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Color Fourier single-pixel imaging (FSI) enables efficient spectral and spatial imaging. Here, we propose a Fourier
single-pixel imaging scheme with a random color filter array (FSI-RCFA). The proposed method employs a random color
filter array (RCFA) to modulate Fourier patterns. A three-step phase-shifting technique reconstructs the Fourier spectrum,
followed by an RCFA-based demosaicing algorithm to recover color images. Compared to traditional color FSI based
on Bayer color filter array schemes (FSI-BCFA), our approach achieves superior separation between chrominance and
luminance components in the frequency domain. Simulation results demonstrate that the FSI-RCFA method achieves a
lower mean squared error (MSE), a higher peak signal-to-noise ratio (PSNR), and superior noise resistance compared to
FSI-BCFA, while enabling direct single-channel pixel measurements for targeted applications such as agricultural defect

detection.
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1. Introduction

=41 as an emerging

Single-pixel imaging technique,!
imaging method, has received extensive attention and research
in recent years. It can be traced back to Paul Nipkow,! who
proposed a ‘flying spot’ camera that achieved spatial point
sampling through mechanical scanning, laying the physical
foundation for single-pixel imaging. In 1995, Pittman et al.!%!
experimentally demonstrated ghost imaging for the first time
using entangled photon pairs, reconstructing object images
In 2002,

Bennink ez al.!”l showed the feasibility of ghost imaging with-

based on the correlation properties of biphotons.

out quantum entanglement by employing a classical thermal
light source and random speckle modulation. Their method
achieved image reconstruction based on statistical correlations
in the intensity fluctuations of the light field. In 2009, Katz et
al.'® incorporated compressed sensing into single-pixel imag-
ing, enabling undersampled reconstruction by exploiting spar-
sity. In the early 2010s, breakthroughs were made in orthog-
onal basis imaging, primarily using Hadamard!®! and Fourier
bases.['%1 Tn 2015, Zhang et al.!''! proposed Fourier single-
pixel imaging (FPSI), which involves the modulation of the
illumination or detection light field using Fourier patterns, fol-
lowed by intensity measurement and image reconstruction via
inverse Fourier transform. In addition, FPSI can also be ap-
plied to various fields, such as moiré encryption!'?! and infor-
mation transmission.[!'3] Compared with traditional imaging
techniques, single-pixel imaging can not only realize high-
quality and high-efficiency imaging,['4-1 but also meet the
challenges of imaging in non-visible light bands, which fur-
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ther expands the range of applications of imaging techniques.

Color images not only contain spatial information about
objects but also rich spectral information; therefore, it is
of great significance to develop color imaging in the visi-
ble band. For color single-pixel imaging, two approaches
have been proposed: on the one hand, time-sharing imag-
ing and filter switching based on the principle of time-

[17-21

division multiplexing; 1 on the other hand, a split-optical-

path structure with parallel detection, corresponding to space-

.[22241 In addition, some studies have

division multiplexin
proposed color Fourier single-pixel imaging based on the prin-
ciple of two-dimensional discrete Fourier transform (DFT) for
color imaging based on methods such as frequency division
multiplexing>-2%! and compression-aware optimization. [+->]
Moreover, in 2018, Zhang et al.*°! multiplied a Bayer color
filter array (BCFA)P3!! with Fourier patterns to obtain color
patterns and interacted with the object, which enabled color
image reconstruction at a much lower hardware cost.

In color image processing, image information is com-
monly decomposed into luminance and chrominance com-
ponents. Luminance represents the brightness characteris-
tics of the scene, while chrominance describes color differ-
ences. However, periodic color filter arrays (CFAs), such as
the BCFA, can lead to artifacts and interference!'! due to the
overlap of chrominance components with luminance compo-
nents in the frequency domain. To address this issue, Lau-
rent Condat3?! proposed the random color filter array (RCFA),
which is nonperiodic. It makes the colors of adjacent pix-

els different and concentrates chrominance energy in high-
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frequency regions. This conversion of aliasing into incoher-
ent noise significantly reduces visually perceptible structural
artifacts.

