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Identification and localization of glomerulus in renal pathological sections based on cascade region-
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[ Abstract] Objective To develop an artificial intelligence (AI) system that could automatically identify the
glomerulus on the renal pathological section images based on cascade region-convolutional neural network (cascade R-CNN)
algorithm, and to help pathologists to calculate the number of glomerulus and identify glomerulus. Methods Renal pathological
sections from patients undergoing renal biopsy in the Second Hospital of Shanxi Medical University and People’s Hospital
Affiliated to Shanxi Medical University from 2017 to 2019 were collected. Totally, 1 180 periodic acid-silver metheramine (PASM)
stained section images of similar quality were included after eliminating the blurred and poor quality ones. The digital scanned
images were obtained by high-resolution whole slide image (WSI), and the image data were transmitted and stored to the cloud
through the remote pathology system. A training set (940 images) and a test set (240 images) were created by cascade R-CNN.
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The training set was used to train Al to identify the glomerulus, and the test set was used to test and evaluate the precision

and recall rate of cascade R-CNN algorithm to identify the glomerulus. The pathological sections of the test set were read by

3 pathologists who had worked for at least 3 years, and the precision and time for the pathologists to identify the glomerulus

were calculated. Results The identification time of each glomerular region imnage was (0.20+0.02) s using the deep learning

model trained by cascade R-CNN network. The precision and recall rate were 93.90% and 98.00%, respectively, and the F1

value was 95.91%. The time for the 3 pathologists to identify each glomerular region image was (3.57£0.05), (4.57+0.07), and
(3.9840.02) s, and the precision was 88.08%, 89.69%, and 89.98%, respectively, with no significant difference (all P>>0.05).
The precision of the cascade R-CNN algorithm was significantly higher than those of the 3 pathologists (89.25%) (= —5.607,
P=0.009). Conclusion cascade R-CNN algorithm can quickly and effectively identify glomerulus through high-resolution

WSI, and it can help pathologists improving the diagnosis efficiency of renal diseases.

[ Key words ] kidney diseases; pathology; deep learning; convolutional neural network; kidney glomerulus; image recognition

18 M B I ( chronic kidney disease, CKD ) &
G AN AR I E WA 22 20w B/ NEROR A B
AR BAMAE R, 1R B TS, T2
AT UG 12 20 EHG T8 S AR T 5T
RG] FEUE NERUE A PRS2, 1 g e
PEATIE B DhReI g, M kT oiaeEE " . CKD
S F B SRR T/ N R K B[R] B 2T 4
6, DTG PR - F S T A7 B /R A B A Ak
RELVRTT 5 /N R B AR 1O S0E 2 13 e 1k i 7 CKD
SRR o B RS 2 W T2 222 40 AT,
S PR I T3 o Wb s o oo B 1) kB, 9% ) Haw
2R, EPREERE T C K, T AERRTT
Z% . TR B A B TR R M BUR R A

NTEfE CAL) 785 a2 14 o ] 32 2R
TERAE AR | g | EARAE
A A R i 2 2] B A 22 [ 2% ( convolutional
neural network, CNN ) # 5| A B JJE 21 41555 3 %,
18 1 4 57 ) e (whole slide image, WSI )
PAFBCTFAC MR, TR FE 2 2] FORTE 4 A WSI 3]
Rt CngSFaRm ) w R B 5 )
gEpg ' X ek SRRSO 2 ST TE VA B A
A MR Ao v A2 24 A A B2 5 4 T PR R A
XIFRUEHIE A6 BE ) 1) EL 7l (rectangular histogram
of oriented gradient, r-HOG ) ¢fiE [a] & 2tk 5 %) 43
Bk ] B R ( segmental histogram of oriented
gradient, s-HOG ) A6 illl i B AH XS &2 2%, Jor A6 i) 39
R /N BORS B 2 R 132035310 R 87.4% . 89.7%,
FAEH4 0.866 * . CNNHRIAERS M IEH . H5MEAL
FITHE AR B AR B /INER PG AR DX 43 B /INEK 1 MRS
B 3k F] (92.6742.02) %, Kappa{H } 0.868 1+
0.039 2", Bukowy 25" JF % T H1 2 FbLEEE

[ Acad J Sec Mil Med Univ, 2021, 42(4): 445-450]

I RAFH I B NERGE i, THT A SRR
JET R v i /K B — [ B A T X CNN
AR B /N R R, 5 B Bog CNN R
20N “B/NER” B R o REFAZE B IERY
S AR B B 23 51N 96.94% F1 80.2%, -4 44 1] 5
531K 96.79% Fl 81.67%.

