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Background

» Aliasing & Moire
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Background

» Aliasing & Moire
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Background

« Aliasing & Moire
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Image Demoireing with Learnable Bandpass Filters
* Introduction
- Demoire= moire pattern 2 £ =4 El image 25 E clean imageES 510l task
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Method

« MBCNN
- 7t 240 & B =l moire O] O] X| 2] modeling
Imoire = w(lclean) + Nnoire (1
= Lhoire: Moire image
=S

—Icieqn: screen O“kl |'|_ clean image
- Npoire: Moire texture

—: camera sensor2f screenl &0l 4 7! color degradation
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-1~ 1: 2| inverse function (tone mapping)
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Method

« MBCNN
- 37§29 scaledt 37t X 2| block 2 2 T+
- Branch® 27| CHE 3702 scale
- Moire texture removal block (MTRB), Global tone mapping block (GTMB), Local tone
mapping block (LTMB)
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Method

 Moire texture removal

+ Moire pattern 0| CHSHA] scale (s;) F frequency (f;;) EF 92 =4
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Method

* Moire texture removal
- Eq.4 2| Moire= Eq.5 2| moire0i| CH &

- rssi|, = color channel C2| Zg =l frequency spectrum, s; = scale
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Method

* Moire texture removal
- Deep CNN block2 £ &SiE T = U F [3]
- Eq. 72 M £ linear, convolution layer= modeling®| 752
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- Z} frequencyOFC} learnable weights 515 &5i @F 5ol A =X & Sl &

- 65i= learnable weights of DCT domain frequencies

. . . . C(Ny) =ZC(D—1(05i~€Si)) ®)

PR s4zadta . V%
" SOGANG UNIVERSITY LAB



Method

 Moire texture removal

- Dense block< Faeep = M4 St= feature extraction,

- Dense block K7H2| 3x3x nj, 2| dilated convolution (with ReLU) 2L 2 A&
;s Receptive field& =2|7| /&
» 3x3convolution 2 2 Fy,.,, A & 3=t 7, learnable weight 6, block-IDCT D™,
convolution layer Cy;, = T=AHE S E AL (Eq .8)
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Method

» Tone mapping
- RGB color space=2563712| M2 HH
- Point-wise tone mapping= O | ot= 2222 &

- GTMB (global tone mapping block) , LTMB (local tone mapping block) = O|F 0%l

2-step tone mapping= K| ¢t

. . . . —t —t
- Moire image 2} clean image2| color shift& H| o7 ¢&t
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Method

* Tone mapping (GTMB)

- GTMB+ 3x3 Convolution2 Z global feature FE T%
- Stride = 2, kernel = 3X3, global average pooling (GAP) = At
- Deep global feature y & F=05t7| 2[5H
- 3x3 Convolution2 £ global feature FE =
;= Stride = 2, kernel = 3x3, global average pooling (GAP) = A&
-5 3709 fully connected layersS &1}
:'= 2 with ReLU, 1 without ReLU
s Floca= T=01| 918l 1x1Convolution = AHE

= © ..GTMB _
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Method

» Tone mapping vs Channel Attention
- Image restoration, image retrieval ‘s Ol A] channel attentionO| X| 2t &
- GTMB7} channel attention block [2,5] 2t FASHA £ &
- 2L} GTMB+ channel attentionf-= CHS

~ 1. channel attention block= sigmoid function Zt=
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;' GTMBL| y & activation function2| X[20| 81 = (ReLUE AlE)
- 2. channel attention= attention input blockOf| 218X o2 X

'« GTMB2| y+= local feature®! F, ., Ol &
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' GTMBL| =& 2 global color shift& TH=11, color artifactE K| H3t7| ¢
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Method

* Tone mapping (LTMB)
- LTMB+ local fine-grained tone mapping= fittingot”7| <5 A| €t
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Method

» [oss function

- Image reconstructionOf| A| L1 loss function= L2loss function 2 Ct 22X [1]

- Moire patterne T2 QI artifactO| X| Bt | Llloss = 7+&& HEZ L SHA| 2= point-
wise loss &

