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B, HERIESZET . 9l ReLU G2 . B AL
V2 B o7 ¥t Ak )2 A DAL T 1k 4R R B RS
ResLab )l ResNet £l DeepLab [ 2% Ay JLAili 2845, DA
ity 28] g (1) 5 SO LRk A s PR B R 04T A 3l AT
T A 2 Nugent PF43, M40 DY 7025 500 248 1R 4 B
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1 TENHEIZE S ERMmE ML

1.1 FENHEBIZ

19594, Ledley % ' B YOK HU A ALz HI
i g2 Wi b, JF B AR T IS AL B a2 W
(computer-aided diagnosis, CAD) HIMEE . TTEEHL
8 B2 Wr B AR S A B2 22 S AR A Tl R
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THAMLEOR B m AR, 2N T I6 R 52
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12, S TENRRAE T AR TR A fE S EH .
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S, BRI R R . K (R G AR X
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1.2 HRBEMLE

BRI 2 28 2 — AT N TP ZE s, B
TEBEICA TR G o —, Rt AT U K]
B BRMAMS AT N AN: BRE .
2 &R MERE Pk gk, s
2B REX A AT B, BB o A ]
AN R L1 ST K 0 S A = 18 e s S B3 el
SHAE, WO G SERE S SRS
B AR, DT REECE AR R T 2R
G WO PRECE B AR G R I 2 P RE W
UL #) A sigmoid. softmax, & i £ 1k M T
(rectified linear units, ReLU) . fii2k pRECH T 1Ak
P2 IPERE, JE B AR sRE—ER . LA
g Mg SE e, w HBEPLEREE T
% (stochastic gradient descent, SGD) . Adagrad.
Adam FFRALTEIE P

20124F, Krizhevsky 55 " FHIVR B 2% 2] Bk 52
IREMGFRAE F ZhH2 0, $2H AlexNet %5, L5
Ji 22 2 77 v R MR 43 25K T 55 77 7% . Simonyan Fl
Zisserman ""* F HIHE S /N A5 BUZ S JURAZ B[] 1)
WP REE, 2T VGG M 4% . Szegedy %5 '
WIS BT LS RN, TEORFR NS 5 AN
FATHE T, EmMEMIEEM R, #ihT
GoogLeNet. {H [ 3 W 458 Bk TR, W28 1 Y11 2R
TSR BR PRI, MR 8 20 T I8 B AR RN 2R B L 2015
A, He 55 7B 5% 22 I 4% ResNet 5| A TR 2% 2] 40
B, U T MR, TR N 22 2P
$]152 2 . DeepLab fifi %5 1 & A4 KR B, il
M 2 .25 8] & “F 35 h fb (astrous spatial pyramid
pooling, ASPP) $ZHRZEREFE .

A0 ResNet 119 5% 22 9 2% F11 DeepLab [} ASPP
BERARZE G, T T B A 2 B S 1 o i iz
Wr, FEFETHZE R BRI e R 2 REE R,
HERRAS R HL MG T A TR R IR AR S RE T

2 EFREZFIWHEMESHKERGE
ZhiS W B ResLabi& it 5521
A SCER X B B A A R R R A,
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VGG Wi AR, $2i ResLab AT Nugent 1
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e GRS TE B8 ) T R BLSE 1 1 o £ A5 7R AH
L, ResLab A ELA T i (1) FUI AR i 252 .
2.1 ResLabiEEIEAHZ24

ResLab #2128 44) ] ResNet, DeepLab Sk JLfiff

convl

4~ ——7 : Convolutional layer (kernel size: nxn)+
X
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Fig.1 Network structure of ResLab—0

M A EMZ 3] pool2 JZ K8 —B 4 (Part 1),
W =2 H-EEERZE, e MRS R7=71)
R, MHGERT . ZERABGRKNN
224x224x314 %, Harth R 64 4~ 112x112 FIFFE A
R T ARAE G A B e 1 - B AR I A A X
WKW 2x2, ARSI, IR e &
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5 R R AL S S s U2 R A ReLU
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56x56 MYFRFAE I . )2 R - RGE h 3%3 il B 4%
WES KN 2x2, MHGER, HOERRHER
PEAR R, D MEBAISEL.

pool2 JZ2 5 pool6 JZ2 Z [1] 2 55 —#R 4 (Part 2) ,
I 43 M B W A8 8 200 ) R 128 RN 256 Y4

