W36 2 o ] B2 2 A A Vol. 37 No.2
20204 2 H Chinese Journal of Medical Physics February 2020 _ 195 -
DOI:10.3969/j.issn.1005-202X.2020.02.012 E 518432

Rz PR B 5 =) ) 28 SEER B /N BT R B i 2 B 1B X 7B

BAEE L EE L KEL, AEA,BE,BESS

1 7 ERF R A B2 TARRABE, ) AR )M 5105155 2. i EERMR S b S ge U BE =, |4 1M 5105155 3. ) R BRI 4

MRS, )4 )N 510500

[FE] B kiR i e s W R wmie B SRR A R dm e 3 B AR AE M), L0 A K RIS B SRk e b & B35 47 2
—. AP RS LB A B TR HE B A R R Fe ] B A B 0 ARG SR B AR, AR K 6 R B BT R AR B . v TR
FRIEAT B A A P AR AR LE A B e i ELAR JE 4 RARAR, A G0 4B Bk ¥ R Ae At 3 P T A SR ) S e R BN it
0%, o B H B ALMEIARIE, A LI B IE TIRE 5 3] W% DeepLab-v3 & B 2RIE B B 3035 L2 5ok, B A =R 5
BY KT 325 BAR 0 AR 5 5, Bl i 2 R 2 1) & F AL R RAT £ ROE 6 BARAS & 4 B e i e 3
AR AR5 B BE -8 h ok SF ) AR Bl BT 09 5 B R . R Bt xR AR AT IR R AT T3 5 B A A B

0.776, 5% B A1 BURAB ST AT a9 AR

[ 28218 'R .5 3 ;DeepLab; K kit i ; A2 w22 B 4% 5 15 Lo 2]

[ E 422 R36;TP391.5

[ Ef#RERG]A

(32242 11005-202X(2020)02-0195-10

Semantic segmentation of ultrastructural pathological images of glomerular filtration membrane

using deep learning network
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Abstract: The glomerular filtration membrane contains 3 layers of ultrastructures, namely endothelial cells, glomerular basement
membrane and podocytes. The morphological change of glomerular filtration membrane is one of the important indicators for the
diagnosis of glomerular diseases. The accurate semantic segmentation of filtration membrane helps pathologists identify and
determine the subtle pathological changes in filtration membrane so as to provide reference in the related pathological diagnosis.
Due to the complicated structure and low gray-scale resolution of the ultrastructural pathology image of glomerular filtration
membrane, the traditional segmentation algorithms can only segment the basement membrane with the simplest morphology, and
it is difficult to guarantee the segmentation accuracy. Herein an automatic semantic segmentation algorithm based on deep learning
network DeepLab-v3 for glomerular filtration membrane is proposed. Atrous convolution is used to expand field-of-views and
control the feature resolution of the image; and then multi-scale image information is obtained through atrous spatial pyramid
pooling; and finally, the 3 components of glomerular filtration membrane are simultaneously segmented, and all can achieve a
favorable segmentation effect. Through the experimental exploration on important parameters, the average segmentation accuracy
can reach 0.776, and a relatively good model at present is obtained in the study.

Keywords: deep learning; DeepLab; glomerular filtration membrane; ultrastructural pathological image; semantic segmentation

=
[

[Wr#s BH#A]12019-09-21

(EE&TE MR- R0 H P2 BF ) )T 8k % 100 (2016040-
20144) 5§ 75 b= BF K 2 K 2= 2R AR A ok U1 25 5 H
(201812121012)

[¥E& & /v 1AL P, E-mail: 1538099790@qq.com

[BEMEENDZEE S TREIN, BF5E 7 I < BT e OH B AH ™= T
K K R, E-mail: fqe8888@126.com

15 P ' I ( Chronic Kidney Disease, CKD ) J& J&,
i A e gt B 1% FE o, AN R R HLIR YT 9
fren s UNARRENE X CKD 8 #E47 S it | 1E 5 A
PRI K AT B T8 2 W IR T 7 28 B S R
Ji F W, % 9 K F8 T AT 2 BT AR )



- 196 - H ] e

AR 374

Ko B2 RS R 2 T B R 1Y A, TR
Tl W62 HOGHHL - e 3 REBR A i i
frig W, Horb, & 40 M 7 W 5l B8 (Transmission
Electron Microscopy, TEM ) £ £ 4 5 B 2252, SR,
T i oy PR F B R A T A T MR Y /s
B U B2 W AT & — ROMERE , 58 FL i R 7E T '8/ ek
R 5 R X 7 P PR U3 5 4%, R DG 1 i 72 e
B L U 5 0 W 20 e ) e L AR A TR X 47
an, FE L PR UEE B B /INER SRS L PN B2 A0 A A
i S FLZE D 2T 40 M 0l 5 R L DR s 4 22 o 4 it
Y ZVZE L), K B (] 4 5 TR IR XL 2 ot 52 2% 1 o 3L [
GOt AT AR B 5, e L 5 T RE R s ] |
o R IR 57 TARE T R BUR GR . W SR AR N A
BLECAR , il B 205 G0 5 /N SR R Tl 235 ) 4 47 07 A
1) A Shtric , X F RIS WofE R 32 Sz Wi fine
R S S 1

T it
B 1 FRMABEH TS N3k TEM B M iE S ELE

Fig.1 Transmission electron microscopy images of glomerulus and

filtration membrane structures at different magnifications
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Tab.3 Dice coefficients at different atrous rates
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0.655 112956 0.871 865 722 0.744 663 766

Multi-grid ~ ASPP
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