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[Abstract]

In this paper, it is confirmed that the metrics used to evaluate image quality can be applied to

low-light images. Due to the nature of low-illumination images, factors related to light create various

noise patterns, and the smaller the amount of light,

the more severe the noise. Therefore, in situations

where it is difficult to obtain a clean image without noise, the quality of a low-illuminance image from

which noise has been removed is often judged by the human eye. In this paper, noise in

low-illuminance images for which ground truth cannot be obtained is removed using Noise2Noise, and

spatial resolution and radial resolution are evaluated using ISO 12233 charts and colorchecker as metrics

such as MTF and SNR. It can be shown that the quality of the low-illuminance image, which has been

evaluated mainly for qualitative evaluation, can also be evaluated quantitatively.
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I. Introduction

Also] Fluleiy ARES Boll B gl e o
Gkl ﬂ‘d QAo gElo] Pl g Hee B 4
Atk 1 A1 FH2t AR 1H =AQl Ll 2k 9l
i ﬂuﬂa}q AR Qo] amEolz F AY &
SIek ol9F 2o, Byl e g AASIel B2g et
T Y2 ofe) A ForRA] AR AL T

g Bes Asts dole olARH Wiener

filter [1] 59 rule-based filter (172! 7]8F Zg)S o]
ARRSHYR|TE &l 2ofl= "3d 7|99 convolutional
neural network (4 A% CNN)o] o] AMEE] 1
oI}, i3] EAlo] Astel ole Adts] cakatil of

&5 BYE =] 3 A ol 93 4 it

1 9E o0l dat 2
uje} 7ofetel LEPH% =2

= Leloi 1o 92 5ol washEc omw 9
& N Ol UEE AEIE olFE ol B
S wegh A8 ATER Qs WA
melg A1 WAL e AR de 2obe)

Akgol A4 4 9o,
ESF, Y TS FRP] HS UM E Hee
AMAst7] AS FAto] QO™ peak signal-to-noise

ratio (B|f Als o &2H|; PSNR)U structural
similarity (755 9A1: SSIM)E AL&sto] HolEp4o)
$Ab3S BIRhE Zol Jbs el shalE, AxE A3
ofsh Aol WA FAfoly 12igh Ag= At B4
8] &St ground truth (F2]d 7]49H9] £&-3A0flA]
reehes Agste Agol sigehe dolel: Gyt =
Aol] 1) ol Alch Als o) AU 2ER QALY
Agl7] ofziet
2 =roMe ARE 270A 9S4t A= AlA
3P7] 95 GTE H Qa2 31K &= Noise2Noisez U-Net

rulo 2 1o r[o

A8 B71o] S AREA 94 94 Sl 7
ol AFRE)IL Q= MTFO} SNRE AQtsict,

II. Preliminaries

1. Image Denoising
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1.2 Noise2Noise
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2. Metrics

2.1 Modulation Transfer Function (MTF)
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Fig. 1. Modulation in a square wave
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Fig. 2. Simple MTF plot (w,.: cutoff frequency)
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2.2 Signal-to-Noise Ratio (SNR)
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Gaussian distribution (A = 10)
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III. The Proposed Scheme
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IV. Experimental Results
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Fig. 5. ISO 12233 chart for MTF measurement

Fig. 6. Colorchecker for SNR measurement
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Fig. 7. ROl of Raw ISO 12233 image visualized by ISP
(50lux, 10lux, 1lux, 0.1lux from left top to right bottom)

Fig. 8. Raw colorchecker image visualized by ISP
(50lux, 10lux, 1lux, 0.1lux from left top to right bottom)
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Fig. 9. ROI of Raw and sRGB ISO 12233 image visualized
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(11ux noisy, 1lux denoised, 0.1lux noisy, 0.1lux denoised
from left top to right bottom)

Fig. 10. Raw and sRGB colorchecker image visualized
by ISP
(1lux noisy, 1lux denoised, 0.1lux noisy, 0.1lux
denoised from left top to right bottom)
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V. Conclusion
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