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Abstract

Cervical Intraepithelial Neoplasia (CIN) is a precancerous stage of invasive cervical cancer. In order
to improve the efficiency and accuracy of diagnosis, this study used deep learning technology to
classify colposcopy images into three categories. In this paper, a classification diagnosis model
Swin-Conv Squeeze-and-Excitation Network (SC-SENet) combining Swin Transformer and Convolu-
tional neural Network (CNN) is built. The model includes the Swin Transformer branch and the con-
volution branch combined with the channel attention mechanism, which are combined in parallel
to extract the global features and local features of the image respectively. The two features are com-
bined to realize the feature recognition of the lesion area information to improve the diagnostic
accuracy. In this study, clinically collected colposcopy images were used as the original data set, and
the overall accuracy of SC-SENet model in CIN three-classification diagnosis task was 90.81%. The
experimental results show that the SC-SENet model proposed in this study can effectively diagnose
the lesion grade of cervical intraepithelial neoplasia.
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1. 5]

B30I [ Py 98 A% (Cervical Intraepithelial Neoplasia, CIN) & & #5095 4% & J& 1) B 2R R B, R AR AN TR
B B S B T AR MR AR L A e AR R R 1 e AR I A1 [1], B2 IR YT CIN B A B
BERRIR 2], MR R, BRAKES T LIRS CINL. CIN2 & CIN3 =F%54%, CIN1 thFRkA
R BR LR N AZ (LSIL), CIN2/3 BN s g itk b Je ] A8 (HSIL) [3]. BHIEBEAS A R IR V2 B
AT CIN Wi F Bz —, BRITa] s b 52 EUE AT AL PPl [2] . SR, DRI B T8 B LR R s =i
BN, HEZ RN AR IO B SR DA R AR BRI R I, W R IR T
BENR BN 206 SH K, MAEAEROR B BRI E ML [4]. B, JE T B MG AT S5 M R i 2
IR RLHET CIN A2 W L, A B T m B e ) TAERCR, iz Wiiuemiv:, NIk RM FH#2
BEFLIB KR [5]-[8]-

HAT, COF %46 H BB EUGOR I SRR FE 2 S MR, LLsesl CIN ISR BhiZ2 Wi[9]-[15],
{HERXT CIN FORFFCEE R+ LSIL Fl HSIL #4322 7. Tao Zhang &53E Il 25 255 S e AR X 4%
DenseNet, % F T #% 2 S BARRTK B ImageNet AT Kaggle ffI AN T ZRA8 R AT 1 W0H, LLE 7554 CIN2
K CIN2+ 943 25kpitE, iK% T 73.08%HIAERIZ[9]. Miyagi %5 F) 1] 310 44 &34 X BH & 53 FUG et 17—
A 11 EHPERM A AR, 2R LSIL AT HSIL+) 2 S5 2% 82.3% [10]. Saini S K 254# fi] NCI
ANSERAREE TR, 58 T P A7 ColpoNet, K84 5E 5 CINL JH5—32%, CIN2+JHA
—, BAYHERRZIA ] 81.35% [11]. Lu Liu S&Khk = 4 M 2% (ResNet) S IRFFIE LS S — Nk &
B, LT WA RS —MRRAE SACEN IR b B N AL Bl 5 P2 B (LSIL+) Z [al 428, DA S
MR - R AR (HSIL) 5 HSIL+Z [ 15325, #ERR2 7351 9 88.6%F1 80.7% [12]. = Z i A2 [ Bt
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PG B 5 i A7 M 7R 0™ B L B 2 AN SB) i 5 1) R [16] [17], A FH v DAL P e £ IO % f D, s R i HL
CIN &N 9 L REAE R 0

N T RS WIHER AR A IORE RS 8, AR TR E S R 7 —FiEH T CIN =43
W 48 45578 Swin-Conv Squeeze-and-Excitation Network (SC-SENet). #iRRH] T % R EER LR & 1) )7
%, 4 Swin Transformer 43 3¢ 57 A IBIEE R NI E RN L 73 386, 7456 4R 5 R RHiE,
I FLAEFH Focal loss 47 2k bR 4545 S i LA DS AN P R Y I 0045 55 1) . S 25 52 B,  SC-SENet
BERLAE BB 8 EUZ 1) CIN =23 2T 55 U T R AT IR I
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Figure 1. SC-SENet model architecture and module details
[ 1. SC-SENet 128 B R %24 R AR R TS

