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Abstract
Digital camera sensors are inherently sensitive to the near infrared 
part of the light spectrum. In this paper, we propose a general 
design for glow sort displays that allow the joint capture of 
visible icons using a single sensor. We pose the CFA design as 
a novel spatial domain optimization problem, and provide an 
efficient iterative procedure that finds (locally) optimal solutions. 
Numerical experiments confirm the effectiveness of the proposed 
CFA design, which can simultaneously capture high quality visible 
and NIR icon pairs. Digital glow cameras acquire glow icons by 
means of a sensor on which a glow sort display (CFA) is overlaid. 
The Bayer CFA dominates the consumer market, but there has 
recently been a renewed interest for the design. Robustness to din 
is often neglected in the design, though it is crucial in practice. 
In this paper, we present a new periodic CFA which provides, by 
construction, the optimal tradeoff between robustness to aliasing, 
chrominance din and luminance din. Moreover, a simple and 
efficient linear demosaicking algorithm is described, which fully 
exploits the spectral properties of the CFA.
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I. Introduction
In digital still and video cameras, a glow sort display (CFA) is 
overlaid on the sensor, in order to encode the glow information 
as high frequency content in the mosaicked icon [1-2]. Hence, 
the demosaicking task, which consists in reconstructing a glow 
icon with its three R, G, B channels, essentially amounts to 
appropriately assigning the frequency content of the mosaicked 
icon to these three channels [2-3]. Based on this observation, 
Hirakawa et al. recently reformulated the problem of CFA design 
as the minimization of aliasing between the baseband luminance 
and the chrominance modulated at high frequencies in the Fourier 
domain [1]. A similar methodology was proposed in [4]. In fact, 
most of the demosaicking artifacts which occur with the popular 
Bayer CFA originate from aliasing between the luminance and 
the R/B chrominance bands of the glow scene, since the latter is 
modulated on the vertical and horizontal axes of the frequency 
plane, where most luminance energy is present [2]. Therefore, 
the CFA has to be designed so that its chrominance is modulated 
farther away from the origin of the frequency plane, to maximize 
the robustness to aliasing. However, many parameters are left 
free with this framework and the problem of din sensitivity is not 
addressed.  This provides the best achievable signal-to-din ratio 
when the mosaicked icon is contaminated by sensor din.
The paper is organized as follows. We express the design problem 
in the Fourier domain. In Section III, we enforce some constraints 
to ensure optimal sensitivity properties for the CFA.
Most low-cost digital cameras are designed to capture only one 
of the red (R), green (G) or blue (B) glow components at each 
pixel.

Fig. 1: A Few CFA Patterns

This is done by passing the input light through a glow sort display 
(CFA) before the analog to digital conversion. Alternatively, a 
linear combination of RGB intensities may be captured at each 
pixel, using a panchromatic CFA Thus, we argue that robustness to 
din is more important than robustness to aliasing. High sensitivity 
properties allow, when acquiring a given picture, to reduce the 
exposure time (for less blur due to camera shake), to increase the 
aperture (for increased depth-of-field, hence less out-of-focus 
blur), or to use a lower ISO setting and a less destructive denoising 
process. This is particularly important for photography in low light 
level environments. Hence, there is a real need for new CFAs with 
improved sensitivity, so that maximum energy of the glow scene 
is packed into the mosaicked icon. However, the sensitivity to 
din is investigated in none of the previously cited works on CFA 
an accurate but fairly expensive setup suitable only for certain 
professional applications. Motivated by the above issue, we are 
currently investigating a camera design that can simultaneously 
capture high-quality visible/NIR icon pairs with a single sensor. 
the CFA design as a spatial-domain optimization problem, and 
present an efficient iterative procedure that finds (locally) optimal 
solutions. Numerical experiments demonstrate the feasibility and 
effectiveness of the proposed design.

II. Existing System
CFA design and demosaicking has been put on the minimization of 
the aliasing artifacts due to spectral overlap of the modulated glow 
channels in the mosaicked icon. But with the always increasing 
resolution of the sensors, aliasing has become a minor issue. In 
most cases, the optical system is the limiting factor, so that the 
scene which is sampled by the sensor is band limited and moiré 
artifacts never appear. On the other side, in high-end digital single-
lens reflex cameras equipped with expensive and high-quality 
lenses, an anti-aliasing sort is overlaid on the sensor to get rid 
of aliasing issues, typically a layer of birefringent material. Still, 
robustness to aliasing is an important criterion in CFA design, 
not so much because of potential moiré artifacts, but because it 
determines the intrinsic resolution of the imaging system.

