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Abstract

In order to reduce the risk of induced abortion and improve the accuracy of clinical diagnosis of
pregnancy, it is necessary to identify several key parameters in prenatal ultrasound examination.
Collect 120 cervical ultrasound images from weeks 38 to 42 of pregnancy, annotate and preprocess
the data. Using the traditional Swin transform er (Shifted Window Transformer) network as the
baseline network, introducing transposed convolution and the final output feature layer, it can di-
rectly output keypoint parameters; Simultaneously incorporating regularization functions and SE
(Squeeze and Excitation) attention mechanisms to reduce the risk of overfitting and improve the
model’s generalization ability. Compare SE SWTNet (Squeeze and Excitation Shifted Window Trans-
former) with four existing algorithms. The results showed that SE SWTNet can accurately capture
key point parameters in cervical ultrasound images. On the test set, the average radius error of SE
SWTNet is 1.11 mm, and it achieved accuracies of 93.5%, 96.5%, and 97.5% within error ranges of
4 mm, 5 mm, and 6 mm, respectively. SE SWTNet can achieve high-precision automatic detection of
key points based on ultrasound images of induced abortion in pregnant women, providing more
accurate diagnostic information for clinical doctors, thereby reducing risks and improving success
rates.
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Figure 1. Training sample display
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Figure 2. Network structure diagram
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Figure 3. Swin transformer network structure diagram
3. Swin transformer [4& 514
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Figure 4. Transposed convolution
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Figure 5. SE attention mechanism
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Figure 6. Key point prediction results
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Table 1. Comparison of key point prediction results

1 KRERFUME R

AN [F 58 222 3 L A R HE R 21 %

i SRR ZEImm FrifEZE/mm
4 mm 5mm 6 mm
U-Net 331 2.10 63.3 73.6 82
ResNet 3.32 197 71.7 83.2 87.5
HRNet 2.27 121 72.8 83.8 88
VITPose 1.62 1.02 80.3 83 92.8
Ours 1.11 0.70 93.5 96.5 97.5

H# 1 13, SE-SWTNet 7E- ¥R 2 btk 22 LR AR 152 22 /N T 48 52 Y0 [l P 119 G B i At i L
Sfebr BT A = AR, WE R = ANTTRYERE, U-Net (208 SR BIER R 5%, JRHATREE U-
Net [FIARE RS S50 T 7 8, S b 3R 2% R V) O IR BT 45 3 R IR I G R IE (S 2, S BURED
BEER Y TCIEUERA TR R S AT BAS R . VITPose BRI TAUR FA S ks, (BB T4
(1) CNN 2244, HAFIH Transformer 1E N2 F M4, 78I PR 2% B O SURIINAT 55 o LA 10 5 4 e
FNRETT. IXAEAF VITPose REME B i ki 312 21 UG AN R 56 Rk, A B T H aFsh B R e = KR &
HRINGER, N JE SR 7R 2 B OGS AR S5 32 6 1A 1M B A4 . HRNet IUERAZ AL T U-Net 1
VITPose 2 [H], ‘& ZIE IS MIEA R /3 HER I T NSl 2 4E A5 02, SR IR 52 7T 8 52 21 45 45 44
BRI . RERH T HEEEEN T, (AR M S IR, 7T RE TR 25 IR IR 25 2514
KIEFRHERIAERE T . IR IREEA L, W] B2 S EURAY T0 1 2t 5 o7 BB 2 UG b 13 GURFAE,
AT 5 0] B A 0 P o i 12k

NPl SE-SWTNet 78 SERR I R85 1 e, BATFEMNRLE 51N T A FZKCF i e 7 (0= 0.01,
0.05, 0.1) LA K ey i 54 (kernel size = 3,5, 7), Il & OB s kr AR RG AR Ak . SRES 45 SR B, SE-SWTNet
TERE 75 RO 52 T4 R TR PR RF A RS IS B2, L35 2.0 X R BFZ AR o it s AN D i B ok () S e
RERE AT ZARL0S SEBRIG R 5 I 2 3 R =