In this paper, we propose a Fourier single-pixel imaging
scheme with a random color filter array (FSI-RCFA). Initially,
we introduce the design method of the color Fourier pattern,
which emerges through the modulation of the Fourier pattern
by the RCFA. The RCFA is generated utilizing the RCFA gen-
eration algorithm. Subsequently, we employ Fourier single-
pixel imaging with RCFA to accomplish the reconstruction of
grayscale images. Finally, we propose the RCFA-based demo-
saicing algorithm to produce color images. !

Our proposed scheme has several advantages: first, it

Reconstruction

<

I

I

1
Spectrum !

|
QEF* (spectrunt)

: Single-pixel
> detector

Mosaic image

Demosaicing

Color image

demonstrates high imaging quality, with smaller mean squared
error (MSE) and higher peak signal-to-noise ratio (PSNR)
metrics. Compared to single-pixel imaging schemes based
on BCFA, our scheme significantly enhances imaging quality,
particularly in terms of higher fidelity in image detail restora-
tion. Second, our system exhibits superior noise resistance,
effectively mitigating both internal and external noise. Third,
our scheme is better suited to meet the requirements of specific
scenarios, such as obtaining accurate single-channel pixel val-

ues at specific locations within the image.

2. FSI-RCFA
The FSI-RCFA is shown in Fig. 1.

T hift

_

7

M(z,y) Py(z,y; for fy) L(z,y)

Fig. 1. Schematic diagram of color Fourier single pixel imaging based on an RCFA.

First, we present the design of the color Fourier pattern
used for illumination. The RCFA modulates the Fourier pat-
tern to generate the color Fourier pattern

L¢(x,y;fx,fy)=M(x,y) XP(I)(xay;fxafy)v (D

where M (x,y) refers to the RCFA, and Py (x,y; fx, fy) refers to
a Fourier pattern with a two-dimensional sinusoidal structure,
which can be written as

Py (x,y; fe, fy) =a+bcos 2rfix+2nfix+¢), )

where a is the average intensity, b is the contrast, f; and f,
are the spatial frequencies corresponding to the x and y direc-
tions, respectively, and ¢ is the initial phase (¢ =0, 27r/3, and
47 /3).

We now use the RCFA generation algorithm to form
M(x,y). It is possible to generate an RCFA of any size us-
ing this algorithm, but here we only describe the generation of
the 6 x 6 array shown in Fig. 2. The RCFA is generated by the
following three steps.

Step 1 Generate the first row. We store the six arrange-
ment cases of red, green, and blue (RGB) colors in the matrix
A,

RGB
RBG
GRB
GBR

BRG
BGR

b
|

3

where A is a matrix of size 6 x 3. Here, R stands for red, G
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stands for green, and B stands for blue. To correctly generate
the RCFA, we also need the adjacency rules, which we store
in the matrix B,

“)

BADO W= =D
DN W

where B is a matrix of size 6 x 2. Each element in the matrix
B N
>

Step 2: generate the first column

Step 1: generate the first row

i

/
|
|Select from matrix B and
|
|
|
|

B represents the row number of matrix A. When filling the
first row, the first three elements of the first row are obtained
by randomly selecting any row of A. The other elements of
the first row are obtained by selecting from A and B. More
specifically, we randomly select a row from matrix A as the
first three elements of the RCFA’s first row and record the se-
lected row number of matrix A. We then choose an element
from the same row number in matrix B to serve as the next
three elements of RCFA’s first row. Repeat this process for
subsequent elements accordingly.

tep 3: fill in the rest

TFill using two modes

Lett and top s1des are dlfferem
the same as the top left corner

“REERER

Left and top sides are the same,
different from the top-left corner

Fig. 2. RCFA generation algorithm.