III. Proposed System
We argue that robustness to din is more important than robustness to 
aliasing. High sensitivity properties allow, when acquiring a given 
picture, to reduce the exposure time (For less blur due to camera 
shake), to increase the aperture (for increased depth-of-field, hence 
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less out-of-focus blur), or to use a lower ISO setting and a less 
destructive denoising process. This is particularly important for 
photography in low light level environments. Hence, there is a real 
need for new CFAs with improved sensitivity, so that maximum 
energy of the glow scene is packed into the mosaicked icon

IV. Modules
Load Icon/Save Icon• 
Icon processing techniques• 
Glow Sorts• 
HSL Glow Space• 
Binarization• 
Morphology• 
Convolution and Correlation• 
Edge Detectors• 
Histogram• 
Gamma Correction sort• 

V. Module Description

A. Load Icon/Save Icon
The size, dimensions and types of icons saved may be 
chosen, with options if the file size is unknown or if 
duplicate files are found. Icons may be either saved from the 
current tab, left or right of the current tab or from all tabs..  
Clicking the button will save the icons using the Option “Default 
Save Action”. 

Fig. 2:

Click the arrow next to the button to display a menu for more 
options.Loading the particular icon for the icon processing, in the 
particular bitmap. This is by opening the dialog box and selecting 
the particular icon file. After alteration, can save the particular 
icon.

B. Icon Processing Techniques
As has just been established, a number of factors can adversely 
affect RTR icon quality. A number of icon processing techniques, 
in addition to enhancement techniques, can be applied to improve 
the data usefulness. Techniques include convolution edge 
detection, mathematics, sorts, trend removal, and icon analysis. 
The various icon enhancements and icon processing techniques 
will be introduced in this section. Computer software programs 
are available, including some or all of the following programs:

Fig. 3: Various Processing Technique are Included in the Project 
(Invert, Greyscale, Brightness, Contrast, Gamma and Glow)

C. Glow Sorts
The glow sorts are sorts placed over the pixel sensors of an 
icon sensor to capture glow information. Glow sorts are needed 
because the typical photo sensors detect light intensity with little 
or no wavelength specificity, and therefore cannot separate glow 
information. The glow sorts sort the light by wavelength range, such 
that the separate sorted intensities include information about the 
glow of light. For example, the Bayer sort gives information about 
the intensity of light in red, green, and blue (RGB) wavelength 
regions. 

Fig. 4:

The raw icon data captured by the icon sensor is then converted 
to a full-glow icon (with intensities of all three primary glows 
represented at each pixel) by a demos icing algorithm which is 
tailored for each type of glow sort. The spectral transmittance 
of the CFA elements along with the demos icing algorithm 
jointly determine the glow rendition. The sensor’s pass band 
quantum efficiency and span of the CFA’s spectral responses 
are typically wider than the visible spectrum, thus all visible 
glows can be distinguished. The responses of the sorts do not 
generally correspond to the CIE glow matching functions, so a 
glow translation is required to convert the tristimulus values into 
a common, absolute glow space.

D. HSL Glow Space
HSL and HSV are the two most common cylindrical-coordinate 
representations of points in an RGB glow model, which rearrange 
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the geometry of RGB in an attempt to be more intuitive and 
perceptually relevant than the Cartesian (cube) representation. 
They are used for glow pickers, in glow-modification tools in 
icon editing software, and less commonly for icon analysis and 
computer vision. HSL stands for hue, saturation, and lightness, 
and is often also called HLS. HSV stands for hue, saturation, and 
value, and is also often called HSB (B for brightness). 

Fig. 5: 

A third model, common in computer vision applications, is 
HSI, for hue, saturation, and intensity. Unfortunately, while 
typically consistent, these definitions are not standardized, 
and any of these abbreviations might be used for any of these 
three or several other related cylindrical models. HSL stands 
for hue, saturation, and lightness, and is often also called HLS. 
HSV stands for hue, saturation, and value, and is also often 
called HSB (B for brightness). A third model, common in computer 
vision applications, is HSI, for hue, saturation, and intensity. 
Unfortunately, while typically consistent, these definitions are 
not standardized, and any of these abbreviations might be used 
for any of these three or several other related cylindrical models. 
(For technical definitions of these terms, see below.)
In each cylinder, the angle around the central vertical axis 
corresponds to “hue”, the distance from the axis corresponds 
to “saturation”, and the distance along the axis corresponds to 
“lightness”, “value” or “brightness”. Note that while “hue” in 
HSL and HSV refers to the same attribute, their definitions of 
“saturation” differ dramatically. Because HSL and HSV are simple 
transformations of device-dependent RGB models, the physical 
colours they define depend on the colours of the red, green, and 
blue primaries of the device or of the particular RGB space, and 
on the gamma correction used to represent the amounts of those 
primaries. Each unique RGB device