SC-SENet #7Y f) - 44244 3 % i1 Swin-CNN Blcok(a). =45 #JAHLLK Swin-CNN Blcok(b). 413
Witk 2. AR LK Softmax JEH AL Hir Swin-CNN Block MR (A% 00884y, s AN BRI 2 R
FERFAE SIS Ril& AR, AN [F] Swin-CNN Block 45 F4 6 — & (4015 22 57, iR 4544 ks FL R 43 Block(a)
55 Block(b). ZAEHCR A T4 3 IEBA T, 5 Swin Transformer 75 % 42 R RFE SR B 4> N4,
P ARG T BRI LS B 2 2% H T GRS RRE SR, AN SRS LIZ T
FAMA T AT RS, BERENS S AF (o0 B SRR I B AR AR AT A B4R I, BN 2 SR UERA 2, 1L RER)
BRI S HIE N, R E R . B £ > Swin-CNN Block BHATHFESEE 2 5, BG4y
TEPE S BOE N AT IMAG)E o 120 ANRHE BT 42 R PS50 AR, B BN RRAE BT 00 2 A 48 P 1 4
N [P E A R — A K AR R i, A R b T S EAT R R E . SRR
Z ) B BN R 2R 0 2 6], A AR A AR HE SR BB A RRAE AR 7 Rk Sk, JF2E 2] &R E R &,
B R KB T, B, Sk E i g RS\ ZE Softmax )=, Softmax i< H
A MR, FonBE 2B TR EZE . SC-SENet B 1) FLAAZE 44 &2 Swin-CNN Block (40515 &,
wkE 1R,

2.1. Swin-CNN Block(a)

£ Swin-CNN Block(a) ', Swin Transformer 4332 HH—™ Patch il 73 2 — AN EPE RN Z LA AN Swin
Transformer Block #4/%[18]. Patch %52 BUANE 1 Patch /N G 43 ) e 18] 52 KN, it 2k 14
N E N X S H AR S 4 5 e, Wi A& . Swin Transformer Block JU#E4T B4 45 AR AE TR AL, K
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& %

T RahdE ORI B R T, $em TR TR . 7ER— X% Swin Transformer Block 1, F& 714
— AR ERE LN 5L RFIEAL )2 MLP 248, 43 B 1 223k B 0L (Windows Multi-Head Self-
Attention, W-MSA) 5 {7 # & 11 £ 3k [ 1 & 7181 (Shifted Windows Multi-Head Self-Attention, SW-MSA)4H
Fo PERPASE () B I A e g, BT L Swin Transformer Block %R R85, 45kyanl& 2 fr
7o W-MSA & —Fsin 1 & FHLHI 2 Sk BiE I, G Zus it H &, % e it T BiE R It
HEF, ¥ OB AR patch #E—0 X0 A2 ANE O, ERANE DT BER TR, JR> TR
A E SRR SRR, WE MSA 5 W-MSA 28 EIFHE AR HNARQ)EAREQ). K h
w ACERAFA pateh MRE S, CAURIEE, MALE W-MSA HifE b0k, o RESEHE.
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Figure 2. Diagram of two consecutive Swin Trans-
former Block structures
& 2. BANELARY Swin Transformer Block £5#3[E

5(MSA) = 4hwC? +2(hw)’ C [N

§(W —MSA) = 4hwC? +2(M )* hwC @)

K W-MSA fHrt, WASERANE O NS TEERHE, @05 % 10 28R T E Bgis
B, 7 W-MSA JG 700 SW-MSA AT DUFE Pz AN 1a] 8, SW-MSA R i & 178 R 1 3 kT mag,
I HHFHA A E DT ERb S, nf LASZEUAE S W-MSA ASE & NS S A2 B .

