplying it withPrT before interpolating it to obtain the full chrominanceΨ̃c:

Ψ̃c = HΨPrT Ψ̃ (1.32)

whereHΨ is the matrix containing the three chrominance interpolating filters. Finally, the reconstructed

color imageỸ is the sum of both parts:

Ỹ = Φ̃c + Ψ̃c (1.33)

whereΦ̃c =
[

1 1 1
]T

⊗ Φ̃.

We thus have to train two filters over the image database:

• the luminance estimator, calculated from the CFA imageX (which is simulated from the database by

setting the appropriate chromatic values to zero) and the luminanceΦ (which is also computed from

the database):

HΦ = (E[ΦXT ])(E[(XXT )])−1 (1.34)

• and the chrominance interpolator, calculated from the chrominanceΨc and the subsampled chromi-

nanceΨ (both computed from the database):

HΨ = (E[Ψc(PrTΨ)T ])(E[(PrTΨ)(PrTΨ)T )])−1 (1.35)

with Φ = PY, Ψc = McY andΨ = X −Φ. The great advantage of using such a decomposition is that

the chrominance has narrow bandwidths with respect to the Nyquist frequency of each demultiplexed plane.

It requires thus only small order filters for interpolation. However, the luminance estimator needs to have

high gradients at the frequencies located on the border between luminance and modulated chrominance.

It requires thus a high order filter for estimation (typically7 × 7 or 9 × 9), but at least this estimation is

performed only once. This property makes the algorithm computationally much more efficient than the

direct RGB estimation.

Performance comparison of different CFAs

The Wiener approach combined with the estimation of the filters taken from a database can be used to com-

pare different CFA performances. The procedure is automatic and since we consider the same neighborhood
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R G B Average

Bayer 38.53 (±2.67) 41.22 (±2.47) 37.25 (±2.59) 39.00 (±2.58)

Vertical stripes 34.50 (±2.81) 34.61 (±2.82) 34.50 (±2.69) 34.54 (±2.77)

Horizontal stripes 32.95 (±2.46) 33.09 (±2.48) 33.16 (±2.26) 33.07 (±2.40)

Diagonal stripes 38.17 (±2.48) 38.84 (±2.42) 38.20 (±2.59) 38.40 (±2.50)

Lukac 38.69 (±2.45) 41.24 (±2.37) 38.25 (±2.51) 39.39 (±2.44)

Lukac (90o rotated) 38.50 (±2.42) 40.96 (±2.34) 38.07 (±2.53) 39.18 (±2.43)

Pseudo-random 38.90 (±2.50) 40.12 (±2.41) 39.44 (±2.67) 39.49 (±2.53)

Pseudo-random (90o rotated) 38.87 (±2.49) 40.16 (±2.40) 39.51 (±2.64) 39.51 (±2.51)

Table 1.1: Average PSNR values (dB) and standard deviations between the original and the reconstructed

images of the 24 Kodak images and for each CFA configuration of Figure (1.4).

size, the only difference is the capability of the CFA to represent spatial and chromatic information. The

advantage of using a linear method for reconstruction is that it does not favor a particular matching between

the CFA and a particular non-linear method. We used the leave-one-out method, so that the a tested image

was not included in the training set. We chose the Kodak image database, which is widely used in the

demosaicking community.

We performed the comparison on the CFAs shown in Figure 1.4. The basic pattern of the random

CFA is of size 6x6 pixels, with the same proportions of R, G and B pixels. This pattern was generated

randomly and then manually readjusted in order to avoid any cluster of the same color filter. The results

of the demosaicking process are given in Table 1.1 in terms of objective quality (the PSNR values) and in

Figures 1.11, 1.12 and 1.13 for visual quality on the CZP image, the lighthouse image, and the Bahamas

image.