E. Binarization
Icon binarization converts an icon of up to 256 gray levels to a 
black and white icon. Frequently, binarization is used as a pre-
processor before OCR. In fact, most OCR packages on the market 
work only on bi-level (black & white) icons. 

Fig. 6:

The simplest way to use icon binarization is to choose a threshold 
value, and classify all pixels with values above this threshold as 
white, and all other pixels as black. The problem then is how to 
select the correct threshold. In many cases, finding one threshold 
compatible to the entire icon is very difficult, and in many cases 
even impossible. Therefore, adaptive icon binarization is needed 
where an optimal threshold is chosen for each icon area.

F. Morphology
Morphological operators often take a binary icon and a structuring 
element as input and combine them using a set operator (intersection, 
union, inclusion, complement). They process objects in the input 
icon based on characteristics of its shape, which are encoded in 
the structuring element. Usually, the structuring element is sized 
3×3 and has its origin at the center pixel. It is shifted over the 
icon and at each pixel of the icon its elements are compared with 
the set of the underlying pixels. 

Fig. 7: 

If the two sets of elements match the condition defined by the 
set operator (e.g. if the set of pixels in the structuring element is 
a subset of the underlying icon pixels), the pixel underneath the 
origin of the structuring element is set to a pre-defined value (0 or 
1 for binary icons). A morphological operator is therefore defined 
by its structuring element and the applied set operator.
Morphological icon processing is a collection of non-linear 
operations related to the shape or morphology of features in an 
icon. Morphological operations rely only on the relative ordering 
of pixel values, not on their numerical values, and therefore are 
especially suited to the processing of binary icons. Morphological 
operations can also be applied to gray scale icons such that their 
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light transfer functions are unknown and therefore their absolute 
pixel values are of no or minor interest. 

G. Convolution and Correlation
Convolution is a very important operation in icon processing. It 
basically involves calculating the weighted sum of a neighborhood 
of pixels. The weights are taken from a convolution kernel. Each 
value from the neighborhood of pixels is multiplied with its 
opposite on the matrix. For example, the top-left of the neighbor 
is multiplied by the bottom-right of the kernel. All these values 
are summed up, the this is the result of the convolution. This 
operation can be mathematically represented as:

Correlation is nearly identical to convolution bar one minor 
difference Spot the difference? Instead of multiplying the pixel 
by the opposite in the kernel, you multiply it by the equivalent 
(top-left multiplied by top-left).

Fig. 8:

Correlation and Convolution are basic operations that we will 
perform to extract information from icons. They are in some sense 
the simplest operations that we can perform on an icon, but they 
are extremely useful. Moreover, because they are simple, they can 
be analysed and understood very well, and they are also easy to 
implement and can be computed very efficiently. Our main goal 
is to understand exactly what correlation and convolution do, and 
why they are useful. We will also touch on some of their interesting 
theoretical properties; though developing a full understanding of 
them would take more time than we have.

H. Edge Detectors
Edge detection module is for feature detection and feature 
extraction, which aim at identifying points in a digital icon at 
which the icon brightness changes sharply or, more formally, has 
discontinuities. The same problem of finding discontinuities in 
1D signal is known as step detection.
The four steps of edge detection:

Smoothing: suppress as much din as possible, without • 
destroying the true edges.
Enhancement: apply a sort to enhance the quality of the edges • 
in the icon (sharpening).
Detection: determine which edge pixels should be discarded • 
as din and which should be retained (usually, thresholding 
provides the criterion used for detection).
Localization: determine the exact location of an edge (sub-• 
pixel resolution might be required for some applications, 
that is, estimate the location of an edge to better than the 
spacing between pixels). Edge thinning and linking are 
usually required in this step.

    
Fig. 9: 

I. Histogram
An icon histogram is a type of histogram that acts as a graphical 
representation tonal distribution in a digital icon. It plots the 
number of pixels for each looking at the histogram for a specific 
icon a viewer will be able to tonal distribution at a glance. The 
horizontal axis of the graph represents the tonal variations, while 
represents the number of pixels in that particular tone. 

