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Abstract: To resolve the issue of blurring image of dashboard pointer of an instrument caused by camera focal length,

the paper proposes an image deblurring method based on an improved DeblurGAN algorithm. Because the input and output

sizes of original network are only 256x256, the resolution of restored image is low and the repair effect is poor. The study

adjusts the network to change the sizes of input and output to 512x512, and generates datasets of pointer instruments. The

experimental results show that the quality of the repaired image has been greatly improved.
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Fig.1 The architecture of GAN
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Fig.2 The generator architecture
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Fig.3 The discriminator architecture
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4 SLIG4r47( Experimental analysis)
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Tab.1 Evaluation indicators

T H #F% PSNR SSIM
pheia) 27.3 0.815
pleids 30.2 0.961
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Fig.5 Testing results (blurred images—Ileft, restored
images—middle, marked sharp images—right)
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