Using PSNR as a quality criterion, we see that not all the CFAs give the same performance. As could

be expected, the Bayer CFA gives better results than the diagonal stripes and the horizontal or vertical

stripes. However, Lukac’s CFA and the pseudo-random pattern give superior results than the widely used

Bayer CFA. Two major properties intervene in the quality of a CFA: the frequencies of the chrominance

and their orientations. Chrominance actually should be located the farthest from the center of the frequency

spectrum to reduce the spectral overlap between luminance and modulated chrominances, while the vertical

and horizontal directions are the most sensitive orientations for natural images [17].

The Fourier spectrum illustrates the frequencies of chrominance and thus the potential amount of aliasing

for the Bayer, Lukac, and stripe CFAs. These are all periodic patterns. However, that does not hold for the

pseudo-random pattern. The Fourier spectrum actually shows information at every multiple of1
n - nxn being
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(a) Original (b) Vertical stripes (c) Diagonal stripes

(d) Bayer (e) Lukac (f) Pseudo-random

Figure 1.11: (a) CZP image; (b-f) demosaiced CZP image using differents CFA’s.

the size of the basic pattern -, and these frequencies are present at a global scale, but not at a local scale. In

order to know precisely which frequencies effectively alias, one should rather look at the demosaiced CZP

images. This achromatic image is made of an isotropic sine function whose frequency is linearly modulated

with the spatial position. Consequently, we can visually see the “local” frequencies and know which one

cause spectral overlapping, as they will appear as false colors.

Considering the frequency positions of the chrominance, the stripe CFAs are the worst, since they mod-

ulate at13 of the Nyquist frequency. Bayer and Lukac CFAs modulate at half of the Nyquist criterion. They

are thus optimal concerning the frequency criteria. However, it is noteworthy that Lukac’s CFA totally pre-

serves the0o orientation (or90o, following the orientation of the pattern), whereas the Bayer CFA modulates

in both directions. In [17], the authors show that false colors arise mainly from these directions with the

Bayer CFA. Lukac’s CFA is thus superior considering this second criterion, and it gains therefore 1dB in

PSNR values for the B color plane. The peudo-random pattern preserves both the0o and90o directions.

Not all of the chrominance carriers are at half the Nyquist frequency, but those which are not have less

energy. Hence, the pseudo-random CFA gives visually pleasant images, it satisfies both the frequency and
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(a) Original (b) Vertical stripes

(c) Diagonal stripes (d) Bayer

(e) Lukac (f) Pseudo-random

Figure 1.12: (a) Lighthouse image crops (b-f) demosaiced crops using differents CFA’s.

orientation criteria.

A dual artifact to false colors appears with these linear methods, the zipper noise, which is caused by

chrominance interpreted as luminance. Changing the CFA pattern does not supresses this artifact, but it

changes its shape (Figure 1.13). Hence, the zipper noise could be addressed by using an adaptive method,

exploiting the intra-plane correlation. Note that the stripe CFAs are extremely sensitive to zipper noise in

regions of highly saturated colors.
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(a) Original (b) Vertical stripes (c) Diagonal stripes

(d) Bayer (e) Lukac (f) Pseudo-random

Figure 1.13: (a) Bahamas image; (b-f) demosaiced Bahamas image using differents CFA’s.

LMMSE [34] [17]

R 38.53 (±2.67) 38.78 (±2.59) 38.81 (±2.50)

G 41.22 (±2.47) 42.12 (±2.79) 42.82 (±2.50)

B 37.25 (±2.59) 38.68 (±2.62) 38.62 (±2.69)

Table 1.2: PSNR values for several methods on the Bayer CFA.

1.4 Non-linear and adaptive methods

Many demosaicking methods are not linear, rather they exploit a non- linear, adaptive and/or iterative

process. It is impossible to describe all these methods in this chapter, and the reader is referred to the

following review paper [28].

