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Research Article Abstract:

The primary colour components (Green, Red, and Blue) are captured
through single-sensor digital colour cameras mounted with a colour filter
array (CFA) at all pixel locations through CFA. The limitations of the
sensors used in the commercial digital cameras make the camera to
capture only a sub-sampled image where each pixel contains only partial
colour information. Consequently, the estimation of missing colour
samples is Critical to Reconstruct the full colour picture. The process of
Calculating the missing colour samples is known as demosaicking. The
demosaicking is a critical step, in producing a high-quality colour image.
Among Numerous demosaicking methods, directional filtering-based
methods found to be most efficient. These techniques utilize the inherent
directional colour gradients in the image to guide the interpolation
process, thus preserving edges and reducing artifacts. In this research
work, a simple yet effective approach is proposed to demosaicking that
leverages the principles of directional filtering. By optimizing the balance
between simplicity and efficiency, our proposed method provides high-
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quality colour image reconstruction making it appropriate for applications
and devices with less power at their disposal for processing.
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1.  INTRODUCTION

Each individual sensor [1] can capture only one colour of the Image through the Colour Filter Array
[2] mounted on a Single CCD/CMOS sensor [3] commercial Digital Colour Camera [4]. To
reconstruct a full-colour (RGB) image [5], both luminance and chrominance information must be
sampled. The human visual system (HVS) [6] is more sensitive to changes in luminance information
than to degradations in chrominance information. Consequently, chrominance channels are often sub-
sampled more heavily than luminance channels. In other words, chrominance channels may be
sampled at a significantly lesser rate than luminance channels due to this required sub-sampling. The
spectral sensitivity of the HVS to luminance [7] exhibits a strong correlation with the spectral power
distribution of the green channel, whereas the R and B channels are more closely associated with the
chrominance components. Therefore, green sensors serve as the luminance channel, while red and blue
sensors serve as the chrominance channels.

The Bayer [8] array [9], as shown in the Figure 1, is extensively used. In this array, green filters are
arranged in a quincunx configuration, while the red and blue filters are allocated to the remaining
spatial positions. The pattern is repeated both horizontally and vertically across the entire sensor array,
covering both spatial dimensions.
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Figure 1: Possible Bayer Colour Filter Arrays

The CFA is positioned between the lens and the sensor array generates a 'mosaic' of colour samples
[10]. This mosaic [11] processed to reconstruct three full colour planes, is called as demosaicking [12],
involves estimating or interpolating [13] techniques. Various methods for this interpolation process
will be discussed. The structure of the remaining work is ordered as follows. The Section Il provides
the methodology of the "Algorithm for CFA Interpolation based on Colour Gradients”. Section III
provides the quality evaluation, and Section IV presents the concluding remarks and future work,
followed by references and an appendix for detailed results.

Demosaicking methods can generally be categorized into three main groups: interpolation-based
methods [14], [15], [16], [17], [18], Optimization-based methods [19], [20], [21], [22] and learning-
based methods [23], [24], [25], [26], [27]. Interpolation-based methodologies, despite their widespread
application, often induce the deterioration of edge information and the attenuation of textural details,
ultimately impeding the accurate reconstruction of essential structural features within the image. In
contrast, optimization-based frameworks characterize demosaicking as an ill-posed inverse problem,
wherein the solution is not uniquely determined and is sensitive to perturbations in the input data.
These approaches capitalize on inter-channel dependencies within color-difference domains or utilize
sparse coding techniques to model image patches, thereby enhancing the fidelity of the reconstructed
images. Although these methods have seen some improvements, they frequently struggle with areas
of strong texture, leading to the introduction of undesirable visual artifacts due to hard coding and
reliance on manual heuristics.

2. METHODOLOGY

The performance evaluation of demosaicking algorithms is crucial in determining the overall
performance of a digital camera. Over time many demosaicking algorithms are designed and
developed. The fundamental questions for any engineer looking to design a new demosaicking
algorithm or select an existing one is identifying the Problem and difference between implementation
and performance. In an attempt to address some of these questions, this work investigates several
noteworthy demosaicking algorithms, including Edge Sensing Interpolation Algorithm, Bilinear
Interpolation, Alternating Projections, and High-Quality Linear Interpolation.

Algorithm for CFA Interpolation based on Colour Gradients:

This demosaicking algorithm is grounded in colour gradient estimation using directional filtering,
applied to reconstruct the high-fidelity green channel. Subsequently, the red and blue channels are
interpolated by utilizing the spatial information embedded within the green channel. An advanced
approach involves generating two complete colour images through independent interpolation along the
horizontal and vertical axes, thereby optimizing the reconstruction process. In this algorithm, a
similarity metric is computed by estimating the horizontal and vertical gradient components.

