http: /www. jsjkx. com

4 A A 2
O tﬁlm sa;tg? DOI: 10. 11896/jsikx. 191100195

B T it BP 122 W 48 B9 bR & P 41 B 48 B iR 5l B 0%

g E F 0 FES O KBmE  =/)H
ERMEAFEPEF THEFAR TS F K 400065
ERTEARFERFERAIARHFRF L FIK 400065
(786304648@ qq. com)

H E NEHMBRTHRRAMASQHEL @I FRTOMN . TAFBE AT A B IEA 5k R %R R EF 7545,
ot Rl RART RRBGE P @R AE LRI DG EMEF R R E A TREBPAZERMALH RN T A, &
S B ETI N BP AV 2 W k3T W &AL A0 A B AT A, iR D A A2 P MA R D BABFBIAF F M, &5 BP AV 2 W
BAPRAHE R R AR TR E TR ERRMEEHETHEF FA20E, e WM& M, RS BPAZERMLF ]
B, 5AMBPAHZERMEML, Bt F Ex O meegin A EAELS NG T 6.9% 8 9.5%, AR B H 4 3 4542 T 19. 3s A=
42.1s;5 CNNRA kb it kst @ mMmeagm A B ER BT 1.7% ;5 SVM =3 Lk Aak, it ok ab 4 & e ed
RAVEREIANRZT 12.9% 2 12. 7%, Bt Fh B EBRNEREAN . AAFTERARZOEAE R R E LAL
G fif e AR A

KBFERRAH R @ mie ;4 ik ;BP A ZE WM& ;3 B4 T Kk

hEESEE TP391.41,TP183

Recognition Algorithm of Red and White Cells in Urine Based on Improved BP Neural Network
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Abstract Analyzing the components of urine in the microscopic image such as red and white blood cells can help doctors evaluate
patients with kidney and urinary diseases. According to the characteristics such as low contrast,fuzzy edge of red and white cells
in the non-stained and unlabeled urine image,a recognition method based on improved BP neural network was proposed in this pa-
per. Firstly, the method combines genetic algorithm with BP neural network to optimize the weights and thresholds,to solve the
problems of local extremum in the training process and improve the recognition accuracy of the BP neural network. Secondly, it
uses the method of momentum gradient descent to eliminate the oscillation of network in gradient descent,to accelerate the con-
vergence of the network and improve the learning rate of BP neural network. Compared with basic BP neural network, the im-
proved algorithm improves the recognition rate of red and white blood cells by 6. 9% and 9. 5% ,and the recognition speed has in-
creased by 19.3s and 42. 1 s. Compared with the CNN recognition algorithm, the improved algorithm improves the recognition
rate of white blood cells by 1. 7%. Compared with the SVM recognition algorithm, the improved algorithm improves the recogni-
tion rate of red and white blood cells by 12. 9% and 12. 7%. The results of verification test and control test show that the im-
proved method can realize the recognition of red and white cells with higher accuracy and faster recognition speed.

Keywords Urine formed element,Red and white cells,Genetic algorithm.,BP neural network,Gradient descent with momentum
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Table 3 Recognition rate of red and white blood cells based on SVM
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