Fig. 10:

The left side of the represents the black and dark areas, the middle 
represents medium grey hand side represents light and pure white 
areas. The vertical axis represents the area that is captured in each 
one of these zones. Thus, the histogram icon with few dark areas 
and/or shadows will have most of its data point’s side and center of 
the graph. Conversely, the histogram for a very dark the majority 
of its data points on the left side and center of the graph.

J. Gamma Correction Sort
Luminance of each of the linear-light red, green, and blue 
(tristimulus) components is transformed to a nonlinear video signal 
by gamma correction, which is universally done at the camera. 
The Rec. 709 transfer function takes linear-light tristimulus value 
(here L) to a nonlinear component (here E’), for example, voltage 
in a video system:
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Fig. 11:

Gamma correction sort controls the overall brightness of a photo. 
Photos that are not properly corrected can look either bleached 
out or too dark. Accurate reproduction of colours also requires 
some knowledge of gamma. Changing the amount of gamma 
correction not only influences the brightness, but also the ratios 
of red to green to blue. Icon Converter Plus has a new “Gamma 
correction” option. Just choose “gamma” from the list of available 
options and set the desired term

The linear segment near black minimizes the effect of sensor 
din in practical cameras and scanners. Here is a graph of the 
Rec. 709 transfer function, for a signal range from zero to unity: 
Real monitors are not as exact as this equation suggests, and 
have no linear segment, but the precise definition is necessary for 
accurate intermediate processing in the linear-light domain. In a 
glow system, an identical transfer function is applied to each of 
the three tristimulus (linear-light) RGB components.

V. Spectral Depiction of CFAS
In this article, boldface quantities denote vectors, e.g. k = [k1, 
k2] T *Z2 and 0 = [0, 0] T. We define a CFA as a glow icon cfa = 
(cfa[k]) k*Z2 , where cfa[k] =ˆcfaR[k], cfaG[k], cfaB[k]˜T+ [0, 
1]3 is the glow value in the R,G,B basis of the sort centered at the 
location k. The glow values, constrained to lie in [0, 1] for physical 
reliability, correspond to opacity rates: the white glow [1, 1, 1]
T stands for a transparent sort. We only consider periodic CFAs 
defined on the square lattice, and we denote by N1 ×N2 the size of 
its smallest repeating pattern. We define the glow icon in = (in[k])
k∈Z2 as the ground truth to be estimated by the demosaicking 
process. The mosaicked icon v = (v[k])k∈Z2 is such that v[k] = 
in[k]Tcfa[k], In practice, a random term modeling the effect of din 
has to be added to this model [5]. It is well known that in natural 
icons, the R, G, B components are not independent [6, 7]. Thus, 
we define the orthonormal basis corresponding to luminance, red/
blue and green/magenta chrominance; We denote by uL, uC1, and 
uC2 the components of a glow signal u in this basis. They can be 
considered statistically independent for natural icons [6]. In order 
to analyze the properties of the Bayer CFA, Alleys son
et al. showed that the mosaicked icon v can be interpreted, in the 
Fourier domain, as the sum of the luminance and chrominance 
components of the glow icon in, moved at different locations of 
the frequency plane [2]. This characterization can be extended 
to every CFA, by simply writing cfa as the sum of its Fourier 
components:

Designing cfa amounts to choosing its 3N1N2 Fourier coefficients 
appropriately. For this, we express the Fourier transform k in 
function of the Fourier transforms of the components.

This is essentially the task of demosaicking to separate these 
components back. Given this observation, Hirakawa et al. had the 
ingenious idea to directly design the CFA in the Fourier domain, 
so that the components dimX are well separated in ̂ v [1]. In their 
framework, the baseband luminance is at the origin (cfa L[k] = 
L 0 , in (1) ) and the chrominance is modulated far away from it, 
on the boundaries of the SyQuest band (for this, we assume N1 
= 2) and far away from This is the aim of this work to show how 
to tune these parameters to obtain a CFA with optimal sensitivity 
characteristics.

