FarE s Bl T
2020 4F 8 H PACKAGING ENGINEERING - 245 -

ETRERULFINEGREEMT A

ERELO Y, wER, BREA, xF!
(1. EWFT R, ¥ 200093; 2. i ARED R &4 L R4, i 200093 )

WE: B8 ATAZ LR ZAEGEEN, RSBBRAE, BEEATRAERLS T BRSNS

.7k A GoPro 5 DIV2K iX 2 N4 48 4 dE AT 55 3, A (E A4S )L ( PSNR ) e 25 #y AR LM ( SSIM )

N EIIFM AR AR B B ARAYZ WL RAF M B R 0 5 R AE, A RRERLT I A S H CNN &

#%%#]l%}ii%*%%m#ﬁf’“, P i1z kb (PSNR) 48 A D % £ a2, RaaFRMLE L R%,
& W xR B AR B, &R BIFINAEE5MNX, SAAGEALEML, LPFEAERFHE

WAL A R, H PSNR {ﬁi‘a SSIM A#RA Z4Fe9 R A, & FTHREREM, P F ik h gk

B ey S AT M A E B S P A, FRFT RAFOMERAR, AR IEMARELA - AH

M E

KER: M, REFT; REBRLTT

hESES: TS801.3 XEARIRAE: A XEHS: 1001-3563(2020)15-0245-08

DOI: 10.19554/j.cnki.1001-3563.2020.15.037

Image Deblurring Method Based on Deep Reinforcement Learning

WANG Xiao-hongl, ZENG Jingl, MA Xiang—caiz, LIU Fang1

(1.University of Shanghai for Science and Technology, Shanghai 200093, China;
2.Shanghai Publishing and Printing College, Shanghai 200093, China)

ABSTRACT: The paper aims to propose an image deblurring method based on deep reinforcement learning to effectively
remove multiple image blurs and improve image quality. GoPro and DIV2K datasets were used for experiments. The peak
signal-to-noise ratio (PSNR) and structural similarity index (SSIM) were used as objective evaluation indicators. The
high-dimensional feature of fuzzy image was obtained by convolutional neural network. The deblurring framework was
established by deep reinforcement learning combined with a variety of CNN deblurring tools. The peak signal-to-noise
ratio (PSNR) was used as the training reward evaluation function to select the optimal restoration strategy and gradually
restore the fuzzy image. Through training and testing, compared with the existing mainstream algorithm, the method pre-
sented in this paper had a better subjective visual effect; and the PSNR value and SSIM value had better performance. The
experimental results show that the method in this paper can effectively solve the problem of Gaussian blur and mo-
tion blur of image, and obtain good visual effects. It has certain reference value in image deblurring.
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Fig.2 Reinforcement learning framework
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Fig.4 Commonly-used digital image processing dataset
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Tab.4 Average PSNR and SSIM values of blurred and restored images in common-used datasets
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Fig.5 Visual contrast effect of Gaussian fuzzy parameter o=>5
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