& - -

X Conv 3x3 Conv 3x3 2 Conv 3x3 g Conv 3x3
%‘;“l’él’: — W — 64 — 128 — &— 25 — - 512 —»

% BN Relu BN Relu & BN Relu &  BNRelu

Figure 3. The specific network structure of CNN
3. CNN B9 B AL L5#

LR L — MBI N4 (CNN) LK — AN F B e EE R0 1 x 1 (B, CNN 3 2K
R BRI SR BT 55, I 25 A PR VR 1 A R ) CIN G rb 20 A1 (IR N RE 7o CNIN AL 24N S 4.
f, 45 7 x 7 KIZEHE . fit)3—4L )2 (Batch Normalization, BN). RelLU & k%, & Ktk 2 (Max
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Pooling). ¥&)Z 3 x 3 241 Dropout 245, BRI LER AN 3 fon. fERFERRBGEFEA, # KL
B 7 x 7 KIZGRUZ TS RHERREL, i@ BN 2R ReLU B of Bk 47 St Ar e AL RN R 2R 1
e, WG, RGO E R 2 RS HEAT T oREE,  DURZRRHER RN REE F B E . BTk
24 3x3 HFUZ BN JZ5 ReLU Bud sk, THEECEIRZ R R IBEFIE, #—DIsafi 2%y CIN
SRR R DX IR T A B RE 1. HEEAER A BRUZ S, 91\ Dropout JZ ARG 7 i 4E o6 A 1hid
A, PREEBEIZAGEE /1[19] [20]. HRAEFRELZ G i 1 x 1 BRI T4E B i 0, (ER GRS SO
HOIBTEHS oAb SRR — 3, T RERR A G . &, BB EMNASE, CNN 3B REE:
fIEF Transformer 73 3¢ 14 JRy REAEAR AR A, 3850 7S84 (R RRIE R IA e

2.2. Swin-CNN Block(b)

Globe
AvgPooling FCl & 'Relu’ O E D Output
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4

Figure 4. The structure of Squeeze-and-Excitation

E 4. BEEENEIEREEHK

7£ Swin-CNN Block(b) ft) == 84>, Swin Transformer Block A % 5, R4 H A= AN E, 70K Swin-
CNN Block 4> 4 Block(b1). (b2)F1(b3). 7£ Swin Transformer Block RF{EFEE 2 B, {fH T Patch &4
P, BT ERM L AL)Z, B AN RHE BUR AT T RFEERAE, S RHIE B e F 5 22
W, WIESEIG . B S, 5 Swin-CNN Block(a)H AH [F] (0 3 AR A Sk AT 45 A0 3R L, %35
TR SRR AN 1 B IE R B JIHLH Squeeze-and-Excitation(SE) [21]. SE 32 % iy R 45 A BRI I &5 /0 2Rk, B
IREERIINE 4 FToR . 500 K/ H x W x C SN RIIE BT 25 B RFIE R 45, SCEl A Faaibit, 13
Bl—N1x1xCHmE. FHAXNQKBENEER Hx W MEEREES AN AL, N H. W, C o

AR BRI K SE JomE R, Z 2 IBIE A JRRHE, Ron TIEIE ¢ BRCPIRIEE.
X (]) ®

i1 j=1

Z, =

55 BT EORAE, B AERE FCL K FCo 0t 4HJR I 1 Z HEATIHERAES: 2], 19508
TERUTRAE S AR ) BB FRoR A REIE KR E S, T @A R, 152 A 838 R IR
B, ERETIROREF 1 x 1 x Co A AR@)KHL LR RIE, ) 0 5 o SAfCRIIA S 2 6 AT I
5% ReLU 5 Sigmoid.

S =0(FC,5(FC,2)) Q)

SR 31 U RS i R B BLIIE E BB AR, 3 B BT BB VE R ) U RAE IR
HIRMIR AN H < W x C.