B ZINBR 0 BT 2 B I I A 2 S DA Y EE D
PRZ—o AWFTEE S R A58 B 0 7 2okl
Ay ENE A SUR A FAY WSTE/NER, (HRUR R,
WA o] s ARG T MERE, B RS U R YRy i
A L A WS G W T R
BR, (H 5515 ) B/ NER A B 4 FRBRHG
FE AT 09 SR PR DX 8 A AR Bl 28 ) 2% ( faster
region-convolutional neural network, faster R-CNN )
I 7 A U B /NER S o S AR A AR L 2 Ak, (2

CRENTAEORNIE®R” B3 FURE 445 BH P ) 8 AN fE
ffTR, HHTERST CNN X/ NER AR I 45 2R 2 251
5, Ttk B R R Te B A, BBk Y
ANTRRETE Y05 2 S PR A I 45 SR I 1
o ARHIEGEER AL T — o A A D O 6L /N
EUG R T A, ZJrkaetad . Ao B shas i/
Bk, AR T A ], Ly 7 e R
TV EIRIZWTRCE

1 #RFTTE

L1 ArRxr & A5 R sy a s, @l vy
YR NS NS e N WA s S N o3 e P
e HRZE B2 s b, e 2014—2019 4RI PG BEERLR
P TR BRI VY R E R R A REERE 2 870 17
A7 B 28 0 R R BB S AR (periodic acid-silver
metheramine, PASM ) 40| iR K (periodic



F4 W oA ST A B 28 8 SR TR B AL U ER D) e rhod B/ NER I U 5 (57 o 447 -

acid-Schiff, PAS) %t {4, . H-E 4% {4 FI Masson 4%
o 4 Fh gL B IR BRI . I USCAE SB e TR
5 IgA B . PR . BRI A
FOREPEE R . T EE ST R . A R
ilie s Sase ol

12 &I FIRHELE 15 KF-PRO-005-EX 5
FLT A AL CF A BEARA R
A B EY) R, BB PR R 025 22K /14
&, IFLLKFB % G i B R g AL i 21 = v I
TBAE, KBS R/N R 25 000 8% X35 000 14
R, AE 8~ IMUEE S AR T HEERY SVS
#3, PASM Jeta s Hofth 3 Yt 77 2UnT LA I ks
B /INERDN B /N[ B 25 e 4l A v DO ok, oA
5T H PASM Qe ta ]l o BIBREBORIANTE | YL i)
2 1 GRS, TR 2 s TE] A 2017 —2019 4F
3 AF PR B Gt 48 5T i A TG B 22 S5 09 BLDD R

‘qhmhmm-

AR AR LY
v (400

1%, A58 1 180 5K PASM YL (o |84, 1 Frf ke
ARBEHLRI 3 AL 940 sk R ZREFI AL 4G 240
Tk MG IR A

FERUK 400 £i5 0.25 2K /R R EUE T RAEL
K 200 1% 0.5 mm/ R R ER . FHXTECR Y R )
X IEHEATYIE], R ESRERLE R 400 15 F B
T RS, B HLURIIY R KGR T £
AR, SR EMR AR/ A 2 000 122 X2 000 12
%, LUEA LM IR . i B EGHS H
2 AL EE R R IR R bR A IE
13 DEEHE., ZER XFWSIShEHH T
FAEIE S A MK E S . Bk RFRIE A (patch )
2 000 {82 K X2 000 15 & 40 % 600 152 % X600 14
FIGVE RIS . BNk A R R an i 1
iy

LS S —— N
VAR NAN W AR
il WU LY. L)

JRTE NER X B (40 %)