Table 2. Comparison of key point detection performance under different noise and fuzzy interference
= 2. T[EIME A FIARHA T4 TSRO L B2 A 1 REXT LE

— - jFEzggif) + AN IR Z2 S B A R HE R /%
h 4 mm 5mm 6 mm
¥/ R - 1.11+0.70 93.5 96.5 97.5
c=0.01 1.15+0.74 92.8 95.9 97.2
e g A o =0.05 1.32+0.89 89.5 93.2 95.6
6=01 1.58 +1.05 85.6 90.1 94.3
kernel size =3 1.18+0.76 92.3 95.5 97.0
T AR kernel size =5 1.35+0.91 88.7 92.8 95.2
kernel size =7 1.61+1.08 84.9 89.7 93.8
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IR GTSEIR AN B AR O s 45 S s, WEUE T VHREEES, K Dropout. MSE 4517k bR
$. SE VEZE AN I BIFEAE R4 swin transformer . WTLLE R, Hghn Dropout B¢ SE VER /1ML
PIReA A0CHRE v OB SR (Y B R R PR35 AR R 22 . MR n N Dropout. 4532k BRI SE 14 & 7141
HilEE, AR — DR T, BUS T RIS R YRR ZERKE 1.1 mm, HAE 4mm. 5mm
6 mm 5% 2 V0 Bl Y I HER 2R 2 AIA 2 T 93.5%- 96.5%71 97.5%. L7 3.

Table 3. Ablation experiment
3. IHRASLIE

= PRI + N[ R Z2 Y0 1 N IR 21 %
J5i: e -
FrifEZE(mm) 4 mm 5mm 6 mm
SWT 145+1.19 86.5 90.2 93.3
SWT + Dropout 1.32+0.92 88 91.8 94.1
SWT t+ Lwmse 1.28£0.81 89.7 93.5 95.7
SWT + SE 1.22+£0.78 91.2 94.8 96.3
SWT + Dropout + Lmse + SE 1.11£0.70 93.5 96.5 97.5
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HHETARTI AR G AL XL AR, B R FE R 2= G i i T ER, Reie B E 3R FH2 Wi 2L
RAERTE, G IR A SR At as A 4B S

XTGPl E S ER S EN B SR, T 20 0 (38~42 JE) I ik A R A iR I R R,
RN B SR —M Be s R AR B AR, B0 B K B 4 . AR 5K o X AR A AN HE i i P
AR T, 30 DR A 5 ) e 7 R G Al A FE 5 g (B B SR AN S 7K) IR 4, 645 D0 B | Bl AR 15 0 A A
Mo AHFFLIEIL swin transformer S F ML, HEIN T BERER IS, £ @R ST
EAE T AR IR B G RS U . SEEG A SR, SE-SWTNet 7E %8 st ARG B EAE T HRNet,
VITPose. U-Net #1 ResNet, AefgiAtae . dEAHL IR B 30 EHUER 1) 8 iS4

SR, A A EAAFAE— e R BRI o i dn, SESS R A A s b, B2 8 T ee IR
TOREHEMIZE AL IbAh, SCIR TSR v 4B A AR, IXAE— e R RIRE TR AR . S 4EE A
AR aE T FE S E R, T g G RT Re 2 T4 RS B . LR = 4R HUE AT O R R,
A LATE AT R F G R i (RS U2, 3 skl v v s e R R s

AHIFE T R 280 51 7 1 B 20 U OB e 2 00T 7 R AR R 1) v DA S S W 291 st A A AR AR R ) 3
By, HEHUEKEE. AT E ST AR S B SR X = AN SEO TN 5] BRI 5 1 K5 P G R RS /AN TR 4
T R B ) RO S B

E&WE

K H AR Rl F 4 81101116,
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