2.3. MgREEMA

TEM 28I SR R, {3 7 A S5 2k B Bl (Focal Loss) [22], FH SR ARt BUHE 2 418 1R 28 S A P46 o) 5
i H Ak PR BUEE S SR 2% bR 8 (Cross-entropy Loss) [23] 38 F, 38 h0 7 5 X7 PABRAR 5 20 5 REAS 1)
B, AT R 22 M Sy A e PRI ERE A, AT M R AE ZRBI AP 15 50 T I fRE . Focal Loss [3EA A
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AV a B IA R AR G)FTA K ().
FL(p)=-(1-p,) -log(p,) )
FL(pt)z—at (1_ pt)y-log(pt) (6)
b p, AR B ARERIMER y ZEAR T, AT S 0RPERNE, Ly=01, £ELaH%
BRBOR NS IR R R o, A2 — AN T IE GREA B R T, 38 T AL B 2 RIS P15 R 15 0
FEZAEM T, R o, =025, y=20.
SRR P — AN RS [24). AT B GRN S BRL, A5 T RS R S R R
W&, &Lk 0 epoch, I RBESHAT IREERRBER, TUHARTER.

E=
Lr=Lrxp (7
o Lr AYHTH I3, B RN T, RIRRNB B 2 2] 232 g 1 L9 s epoch 7R T I ZREE 2L
step-size FTonF I FRBIAM, ENZidZ /b4 epoch JEHET I RNHEE, || Fonm N EUEEEE
F, FoRBRIEE R N AT, S SERE I = 0.8, step-size = 2. AL E T H/NF
#4°0.00001, B2y > FON T2 AB I A FRBEAT ZE I

3. SCIER
3.1 BUEESSIRRE

SO A FH 0 3 5 ARG R i T R EE B iA=L 112 2019.11~2023.10 31144 4500 4 B,
HRAE PG FIRSORIAR B o kDX ImT DRSS R 3R,  iade HARF 9 T F IS8 2325 43, 34579749 6000 x 4000 15 3
) =sEiE S . i, CIN1. CIN2. CIN3 =Fh2RVHE 770 1305, 449, 571 f], %M%Yy 8:1:1 (1]
58 LUK RN N RS . SRR SR AT AR, BAREURE B NE 1. BT HEEEBOR H sk B RSFE
w, HAER TGN RNk 5 A RO N 2R . (R, fERUR AL EER BL, E e
BIEG— 4 512 x 512 5 3%, LLR/DTF RS R IR sl R . s, R EPFEZ AR AR —
B EIR, Hp R R R R AR, TRE S SEUR AL IE . AR — i, VIR R
R FAE LR A I 5 SRS, R BEAL PR (BGR ST 1 10%) . BEALAE % (£15°) BEHLAE BT Fl 90%~110%).
KPR, DARFHE Rz ARe 77 . I B s sins, T DATECRIE USRS BEA R HIMATIE T,
PRI )G, DG RS, I HAEAS AR 2 A0 R IS R RE

HEA W 25 B A ACRE B TR FE %% 2] PyTorch HESESCH, 7 NVIDIA GeForce RTX 2080Ti GPU (12G)
AT NS FR . teh, BB SEUER AL WIEF 2 F . HEROK/INFIRR A A 25 23 31 v Bl 150,
0.001. 4 fil AdamW flift.2%, patch K/NA 4, 44 Swin-CNN Block #Ee b (1) & /NS 7, AT RIS
P44 Swin-CNN Block H1 22 3k 74 5 /)45 head 4R /MK ICH 3. 6. 12, 24,

Table 1. Details of the dataset used for the experiments

* 1 REEANBEEFAER

el S S KL ITRERES Bt
CIN1 1045 130 130 1305
CIN2 359 45 45 449
CIN3 457 57 57 571
it 1861 232 232 2325
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3.2. TR IEHR