TE400 X JEORAEEC R f ] Labellmg T HLARVE 1B /N R
1 BNEREIREHETTE

Faster R-CNN il ¢ 1k X 3 & T2 fit 28 W 4%

( cascade region-convolutional neural network,
cascade R-CNN ) 45 4 B 1F W& 21 0 45 — B Bt
ST B /INER I i 18 DX B B T M 4% (HO ) i
WAL R, W TR R E . SR B Btk AT
iz & 1R 5] [X 3, (region of interest, ROI ) K5 i 1
T4 (H1) , &5 250%0 (¢) R R
WATRCI FAE (b) o o IS AU R 5L T4 — B Bt
) i tB AT I S, % A R B S50 v B ( bounding
boxes, bbox ) MFRZEFAE HATAE S 43501 % H 28 JF

It (intersection over union, 10U ) {H & 0.5, 0.6,
0.7, N2k 2 T RAF BN K MEMFE AR AR ; S T RS

Yt Hb R B AU 25 #, BB PR ETT 1000 R ER X
1 000 8 R U% 1 JTk. Cascade R-CNN JZ& 4L
[ bbox [A11H, Fif— A5 A Y (7] )9 45 21 ) bbox A&
PRAI G AT — AR A A 9 bbox, RFUGEACS i
FHER AT R s e A A8 A . R Al /i — B B
B 1] =1 S S BAY, BRARHE KRG BIAL A1, A
AR ab A

ARSI ] cascade R-CNN W Z& I 25450, 7
Linux 45 #% 38 ] 4 4~ NVIDIA Tesla k80 GPU il
H, >k H Python 3.6.4 15 5 Fll openslide T. H.f1, &
T TensorFlow HEZE S cascade R-CNN 815, Frfy
YIRFEA ] ERHESARTE H AR 523 1 B 7Nk



o 448 WK 2021454 H 5B 424
] . [~ ’ i ! B

B2 2 MEEERMEEEEEE
A U DA R 22 R 25 5 B - I DI R 22 R 2% T PR R A 5 conv e 481 s pool : IKISURFIEAR B HO~H3 - & B Brfrk ik
DX U T 265 5 0~ 3+ 73200885 b0~ b3 1A FAERY IRl 455

14 MgEIRA A & TR B P M R AL T
B TE ARSI 30 ) B /NER BB KA Y . E IR
b, GERIRERRRE . A R LTS Y ORS
T 52 T A RS I 281 P R A g T RS B R AR T
AP, THEAS: KE=TP/ (TP+FP) ,
o TP 3R IEAEAS (B /NER ) S0 1 5 7 4~ 4,
FP SRR s o I IEREA I SREAR AN B, A 1] 2
JITAG RSN 280 P TR AR o5 A IO L E B A 2 g
ARG, A HEE=TP/ (TP+FN) ,
Horh FN R o A reA (AR /K ) By IEARE
ARAEL, F1AE SR 0 B A3 S i g8 A qE, o
B FIE=2X (HEZFE X KE) / (FH
RAMEHEE) .

1.5 HaEsm I E IR A MK IRAE (240 KA
1) 435 3 4 TAEZE/D 3 4R B e BRI )
B, PRI labellmg Fi3EARIC . THIA 3 24 HLEE il
U B ZINEK A 1 2 AT T

1.6 %3t a3® 3 SPSS 22.0 B i vkt
PEATHE T2 A, TR PR U X+ R, B
Uil 5 P25 PR B/ INBRORE A B LG BRI ST AR AS ¢ K
B, 3 249 RIS TR0 B 5K UGB /N DX S8l g i i)
FEBCR T 22007 . THECRERLABRE IR . Kok
W (a) H0.05,

2 &% B

2.1 ‘oA IR 940 sk IEMR, EEVIHIS
F] 5 344 5K 3 000 {522 X3 000 15 2% 14 B /NBR X da§
EUR, 42 112 B /IR FHAE B s BRI ARE
AR 1 240 7K BIR E S D)HEITS 3 1 274 5K 3 000
183 X3 000 143 M E /IR IXCBEIE