Step 2 Generate the first column. The filling method for
the first column is the same as that for the first row. However,
it is important to note that the first element in the first column
must be the same as the first element in the first row.

Step 3 Fill in the rest. Follow the generation direction of
Fig. 2. Based on whether the colors on the left and top sides
of the filling position are the same, choose between two filling
modes. If different, select mode 1; if the same, select mode 2.
Continue this process until the entire RCFA is filled.

Now, let us take Fig. 2 as an example to explain the al-
gorithm in detail. First, perform Step 1. Select the first row
of matrix A (denoted by A(l,:)) to form the first three el-
ements of the RCFA. Since A(1
quent choice can only be made between B(1,1) and B(1,2).

,:) was selected, the subse-

In Fig. 2, B(1,1) is chosen to form the next three elements.
Next, proceed to Step 2. Since M(1,1) is R, for the first three
elements in the first column, we can only choose either A(1,:)
or A(2,:). InFig. 2, A(2,:) is selected. The subsequent choice
can only be made between B(2, 1) and B(2,2), and then B(2,2)
is chosen for the next three. Finally, proceed to Step 3. First,
fill M(2,2). Since M(2,1) and M(1,2) have different colors,
mode 1 is selected, and it is filled with R. Then, fill M(2,3).
Since M(2,2) and M(1,3) have different colors, mode 1 is se-
lected again, and it is filled with G, continuing this process

until the entire RCFA is filled.

The color Fourier pattern is now projected onto the object
through a projector, and a single-pixel detector is used to col-
lect various types of light in the scene. The total light intensity
it collects can be expressed as

Ty (oo fy) (/l¢xyﬁ4wx0@mew+m, s)

where T represents the total light intensity when the Fourier
pattern phase shift is ¢, O(x,y) represents the object, and T,
represents the ambient light. We now use three-step phase
shifting to reconstruct the Fourier spectrum, which can be

written as

FLOw} = [2To(fisfy) = Ta (feo fy) = T (fis )]
+V3j [T (e ) =T (£ F)] . (©)

where F{-} denotes the Fourier transform and j represents the
imaginary unit. We then perform the Fourier inverse operation

to obtain the mosaic image, which can be expressed as
Oxy) = FH{ [2T0(f0 1) = Top (o ) = T (s )]
+ V3§ [T (o ) = Tx (o )]} )

where O(x,y) represents the reconstructed image and F~'{-}
represents the Fourier inverse operation.
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Finally, in order to obtain the color image, we propose
the RCFA-based demosaicing algorithm. Due to the structure
of the RCFA, each pixel contains only one type of spectral in-

formation, while the other two types of spectral information
need to be provided by a relevant algorithm. The steps of the
algorithm are as follows:

Algorithm 1 RCFA-based demosaicing algorithm

~

ReqUire: {(xv y? O(CE, y))}a (xqv Z/q)

Ensure: z,

~

Construct Voronoi diagram V' from {(z,y,O(z,y))}

Reconstruct V'’ by including (z4,y,)

Identify intersected Voronoi polygons V; € V with V; € V/

Define participant set P = {(z,y, O(z,y))|V; intersects Vet

for (z,y,0(x,y)) € P do

Compute area of intersection A; = Area(V; N'Vy)

Compute total intersection area Aioial = Z(E 0.0(.)eP Area(V; N'V,)

A;
Atotal

Compute normalized weight w; =
end for
Compute interpolated value

Zq:

E Ww; - Z;

(z,y.0(x,y))€P

return z,

~

Here (x,y,O(x,y)) is obtained using Eq. (7); this states that
the pixel value at position (x,y) is O(x, ). (x45¥4) represents
the unknown point, and z, is the interpolation result. V is the
Voronoi polygon formed by the known points, and V; is one of
its subsets. V' is the new Voronoi polygon formed after adding
the unknown point, and V,, is one of its subsets. A; is the inter-
section area between the old and new Voronoi polygons, A¢gal
is the total intersection area, and w; is the weight. To illustrate
this algorithm more clearly, Fig. 3 is used as an example to
further explain the algorithm.