¥, T45%5 1 (Substructure 1) HHPUE AL . 55—
EAFEWA 3, B0 3R 128133 45
Bz, R R2x2, XHGIHT; 5640 SR~
1281~ Ix1 R, ARY OIS, M e %
M SRF 38 B DX 2 3R A . IS0 S o AR R 128 4 28
28 MFRIEIE . S )2 B INZE, P SRR
FI T EE LT S, 56 =2 N ERZ, H 128
ARG R 33 BRI . SHIUE & mZE, #
BRI A RS SR A R il A
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Table 1 Network parameters of ResLab—-0

Network Structure

Note

Part 1

Part 2 Substructure 1
Substructure 2

Part 3

convl
activation
pool2

conv2

add2
conv3
add3

conv4

add4
convs
add5
pool6

fully connected

64 kernels, size 7x7, stride 2x2

ReLU function

Size 3x3, stride 2x2

Branch 1: 128 kernels, size 3x3, stride 2x2
Branch 2: 128 kernels, size 1x1, stride 1x1
Add the output of the two branches in conv2
128 kernel, size 3x3, stride 2x2

Add the output of add2 to the output of conv3
Branch 1: 256 kernels, size 3x3, stride 2x2
Branch 2: 256 kernels, size 1x1, stride 1x1
Add the output of two branches in conv4

256 kernels, size 3x3, stride 2x2

Add the output of add4 to the output of conv5
Size 7x7, stride 2x2

3 kernels, size 1x1

2.2 ResLabi&EEMEL L

ResLab-0 A SCHE HH A FERE 284, AR AEIL
LRl ARG AT 4 B ZIEATGAL, DASDI R A

PRI B %

1Y/ W=~ E: )| S P QR U R € I
ST AR LIS 28 28, e e A A AR A

convl

conv

f,, nxni, ] : Convolutional layer (kernel size: nxn)+
Batch normalization layer+

ReLU layer

nxn

fififa B RO BT /N . REERE TR i 2 i hn 1 1
A BN 512 ) F-45#9 3 (Substructure 3), it
Jii B M 45 25k fiv 44 A ResLab-L1,  [RFEA 0] LL4kEE
OB B BN 1 024 [T 4548 . 2ot I %) ) 4% 25 44
T4 4 ResLab-L2 (LALZEHE) , HEMPIZ% 24K .

4-6
7-10

ﬁ : Pooling layer (filter size: nxn) ’@' : Feature map addition

add

Fig.2 Network structure of ResLab—-L1

On the basis of ResLab-0, a substructure with 512 channels is added, which deepens the number of network layers.
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THERIEAZ R, AT DS E R E S, R EEIE
7R BB M IO B AR IE AR XS 6L B W58 — R o
A3 33 B R R R 2 B N 3x3 45
TR, 03 KUz B[] of ok A 2 8 Rt il (1A
3) . e 8 I 45 5 kb i 44 24 ResLab-RF.

AT % 3. /b ReLU #15)Z . DeepLab H4it
EAMELZ S 1Y ReLU 75 )2 5 B FUZ /5 19 ReLU
WG ZRORE S, IR ResLab H ir A B2 5
() ReLU ST )2 £ B, AUIR Bt dn ik 2 5 1)

ReLU ¥4 2 . B0t 5 B X 28 25 44 4y 4% “M ResLab-
ReLU.

AT 4. BRMAE B b= .
ResLab-0 2 =431 pool6 HF-34 3 Ak )2 B ek Fie
Kfb)=, [ Eds RoT AR ANAE , fhenT DLk
Gt X YR, AT e e
#4525 ¥) 4y 24 4 ResLab-MaxPool.

ASCHEH DL 4 Fh 5 2 X) ResLab-0 1 74104L
FFAESE I IO UERR 190 2 DL A T S A il o i, 4R
T4 T ZEX e AR R A B 3 ) 5

convl
pool2
conv2
conv3
Nugent
conv4 g
1x1 convs pool6 0-3
vl ‘ L 3x3 3 46
add2 | 3x3 add3, [Pommeoeoipro oo add4 adds, 1x1 7-10
33 /
3/ A/ / / Vs
373 / / /
{ Euﬁtr_ucgre_ 1 LIZ_8 ilainis)_y / Substructure 2 (256 channels) >/ / /
o i ’ /
Part 2
<___P§ti>e _____________ a_rt _______________ > 4___Pait3__)/

conv

Batch normalization layer+ xn
ReLU layer y

: Convolutional layer (kernel size: nxn)+ {< : Pooling layer (filter size: nxn) ﬂ- : Feature map addition

add

Fig. 3 Network structure of ResLab—RF

On the basis of ResLab-0, the receptive field is increased by stacking the convolution kernel.