Algorithm:

Stepl: Obtain CFA Data

Step2: Perform Horizontal& Vertical Interpolations on Green Channel.

Step3: Fully populate green channel by judiciously estimating the green pixel from the above Two
interpolated green channels.

Step4; Interpolate Red and Blue Channels using the result obtained in Step3.

Step5: Combine the R, G, B channels to get the full Colour image.

Step6: Compare the obtained results with those of state-of-the-art algorithms and provide an analysis

of the findings.
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The algorithm commences by reconstructing the green channel along both horizontal and vertical axes.
To perform interpolation of the Bayer samples, a five-tap finite impulse response (FIR) filter is utilized,
optimizing the spatial reconstruction process. The use of a longer filter is deliberately avoided to
mitigate the occurrence of zipper artifacts near edges, as noted in [28] [29] [30]. The filter applied is
identical to that described in [31] [32], and its coefficients are determined based on specific
considerations. It is important to observe that the green signal in the Bayer pattern is subsampled by a
factor of 2 along each row or column. The frequency domain representation is given as,

Gs(w) =%G(w)+%6(w—7r) (1)

Here, G(w) and Gs(w) represent the Fourier Transforms of the original green signal and the down-
sampled green signal, respectively. If we interpolate it with the band-limited filter, we have

A 1 1
6(®) = G:(@)Ho(@) = 5 6 (@)Ho(@) + 5 6 (0 — mHo(w) @

The second term in the equation signifies the aliasing component. To mitigate aliasing-induced
distortions and enhance the mid-frequency spectral response, an optimal approach entails
incorporating data from the high-frequency spectral bands of the red and blue channels, exploiting the
well-established inter-channel correlations in their high-frequency components. Within the context of
a green-red row, the red channel is spatially sampled with a one-sample offset relative to the green
channel signal, thereby optimizing spatial alignment and facilitating precise interpolation.
Consequently, its Fourier transform yields

Rs(w) =%R(w)+%R(w—n) 3)

Here, R(w) represents the Fourier Transform of the original red signal. If we interpolate it with a filter
h: and we add the resulting signal to Equation (3) is

Here, R(w) denotes the Fourier Transform of the original red signal. If this signal is interpolated using
a filter h1h_1h1, the resulting signal is subsequently added to Equation (3), yielding:

A 1 1 1 1
G(w) = > G(w)Hy(w) + > G(w—mHy(w) + ER(a))Hl(a)) + ER(a) —m)H(w) (4)

Reminding us that R(w)-G(w) is slowly varying, if hy is designed such that Hi(o) at low frequencies
and Hi(w) = Ho(w) at high frequencies, we have

R(w)H1(w) = G(w)Hy(w) ®)
and

G(w—m)Hy(w) = R(w — m)H, (W) (6)

and Equation (4), could be approximated as

A 1 1
G(w) =5 G(w)Ho(w) + 5 R(w)Hy (w) (7)

A right choice for the filter h; that respects the constraints in Equation (5) and (6) is the five-coefficient
FIR filter is represented as [-0.25 0 0.5 0 -0.25]

Therefore, in the following row of the Bayer-sampled image:
...R_, G_{ Ry G; R,

the green sample Go is estimated as
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~ 1 1
Gy = E (Gl + G—1) + Z (ZRO — R, — R—z) (8)

An interesting interpretation of Equation (8) is supplied by Wu and Zhang in [30], where they note
that (8) can be written as

~ 1 Ry +R Ry +R
G0:R0+E(G1_ 02 2+G_1_ 02 2) (9)

The interpolation of green values within the blue-green rows and along the columnar axis is executed
through a unified computational paradigm. After performing interpolation of the green component in
both horizontal and vertical orientations—yielding two distinct reconstructions of the green channel—
a selection must be made to identify the filtering direction that maximizes reconstruction accuracy.
Upon finalizing the reconstruction of the green channel, the red and blue components are subsequently
interpolated to attain complete spectral reconstruction. In addition to the Bayer data, the reconstructed
full-resolution green image, denoted as G, is now available and can be utilized for reconstructing the
remaining two components.