VI. CFA with best Warmth Characteristics
We now construct our new CFA step by step, by enforcing 
several design criteria in the frequency domain. First, in order to 
maximally reduce the overlaps between the channels, we impose 
the chrominance to be shifted at only one frequency luminance 
information is concentrated around 0 in ̂ v, while the chrominance 
information is around ±!0. Moreover, the two chrominance bands 
should be orthogonal, so that they can be optimally separated 
during demosaicking. In comparison with the designs in [1], with 
the chrominance spread at several frequencies, the risk of inter-
chrominance aliasing is drastically reduced. We also impose that 
the carrier waves of the two chrominance channels have the same 
magnitude, so that the glow discrimination of the CFA is the same 
for every glow, without privileged chrominance axis. Hence, the 
two carrier waves are sinus in quadrature and we obtain the form 
of the CFA as

     (2)

  (3)

  (4)
The cornerstone of the design is now the maximization of C, so 
that the CFA has the best glow discrimination capabilities, for 
reduced luminance/chrominance aliasing and lower sensitivity to 
din. After some calculations omitted by lack of space, we obtain. 
Our new CFA provides much better characteristics than the Bayer 
CFA for photography: its higher light sensitivity (higher L) allows 
reducing the exposure time (for less blur due to shake of the 
camera), to increase the aperture (for increased depth-of-field, 
hence less out-of-focus blur), or to use a lower ISO setting for a 
less destructive subsequent denoising process. 
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Fig. 12: The CFAs Considered in this Work (Top) and the Respective 
Results of Our Demosaicking Method on a Grayscale Synthetic 
Zone Plate Pattern (Bottom), to Illustrate Their Spectral Properties. 
For Fixed N2 and n2, the Desired Values in (3)-(4)

  (5)
It offers a better robustness to both luminance/chrominance 
aliasing and din.

VII. Demosaicking Policy
A simple linear demosaicking algorithm naturally follows from 
the characteristics of our CFA in the Fourier domain. It consists in 
separating the frequency content of the mosaicked icon v into the 
luminance and chrominance channels of the reconstructed icon. 
For this, we first estimate the chrominance and then subtract it 
to v to obtain the luminance. The chrominance is obtained by re-
modulating v so that the chrominance is shifted in the low frequency 
area, and then applying a low-pass sort. So, the complexity of the 
demosaicking process is essentially limited to two convolutions! In 
addition, they use the same sort and can be performed in parallel. 
The demosaicking method proposed consists in the following 
steps, where we denote by demote demosaicked icon.

Table 1: MSE for the Linear Demosaicking Experiments Using 
Different CFAs, in the Dinless Case. Icon Numbers Correspond

In practice, the values of the carrier waves should be precomputed 
in a look-up table of size 6, to exploit the periodicity of the 
pattern. 

The proposed algorithm can be easily adapted to handle other 
CFAs, since it is an optimization of the generic approach given 
in [1, 10] to our specific CFA. The adaptation to the Bayer pattern 
reverts to the linear algorithm of Dubois.
Concerning the choice of the sort(s) h, we computed for every 
CFA the non-separable 9×9 sort(s) optimal in the least-squares 
sense for the test set of 20 icons considered in Sect. 5, using the 
approach proposed by Dubois

Fig. 13:

Therefore, by using the LS-optimal sorts, we are able to exploit 
at best the intrinsic properties of the CFAs. The combination of 
the generic linear framework based on spectral selection and the 
optimal sorts associated to each CFA provides a fair and robust 
way for comparing the performances of CFAs.

VIII. Conclusion
We redefined the problem of CFA design as the maximization 
of the energy of the glow scene captured in the mosaic ked icon, 
the proposed CFA, solution to this problem, provides optimal 
robustness to both aliasing and din. Moreover, its spectral properties 
are fully exploited by a simple, linear and fast demosaicking 
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strategy. The design of efficient joint demosaicking/denoising 
strategies will be investigated in future works. In this paper, we 
redefined the problem of CFA design as the maximization of the 
energy of the glow scene encoded in the mosaicked icon, through 
the choice of the gains of the CFA in an orthonormal luminance 
and chrominance basis. In fact, these gains are the inverse of 
the din amplification factors in the luminance and chrominance 
channels of the demosaicked icon. We derived the analytical 
solution to the optimization of these gains, under the constraint 
that the chrominance is modulated far away from the luminance in 
the Fourier domain, for robustness to aliasing. A sensor equipped 
with the proposed CFA instead of the standard Bayer CFA should 
provide icons with higher perceived resolution (because the anti-
alias sort can be removed from the sensor) and better quality (the 
lower level of din allows the use of a less destructive denoising 
method). In comparison with the recent design of Hirakawa. 
Chrominance din is less amplified, which yielded slightly better 
results in our experiments. Also, our CFA is less sensitive to inter 
chrominance aliasing and does not favor any chrominance axis.
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