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Sun, Yujing, Yizhou Yu, and Wenping Wang. "Moiré photo restoration using multiresolution convolutional neural networks." IEEE Transactions on Image
Processing 27.8 (2018): 4160-4172.
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« DMCNN#*
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He, Bin, et al. "Mop moire patterns using mopnet." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2019
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* MopNet*
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He, Bin, et al. "Mop moire patterns using mopnet." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2019
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* MopNet*
- Moire2| 2| =M (Attribute aware Classiﬁer)
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He, Bin, et al. "FHDe 2 Net: Full High Definition Demoireing Network." Computer Vision—-ECCV 2020: 16th European Conference, Glasgow, UK, August
23-28, 2020, Proceedings, Part XXII 16. Springer International Publishing, 2020.
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« FHDe *Net*
- 7|=9| datasetl| Z|CH size= 1024x1024
- FHD image | Al 4 7] MoireES M| 7 St= network2| £ Xl
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He, Bin, et al. "FHDe 2 Net: Full High Definition Demoireing Network." Computer Vision—-ECCV 2020: 16th European Conference, Glasgow, UK, August
23-28, 2020, Proceedings, Part XXII 16. Springer International Publishing, 2020.
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e FHDe %Net*

- Global to local cascaded removal branch = 3| global moire, local moireX| £ L} &
- Global moire M| 7 (FDN) : input= down sampling &, auto encoderOf| & =2}, receptive field 100
> 400, large-scale moire K| {Z 2|3l nonlocal block* 2 37t

- Local moire Al { (LRN) & ?I5H local enhancement strategy* & AF&
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He, Bin, et al. "FHDe 2 Net: Full High Definition Demoireing Network." Computer Vision—-ECCV 2020: 16th European Conference, Glasgow, UK, August
23-28, 2020, Proceedings, Part XXII 16. Springer International Publishing, 2020.
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e FHDe %Net*

- Frequency based high-resolution content separation branch == background2| detail = X
- MoireE 2 M image2| DCT, input image2| DCTE concat

- Background 2t moire2| T+ &2 |3l channel attention= = 2! (SE block)

- Demoire = image2| UV, background?| detail2 & 7! Y&
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Zheng, Bolun, et al. "Image demoireing with learnable bandpass filters." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2020.

Method

« MBCN#*
- Moire @& 2 2| == &1 Moire pattern2| M| HE 22
- 2| & 5 & tone mapping
-7t 2t 2 EFSH= O A] color degradationO| U=
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Block) & 78
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*Zheng, Bolun, et al. "Image demoireing with learnable bandpass filters." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2020.
"Implicit dual-domain convolutional network for robust color image compression artifact reduction." IEEE Transactions on Circuits and Systems for Video

**Zheng, Bolun, et al.
Technologx 30.11 520192: 3982-3994.

« MBCNN*
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Zheng, Bolun, et al. "Image demoireing with learnable bandpass filters." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2020.
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« MBCNN*

- 1.2 loss= structural information = |

2 AFA|

- Moire artifact= point-wise loss2= MAHAY = A=

- Structural artifactO| 7| [ =
- Sobel loss2| H&Fd 2 27t X[0] 7] I Z O structural information2| E-&0| 25
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Zheng, Bolun, et al. "Image demoireing with learnable bandpass filters." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2020.
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« MBCNN*
= Ablation study

- DCT transformZ| learnable weight2| 21H& 27| 9o &3 2
-DCTE F7h ot A2 0.18dB2| &5

- Weight= learnableStA| THEA2 0.95dBR| &5

-DCT transform= 1.13dB2| &2 ==

Model W/O DCT transform W/O weight MBCNN

PSNR/SSIM 42.91/0.9932 43.09/0.9936 44.04/0.9948
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Zheng, Bolun, et al. "Learning Frequency Domain Priors for Image Demoireing." IEEE Transactions on Pattern Analysis and Machine Intelligence (2021).
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« MBCNN+*
- Multi-block 2| AFZ, transform?| H| 1, loss2| H2} (dialation ASL)
= Multi-block-size LBF (Learnable bandpass filter)
- StLEC| weight 051 £t frequencyO| mathingO| &A=
- o 2 weight & T+=0{ A 0 2] frequencyOfl matchingO| &= UAH &
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Zheng, Bolun, et al. "Learning Frequency Domain Priors for Image Demoireing." IEEE Transactions on Pattern Analysis and Machine Intelligence (2021).

Method

 MBCNN+*
- Frequency Domain Transform (FDT) 2| H| !

- M =20 MEDCTE AF & DCTZF OFLl CHE transform@| 2242 ASSH7| {8l A&

' Discrete Wavelet Transform (DWT), Discrete Fourier Transform (DFT), Learnable Non-
linear Transform (LNT), Learnable Orthogonal Transform (LOT)

- LOT: orthogonality constraint = transformation loss & S &

-LNT = convF| 0| ReLUES F7}3 A| Non-LinearS}A| Bt &

IDFT kemel S —
5 . (real part) J'

Transtorm

Learnable Orthogonal Transform Laver

Schnidt
orthogonalization

Output
Learnbale 2
Transform Bases Transform Bases

IDFT kernel LNT
(@) (imaginary part)
< Leanable Orthogonal Transform > < Fourier Transform > < Leanable Nonlinear Transform >
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Zheng, Bolun, et al. "Learning Frequency Domain Priors for Image Demoireing." IEEE Transactions on Pattern Analysis and Machine Intelligence (2021).
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« MBCNN+*
- Frequency Domain Transform@| H| Il
-7|Z29| DCT7t 450] 7MY =5
- LOT, LOT= transform base 2} corresponding 2 &A| 0| t& 5l OF 2.