2.2 cascade R-CNN.| faster R-CNN H ik }b4  cascade
R-CNN 533538 23 2k AN [F] ) IOU BB I 2k, LA
Tt faster R-CNN FYPERE; SCHREE Hi LT faster R-CNN
S ALV IR Y) o B N BRI BIRE AR . A
R OF1H 2 515k 8] 97.7%., 92.9%. 95.2% ' &%
93.9%. 91.8%. 92.8% '*'; TAMFSEiE T cascade
R-CNN FR BRI U B /N ERRS Bf  . 4 1R | F1
{8 43 5 35 %1 93.90%. 98.00%. 95.91%. R ] %
T faster R-CNN P B /NBR 9 0 B2 R FH 396
NG 0 0 B AR PR B, A5 BT SRS o i
o 94.37%, s A G AN B R 25 0 1 s
ARE SR R, cascade R-CNN W 45311 25 5¢ hL 1Y
TR 24 ) AU A% Tkl e R IR 290 1 s,
cascade R-CNN JZ7F faster R-CNN Ay HEmt 2 BE T
JUASASTR] TOU [ (ARG I 99 2 fry . 366 T IR 2% 2
(1 ARG I o . SRR I SE A UL, R SR BORE A
2%, WRIEARLILER, R4 cascade R-CNN i1
T ZHIBH, (DRI E 5 B e 0
23 CNN#EA 5 5% 28 & JF 4 B 2 R ab ik 3 44
o AL I U 03] A RIS /DN Bk X3 ] 4 S Sy
(3.5740.05) s, (4.57£0.07) s, (3.98£0.02) s,
Z R TG X (P>0.05) . 3 % %5 P EE i
P /N BRI RS 0 B2 23 01 O 88.08% . 89.69%
89.98%, 2% R I8 4 it E X (P>0.05) .
cascade R-CNN 535X 15 /INER U A5 EZ B /N
BRIXIRIHA] A (0.2040.02) s, KEHIEE A 93.90%,
T 3 BIRHEEIB IR (89.25% ) , =5
HYsit#E L (1=—5.607, P=0.009) .

2.4 cascade R-CNN | 2 2 & &4 Jr = 4 ml 76 ]
iR MR cascade R-CNN Y| Zr % U 15 3] 45 5 4n



F4 W oA ST A B 28 8 SR TR B AL U ER D) e rhod B/ NER I U 5 (57 * 449 -

Bl 3. 4 FR, DSAbR B /INER AT BE 23 4 3 = Uil
Wiz (B 4A) 5 B /NERN B0 10 A8 4548 7] gefili
WoRAHE, MR EE /M (K4B) 5 B
ANERBEAL S ER N S50 0, 1T g B0 3 I i s b
PRTE (I 4C. 4D) o [HXS T & 4A~4C RE /R,
cascade R-CNN Bk i) IR I e 7 o R
HHEERMLEE (E5) WoR, #id cascade R-CNN
L A B S AR R E A TR A P s

@ ‘r'

B4 REXBERBEMNEZERZLNIRE RS NRREREEER (400X)

- |

R 4 o g !‘*S;
B3 ZREXXiE SR E MK E iR S /NEk
NERSREEER (400X)

.= ke
. { e b
> - - A
’ |
J P . \ _ra
A - < -
N\ > - - ' ST

A AZALRE /N B - ST T /R 5 C - AR BEAE 1 /NBR (3 AN )3 D AR EEALTE B /NBR OB /N BRI A A e 2

W AR ).
1.0
0.8 ‘
" 0.6 -
=
Hr
< 04t
02
0 1 1 1 1
0.2 0.4 0.6 0.8 1.0
A%
B 5 ZEXIEERMENEEEINBERES
BEIZEMEE
3 9T 8

B /NBR O B B 75 B2 B i AR TP R A Y
FERARAL, A A I B B /N AR
TR WT R SERIPRTT o TEABEST R IR /K e
W /NBR A RS A2 57 0 /N BRO A  B B 2 B T
ARG TSR EL 4N ERE R A O W,
BRI R B/ NRA GV AIE S 20 . B/
B (ORERE) | QeOARSERDL, B/NRI S
JoPE o o B R DA TR A I kR 5 A A R 1k
o B/NERTE G2 E G W R, A AT
FrF il e/ MR NERAR I (HBRE ) KB
ANERI SR SRV /NE R NS BKA FLZ AL, 15t
AR P A AR A B A 405 D7 A AR s ) A B