The prevailing technique for estimating the red and blue components involves interpolating the color
differences, R—G and B—G, rather than directly interpolating the R and B channels. Nonetheless,
bilinear interpolation remains the most adopted method, frequently modified for the reconstruction of
the red (or blue) component at the blue (or red) pixel locations. In such instances, edge-directed
interpolation is employed to interpolate the color differences along one of the two diagonal
orientations, exploiting local edge information and image gradient distributions to optimize the
accuracy of the reconstruction process.

3.  EXPERIMENTAL RESULTS

Reconstruction accuracy and Performance evaluation of a demosaicking algorithms can be evaluated
from two perspectives: Objective Evaluation and subjective Evaluation. There are numerous metrics
used in literature to determine the accuracy of the reconstruction, such as Mean Square Error (MSE),
Peak Signal to Noise Ratio (PSNR) [32]

The error between the two images is defined as

e(m,n) = ]I}(m, n) — f(m,n) (10)

A
and the MSE between f(m,n) and f(m,n) is the square root of the error square averaged over the
M X N array, or

MSE =

M-1N
n

-1
1

— 2 11
wzzmm] &
The Average mean square error of the tested algorithms on the 50 datasets is given in results.
PSNR in dB is defined as

2552
12
PSNR = 1010g107- (12)

1. Experiment Setup:

o Experiments conducted using a dataset of 50 images, with dimensions of 512x512
pixels and 3 colour channels (RGB).

o These dataset images sampled corresponding to the Bayer pattern. This pattern is
commonly used in digital camera sensors to capture colour information by alternating
rows of R-G and B-G pixels.

o Different demosaicking techniques were applied to reconstruct the images from sub-
sampled images along with the proposed algorithm.
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2. Evaluation Metrics:

o Mean Squared Error (MSE) and Peak Signal-to-Noise Ratio (PSNR) are commonly
utilized metrics for assessing the performance of demosaicking algorithms.

o MSE quantifies the average squared deviation between the original and restored pixel
intensities.

o PSNR quantifies the ratio between the maximal theoretical signal power and the
power of the noise that impairs the accuracy and fidelity of its reconstruction.

3. Results Summary:

o The results of the experiments are tabulated in Table-1.

o The proposed algorithm exhibits superior performance compared to all other methods,
as evidenced by its reduced mean squared error (MSE) and enhanced peak signal-to-
noise ratio (PSNR), indicating a higher level of fidelity in the reconstructed images.
This indicates that the reconstructed images using the proposed algorithm have lower
error and higher fidelity compared to the others.

4. Detailed Results:
o More detailed results, presumably including individual performance metrics for each
algorithm tested, are available in the appendix. These results provide a deeper insight
into the performance of each technique.