As shown in Fig. 3, to obtain the pixel value of the red
channel at a certain position, we first extract the red chan-

~

nel information from (x,y,0(x,y)), including the position in-

1,2,...,5) in Fig. 3. Then, based on z;, a Voronoi polygon
V (blue boundary polygon) is constructed. After adding an
unknown point, a new Voronoi polygon V' (black boundary
polygon) is constructed. Next, the intersection A; (red bound-
ary polygon) of V and V' is determined sequentially, and the
area of each A; is calculated. The total area sum is denoted by
Atora- The weight is given by A;/Aol, Which represents the
contribution of z; to the final interpolated value z,. Summing
over i gives the final interpolated result. By the same token,
to obtain the interpolation result for the green or blue chan-
nel at a certain position, first extract the green or blue channel

~

information from (x,y, O(x,y)), and then follow the algorithm

formation and pixel values. They are represented by z; (i =  steps.
1 2 3 4 5 6
1
> \ L
\
2 B 2
. g N =a — .
RCFA 3 25 2|
iy . o ] >
lExtract = 7 \: -
1 z 4 ~ A N I
i 2 A4? A | 22 ™ 25"
> ~ /V\ L ] >~ =
zZ3 =

y\// Red component

Fig. 3. RCFA-based demosaicing algorithm.
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3. Results and analysis
3.1. Simulation results

In this section, the feasibility as well as the advantages of
this scheme are verified by numerical simulation. In order to

quantitatively evaluate the quality of the reconstructed image,
the following MSE and PSNR are used:

N M 3
MSE = . 2
; N><M><3lzijzlkz (1,7:0)— 0. ,K), ®)
PSNR = 20 x log;, (%) dB, ©)

RCFAs

Original images
S

Peppers

Mandril

[
.I.
I

L]
1
I

where N x M is the size of the image, O(i, j,k) denotes the
pixel value on the original image position (i, j) used for sim-
ulation, C(i, j, k) is the pixel value on the reconstructed image
position (i, j), k stands for the three channels, i.e., RGB, re-
spectively, and maxy denotes the maximum pixel value in the
image. Generally speaking, the smaller the MSE value and
the larger the PSNR value, the higher the quality of the recon-
structed image.

First of all, we verify the feasibility of the scheme. The

simulation results are shown in Fig. 4.

Mosaic images  Reconstruction images

PSNR 23 81 dB

MSE = 0.008036
PSNR =21.87 dB

MSE = 0.006018
PSNR =22.21 dB

Fig. 4. Simulation results for the FSI-RCFA method.

7.6
7.4
7.2
7.0
6.8
6.6
6.4
6.2
6.0

MSE (10-3)
MSE (10-3)

-0 5 10 15 20 25 30 0

| 5 10
Patterns |
I

Peppers
E(MSE) =0.0059 N\

MSE = 0.0058

Patterns

Mandril
E(MSE) =0.0065

MSE = 0.0065

15 20 25 30 0 5 10 15 20 25 30
Patterns
Kodim03

E(MSE) =0.0067

MSE =0.0075

Fig. 5. The results of the FSI-RCFA method for different RCFA types (30 in total).

The reconstructed image has a pixel size of 255 x 255.
After randomly generating an RCFA, the experiment is con-
ducted according to the FSI-RCFA method, resulting in the
mosaic image and the reconstructed image. The results show
that for three images with different spectral characteristics,
the reconstructed color images all have lower MSE values

and higher PSNR values, confirming the feasibility of this
scheme. Furthermore, the image quality varies for different
RCFA types, as shown in Fig. 5.

