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Cervical lesion diagnosis based on colposcopic three-view feature integration
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Abstract: Early screening for cervical cancer is effective in preventing and controlling the disease and reducing morbidity and
mortality. Although manual colposcopy is widely used for cervical cancer screening, it is highly subjective and has low specificity.
Therefore, this study proposes an algorithm based on the integration of colposcopic three —view features to assist clinicians in
screening and improve diagnostic efficiency and accuracy. The method starts with simultaneous feature extraction of acetic acid
images, green lens images and iodine images of the same patient using a designed CNN-Transformer network CTLG, which is fused
to achieve accurate diagnosis of cervical lesions. In order to train and evaluate the performance of the proposed algorithm,
experiments are conducted based on a dataset of 6 774 clinical colposcopy images. On the test set, the algorithm achieves an overall
accuracy of 90. 93% with recall, precision, specificity and F1 — Score of 95. 40%, 92. 12%, 95. 82% and 93. 69% , respectively.
The misdiagnosis and underdiagnosis rates are only 4. 60% and 4. 18%. In conclusion, the algorithm has high clinical application
value, which helps to reduce the misdiagnosis and missed diagnosis rate and improve the efficiency of cervical cancer screening.
Key words: cervical cancer; three—view images; feature integration; classification diagnosis
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Fig. 5 Specular reflections removal in colposcopic image

2.4 FHEREET CTLG

AR E SR AL S R TR RE  ASBE R B T —
AR KA RRE B 2% CTLG ,/F~ CTLG Ensemble
M M4 (e 6 Brzs) . CTLG i 3 G
Fa A ;4 B 4 15 B ( Convolutional Encoding Block ,
CEB) ¥4 & fl /53 ( Transpose Fusion Block, TFB) Fl
i 1 {E & 713 ( Window Attention Block, WAB)
CEB H|JH CNN =1 R4 4l 2k 22 U JR) B 4541 ; TFB
FEH A RAE AR AR TR RS, A SR TR R 5
Al 5 R WAB, LU R4 R AR RS B,
X 3 AR PR R, CTLG RE 8847 R 3
28x28 F| 224x224 BRI Z R B4 R R

E CEB 1, R JH T Z232 19 MobileNetV3'*' /£l
TR BRI TH 7 TR, X—E T
i1 AETUZF 6 MBI E R 2ZE P N, M5 AR
i@ 14 bneck1 .bneck3 F1 bneck6 B}, ] 43545 112
112.56x56 1 28x28 15 3 KU i Jay B4

75 TFB Hf, BARZGEFANIE] 6 (b) FT7R, 112x112
RBERFFAETSS 14> 4x4 5 B AR, 56x56 RE
FFIEE T 2 4> 4x4 B EBZH 1 4 RelU JZ,
28x28 JUEERYAFAEE R 1 4> FRFEJE (2 4> RelU J2
M2 A ax4 L EBRZE . Zad B n]1535] 3 4> shape
MR B RBERFER R : [ Xy, X, , X, e RZ™V ] R
ZAFIERL SR (MFF ) ¥ H AT RS, MFF (94075
W 6(c) iR, 31X 3 ANRHAE 75 8 1 15 25 (7] 4
AR i A R AR AR AT 4 R R R P
11 5 BT I 1] B AR S , Sigmoid T BRI A=
JIE T AT



56 Bk

ERRES

(b) TFB

WAB

(a) CTLG Z544

(c) MFF (d) LEWA (e) PMWA

6 CTLG Hi¥LEH
Fig. 6 The detailed structure of CTLG

X, € R = Sigmoid( Conv(AvgPool(X,))) (1)
X, e R = Sigmoid( Conv(AvgPool(X,))) (2)
X, e R“"™" = Sigmoid( Conv(AvgPool(X,))) (3)

¥ Xy, X, X, 1655 ZANERE Bt AT B, 15 3
X_eRO™!' | SRJ5iH 1T Softmax PREFRAS4S A HUALE
TR