3 KIRIIE

31 HIRESIRIRE

ASCH T IR ik A 5 = H BB
HEfR) 3 374 5K ARG A BRAR 2, AFK4R &35 &
I BRI LA RO N 1 95 B2 K 45 SR Nugent 43
(El4) .

TERCE AL BRERYY , B SR B A e Hh e
PRGOS SR B B RO/ N
RERL 224x22418 3%, SRS H BTG N T A AR 2R 0k
FPE, XSTEURE T, SRR O E
BRI 10y Ll sEA TR0 5, X R A5 1 25
AL . FE MG INZRER T, R 2 %£0.001
() Adadelta " AE LAk as, IFHI 28 SURGH6 2% oRi

BT EAEAY)I12%, batch-size 1B H 64.
32 LWHERSHW
3.2.1 ResLabfiRI[1 Nugents3 % Fiiil]

AR Je Xt ResLab-0 LA K% FH 45 7 k)5
i ResLab #5% % 2 F Nugent 438 P 5256, 520G 2%
RAREHE TR R (B5) IREHFENH
AEFRMZE S A, AR RO AR TITIN A 45 5, H:
HORRIRER B R B R 1 22 57 S IRIE RS rh
JETR I EE AT T X Lkn, ARG R B Tl
HER R

a. ResLab-0 A9 7 I K5 i % . X} T ResLab-0 f5
B, 0~3 XA A FNRS 5 26 0 61%, 4~6 IX[A] i 13
K B 2R 83%,  7~10 [X [ 4 T IOKG B A A
17%, BERTTIPRT IG5 64% (&1 5a) .
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Flora situation:

Flora density: +++
Flora diversity: +++
Dominant bacteria: ~ G-b(s)

Pathogen: Trichomonas infection: not found

Fungal infection: hyphae: )
spore: (-)
blastospore: (=)

Nugent Score: 8

AV score: 4

Milk Bar rating: I

WBC/oil-immersion objective: >10

Micro-ecological analysis: BV (+) AV (+)

Functional assay:

Hydrogen dioxide: positive (+)

Leukocyte esterase: weak positive (+)
Neuraminidase: negative (-)
B-glucuronidase:

Acetyl glucosaminidase:

negative (-)
negative (-)

Fig. 4 An example of gynecological examination pathological report

=

b. S 28 506 TR B 44 A B2 . ResLab-
L1 7E ResLab-0 By A 30—~ 512 8 18 14544 ,
BT 2% 2B — 2, R4 SR 4 5b s
0~3 DX [i] A RE A TRUORG Aff 383K 51 93%, B 4% 24K
RIEINEHEETE T 324 E 7355 4~6 X R TG 4 23
R 52%; T~10 DX [ MRS A 38 0%, ARERAEAITC

79%.

ResLab-L2 7F ResLab-0 A9 JEAifi T P34 fiin— A4~
1 024 IE ) F450, RIMZERIMPE, i
I 8 SR s . 0~3 X JR] R A T 00 A Al R 3k 2]
92%; 4~6 IX.[H] ) FIUIUDRS 6 2% K 48%; 7~10 [X 1] 15
TOKE B % R 33%; 48 R T8I0 RS B % h 80%

a5 > BNZ X A B BURUARRAE . BRI R (Kl 5e) .
(a) ResLab-0 (b) ResLab-L1 (c) ResLab-1.2
0.8
0.7 0-3 0.8 0.8
0.6 06
0.6 E
z > 3 3
< < <
2 04 g 04 2 0.4
& 03 & &
0.2
7-10 0.2 0.33 0.33 0.2
0.1
0 0 0
0-3 4-6 7-10 0-3 4-6 7-10 0-3 4-6 7-10
Predicted label Predicted label Predicted label
(d) ResLab-RF (e) ResLab-ReLLU (65 ResLab-MaxPool
0.7
0.8 0.8
0.6
_ 0.6 0.6 _ 0.5
L L L
| 5 s 04
° 04 2 04 2
g & & 03
0.2 0.2 0.2
0.1
, - 0 0
0-3 4-6 7-10 0-3 4-6 7-10 0-3 4-6 7-10
Predicted label Predicted label Predicted label
Fig. 5 Confusion matrix of each optimization method
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LK R EE NN 3 )2, BT AR O 45 SRR
TEO~3 X [H], FEARFIRE 0% R 46%.