The reconstructed image has a pixel size of 100 x 100,
and E(MSE) represents the expected value of the MSE. Fig-
ure 5 shows the curve of the MSE of the reconstructed images
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as the RCFA type changes. It also displays the reconstruction
details at the lowest MSE, the central value, and the highest
MSE. From Fig. 5, it can be seen that due to the random na-
ture of RCFA generation, the image quality varies for different
RCFA types, but the image quality fluctuates within a good
range.

Bayer CFA imaging

Gray image

Original image | ~— Sumpmmem s cous

Furthermore, we compared the experimental results ob-
tained using the FSI-BCFA method with those obtained using
the FSI-RCFA method while keeping the image size, Fourier
spectrum reconstruction method, and the demosaicing pro-
cess (linear interpolation) consistent. The results are shown
in Fig. 6.

Reconstruction image

MSE = 0.006285

?_D'., .

Fig. 6. Comparison between FSI-RCFA results and FSI-BCFA results.

Under the same experimental conditions, the experi-
mental results obtained using the FSI-RCFA method have a
lower MSE compared to those obtained using the FSI-BCFA
method. When the BCFA method is used, the demosaicing
quality tends to decrease in areas with high-frequency content.
In contrast, the RCFA method ensures a more even distribution
of chrominance energy in the frequency domain, thereby re-
ducing the interference between chrominance and luminance
signals, which improves the image quality. We then simulated
each of the three images shown in Fig. 4 and calculated the
respective MSEs using Eq. (8), as shown in Table 1.

Table 1. Imaging quality differences.

Method Peppers Mandril Kodim03
FSI-RCFA 0.0059 0.0065 0.0067
FSI-BCFA 0.0149 0.0115 0.0092

The MSE for image reconstruction using RCFA in Ta-
ble 1 is E(MSE). For different imaging subjects, the imaging
quality of the RCFA scheme is superior to that of the BCFA
scheme.

Next, we tested the noise resistance performance of the
FSI-RCFA method and studied the variation of PSNR under
Gaussian noise interference within a certain intensity range
for two imaging schemes, as shown in Fig. 7. Analysis of
Fig. 7 shows that under the same intensity of noise interfer-
ence, the image quality of imaging obtained using the RCFA
method is better than that obtained using the BCFA method,
which also demonstrates the superior anti-noise performance
of random CFA. In order to visualize the difference between

the two in detail, we compare the differences between images
reconstructed under three noise intensities, namely, 0.01, 0.03,
and 0.05. From the experimental results, it can be seen that
the images reconstructed using the RCFA method have clearer
eye contours compared to those reconstructed using the BCFA
method under different levels of noise interference.

Finally, we analyze the advantages of the RCFA method
for specific scenarios. The RCFA generation algorithm can
produce RCFAs with different spatial structures, greatly in-
creasing design flexibility compared to the fixed-position
BCFA. For instance, when obtaining single-channel pixel val-
ues at specific locations in an image, RCFA has a significant
advantage. This is particularly evident in the domain of veg-
etable production: by comparing the variation in pixel values
across different color channels (such as red and green chan-
nels), it is possible to identify lesions on leaves or fruits. How-
ever, these lesions may not necessarily exhibit periodic spatial
characteristics. When imaging is performed using the BCFA
method, it is necessary to use adjacent information at the lo-
cation to interpolate and obtain the missing color components,
which may result in varying degrees of error. In contrast, the
RCFA method allows for spatial structure design based on spe-
cific needs, enabling more accurate single-channel pixel val-
ues without increasing the number of measurements. Taking
the example of a specific demand for the red channel pixel
values at the five locations identified in the lower right corner
when reconstructing the image, the data pairs obtained using
the two methods are as shown in Fig. 8. Let us design the cor-
responding RCFA based on the requirements and extract the
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appropriate data. We use the following formula to calculate
the error:

