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A Study on Impulse Noise Removal with Deep Learning
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Abstract: As camera resolution progresses to higher resolution, a slight variation in light amount affects
the generation of impulse noises due to decrement in the amount of incident light per unit cell of the light
receiving area. So far, image quality has been improved by noise removal methods such as Median Filter
(MF). Recently, a noise removal method applying Deep Learning to gaussian noise and burst noise has been
proposed, and its effectiveness has been shown. In this paper, we investigate impulse noise removal method
with Deep Learning and report the results of removed images using proposed method. In particular, we
investigated the effect on the image quality of the result image when changing the loss function and using
Squeeze-and-Excitation block. In addition, we examined the effectiveness of the proposed network against
gaussian noise.
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schedule(L1 + L2) | 36.50 33.38 30.82 28.88 27.13
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K 4 BFHRIZ DT AEMSRERSR

ks HEX N
oc=15 o0=25 o0=35 o=50
BM3D 30.90 28.25 26.54 24.74
WNNM 31.19 28.44 26.51 24.64
TNRD 31.03 28.36 - 24.73
BELY V-2 | 31.33 28.72 27.15  25.62
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FHEOMERERRZRT.
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*2 https://github.com/gfacciol/bm3d O I — N % {fif

*3 http://wwwd.comp.polyu.edu.hk/~cslzhang/code/WNNM_
code.zip @I — N Z&fiH

*4 nttps://www.dropbox.com/s/8j6b880m6ddxtee/
TNRD-Codes .zip?d1=0 O I — K % {fiH]
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