X_= Concat(X,,X,,X,) (4)
W e R“"" = Softmax(X_) (5)
W[:,i,::l ERCX]X] (6>

WA U A R W5 X0 1 A A AT 8 T R e
2, IR
Y=W[.:,0,:]0X, +W[.,1,.]0X, +
wl:,2,:.]0X, (7)
Hiry e ROV JRRAVG TG MIFHERIR
TE WAB ,?FIJ}EH Swin Transformer' >’ YE R ET ,
f155 4 4B BE: Patch Partition £8P % A % 171142 2%
(LEWA) ¥ 4h T & Jf & 1 2 (PMWA) He F
Prediction Head, WAB ¥ FFB % i1} i) 5 1iF 7E 4 4
AR RUEE Sy 224 %224 1) 4 JR ¥R 1E, LEWA F
PMWA #3/H Windows Multi—head Self—Attention( W-
MSA) | LayerNorm ( LN) . MLP FlI Shifted Windows

Multi—-Head Self—Attention ( SW—-MSA ) Ht 24 i, Ho
LEWA 1 PMWA 43 % #] Hi Linear Embedding 7l
Patch Merging Zb #R 4 A, Gn & 6 (d) Fl (e) FrR,
Prediction Head H1 2 /™% 1 5 8 B9 42 1 )2 40 1
LEWA Fl PMWA FPH)HE R RN .

2 =W = MSACLN(Z™")) +7 (8)
z = MLP(LN(Z')) +72' (9)
21 = SW — MSA(LN(zZ')) +7' (10)
2% = MLP(LN(Z*1)) +2! (11)

e, 2 B2 A RIFIRES 1A block 9 W-MSA
H1TMLP F% HRFAE
2.5 TEE

B 528 24 2 T Python3. 7 1 PyTorch 1. 13. 1
SEPR, JE7E NVIDIA Tesla V100 GPU (32 GB RAM)
LTINS, Al #s R FHBEAILAR BT % (SGD) 45
B, 5 R 0.9 AE I le—4, UK RBGEREAS
SRR BREL, W i 2 2 R B 1e—4, YRR )
SR E R 300, #HERIEE R 16, Yk A 5
BAALIT .

0.8
Ir =1 X(l - ePOCh)

12
epochs (12)



5 1] FEMERT, 2.

FET B B — LR AEHE LA B B0 22 12 57

P by RANWIRF 235 epoch K i
YR JE ; epochs FEnIINZR T 5L

3 3§

3.1 iFfEIERR

R T o3 A TR AL Y P RE R BT 2 K4
TR T AP R bR B AR A AR
R FE e, F1 - Score, W2 E (), 1RI2 %R
(B) . LidtebrE AN

TP + TN
Accuracy = (13)
TP + FP + TN + FN
TP
Recall = —— (14)
TP + FN
TP
Precision = ———— (15)
TP + FP
TN
Specificity = ——— 16
pecificity = pp (16)
Fl — Seore = 2 X Pr'ec.ision X Recall (17)
Precision + Recall
FN
a =1 - Recall = ——— (18)
TP + FN
FP
=1 — Specificity = ———— 19
B pecificity TN + FP (19)

Hrp TN TP FN FP 43 5\ 375 1F 8 15000 14 B
P | BE AR A 5ORT Al 1 TN Y B P L BH R AR AR B

F1 = Score Z&/NKEH 2R N4 [ 2R A4 I8 FISE 341
ZRH TAERER 2 (ROC) W IH TIEAL 2 W
R, ROC IhE LMB BH 2R A Rl | ECPHAM: o 90
Bl 3 R R AR i, O T AR (AUC) i
U1, MR PERE AT
3.2 CTLG Ensemble I EFHRLT 5 K MHEBERM
AT H A CTLG Ensemble 7EMRAE ARG HE
FEanE 7 fi7s . CTLG Ensemble 28 38 A0 S i % i
Ay 2PERE % T Normal \LSIL HSIL F1 Cancer P4/~
S BURER 2K 90. 93% , 73 10 %8 A1 %
FSEER FU BN 95. 40% 92, 12% 95. 82%
F193.69%, AL, CTLG Ensemble f4 T 5 52 b s
P2 W 45 2R 1 — Bk 4 5 90. 86%, 87. 66%,
92.31%H193.71%,
3.3 CTLG Ensemble H1 3+ FAIEL I
FPEAG AR Y CTLG MPERE, W H 5 24+
TR FEAT T I SE S, BR CTLG Ab, ik T
VGG16 ., ResNet50 , MobileNetV3 ., DenseNet — 161 il
Swin Transformer E AFFEHE I T, FHAEAWFFE 1)
B L AT TSk, AR LR 2, SR E
B, LA CTLG B0 T %, & WM e HE b L T
HABAEAL X I R T CTLG 7827 2 B #0785
AR5 T B SR ACRE T, DI AT 254 R 1 3 0006 22 114 43

FetkhE.

