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ABSTRACT

The lack of paired data is a critical problem in
raw image mapping since it is hard to capture the
color filter arrays (CFAs) of the same scene from
different cameras. This paper introduces a novel
RGBW/RGB CFA data generation method using
generative  adversarial networks (GANs). The
experimental results confirm that the performance of
the RGBW-to-RGB CFA mapping can be improved
by using the proposed data generation method based
on GANSs.
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Fig. 1. RGBW demosaicking method
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X, : Real RGBW CFA
@ Xy: Fake RGBW CFA

/E”

XI' ¥i : Real RGB CFA
Z: Real RGB image

D, Discriminator
Vi _’ I~y : Adversarial loss

X
- / V1, ¥x: Fake RGB CFAs
Zj: Fake RGB image
Tzl 2. dolelAl AA 2 d ZHdY=

! Fake RGB CFA
G X
M,: Mapping Network
Fig. 2. Framework of dataset generation and learning
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Table 1. Implementation details
T4l e
Wz NAFNet[5]
i 2d ResNet 7]4F 2=[9]
Optimizer Adam[10] (B, = 0.0, f = 0.99)
58 0.001
Weight decay 0.0001
# epochs 200
st 4 =271 128x128

F 2. RGB CFA H3 A% 37}
Table 2. Performance of RGB CFA mapping

CFA PSNR | RGB PSNR | RGB SSIM
U-Net[4] 323 28.5 0.855
NAFNet[5] 33.8 29.1 0.876
Proposed 38.8 322 0.923
Proposed++ 39.4 33.0 0.946
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