HUS ARSI SR T W BOME AR, A AR
T AT RE AR S B BN R R, A e sk
ST 55 TEOMN B /INEK P o BRI 25 0 LAl
48 i AT H AR A TAE L HE B bR or2s. [0l
. cascade R-CNN & F 2 [ (B 6 T -5 I 45 1) 2
WRZE L), DI Y +2 BRI AR Pl /D B R HES . 4 D
AR G T 7 2O B BA P 1Y) 3 SHE TE B ik
PEPEDY . B Y RGE HE43 [ faster R-CNN, J5—
H43 H X 3k A= B ) 4% (region proposal network,
RPN ) , RPI4 I A f i o e i 5C R Al — &
AT REAATE B /Nl B AR 4E, TOU 24 0.5 i}
IEFEARSE B9, (RUFBIRIA S G, D fREE
WERAEE . FEHBME R 0.5 WX TFE 10U BEAL B
B IERCR W, Y E E 5 (1 TIOU Fh B = (R
(4 [T U R A T8 TE T KK o7 A U 1 o s
7 1 A DR A B B T VR AT AR A T L AR
SEHR F cascade R-CNN ARHY RORG A 3 . 44 [B1 %43
B3k F] 93.90% . 98.00%, F11H N 95.91%. {H 1%
HER S, FEARSE T cascade R-CNN {45 115
S A [R5 T HAWFSE 8 AT faster R-CNN X
ANERTUII IR 45 5B (F EIRE/NT 93% ) 110,
NS T TH, A RPRE S, R ESISH
BEHIWTR IS AE O — 2GR . A RIS B
JE 2 AR R AR, AERRE IR 1A 1
A, ARSI A [l 3k B TR RUR, ks



. 450 -

W TR 2021 4E4 LA 424

IiIRIZ I8 T SECRD, RS A Bt 2 AR AT A

3 2L PR 3 1o S TR RS BT /N A
FEOERA O B AR A, (HLER B /INBR L4 /N Bk
MEUR— DB R . ARSI R 4 A
AR S TAEAERR 22 /0 3 4F A0 B 2= U (5 Unl 45
AT HAS, 45 R IIRARLLE  E /NER I RE I T
S HLEE M, I SR Ab B skl R B s 1] 248
1's, /K81 T iz H cascade R-CNN W58 1T 1 R AICR,
UL ] cascade 5 HTE I/ INEROZ AT AT HAAR0T) -

Je S8 TAE SR X B Nk AR R k47 [ Bl
T, B B e 1 R T 5 A A DA S ] B0
P CH B B NER, R I R o AR R oy
X, PREAWAEAEME . TR FERAE L BB
SECRSE A k38 A RRAE, DA SEI— ok J 4 1 s
JINERI KB TR LA W A8 (VR FE 22 ST Rk, el
Bl PR Ui o AT ) 7 A5 B e 12 W

[& % X ]

[1] HELAL I, FICK-BROSNAHAN G M, REED-
GITOMER B, SCHRIER R W. Glomerular
hyperfiltration: definitions, mechanisms and clinical
implications[J]. Nat Rev Nephrol, 2012, 8: 293-300.

[2] MUNOZ-FELIX J M, OUJO B, LOPEZ-NOVOA
J M. The role of endoglin in kidney fibrosis[J/OL].
Expert Rev Mol Med, 2014, 16: e18. DOI: 10.1017/
erm.2014.20.

[3] COY H, HSIEH K, WU W, NAGARAJAN M B,
YOUNG J R, DOUEK M L, et al. Deep learning and
radiomics: the utility of Google TensorFlow ™ Inception
in classifying clear cell renal cell carcinoma and
oncocytoma on Multiphasic CT[J]. Abdom Radiol (NY),
2019, 44: 2009-2020.

[4] BLACK K M, LAW H, ALDOUKHI A, DENG J,
GHANI K R. Deep learning computer vision algorithm
for detecting kidney stone composition[J]. BJU Int,
2020, 125: 920-924.