7 CTLG Ensemble 7ZElli{ & KR & EFF
Fig. 7 Confusion matrix of the CTLG Ensemble on the test set
F2 CTLG 5HABERIMEREXTLL

Table 2 Performance comparison between CTLG and competing models %
HELAY Accuracy Recall Precision  Specificity ~ F1 - Score @ B

VGG16 82.38 89.49 88.27 89.27 88. 88 10. 51 10.73
ResNet-50 85.56 91.43 92.81 90. 81 92.15 8.57 9.19
MobileNetV3 85.49 90.22 90.91 88.91 90. 56 9.78 11.09
DenseNet-161 86. 08 91.56 89. 17 90. 17 90. 35 8. 44 9.03
Swin—Transformer 86. 56 90. 43 88. 81 93. 81 89.61 9.57 6.19
CTLG 90. 93 95. 40 92.12 95.82 93.69 4.60 4.18
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o] Evein LA 2 A Ec e
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Table 4 Ablation experiment of CTLG

CEB TFB WAB 28x28 56x56 112x112 224x224  Accuracy/%  Recall/%  Specificity/%
vV x x Vv x X x 65.09 65.42 68.51
Vv x x x vV x x 68. 64 69.02 67.82
2 x x x x vV x 71.38 79. 46 71.25
Vv Vv x vV vV 2 x 80. 57 82.57 83.36
x x Y x x x v 86. 56 90. 43 93. 81
2 2 Y VvV VvV VvV vV 90. 93 95. 40 95.82

F5 SHMAXFTENLE
Table 5 Comparison with other related methods
g13C ARy "k Hymem ZWiZ HER/ %
Li S0 2021 ResNet+MR [EfiAREES CIN1/(CIN2/3) 81.07
Yan Z2g 1) 2021 BF-CNN B R PR A 1R LSIL~/HSIL+ 85.50
Fang %21 2022 ShuffleNet_SE AR Normal/LSIL/HSIL/ 81.38
Cancer/Neoplasm
Xu &g 2023 CTIFI K EG | PR LR 14 Normal/LSIL/HSIL/ 71.00
Cancer
Chen %3 124] 2024 MFEM-CIN [ AR LSIL/HSIL 89. 20
A3 2025 CTLG Fit R PG s B RS R 1 Normal/ LSIL/HSIL/ 90.93
Ensemble Cancer
4 BIE PRIt A2 W A AR SR B E T Tk s i A

TERH B BeRG A vh | I PR s 2R 75 B 25 A 40 M I
R ads e R ML RSO i 12 W, BE Tk —
I RS, ARIF 9T 48 1 T —Ff 3 F = W07 RS 4 1E
LRI E S AR 12 Wi L% CTLG Ensemble, B %G,
X BT D B 3 B R A B L HERR T B A v
UL B, P CTLG $EHC— T MR R R AE
R AT = RS BN 6 B2 B 2 2 R AR
)5 2904 Softmax 223 Normal | LSIL (HSIL F1 Cancer
VUK HERRIZ T

25 YN 25 FN 56 E , CTLG Ensemble 78 M3 4
JRE B LS 1 M BB . HEBA SR8 2] 90. 93% , 4 I3 |
FaH0RE FESEPER F1 20800y 38 95. 40% \92. 12% |
95.82%F193.69% , ULAM, ASBIEFE A KT Lb T I 4F K
B S B2 W s 28 AR AE , RER AR AE i
BRI A a1, 24 h T 40250 %Pl IR
BB AR, 5 Xu %25 E " M Fang 2%
H IR L AR IR A O B AR T S
Fs A= 9 32, 1 HL B B = R R BEE IR

AR ANIF T 3 1 5k A7 B o A R il B 2
W T By Bl AR I A A T 2 T i A 4012 W AR
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