N1 VPG TR S W R R R, R T A R PP R AR, WS R 26 (Precision) . A ]
(Recall). F1 Score. #ERfi=(Accuracy)FIRIE M FESE[25]. FEH R RN 288 e A IERTIFEA
SEbR b RSO Ll 3 (8] 38 R S bR oA TE RN R A o, 43 S 488 TR T Ay 18 28 1) ¥ 451l s F1 Score
SE RGN B DAY, BLR AR T RN E A D I RE T HER SRR o 28 IR 4
FIMIPEARE R SR ARBE R L] s TRIE HE R )RR % F n R Y TR 5 R BAR S5 S, I HLRE IR VA 46 b
H B TS PR YR bR . IR EEFRRR K E LU0 R FTR

Precision = TP @®)
P+FP
Recall = _TP ©)
TP+ FN
F1Score = 2 _ 2xPrecision x Recall )
1 1 Precision + Recall

Precision Recall

Accuracy =— -+ TN a
TP+TN+FP+FN

%20 TP (True Positives) 27w IEf LI R IE B IFEARZE; FP (False Positives) & 7~ 17 Tl 4 1E
FAHMIFEASCE; TN (True Negatives) 7~ IE 6 TN A 61 25 A A SR ; FN (False Negatives)Z 7~ 4 i%
TR 28 A IR AR R

4. SKEWERS5H

SC-SENet fMBEAT | 150 NMEIRAIIILE, HRAERZE TS, BAERUERIAT] 7S = .
IR 15 2 1 R U BCEXH A BEAT T, 19 2170 R4 R IIRVE R R o AL PPk A A A Ik B T
SR I REAREE, A2 SR NIIgGR SRR

120
cinl 5 4 100 cinl 0.8
80
g o 0.6
g 3
T | 2 |
v cin2 2 39 4 60 < cin2
=
F = 0.4
40
cn3q 2 2 53 20  cin3{ 0.04 0.04 0.2
cinl cin2 cin3 cint cin2 cin3
@ Predicted label Predicted label

(b)

Figure 5. Confusion matrix of model predictions
[ 5. EETUNEERAVE B

F<l 5 4 SC-SENet #7445 SR VRE HME, B/ T CINL. CIN2 A1 CIN3 =Fp Bl et L1y A
RTINS R, IR PRI AS RIS Y VP4l F8 A5 BT 75 RSB 38 T3 I VR vE R B v S A B, AR PR AR A
90.81%. < 2 J& = FPRRITERRL tp T R R 1) BAR S H gE R, xFEE TR 258 A Focal Loss 4512k PR 4L
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5 W AT YRR R B % B R ZE S, Focal Loss [ALER T E N a, =025, y=20. HiEgES
MR A T, CIN2 5 CIN3 Fis4E 20 T CINL, FFH CIN2 254 T8 sl 8, ikt
A8 RS B 5 A FI 2RI I A2 CINS ARRL, & T3 T )25« ARHEEE 2 sh g8l nT DU, B
Focal Loss #5145 B %, CIN1 Fiill4s 2= JA K, i CIN2 5 CIN3 %28 —wits, £ ERE L
T IX P AN BT, CIN2 VR R i 76.57%2 5 % 85.44%, CIN3 [IHERfiZ 1 86.69%H &
91.26%, KB Focal Loss il A 25 i) 0 48 S AT — @ AR 8UR

Table 2. Parameter performance of different loss functions across the three categories

2. TEIRKRBE=FE7] LRSS HRD

EIPNTE el RS FE s F1 L%
CIN1 0.9680 0.8897 0.9272 0.9307

Focal loss CIN2 0.8578 0.7647 0.8086 0.8544
CIN3 0.8689 0.8448 0.8518 0.9126

CIN1 0.9385 0.8677 0.8970 0.9048

Cross-entropy loss CIN2 0.8104 0.6604 0.7368 0.7657
CIN3 0.8143 0.7692 0.8034 0.8669

MeAh, AT T TH RS RIS AIE T 1%t SO AR T VE A R, SC-SENet AR AL 77 iR BRI 2% R
HUHM N SURFAE B A 268 FR I DA S 27 2 56 B S o DRI R7E A Focal loss 45328 BREIARAE T, SRB0HE 7 %F
e TAEH T — M5 21 Z41 Swin Transformer W& {1 7 5% 2] 28 N B 5EB& 1 Swin Transformer M5 {4
T M ST AR BRI 28 RO FH T 2 20 28 B SRS (14 S K D 28 3 DU o oA [ Ak 2 7 s 45 2R