PRI, 2B AR i — 2 s JZ B ] LIAT
AP R B (1) TR A A %

c. 1 IR AZ Y X6 TR 1 5% (1) 5% 1) . ResLab-
RE B 28505 853533 1Y) 3x3 AR R 4k
F2AEINE) 3x3 B, MR B 0~31X
TE) F10 00 K5 6 26k 92% 5 4~6 IX [i] T3 00 4 g 2% Hy
45%; 7~10 DX [8]) i TS R 0 25% 5 B& AR TR
N 79% (K 5d) .

d. W /D RelLU J#4 16 )2 X 00 KS #2452 i)
ResLab-ReLU ¥ % — 45 2 J5 1) ReLU J 16 )2 25
L, PR E RS, AL R R s 0~3 X [H] Tl
RSB R N 94%; 4~6 X [B] THIRG B 50 43%; 7~
10 [X. [F1] Fi T30 K5 8 56 g 42% ;- A T 005 1% 3%l
80% ([&l5e) .

e. TR AR 23T 2t Ak 2 X TS B 2% 11
521 . ResLab-MaxPool K F i Kt Ak 2 4L L 77 1)
FRAEE R 11 R AEIE, IREs R R Hp, o~
3 X[ T 6 2R A 75%; 4~6 DX [0) F5UI0RS 5 2R A
64%; 7~10 DX [a] F IR B 255 8% & A4 il I K iffy
FRHT0% (F5f) .

322 JHALSCE

2225 T X} ResLab BB HES 2H A FH 4 Fh A
T Zn, AR b AT T S 56 0 A
Hp, H—1rRE—MHIA S FENIIE T %, &
— 47 B 3 45 5 o ResLab-0 1 I kG A %, E]
64.06%, 5—FCRIGINMLZE, 5 RN
2548, L1 R8I —A- @8 500 512 1 745
M, L2 FRRTE L1 3R A3 in— @ E ol 1 024
(T 254 . Je 145 50 B A Ak T SR MK R 3 R Iz
Bf | J/b ReLU BTG 2 (ReLU) . R KMALIZ
WO fk )2 (MaxPool), 45 78 A% FH 6 W AT
irge, N7 FoRRRX A% .

201 %, AHELTF ResLab-0, ASSCHEH YT
B AL T SR RE R WA Y () TR 2% T T 4%
A LA 7 2 R M RE MU B — EA T 0B -

SPFRACTTZE . B ZE, LAY BRS
W e, L2 ARG AR L LG . LD 48 o ) 2%
EARE PR IR A G iR R o 2e ke, B
) £ 5o TR 2 48 R I 25 I e, S 35 ) 4% g LA 40
G, PR B 3R BT A

XFFRACTTEE 2. BRI, RERVHUINRS
R AR 55 26 J2 B DG . NI T o 26 J2

Table 2 Accuracy of each optimization method

Layer Receptive field ReLU MaxPool  Accuracy/%
64.06
N 80.94
N 7031
J N 76.88
N 79.69
N J 80.00
N N 74.06
N J N 77.50
L1 80.94
L1 J 81.25
L1 N 74.06
L1 N N 76.56
L1 N 75.63
L1 ¥ N 82.19
L1 N N 74.06
L1 N N N 77.50
L2 80.63
L2 N 80.94
L2 N 72.81
L2 J N 80.00
L2 N 73.44
L2 N J 78.13
L2 N N 73.13
L2 N J N 74.38

HRA LIRS, 38 A7 1Y BR A8 B2 il U A B
R, R L2 AR B ARk 23 . i A1 2 o) 45 Je
ZWPHE R 5 FAN R RT DT HC, DT 8 A5 78 )
FaHfA, (H3 KBSz BP s AR R A 2 i, TR
FH L2 AL AR B 2 X AL, TR Az B D)
ToINRG B 28 S M RIS

SFFARAL T %3 Wb ReLU 3475 2 REAS 4 T
SRARER A R AR L T U AT ReLU 30 )2
BEAR T 28RS 4=, NI BRI A i 42
155 W REAIE .

