0 'H‘ :ﬁ‘ *fh ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 200100099

AR ERES REERTR

T & 8 F ETmHE LBHE =/HE  XIKE
ifiﬁﬂﬂmk#i%%%lﬂ%ﬁﬁ*w % K 400065
FERMERAFERTEALFEFEHZAIEHFRE RN FK 400065

(wangw(@ cqupt. edu. cn)

H E LFRHEIARCARAZEZHARAAGESL . BHAERN TEERAY T, BES5 /EH £ 16 R LB RF AL
B . 2F RN amBRI M AASETO@RAREFT A S, £, LT . a0RARAETY aF @ si A%
HH;EOZR, A TO@RB AT EMG PR, LPZRXIARBSHEFTESFE R #HATRA,AXB GG MR ERE
FMred B 6, PrIt i 6h g Bk A IUA AR AT F M % 69 AR o #E & 55 ik (Super-Resolution Generative Adversarial Network, SRGAN)
A sl bR 5l N B R £ % £ 3 (Residual-in-Residual Dense Block, RRDB) sk sk it W & 2 #) , 3T RA AR 7K £ 3 P et
FHEACE BT R, AR R e, BB A FI R B R BRAATT A, RRAEREY . ZF X (SRGAN+H) 5 3 446
WEABAFRTEINRI AR T EZHNL, ERGOAFOHRN AR THI@FTEFT ARMALEZHGEL, 5 SR-
GAN 77 ixAa ¥, B 3t 3 ok A2 %% {8 12 % b (Peak Signal-to-noise Ratio, PSNR) #= £ #4844 & (Structural SIMilarity, SSIM) £ 4~ 51
A 1.008dB A= 1.07 %8R & .

XEWR.OmBBAR RS HR ARTRAL  HERKLF LS

RERSES TP391

Study on Super-resolution Image Reconstruction of Leukocytes
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Abstract In recent years,computer vision has become the focus of research in various disciplines and has been gradually applied
to numerous scientific research scenarios. Medical workers often use blood cell image analysis systems to automatically count and
classify white blood cell images when performing blood routine tests in the clinic. Among them, the white blood cell image quality
affects the counting classification effect of the blood cell analysis system. This paper focuses on the problem of blurred details of
white blood cell images under the microscope and attempts to introduce a super-resolution method to solve the problem. This
method introduces a Residual-in-Residual Dense Block (RRDB) based on the Super-Resolution Generative Adversarial Network
(SRGAN) to improve the network structure and remove the batch normalization layer in the standard residual block. The net-
work performance is improved and the loss function of the discriminator is improved. Experimental results show that,compared
with 3 interpolation methods and 4 learning-based super-resolution methods,the proposed method(SRGAN-+) improves the reso-
lution while obtaining images with richer textures and more realistic visuals. Compared with the SRGAN method, the proposed al-
gorithm has a 1. 008 dB improvement in peak signal-to-noise ratio (PSNR) and 1. 07% improvement in Structural SIMilarity
(SSIM).

Keywords Ieukocyte image,Super-resolution, Generative adversarial network, Residual-in-Residual dense block
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