Error = ILVZZ|C(i,j)—O(i,j)|, (10)
i
where O(i, j) denotes the single-channel pixel value at a spe-
cific location (7, j) in the original image, and C(i,j) is the
single-channel pixel value at the corresponding location (i, j)
in the reconstructed image. N is the total number of pixel
points selected. According to the experimental results shown
in Fig. 8, the red channel pixel values obtained at specific lo-

23 T T T T T

cations using the RCFA method are more accurate. This is
because these values were obtained from direct measurements
and have not been interpolated for estimation. Of course, accu-
rate values at these discrete locations can also be obtained us-
ing the BCFA method, but this requires a combination of mul-
tiple Bayer modes, which undoubtedly increases the number
of measurements, whereas the RCFA result can be obtained
from only one measurement. Therefore, due to the flexibility
in the design of the stochastic CFA, it is more advantageous
than the fixed-position periodic CFA in some specific scenar-
ios.

—Bayer CFA

A\

PSNR (dB)
= —_ = = %) [N}
=] ~ (o] Ne) (=] =

[y
(S8

—
™~

—Random CFA |

B

Original image

Noise level =0.01

Noise level =0.03

0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08

Noise level (standard deviation)

Noise level = 0.05

Fig. 7. Noise immunity performance analysis.

836

CFA design

0.89;

Fill mosaic 886|

0.89¢

ased on matrix

884

894

Red channel
data extraction

e
Zoomg

895|

and matrix B

Error =0.0036

881

Error =0.0290

834

.885|

I
|
|
|
|
1
895| |
|
|
|
I
|
|
|

Error = 0.0190J

Fig. 8. Differences in the reconstruction of single-channel pixel values at specific locations.

3.2. Experimental results

We verified the proposed scheme through experiments.
Figure 9 shows the experimental setup. In the experiment, toy

dolls were used as test objects. Three groups of RGB LED

light sources were projected in a time-division manner and
modulated by a digital micromirror device (DMD, ViALUX
V-7001) to generate color-based patterns. These patterns were
transmitted through the projection lens and then projected onto
the doll. Subsequently, the light reflected by the object was
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collected by a photodetector (Thorlabs PMMO02), and the mea-
sured data was converted by an analog-to-digital converter (NI
USB-6341) before being transmitted to the PC. At the PC, a
color image was reconstructed by applying the corresponding
demosaicing algorithm.

Single-pixel
detector

& Object

In the experiment, three groups of LED light sources

Fig. 9. Experimental setup.

(RGB) were projected in a time-division manner. Two types
of color mask templates were loaded via the DMD: the FSI-
BCFA group used the BCFA method, while the FSI-RCFA
group employed the RCFA method (generated according to
the algorithm in Section 2). After the data was collected by
the PC, the FSI-BCFA group was processed using traditional
bilinear interpolation, whereas the FSI-RCFA group was pro-
cessed using the RCFA-based demosaicing algorithm. All re-
constructed images were sized at 50 x 50. The experimental
results are shown in Fig. 10.

FSI-RCFA FSI-BCFA

Fig. 10. Comparison of experimental results.

The experimental results indicate that the FSI-RCFA
method significantly outperforms the FSI-BCFA method in
terms of the subjective visual quality of the reconstructed im-
ages. Specifically, details such as the facial textures and cloth-
ing wrinkles of the doll are clearer in the FSI-RCFA recon-
structed images, and the color reproduction is closer to the real
object. In contrast, the FSI-BCFA reconstructed images ex-
hibit obvious artifacts and color aliasing, particularly in high-
frequency texture regions. This outcome not only validates
the feasibility of the FSI-RCFA method but also demonstrates
that this scheme achieves higher imaging quality than the FSI-
BCFA method.

