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Abstract

During the process of film post-production, images usually need denoising and completion. And aiming at finishing these two
aspects, there emerged a package-based restoration method. This paper proposes an algorithm of image background restoration
based on generative model (AMC -RBM). This algorithm is a novel technology, which uses RBM (restricted boltzmann machine)
not only to calculate the optimal weights by solving a nonlinear optimization program, but also to train a distributed network to
predict the optimal weights. At the time of testing we don't need the concise void categories of noise or completion and care about
statistics either. Moreover, we can even show that system is robust enough with regard to voids beyond the training set.
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{14y 3k AR L 4t K A5 ) B AUAE
1.1 ZPRIFRZEZEH (Restricted Boltzmann Machine (RBM))

BAH— N, SRR AR, —ERHE, BRAREE (v), —EREEZN),
WA A S SRR R BN AE AR B A (AR 0 8L 1) , R EME DA p(v,h)is g
Boltzmann 7347, FATHRIXAMEEALE Restricted BoltzmannMachine (RBM).
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(a) RBM (b)  AMC-RBM

1 AMC-RBM HJEfE. IA1HE RBM BV E—5FHE— IR 2 T a B S B SRRk
M{EARE AMC-RBM H & — 5 S AUE A AUEFUMARR B N FFE .
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¥ RBM [FIRRGEUZ 15 21 B T = A 1) — SERR AR E 9 5 T4 22 I 2% (R A2 AR OB N, X SRR b ZH I B FR AL
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Noise | Noisy | Gaussian | S&P | Speckle | Mixed | MC-SSDA | AMC-RBM PSNR for Seon Noise

Type | Image | SSDA | SSDA | SSDA | SSDA e e @ O e e (v o e
Gl |2210]| 2664 2669 | 2684 | 27.15 21.37 29.60

G2 | 1392 | 2583 | 23.07 | 1976 | 25.52 2334 26.85

G3 | 1252 | 2550 | 2217 | 1835 | 25.09 22.00 26.10

G4 | 930 | 2311 | 2017 | 1488 | 2272 17.97 23.66

SP1 | 13.50 | 25.86 | 26.26 | 22.27 | 26.32 25.84 27.12 z

SP2 | 1176 | 2540 | 2577 | 2007 | 25.77 24.54 2677 g

SP3 | 875 | 2395 |2396| 1588 | 2432 | 2042 24.65 4

SP4 | 7.50 22.46 2220 | 1386 | 2295 17.76 2301 $

S1 1993 | 2641 26.37 | 2822 | 26.97 21.43 2859

S$2 | 182 25.92 25.80 | 2775 | 2644 26.71 27.68

S$3 | 1535 2354 2336 | 2579 | 24.42 2391 25.72

S4 | 1424 21.80 | 21.69 | 2441 | 2293 22.20 24.35

Avg | 13.92 24.70 2396 | 21.51 | 25.05 23.29 26.23 J

Gaunaman Avg Sak & Fogpot Avg Speckio Avg
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3 g

TEIXFSIE SO, FRARH TIENEZ Y] RBM, X2 —MEAE 24 RBM I8 5&E N T 55 8 51 BUE 1
A AR, FATESLT AMC-RBM fE5 1R S 1% MG AT RE N, X LG A& 2 AR, 1 HIX
L U 25 A ) IR BN 1 HE A S e 35 10 R . 3R H. AMC-RBM #E YR8 2 AN 2 35 E R B T EE
BUFrIvERE. BBSkUL, AMC-RBM 47 FR KFREE EHE T RBM. AT HEFEEIE ) MNIST
THREEAT T 02K, SRWBEAHN, XA RE SRR —M B ENRAE %, AMC-RBM A7
FHIERE SR, KRR CHER 973 RS CHhEAENMEAEENERTE (W5
2012CB725305) [EZKABME ST RIS :  H RS HA 3 4 I R X 4% A4 SR g 40052 T 3 R ) A B R A A it b
W9t ('5: 2012BAHT70F02) FIIFIE BURSUALIRIFR SRS ALK (45 : 2013BAH27F03) #H)j.
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