The first non-linear method proposed was based on pattern analysis [29]. The method first defines

features like contours, corners, and bands based on the neighborhood of the pixel. Following these features,

the interpolation differs to avoid the interpolation across a contour, a corner, or a band. Inspired by this,

many methods were later published that use an estimate of the image gradient to detect contours. The

interpolation is then performed along the contours rather than across them [30, 31, 32, 33]. We do not

review all of these methods in this section, but rather focus on two non-linear methods that use the spectral

representation of the CFA image [34, 17] and give excellent objective results (Table 1.2).
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1.4.1 “Accurate luminance” method

The zipper noise discussed in the previous section arises from the crosstalk of chrominance on luminance,

i.e. when high frequencies of chrominance are interpreted as luminance. In Lianet al. [34], a weighted

interpolation of the chrominance is performed, which takes the edges into account. This allows retrieving

a sharp chrominance signal along the edges. Consequently, the chrominance recovers frequencies that go

beyond the spectral boundary between luminance and chrominance, and hence the zipper noise is reduced.

For instance, at a R pixel with coordinates (x,y):

ψR(x, y) =
∑

(i,j)∈D

wijψ̃R(x− i, y − j) (1.36)

whereD = {(−1, 0)(0, 1)(1, 0)(0,−1)} are the four closest neighbors, and whereΨ̃R is a rough estimate

of ψR based on a linear interpolation of R and a frequency selection of luminance. The weightswij depend

on the gradient of the luminance and of the color channel R. The obtainedψR values are used to update the

chrominance estimate at G pixels. Then another iteration of gradient-based estimation is performed. Note

that this method resembles closely that of [35], in which the G color plane represents luminance. Here the

choice of luminance at G pixels is judicious becauseψG vanishes at G pixels and luminance is thus least

aliased. The method is able to correctly estimate luminance and chrominance within the luminance band.

It suppresses zipper noise but sometimes fails in the chrominance band when luminance overflows. It is

noteworthy that Lian’s method has a complexity close to that of [16] while having better visual quality and

higher PSNR values.

1.4.2 “Frequency domain” method

This adaptive method suppresses the false colors artefacts. False colors are due to crosstalk of luminance on

chrominance. The chrominance is then falsely estimated, because it contains some achromatic components.

In order to have a better estimate of chrominance, Dubois [17] exploits the redundancy of the chrominance

components in the Fourier plane. We can make an analogy to the “spread spectrum” method in signal

transmission, which consists in improving robustness by utilizing more frequencies than needed. In the case

of a color mosaic, the chrominance components are modulated at different frequencies. If a chrominance

frequency overlaps with a luminance frequency, it is possible that the same chrominance component - but

at a different spectral location - will not overlap with a luminance frequency. This allows estimating a

chrominance value without residual luminance, and thus potentially suppresses false colors. However, the

zipper noise is not reduced, since the chrominance is not interpolated taking edges into account.

The choice of the chrominance is driven by the amounts of energyEx andEy at the intersection between
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luminance and chrominance in horizontal and vertical directions:

ψ2(x, y) = wxψ
h
2 (x, y) + wyψ

v
2(x, y) (1.37)

with wx = EX
EX+EY

andwY = 1− wX .

The method correctly estimates the chrominance within the chrominance band, eliminating the residual

information of luminance. However, it fails at reducing the zipper noise.

1.5 Conclusion

In this chapter we reviewed the linear methods for reconstructing three color values (red, green, and blue)

from a mosaic of a single chromatic sample per spatial location. Using a model of chromatic sampling, we

show that the representation in luminance and chrominance components also holds for CFA images. The

subsampling does not affect the luminance component but rather the chrominance, which is modulated to

high frequencies.

The LMMSE method described in this chapter allows objective comparisons of the different CFA

arrangements published in the literature. It appears that the widely used Bayer CFA may not be the op-

timal one. Both the CFA proposed by Lukac and the pseudo-random pattern proposed here give better

results in terms of minimizing false colors. For the Bayer CFA, however, sophisticated methods need to be

applied in order to reduce these artefacts.

The best trade-off for the system{ CFA + demosaicking method} will perhaps be the alliance between

the best CFA that intrinsically reduces false color effects at data acquisition, and a cost-effective demosaick-

ing method that will control the zipper noise effect. Such solutions are proposed in [35] and [36], which

both present a general demosaicking algorithm.
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