- AZHQ MEHE ZSL7| 23 Advanced Sobel Loss (ASL) = | @t

ASL(Z,7) = NZ|Sobel*(Z) — Sobel* (Z)|

- 7 = output, Z = ground truth

- Advanced Sobel Loss&= (a)0| A| CFYot 25 HHE
- X[F loss= L1} ASL= H &

- A= L11} ASLe| 72 2Bt hyper parameter
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~ Multi supervising= 2/l trainingA| 0| branch® loss=

1 2 1 1 0] 1 0 1 2 2 1 0

Loss(Z,2) = L1(Z,2)+A - ASL(Z,Z)
loss = Loss(Z1,Z51) + Loss(Z2,Z52) + Loss(Z%3,Z%3)
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Experiments

 Learnable bandpass filter

- LBFi= DCT domain transform 1f learnable passband(LP)Z -
- MBCNN-nDDT: MBCNN withour DDT
- MBCNN-LP: MBCNN without LP

- MBCNN-nDDT: 1x1 ConvE H & (output size FX|7}S)
- MBCNN-nLP: passband2| parameter& 1= #3
+ MBCNN-nLP= MBCNN-nDDTE.LCt PSNRZ 0.18dB& S
« MBCNN2 MBCNN-nLPEC} PSNR 0.95dB& S

Model MBCNN-nDDT MBCNN-nLP MBCNN
PSNR/SSIM 42.91/0.9932 43.09/0.9936 44.04/0.9948

IE I@ I@
000041 Moire Ground-truth MBCNN- MBCNN-nLP MBCNN
nDDT

-
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Experiments

 Learnable bandpass filter
- Block-IDCT size p: DDT parameter®| QLA S2

-pZt 25 LBF7t O A=5| st M2 A frequency = learn & = ULt
- Block size = 8x8 & i, 7t& X1 s
s:pZt HAETE frequency 7t learning oF7| O] @11 S&¢

e pZF A ™ receptive fieldE XA = Q&

e ol

Branch 1 Branch II Branch IIT
o

-
0.78 1.08
Model MBCNN-6 MBCNN-8 MBCNN-10 MBCNN-12

PSNR/SSIM 43.25/0.9937 44.04/0.9948 43.45/0.9939 43.17/0.9937
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Experiments

* Loss function
= Moire E —T'I'E&I §E7|' %R, sobel IOSSE :I'L—Dl:—&! OJ @E% X'”_g_%l'
-L1 EC}F L1 + Sobel Loss= +1.81dB2| & Z9| M5 A& E Tt
- Sobel Loss 0| Al ASLE Q| H3l= +0.40dB2| M=
- SSIM X} perceptual loss= 2|0/t 52| 24

;' SSIM loss= Laplace2l R AR 7| &2 St perceptual loss& XM ELE 0.21dBE 2
Mz =2 Hs

- ASLO| ZtEHSE @ 1FA 9l 1oss function

Loss A PSNR SSIM

L1 - 41.83 0.9905
L1+Sobel 0.5 43.64 0.9945
L1+Laplace 0.5 42.92 0.9927
L1+SSIM 0.2 43.36 0.9946
L1+perceptual 1.0 43.83 0.9946
L1+ASL 0.25 44.04 0.9948
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Experiments

» Comparison on LCD Moire dataset

- CAS-CNN, MWCNN,DMCNN £ Loss function 2 L1 + ASLS AR
- ASL2| Loss function ‘4&0| 71 5ot A2 SHAEE

- MBCNNO| Ct-Z MethodE ¥ =
- CAS-CNN E. Lt +7.88dB/+0.075 2
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= Tr
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- MBCNNO| moire textureS A|ASt1L, L F-E 2| image details
MBCNN= A& 5= parameter—r7 =

- MBCNNE C} PSNR-1.46dBO| O}, SHX|2F CFHE method 2CH= 40| 0TS

=
I

0jo

Loss CAS-CNN MWCNN DMCNN MBCNN MBCNN-light | T ——
1]. stride.
PSNR 36.16 28.93 35.48 44.04 4281 q— Rl I = I I BR
’] > St ide: Ground-truth Moire CAS-CNN MWCNN
SSIM 0.9873 0.9698 0.9785 0.9948 0.9940 Stride-
Time(s) 0.14 0.14 0.10 0.25 0.2 de:1, pad !&Kﬁr M!C;NI,“ !;NF'
— e =hgh

” AW Chd-n
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