- DFTE real + imaginary, DCT+ real 2f, DCT= DFTE L} energy compactionO| &= 7| [ =0
DCT/t =2 A2 = 04

< Transform & H| 1l

Transform IDWT IDCT IDFT  LNT LOT

PSNR 4426  45.08 44.69 43.06  42.69
SSIM 0.9963 0.9967 0.9965 0.9898 0.9953
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Zheng, Bolun, et al. "Learning Frequency Domain Priors for Image Demoireing." IEEE Transactions on Pattern Analysis and Machine Intelligence (2021).
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« MBCNN+*
- Ablation Study: MPRB

- MPRBZ} 2101 = tone mapping= & &, color degradation O] & S & &, DI} O| Moire/}
Cra o8

- StA|2F 310t image2| detail O AF2FE, M FI}2| Moire= O{ TS| =)
- Tone mapping = 3x3 convolution = A&
- Moire pattern2| X7/ 0] MPRBZ} 7| O

000023 Moire Ground-truth

MBCNN
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Zheng, Bolun, et al. "Learning Frequency Domain Priors for Image Demoireing." IEEE Transactions on Pattern Analysis and Machine Intelligence (2021).
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« MBCNN+*

- Ablation Study: MPRB, GTMB, LTMB
- GTMBZ} channel attention 1} H| =gt
- MPRBX| 7 A| 2.88dB2| St2F GTMBXM| 7 A| 4.24dB2| 55}
-7t 7HE 2242 LTMB
;' MPRBOJ|A| Moire& X[ Al local tone mapping©| Z| 7| &
- GTMB7} channel attention £ C} 1.39dB ==

;= Sigmoid activation, channel 2 2~ global color adjustment2| 7| 52 22}A|Z

MPRB GTMB LTMB CA | PSNR  SSIM

41.38  0.9869
40.02  0.9890
43.35  0.9895
42.87  0.9893
4426  0.9962
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Zheng, Bolun, et al. "Learning Frequency Domain Priors for Image Demoireing." IEEE Transactions on Pattern Analysis and Machine Intelligence (2021).
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« MBCNN+*

= Multi Learnable bandpass filter
- Frequency Domain Transform= H| 1l

- Weight 85t S 170 712 1] 0.16dB, 270 =712t [If 0.22dB2| &5

<LBF2| H| 1 >

LBF MLBFs
p 8 8 8 {6.8) {4.6.8)
Structure w/o. FDT w/o.LP FDT and LP - -
PSNR 42 91 43.09 44.04 44 .20 44 .26
SSIM 0.9932 0.9936 0.9948 0.9958 0.9962
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Zheng, Bolun, et al. "Learning Frequency Domain Priors for Image Demoireing." IEEE Transactions on Pattern Analysis and Machine Intelligence (2021).
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« MBCNN+*

- Dialation ASL
- Sobel : edge, gradient2| 7 & 0| =7} & 1.24dB O|
-ASL: 72 M= 2o A Cf 2 o'k ot
- Perceptual : vgg162| feature extraction O| 752t QE % *f%, ASLIt FASH d&

- SSIM: Sobel loss2F S A}

_'_

< Loss2| H| 1 >

Loss A PSNR (dB) SSIM
L1 ; 42.19 0.9941
L1 + Sobel 0.5 43.43 0.9956
L1 + Laplace 0.5 43.02 0.9950
Other L1 + SSIM 0.2 43.25 0.9958
L1+ perceptual 1.0 44 .39 0.9961
L1 + Wavelet 0.6 40.66 0.9925
L1+ ASL 0.25 44.26 0.9962
: {1,2}
Proposed L1+ D-ASL 0.25 44.78 0.9964

L1+ D-ASLU23) 025 4508  0.9967
L1+ D-ASLiL234} o5 44.76 0.9964
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Zheng, Bolun, et al. "Learning Frequency Domain Priors for Image Demoireing." IEEE Transactions on Pattern Analysis and Machine Intelligence (2021).
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 MBCNN+*
» Dialation ASL

- Dilation Zl loss& F7 22 A LE‘E' frequencyE T&7ts
- DilationO| HO| E[ A2 X T 125 A E o2 A d&s0| 5tEt

rlo
ol
E_|

< Loss2| H| 1 >

Loss A PSNR (dB) SSIM
L1 ; 42.19 0.9941
L1 + Sobel 0.5 43.43 0.9956
L1 + Laplace 0.5 43.02 0.9950
Other L1 + SSIM 0.2 43.25 0.9958
L1+ perceptual 1.0 44 .39 0.9961
L1 + Wavelet 0.6 40.66 0.9925
L1+ ASL 0.25 44.26 0.9962
: {1,2}
Proposed L1+ D-ASL 0.25 44.78 0.9964

L1+ D-ASLU23) 025 4508  0.9967
L1+ D-ASLiL234} o5 44.76 0.9964
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Zheng, Bolun, et al. "Learning Frequency Domain Priors for Image Demoireing." IEEE Transactions on Pattern Analysis and Machine Intelligence (2021).
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« MBCNN+*

- Comparison with prior work

- Global tone mappingO| A&t o| {2 o

- CFHE model& 2 =&, HIEAE Ol artifact/t &

T T T T T

CAS-CNN DMCNN MWCNN MBCNN Ground-truth

l Moire || CAS-CNN Il DMCNN || || || (rround-tmth|

Ground-truth
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Summary
2

« Conventional 2t Demoire= CNN= Al8
* Frequency Domain Transform= &5l DemoireE ot= A

» FrequencyOi| weight=S |5l A frequency domain = &5 0| 7Hs5HA &
« MBCNN + FHDe ?Net

- Autoencoder?} learnable weightES 37}

- MBCNN= parameter/} B2 Network > CFHE Network2t2| AgH??
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