4. Discussion
4.1. Theoretical analysis of the RCFA method

In this section, we will further discuss the design princi-
ples and advantages of the RCFA method from the perspec-

tive of theoretical analysis. To avoid spectral aliasing between
luminance and chrominance and to facilitate subsequent pro-
cessing, we consider standard orthogonal bases corresponding
to luminance and chrominance components, which are defined

asB32

L:%[l,l,l]T,
Ci=J5[-1,1,0]T, an
szﬁ[—l,—l,z]T,

where L represents the luminance component, which is a
weighted average of R, G, and B, reflecting overall brightness.
C)| represents the red—green chrominance difference, with co-
efficients of £1 for R and G to emphasize red—green contrast,
while the coefficient for B is 0, as humans are more sensitive
to red—green differences. A normalization factor of 1/ V2 en-
sures that ||C || = 1. For Cy, the coefficients are —1 for both R
and G, and 2 for B, capturing the blue—yellow contrast (the dif-
ference between B and R+G). A normalization factor of 1/ V6
ensures that ||C5|| = 1. By mapping the CFA color values to
this orthogonal basis, the luminance and chrominance signals
can be separated.

Then, to better quantify the spectral characteristics of the
luminance and chrominance components, their power spectral
density (PSD) functions need to be computed. We encode R,
G, and B as follows: R=[1 0 0]T,G=[0 1 0], and

B=1[0 0 1]T. For ease of computation, we construct a
3 x 3 basis matrix V based on Eq. (11):
[ R G
V3oov2 e
V=[LC C]=|%s 5 ~% (12)
1 2
0%

For any pixel (x, y) in the CFA, its color is encoded as
cfa(x,y) € {R,G,B}. Using the basis matrix V, the color
at (x, y) can be mapped to the luminance—chrominance space

L(x.y)
Ci(x,y)| = VT cfa(x,y). (13)
CZ('x?y)
Taking a red pixel as an example, the mapping process is as
follows:
LU T €1
Vi 3 3|l V3
VI.R=|-5 5 0[|0of=|-5| (4
1 _1 2110 L
V6 V6 V6 V6

By iterating over all pixel positions (x, y), the luminance ma-
trix L(x,y) and the chrominance matrices C(x,y), C>(x,y)
of the CFA can be obtained. Next, the 2D DFT is applied to
the luminance and chrominance matrices:

Ne—1N;—1 '
F{Ut(on o) = Y Y Uilx,y)e i@xto0) - (5)
x=0 y=0
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L(x,y),
Cl(xay)a
C2(xay)7

)

1
Uk (x,y) 2, (16)
3

=~ o
I

b

where N, and N, represent the sizes of Uy(x,y) in the x and y
directions, respectively. @y and ®, represent the angular fre-
quencies in the x and y directions. Then, the square of the
magnitude of the Fourier transform is taken and normalized,
yielding the expression for the PSD

2
PSD (o, 0y) = {f{Uk]g;);"wy” :

a7

To analyze the spectral distribution of the chrominance com-
ponents, we define the low-frequency region (||| < 27/3)
and the high-frequency region (||| > 27/3), where || =
\/ @7 + @}. The low-frequency energy ratio is calculated us-
ing

L)< PSD(@)

x 100%,
ZH(DH PSD(G))

(18)
while the high-frequency energy ratio is 1 — 7). The results
obtained by calculating the PSD energy distribution for the
RCFA method and the BCFA method are shown in Tables 2
and 3.

Table 2. Luminance energy distributions obtained using the RCFA and
BCFA methods.

Method Low frequency (%) High frequency (%)
RCFA 100 0
BCFA 100 0

Table 3. Chrominance energy distributions obtained using the RCFA
and BCFA methods.

Method Low frequency (%) High frequency (%)
RCFA 4.7+£0.3 95.3+£0.3
BCFA 8.3 91.7

To obtain the results shown in Tables 2 and 3, the BCFA
and RCFA methods were applied to the same image size of
100 x 100. Table 2 demonstrates the inherent sparsity of nat-
ural images, as evidenced by the fact that most of the energy
in the Fourier domain of the luminance component is concen-
trated in the low-frequency region.