[5] KONGYC, YUTW. A graph-embedded deep
feedforward network for disease outcome classification
and feature selection using gene expression data[J].
Bioinformatics, 2018, 34: 3727-3737.

[6] VITSIOS D, PETROVSKI S. Mantis-ml: disease-
agnostic gene prioritization from high-throughput
genomic screens by stochastic semi-supervised learning
[J]. Am J Hum Genet, 2020, 106: 659-678.

[7]  HERMSEN M, DE BEL T, DEN BOER M,
STEENBERGEN EJ, KERS J, FLORQUIN 8§, et al.
Deep learning-based histopathologic assessment of
kidney tissue[J]. ] Am Soc Nephrol, 2019, 30: 1968-
1979.

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

KATO T, RELATOR R, NGOUV H, HIROHASHI Y,
TAKAKI O, KAKIMOTO T, et al. Segmental HOG:
new descriptor for Glomerulus detection in kidney
microscopy image[J/OL]. BMC Bioinformatics, 2015,
16:316. DOI: 10.1186/s12859-015-0739-1.
KANNAN S, MORGAN L A, LIANG B, CHEUNG M
G, LIN C Q, MUN D, et al. Segmentation of glomeruli
within trichrome images using deep learning[J]. Kidney
Int Rep, 2019, 4: 955-962.
BUKOWY J D, DAYTON A, CLOUTIER D, MANIS
A D, STARUSCHENKO A, LOMBARD J H, et al.
Region-based convolutional neural nets for localization
of glomeruli in trichrome-stained whole kidney sections
[J]. T Am Soc Nephrol, 2018, 29: 2081-2088.
GADERMAYR M, ESCHWEILER D, JEEVANESAN
A, KLINKHAMMER B M, BOOR P, MERHOF D.
Segmenting renal whole slide images virtually without
training data[J]. Comput Biol Med, 2017, 90: 88-97.
KOTYK T, DEY N, ASHOUR A S, BALAS-TIMAR D,
CHAKRABORTY S, ASHOUR A S, et al. Measurement
of glomerulus diameter and Bowman’s space width
of renal albino rats[J]. Comput Methods Programs
Biomed, 2016, 126: 143-153.
CAIZ, VASCONCELOS N. Cascade R-CNN: high quality
object detection and instance segmentation[J]. IEEE Trans
Pattern Anal Mach Intell, 2021, 43: 1483-1498. .
MAHMOOD T, ARSALAN M, OWAIS M, LEE M
B, PARK K R. Artificial intelligence-based mitosis
detection in breast cancer histopathology images using
faster R-CNN and deep CNNs[J/OL]. J Clin Med, 2020,
9:749. DOI: 10.3390/jcm9030749.
Wz, SKR2GHR, ZERAT, IR SR, X =, A
$&T Faster R-CNN LI A 19 B /N R BN T BB
WU R e A 5 R AT [0 ] I PR W R 2 A
2020,20:189-193.
LIU R, WANG L, HE J, CHEN W. Towards staining
independent segmentation of glomerulus from
histopathological images of kidney[J/OL]. bioRxiv,
2019. DOLI: http://dx.doi.org/10.1101/821181.
KAWAZOE Y, SHIMAMOTO K, YAMAGUCHI R,
SHINTANI-DOMOTO Y, UOZAKI H, FUKAYAMA
M, et al. Faster R-CNN-based glomerular detection
in multistained human whole slide images[J/OL]. J
Imaging, 2018, 4: 91. DOI: 10.3390/jimaging4070091.
MAREE R, DALLONGEVILLE S, OLIVO-MARIN
J C, MEAS-YEDID V. An approach for detection of
glomeruli in multisite digital pathology[ C]//2016 IEEE
13" International Symposium on Biomedical Imaging
(ISBI). Prague, Czech Republic, 2016: 1033-1036.
SINGH B, DAVIS L S. An analysis of scale
invariance in object detection—SNIP [J/JOL]. 2017:
arXiv:1711.08189v2 [ 2020-07-30 1. https://arxiv.org/
pdfi1711.08189.pdf.

[Ax4iE] I