Figure 2: Test Dataset
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Table 1: Mean Square Error of 50 sets of Images
MSE BiLinear ESIP POCS HiQLIP Proposed
img R |G |B |[R |G |[B |[R |G |B |[R |G |B |R |G |B
1 161 |88 | 173 |40 |47 |44 |84 |55|17 |29 |28 |37 |11 [7.4]13
2 222|107 | 196 |68 |61 |74 |16 [6.8[19 |71 [22 |71 |11 |8 |13
3 9 58 89 |23 |17 |25 |13|1 |29 |16 |21]4 16 (08 ]2
4 446 | 164 | 461 |78 |67 |86 |21 |9 |25 |148 |34 [130]18 |11 |20
5 167 | 76 | 158 |48 |47 |52 |92 |52 |15 |46 |18 |51 [12 [ 79|16
6 106 |46 |94 |29 |26 |28 |6.6 |46 |8 28 |12 |28 |11 |52 8
7 11 |62 |91 |42 |39 |5 15/08|23 |3 19|53 (191 |23
8 129 |65 |135[29 |26 |32 [84 |43 |12 |38 |17 |44 |96 6.1 |11
9 123 61 |105[30 |31 |34 [79|51[20 |32 |15 |42 |10 |[6.2 |13
10 181 |84 | 17943 |39 |45 |11 |59 |14 |55 |20 |57 [14 |9 |16
11 71 |41 |74 |35 |34 [37 [81]6 |13 |22 |11 |25 |12 [8.6| 14
12 81 |48 |94 [33 |36 [36 [63[34[98 |24 [11 |28 |[76]6.4]10
13 11 |05 |11 |06 |03 |06 |06[03]|06 |06 [03]|07 |06]|02]0.6
14 15 |76 |20 |5 37 |71 |28 |16|54 |38 |32]|64 [28|16]5.2
15 13 |58 |13 |13 |38 |8 19 |86 |12 |10 |[48[9.2 |19 |54 |12
16 12 |53 |11 |65 |38 |64 |77 54|72 |42 |35|51 [87|41]8
17 105 (39 | 106 |20 |14 |17 |17 |8 |89 |37 |12 |35 |14 |48 |71
18 41 |2 34 |12 |07 |1 09]/05[08 |1 08]11 [09]04]09
19 55 |31 [81 |22 |17 |36 |24 |23 |48 |19 |16 |31 |18 |11 | 38
20 24 109 |22 |44 |09 |37 |74]47]|6 32 |2 |37 |65/29]|53
21 24 |11 |27 |95 |75 |18 |10 |83 |22 |98 [6.4 |17 |97 |57 |21
22 163 | 77 | 153 |41 |44 |40 |15 [ 91|20 |40 |20 |32 |15 |10 |22
23 134 |57 | 121 |47 |42 [48 |16 | 73|14 |42 |21 |40 |21 |12 |18
24 91 (54 |53 |36 |41 |37 [33 (30 |30 |36 |18 |31 |35 [24 |34
25 12 |52 |11 |41 |26 |34 |46 |24|28 |35 |25|35 |42|15]|28
26 10 |76 |14 |9 43 |82 |11 |7 |91 |61 |35|78 |89|33|75
27 81 |36 |77 |26 |22 |24 [95[45[89 |26 |11 |24 [10 [51]9
28 474 | 252 | 373|170 | 188 | 167 | 71 |58 | 78 | 147 | 67 | 106 | 86 | 63 | 87
29 99 [53 |64 |39 |35 [35 [41 |25 |26 |36 |15 |26 |37 |17 |28
30 18 |78 |18 |4 28 |49 |29|21|41 |55 |32|55 |27|14]|35
31 47 |23 |48 |15 |14 |15 |51|25|48 |13 |71|12 |65|3.7|6.7
32 29 |98 |23 |11 |81 |76 |15 |5 |5 10 |58(82 |14 [ 3953
33 93 |44 |94 |17 |20 |18 |[46|3 |72 |22 |10 |18 |45|34|6.3
34 18 |8 19 |98 |47 |85 |12 {4985 (89 [39/91 [95|3 |72
35 12 |41 |11 |93 |25 |7 14 | 78|99 |67 [53]73 |12 |42]89
36 144 |64 | 150 |60 |50 |60 |16 | 75|17 |45 |17 |39 |15 |10 |17
37 119 |63 | 119 |55 |47 |66 |21 |16 [35 |40 |16 |47 |22 |15 | 38
38 33 107 |21 |26 |05 |18 [39[15[26 |28 |1 |22 [36[09]24
39 62 |21 |41 |85 |17 |52 [98|45(56 |58 |[25|46 |10 | 24|59
40 16 |63 |18 |15 [41 |10 |20 |11 [15 |10 |7 |11 |21 |68 15
41 20 |9 23 |66 |61 |75 [29|21|47 |57 |38|53 [33[22]49
42 38 |22 |28 |14 |15 |16 |13 |[85|14 |96 [76|15 |11 |4 |13
43 103 |54 |115[41 |26 |35 [36 |20 [29 |42 |18 |42 |30 |11 |22
44 51 [27 |61 |58 |19 |25 [85 {30 |39 |41 |15 |30 |70 |16 | 30
45 39 |18 [35 |19 |13 |15 |14 |57 (84 |13 |[61|12 |14 |5 |9
46 32 |1 46 |32 |08 |42 |54|29|65 |31 |17]47 |4 |13]51
47 54 |33 |64 |24 |28 |26 [13 |11 |14 |19 |13 |18 |14 [ 9.4 |13
48 606 | 299 | 594 | 255 | 217 | 263 | 96 | 45 | 100 | 230 | 76 | 198 | 95 | 59 | 109
49 29 |22 |38 |21 |18 |20 |19 |12 |17 |15 |11 |18 |16 | 7.8 15
50 498 | 260 | 310 | 238 | 220 | 173 |90 |67 |69 | 193 |61 |97 |91 |66 |87
Avg 99 |48 |92 [36 |31 (35 [18 |11 |17 |33 |14 |30 |18 | 9.8 17
Avg RGB 79.66 34 15.33 25.66 14.93
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PSNR BiLinear ESIP POCS HQLIP Proposed