For Table 3, due to the inherent randomness in the spatial
structure of the RCFA, its energy distribution exhibits fluc-
tuations of around 0.3%. In the design of the RCFA, high-
frequency oscillations are introduced in the spatial domain
by enforcing color differences between adjacent pixels. This
causes the PSD energy of the chrominance components to con-
centrate in the high-frequency region, thereby improving the
separation from the low-frequency luminance components and
reducing aliasing between the two.

4.2. Comparison of mosaic decoding algorithms

In this section, we will compare the RCFA-based demo-
saicing algorithm proposed in Section 2 with other widely
used demosaicing algorithms, such as bilinear interpolation
and gradient-adaptive interpolation, and analyze the differ-
ences between them as well as the advantages of our algo-
rithm.

First, let us briefly introduce these two algorithms.
The bilinear interpolation algorithm is a classic interpolation
method based on grid data in two-dimensional space. Its core
idea is to combine two one-dimensional linear interpolations
in the horizontal and vertical directions, which can ultimately
be represented as a weighted average of the four vertices, with
weights that are related to the distance to the sample points. 34!
On the other hand, the core idea of the gradient-adaptive algo-
rithm is to dynamically adjust the interpolation path by an-
alyzing the gradient direction in the local region of the im-
age. This allows us to preferentially reconstruct colors along
the edge directions, thus reducing artifacts caused by cross-

1351 We now apply the above methods to the

edge interpolation.
FSI-RCFA scheme and use Fourier single-pixel imaging with
a Bayer color filter array (FSI-BCFA) as a comparison. The
reconstruction results are shown in Fig. 11.

From the results, the RCFA-based demosaicing algorithm
clearly outperforms the two widely used methods. The funda-
mental reason lies in the fact that an RCFA, unlike a periodic
CFA, exhibits strong spatial randomness. The RCFA-based
algorithm approaches the problem from this perspective, per-
forming interpolation and reconstruction by dynamically con-
structing the geometric distribution and area weights of the
color channels. It is highly suited for irregular sampling. For
BCFA, which involves regular sampling, the algorithm also
demonstrates a certain degree of adaptability.

For bilinear interpolation, due to the periodic structure of
the BCFA, the neighborhood color distribution is predictable,
and interpolation weights can be calculated using a fixed tem-
plate. However, the random distribution of the RCFA leads
to irregular sampling, where sparse and irregular neighboring
sampling points cause the distance-weighted model to fail, re-
sulting in interpolation that relies on a few random neighbor-
ing points.

For gradient-adaptive interpolation, the periodicity of the
BCFA allows for the decoupling of gradient calculation from
the color channels, ensuring reliable gradient directions and
effective interpolation path optimization. In contrast, the non-
periodic structure of the RCFA disrupts the reliability of gradi-
ent directions, leading to misjudgments of interpolation paths
and high-frequency chromatic energy leakage, significantly
degrading the reconstruction quality. This highlights the in-
herent contradiction between the two traditional demosaicing
algorithms and the random sampling system.
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Original image

Bilinear interpolation

PSNR =15.17 dB

PSNR =20.46 dB

Gradient-adaptive

PSNR =11.95 dB

Fig. 11. Comparison of images reconstructed using different demosaicing algorithms.

5. Conclusion

We propose the FSI-RCFA method to address spectral
aliasing in color imaging. By integrating RCFA modula-
tion with an RCFA-based demosaicing algorithm, our method
achieves superior separation of chrominance and luminance in
the frequency domain. Numerical simulation results demon-
strate that the FSI-RCFA method has advantages over the FSI-
BCFA method. The MSE is effectively suppressed, and the
noise resilience is significantly improved. We can utilize the
RCFA generation algorithm to minimize interpolation errors
in targeted scenarios, enabling precise single-channel pixel
measurements for applications such as agricultural defect de-
tection. Future directions will focus on real-time algorithm op-
timization and hybrid CFA designs to enhance dynamic imag-
ing and multispectral applications.
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