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Generation method of the COVID-19 CT image
based on improved pix2pixHD model

GAO Zhijun, JI Yuanming, SHI Ermei

(School of Computer and Information Engineering, Heilongjiang University of Science and Technology, Harbin 150022, China)

[ Abstract] At present, COVID- 19 virus is pandemic all over the world. Lung CT images have become one of the important
auxiliary tools for doctors to accurately diagnose and follow up the treatment of COVID-19 patients. However, it is difficult to
obtain a good deep learning model for accurate screening and diagnosis of lung CT images due to the small number of published
patient data sets and difficult data acquisition. We propose a depth network image generation model based on pix2pixHD to improve
the generation quality of COVID-19 CT images. By adding spade residual block in the process of upsampling the model and adding
1/ 8 scale discriminator to the multi—scale discriminator of the model, the improved pix2pixhd model can generate CT images of
COVID-19 patients with clearer lesion boundaries. We performed experimental comparisons with existing models on open datasets.
The peak signal-to—noise ratio was 12.46. The structural similarity was 0.327. The Fr'echet Inception Distance ( FID) is 57.4. The
experimental results show that this model has the advantages of higher generation quality, better generation details and faster
convergence than the existing models.
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Fig. 1 Overall framework of the improved pix2pixHD
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Fig. 2 Generator framework of the improved pix2pixHD
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Fig. 4 Multi—scale discriminator framework of the improved pix2pixHD
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Tab. 1 Comparison of image evaluation indexes of each model

Method PSNR( 1) SSIM( 1) MIoU( 1) Accu( 1) FID( 1)
cycleGAN 9.27 0.214 12.58 57.69 289.7
pix2pix 11.04 0.257 30.16 70.62 227.6
styleGAN 9.14 0.302 - - 214.2
pix2pixHD 11.41 0.296 29.48 74.22 107.3

ATy ik 12.46 0.327 31.79 77.68 57.4
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Fig. 5 Experimental results of the improved pix2pixHD method and other comparative methods
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Fig. 8 Iterative comparison diagram of FID of each model
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Fig. 9 Detail analysis diagram of the generated image
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Tab. 2 Comparison table of improvement experiment

Method PSNR( 1) SSIM( 1) FID( |) MiloU( 1) Accu( 1)
pix2pixHD 11.41 0.296 107.3 29.48 74.22
pix2pixHD+SPADE block 12.34 0.316 87.3 29.89 74.68
pix2pixHD+1/8 scale discriminator 11.38 0.298 70.8 31.23 77.17
A7k 12.46 0.327 57.4 31.79 77.68
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Fig. 10 Iterative comparison diagram of the peak signal —to—noise
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