img R|G|B|/R|G|B|R|G|B|R|G|B|R|G|B
1 26 129 |26 32|31|32[39[41|36|33|34[32]|38]|39]37
2 25128253030 |29|36[40|35|30|35[30]|38]|39]37
3 39140 (39|45 |46 |44 |47 |48 |44 |46 |45 |42 46|49 |45
4 22 126 (2129|130 (29|35[39|34|26|33[27[36]|38]|35
5 26 129 263131313841 |36|32|36[31[37]|39]36
6 281322833 |34|34|40[42|39|34|37[34]|38]|41]39
7 38140 (39|42 |42 |41 |46 |49 |45 |43 |45 (4145|4844
8 27 130 |27 | 34|34 (3339|4237 |32|36[32[38]|40] 38
9 27 13028 33|33[33[39[41/35|33|36[32]|38]|40]37
10 26 129 263232323840 |37|31|35[31[37]|39]36
11 30132[29|33|33|32[39[40|37|35|38[34]|37]39]37
12 29131283333 [33[40|43|38|34|38[34[39]40]38
13 48 |52 |48 | 50 | 53 | 50 | 50 | 53 | 50 | 51 | 53 | 50 | 50 | 54 | 51
14 36 13935414240 |44 4641|4243 [40]44 |46 | 4
15 37140 (37|37 |42|39|35[39|37|38|41[39]|35]|41]37
16 38141 (3840|4240 |39 (4140|4243 [41]39|42]39
17 28132283537 |36[36[39]|39|32|37[33[37]41]40
18 42 | 45143 |47 |50 | 48 |49 |51 (49|48 |49 |48 |48 |52 49
19 3113329353633 [34[35/31|35[36[33]|36]|38]32
20 44 149 145|142 |49 1423941 40|43 4542|4044 | 41
21 34138343839 |35[38[39|35/38|40[36[38]|41|35
22 26129263232 |32[36[39]|35|32|35[33[36]|38]|35
23 27 131273132 |31[36|40|37|32|35[32[35]|37]36
24 29131313332 (32[33[33]|33/33[35[33[33]34]33
25 37 |41 3842 |44 |43 |42 |44 |44 |43 |44 |43 42|46 | 44
26 38139(37[39|42|39|38[40/39/40|43[39]39|43]39
27 291332934 |35|34[38[42/39|34[38[34]|38]|41]39
28 211242226 |25|26[30[31/29|26|30[28]|29|30]29
29 28 131(30[32|33[33[32[34|34/33|36[34[32]|36]34
30 35039 (36|42 |44 |41 |43 45|42 |41 |43 |41 |44|47 |43
31 31134313637 [36|41 4441|3740 |37[40]42]40
32 33/38[3438|39/39|36[41/41|38[40[39]|37 |42 |41
33 28 13228 |36|35|36|41|43|40|35|38|36]42]|43]40
34 36 139(35[38|41[39[38[41]39/39|42[39[38]|43]40
35 3714238384440 |37[39/38|40 |41 (3937|4239
36 27130263031 |30|36[39|36|32|36[32[36]|38]|36
37 2713027 31|31]30|35[36/33|32[36[31]|35]|37]32
38 43 |50 | 45|44 |51 | 46 |42 | 46 |44 | 44 |48 | 45|43 |48 | 44
39 40 | 45|42 139 |46 |41 (38|42 |41 |40 |44 |41 38|44 140
40 36 |40 |35|36|42|38|35|38|36|38|40[38[35]|40]36
41 350139354040 |39 |44 (45|41 |41 424143 |45 |4
42 32 135(34|37|36|36|37[39|37|38|39[36]|38|42]37
43 28131283234 |33[33[35]33/32|35[32[33]|38]|35
44 31134303035 [34]29[33]|32/32|36[33][30]36]33
45 32136 (3335|3736 |37[41/39|37]40[37]|37[41]39
46 43 |48 |42 |43 149 |42 411431404346 4142|147 | 41
47 3133|3034 |34|34|37[38|37|35|37[36|37]|38]37
48 201232024 |25|24|28|32|28|25|29|25[28|30]28
49 33/35(32|35]|36|3|35[37|36|36|38[36[36]|39]36
50 21124 (23|24 |125|26[29[30/30|25[30[28]29]|30]29
Avg 32135(32|36|37|36|38|40|38|36|39|36[38]|41]38

Avg RGB 33 36.33 38.66 37 39
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Figure 3: The Average MSE of 50 Images
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Figure 4: The Average PSNR of 50 Images
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Table 3: The Average MSE and PSNR of 50 Images