XA % 4. AR L2557 it ik
=, SSHEEFR TR RN R RE—2 R T
HTAE SR, b2 EAR BRI DT R
(RGP Z 85 2 RS RfE B Re 1, I
o RO R TR

IRV RL IR P ZE SRR, A SO R AR Y
THINPRS B %6 82.19%, %A L2 7F ResLab-0 [1)
Bl L, BEM—A~ S12 88 FL5 LA 45 250, i
2B INAY 3x3 B AU LA K AZ B, k2> ReLU



2021; 48 (1D

BiEXR, F: BETREFINRERESHREERRENSE

+1355-

T PR
3.2.3 ResLabf%i7y 55 MR )X} LY

AR BE L 3 Fofr s TR A TR A A Sl ) BE 4
BT, I 5 Uk ResLab 45 5 Fi I K i R 47
XFEL . BEEU) 3 FP LA R G AL -

a. VGG. ILSVRC2014 b 3¢ ([E fr A AL A0
W EUGIRBITESE) R EE 4, B 1640k
B2, Hih BAERZM3AEERZ, Rk
5, TEAS B A EUS Bz by

b. GoogLeNet. ILSVRC2014 .34 2515 H 45—
%, KM T Inception v1Z5#, FIHAFRI R /NER
AR IEUR A R R EE R E DR R RS, s 2 1&
1T AY AL .

c. ResNet. ILSVRC2015 #8325 H 45— 4% ,
TE VGG [ 5Ll F A PREEGE 38 Uik 22 [ 2% . A<
SCHAA SR ResNet-v2-152.

fifi 13 3 Tl LR ASE U X6 AR S FH Y 3 374 5K
g B PG AT T . 45 R WK, VGG AE R
79.38%, GoogLeNet f i %% k1 74.69%, ResNet f
W2 75.63%, A SCUTHE H ) ResLab A5 B K i
. 4 82.19%, AHX} GoogLeNet, ResNet fll VGG
YR T 7.5, 6.56 281 NE A (£3) .

Table 3 Accuracies of baseline systems

Network Accuracy/%
VGG [ 79.38
GoogLeNet '] 74.69
ResNet H7] 75.63
ResLab 82.19

3.2.4  HAbAEbRA IRSLEG

TERARAR T Id g il T HAB RS DU FE R,
FEOLSTR . TR . ECpE B . L RS bR e
BT, KT . BRI A
b 3ok % S 9 Tk L2 A S e T 45 5 . X
PPRFEAR, B AR I G-b(s) F1 G+b (L) Xl 43,
X P H0 8 5 7000 Nugent PE43, K2 75 5210
KA . [) BHGT FLTRJER L () 3001 1R 22 (hyphae) .
fiiF (spore). ZA: i+ (blastospore) 4334 i
FIPE (=) FIBEME (+) K150, X5 P20 4 i
Il Nugent P43+ .

MK AT, XN, ResLab A AILE L 2
FIMERAT I (G-b(s) ) Xf b FAHa4E b Fiiws o 3
FEAC 121 A 20, 7R 22 BIPERAF I (G+b (L))
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Automatic Diagnosis of Vaginal Microecological Pathological Images Based on
Deep Learning”

YAO Ze-Huan", CHEN Wei"”, LI Chen", YANG Hao-Yi", HE Yu-Lin", TAN Yu-Song", LI Fei®"
("College of Computer, National University of Defense Technology, Changsha 410073, China;
DComputer Network Information Center, Chinese Academy of Sciences, Beijing 100850, China)

Abstract Vaginal microflora pathological image is an important basis for the diagnosis of bacterial vaginosis,
but analysis of the images manually takes a lot of time and effort, leading to low diagnosis efficiency, so new
methods of automatic pathological image diagnosis need to be sought. In this paper, we proposed a model,
ResLab, to diagnose vaginal microflora pathological image automatically. It took the pathological reports of
gynecological examination as training set, and used deep learning technology to perform end-to-end analysis on
the pathological images. The ResLab model predicted Nugent score to assist doctors in grading diagnosis. We
optimized the ResLab in multiple ways to improve the prediction accuracy, by increasing the number of layers to
extract deeper features, stacking two small convolution kernels to increase the receptive field, removing ReLU
layers to reduce complexity, and replacing average pooling layer with max pooling layer to extract the most
salient feature. It was proven that each optimization plan can significantly improve the perfomance of the model.
The prediction accuracy of the ResLab model reached 82.19%, which outperformed VGG, GoogLeNet, ResNet.
The ResLab model can provide doctors with relatively accurate reference results, thereby improving diagnosis

efficiency and reducing diagnostic error.
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