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Research on infrared image deblurring based on blur operator

ZHANG Jin-hang' ,SUN Li-hui' ,JJANG Jun-qiang”
(1. Hebei University of Economics and Trade, College of Information Technology , Shijiazhuang 050061 , China;
2. Department of Mechanical Engineering,Xi’an University of Science and Technology,Xi’an 710054, China)

Abstract : Aiming at the image motion blur caused by lens jitter, target movement and other factors,an infrared image
deblurring algorithm based on fuzzy operator is proposed in this paper. The deep self-coding network is used to encode
the fuzzy operator in the dataset,the encoded fuzzy operator is used to approximate unknown fuzzy operator and search
for the corresponding clear image , thusthe infrared image deblurring in the real scene is realized , which makes up for
the deficiencies of the existing image deblurring model based on deep learning in the cross-domain application of the
motion blurred image in the real scene. The experimental results on infrared blurred images show that compared with
other deblurring algorithms , the proposed deblurring algorithm achieves higher performance,and the recovered images
have clear edges and local details, significantly improving the clarity of infrared images.
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Tab. 1 Algorithm flow of deblurring
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Fig. 1 Synthetic fuzzy model structure
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Tab. 2 Model parameters for the autoencoder network

Gt a oy
28 R P RE 3N
Conv 64 x 256 x256 1
Conv 64 x 128 x 128 2
Conv 64 x 64 x 64 2
ResBlock10 64 x 64 x 64 1
Conv 64 x32 x32 2
Conv 128 x 16 x 16 2
Conv 256 x 8 x8 2
Conv 512 x4 x4 2
Conv 512 x2 x2 2
R R 5
JZ8 FRAE P RS S
Conv 512 x4 x4 2
Conv 256 x 88 x 2
Conv 128 x 16 x 16 2
Conv 64 x 32 x32 2
Conv 64 x 64 x 64 2
ResBlock10 64 x 64 x 64 1
Conv 64 x 64 x 64 1
Conv 256 x 128 x 128 1
Conv 64 x 256 x256 1
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Tab. 3Model parameters for the extractor

2% FHERI R Eas
Conv 64 x512 x512 1
Conv 64 x256 x256 2
Conv 64 x 128 x 128 2
Cony 64 x 128 x 128 1
Cony 128 x 64 x 64 2
Cony 256 x32 x32 2
Conv 512 x16 x16 2
Conv 512 x8 x8 2
Conv 512 x4 x4 2
ResBlock4 512 x2 x2 1
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Tab. 4 Training results

By 4E PSNR/dB SSIM
GOPRO 28.03 0.9224
R 27.43 0.9193
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Fig. 3 The effect of synthetic blurred images

4.3.2 b BB EEM
ASCAE A LU BB R A AT BRI L



WOt 5 44 Nool 2023

SRERATSE AR TR TR LLAME R BRI 135

S8 5% DeepDeblur’ | SRN-Deblur'®’ | Deblur-
GANV2™ =l I 1 25 O 5 05 5 AR O3k b A7
XFEE, Sl T B 20 R BB A 2 DN 2R Y i
JEAEMR AR B 5 ORI ROR , BT A SR R
AR I R A A FUI AR A, D7 48 B 18 A0 52 5
SCRE IR 5 fME 4 Proxk . DeepDeblur 4hB 2 j5
AOROR) G ™ A T A8, fF TR AR B R .
SRN-Deblur 4b P 2 5 () ROR] 5 B AR W M 2 A T
BRAETE B2 R R 4015 A B T M. DeblurGANv2
Ab P25 ARSI T 5 A T RS R SR B
HLBE . ASCFEA P Z 5 A EIRAS 2] TIEM T
PSR, T8 MR A 5 B, BHR = B
P ey TERLDE b B 4 1 T VR, AR T T 4L
OB P 5% 1 T AT 8 O ELIBCAS T v T A O vk Y
PSNR HI SSIM 1 BESEH7 o

£S5 AR EEHFNERE

Tab. 5 Evaluation index value of infrared

image deblurring

Bk PSNR/dB SSIM
DeepDeblur 17.52 0. 6594
SRN-Deblur 28.18 0.8771

DeblurGANv2 23.06 0. 8213
AW 30.98 0.9105
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Fig. 4 Deblurring effect of infrared image
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