Table 3. Results of model parameters using different optimization methods

3. EATEML T ENRESHER

JiiE FEHR A e = F1 TR R
— A 2] & 0.8376 0.8484 0.8389 0.8528
Swin Transformer
2 ST PR 0.8513 0.8575 0.8536 0.8644
— e 2] & 0.8793 0.8804 0.8746 0.8875
FEIE N 4%
=P AN 0.8949 0.9091 0.8915 0.9081

# 3T LUESR, i — A2 S RSN Swin Transformer BiRUBET I, BAUERIZE A 85.28%,
1 2 ) 2R B SRS Swin Transformer #5584 81T I ZhifE i 3R 52 7 45 86.44%, UEBH 1 2% ) 3 R PSR IS E
GRS B — AR . A — M 25 ) Z RS FEER N 4 B AT I 25, B UER N 88.75%, AHXT
T Swin Transformer 8K IIHET:, U EEG 7 @E T = AHLE] G 2% 5 Swin Transformer JEIE,
SEELZ RPERFESEEL, AR 3T P 55 FE 1 CIN =20 818 Wi e 55 A AR A U, 42 1 20 5
Pho A2 ST RN BRI FRER M St AT RIS, 03 m T RAACR, ik H) 90.81%#ER .

T SN E AR A 7E 5 T VA IO RCR,, # SC-SENet #5284 15 FoAth i F 1) 73 KB (VGG,
ResNet, ResNeXt, DenseNet, Vision Transformer, Swin Transformer)#£47 1 bb#¢[18] [26]-[30]. J4di FAH[A]
UG HHE AT B IS, PR A B AU AT 0 I B 247 Tt
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Table 4. Parameter performance of different models in the CIN tri-classification task
F 4. FEMEETE CIN =0 £ IS TS HERM

it i i 26 FERCIES F1 score HERfZR

VGG 0.7374 0.7404 0.7367 0.7629
ResNet 0.7783 0.7805 0.7788 0.8060
ResNeXt 0.7653 0.7856 0.7866 0.7940
DenseNet 0.7454 0.7520 0.7458 0.7716
Vision Transformer 0.8099 0.8234 0.8163 0.8319
Swin Transformer 0.8269 0.8311 0.8289 0.8448
SC-SENet 0.8949 0.9091 0.8915 0.9081

4 VRS T AR AN SRS R . WLE Y, AR BB BT B 1B ST B IR = 0y KL
55, Swin Transformer 1 R AR T HARMERLBAT S 4F (K70 EHOCR, AW FCAESUAR R BL Ak kAT — 20
Petl, R SE N T A EIE R L] B AR SO 2 RBERAIESE L, $2 1) SC-SENet LR 7E
GHAREALSS TP T RIFRISR, HEMIZRIEE] 90.81%, B & T HAMARY

5. BE&5TiL

ZE LRTIR, AR IEE T — AR MBI SC-SENet, & TERTH BB S G H E 8
B NTEEAR (CIN) = 4r 2 W i HERA It 52803 . SRR T 20 SOF B 77 =, ilid ¥ Swin Transformer 2
BRI 2 JRy R AIE 5 45 G A A P 42 I 2 (CNIN) S B SR i RFAE AR 285 5, 840 A T PR FEAS IR 2 IR E A 42 1]
BFFHERIPFH . Swin Transformer il i HEE L], BE05 A Bt E A5 MR I IR B ARG &, HEHY
AR5 R T CNN JUTEJS 3R PR U7 TR ILOLEE, B8 05K B Al 205 A DX I 40 AR A o Gl i 9
FHIER BN, SC-SENet 7R Kk DX ISR R ) BAF 20 7 R B4R, AN 5 1 LAY 7E AN [F] 231
(CINZ, CIN2, CIN3)iZ W55 H At Af 12

TESESS S IE AR o, A AU Tk B I PR B 8 B MR S 4, DAl T SR BYTE SR B A R P R
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