MSE PSNR
Method Avg | Avg RGB | Avg | Avg RGB
Bilinear RED 99 32
[33] GREEN | 48 79.66 35 33
BLUE 92 32
ESIP RED 36 36
[34] [35] GREEN | 31 34 37 36.33
BLUE 35 36
RED 18 38
E%:S GREEN | 11 15.33 40 38.66
BLUE 17 38
RED 33 36
[Hg%LIP GREEN | 14 25.66 39 37
BLUE 30 36
RED 18 38
Proposed | GREEN | 9.8 14.93 41 39
BLUE 17 38

The table compares the performance of several demosaicking algorithms (Bilinear, ESIP, POCS,
HQLIP, and a proposed algorithm) based on Mean Squared Error (MSE) and Peak Signal-to-Noise
Ratio (PSNR) across R, G and B color channels. The data represents the average results across 50
images.

The summary of the key findings:

MSE (Lower is better): The proposed algorithm consistently achieves the lowest MSE values across
all color channels (Red: 18, Green: 9.8, Blue: 17). POCS is a close second, with similar MSE values.
Bilinear performs significantly worse, with much higher MSE values.

PSNR (Higher is better): Correspondingly, the proposed algorithm and POCS achieve the highest
PSNR values. The proposed algorithm shows a slightly better PSNR for Green (41) and very similar
for Red and Blue (38 and 38 respectively) compared to POCS. Bilinear has the lowest PSNR values.
Overall Performance: The proposed algorithm and POCS demonstrate superior performance compared
to the other algorithms in terms of both MSE and PSNR. The proposed algorithm edges out POCS
slightly in PSNR for the Green channel and has a slightly lower MSE for Green as well. Bilinear is
clearly the least effective of the methods tested.

In simpler terms, the proposed demosaicking algorithm produces reconstructed images with the least
amount of error (low MSE) and the highest quality (high PSNR) compared to the other algorithms
tested. This substantiates the assertion made in the introductory section that the proposed algorithm
surpasses the other methods in terms of both MSE and PSNR.

4.  CONCLUSION AND FUTURE WORK

This study meticulously evaluated the performance of various demosaicking algorithms, including
Bilinear, ESIP, POCS, HQLIP, and a newly proposed methodology, employing objective evaluation
metrics such as MSE and PSNR. The results, based on an extensive aggregate analysis of 50 images,
unequivocally establish the superior efficacy of the proposed algorithm in comparison to the
alternatives. It consistently exhibited the lowest MSE values across all color channels (R, G, and B),
indicating a negligible discrepancy between the reconstructed and original images, thereby
highlighting its efficacy in preserving image fidelity. Consequently, the proposed algorithm also
yielded the highest PSNR values, signifying higher image quality with less noise and distortion. While
the POCS algorithm showed competitive performance, particularly in MSE, the proposed algorithm
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consistently matched or slightly exceeded its PSNR performance, especially in the green channel. The
Bilinear interpolation method proved to be the least effective, exhibiting significantly higher MSE and
lower PSNR values compared to the other algorithms. These findings confirm the efficiency of the
proposed demosaicking approach in generating high-quality color images from Bayer pattern data.

Future Work:
While the proposed algorithm demonstrates promising results, several avenues for future research can
be explored:

o Computational Complexity Analysis: This study focused on image quality metrics. Future
work could investigate the computational complexity and processing time of the proposed
algorithm compared to other methods. This analysis is crucial for real-time applications and
resource-constrained devices.

e Testing on Diverse Image Datasets: The evaluation was based on a set of 50 images.
Expanding the testing to include a more diverse and larger dataset, encompassing various image
types (e.g., natural scenes, textures, portraits), would provide a more comprehensive
assessment of the algorithm's robustness and generalizability.

o Comparison: A comparative assessment of the proposed algorithm in relation to contemporary
state-of-the-art demosaicking techniques would furnish further validation of its performance,
while concurrently identifying opportunities for further refinement and optimization.

o Adaptive Demosaicking: Investigating adaptive demosaicking techniques that dynamically
adjust the algorithm based on local image characteristics could potentially lead to further
performance gains.

e Hardware Implementation: Exploring hardware implementation of the proposed algorithm,
such as on FPGAs or GPUs, could accelerate its processing speed and enable real-time
applications in cameras and other imaging devices.

e Perceptual Quality Metrics: In addition to MSE and PSNR, future work could consider
perceptual quality metrics that better correlate with human visual perception, such as the
Structural Similarity Index Measure (SSIM) or the Visual Information Fidelity (VIF) index.

By addressing these points, future research can further refine demosaicking techniques and contribute
to the development of even more effective and efficient algorithms for high-quality color image
reconstruction.
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