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ETREFIHESHEE-REERGEEN
ZH 20 B 93 T A BY B 4 S 3R

BXX'"?, EEIESY, RO, EER, & R, F OFE, KERIL, g

L P IR E S — BB R =R, T 4R ) 510080 ;

2. P AR A BRI IR S B N 17 S BE B oLy, YT 931 215002 5

3. P ERREBE R AT ENL2ABE, LAt 101408 ;
4. P EBEEBOTE R, L5t 100190

[fZ ] BM: WTETIRE =) (deep learning, DL) W&, FEARIMERI Sy 45 (high-frequency ultrasound,
HFUS ) -~ B MR il A By ik A i B 2 R B m] A T S AN . F7ik: A L S aFh AN Rl A a1 2L e fr
UKL Y 60 A A5 g A8, ey BRVC L R SRR — VI A A HFU S RS A A LR U1 814 (wide slide image, WSI) . X
PMGGHAT BT R NG 2, AEWSTH I EHEUA % T3 A i 1 EOGHER IX I (region of interest, ROI) Jf4%F ZHFUSKEIE [,
PUBR IR EIE B R ROUA A, #0813 : 1 1 M IIZREE (n=462) | BIF4E (n=34) FILREE (n=38) . T
>JDeepLabV3, FCN-50F1MobileNetV3MIZEHEDLERY, H4 it A shanrEIEG, RZRAMEZEMETE (pixel accuracy,
PA) . KitfSE . R FIF1-scored b AL A ELE I 2R A AR AL v A BRU TN AL B . 4558 : 3£ T'DeepLabV3, FCN-507
MobileNetV3 /44 () DLAS R [ 8 73 FIHALE AR [ 42U o3 PR B FAR LR 85 i, o MobileNet VBRI e e f, H:
PA#91.4% . Fl-score J87.1%. ANIAIMLERIRIRLREZ M) 22 F i # 8 L (P>0.05) o AR RSP AS R 202U 1AL
REEFZMERAGI#E X (P<0.001) , HAFIHSECREAE &% AU EA R - B A8 RE S G 2t
PN EUG T ARSMAZ U 53, yith— 2D PRI AR 5 AR

[&88R | =i IROMERL; VREE2:S U A RGBT
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In vitro study of constructing a high-frequency ultrasound-pathology image registration and tissue composition
predictive model based on deep learning ZHOU Wenwen"’, CHAI Zhifei**, XU Ming', HUANG Tongyi', ZHAO
Ze', REN Fei', ZHANG Xiaoer', XIE Xiaoyan' (1. Department of Medical Ultrasound, The First Affiliated Hospital,
Sun Yat-sen University, Guangzhou 510080, Guangdong Province, China; 2. Center for Medical Ultrasound, Suzhou
Municipal Hospital, The Affiliated Suzhou Hospital of Nanjing Medical University, Suzhou 215002, Jiangsu Province,
China; 3. School of Computer Science, University of Chinese Academy of Sciences, Beijing 101408, China; 4. Institute
of Computing Technology, Chinese Academy of Sciences, Beijing 100190, China)
Correspondence to: XIE Xiaoyan E-mail: xiexyan@mail.sysu.edu.cn

[ Abstract ] Objective: To investigate the feasibility of fusion registration of high-frequency ultrasound (HFUS)-pathology images
and predictive value of model for predicting the pathological tissue components in in vitro models based on deep learning (DL)
networks. Methods: Sixty in vitro mimetic tumor models containing four different biological tissues and localized particles were
prepared. HFUS images and wide slide images (WSI) of the same slide were obtained under physical registration. The obtained
images were quality controlled and selected, and the region of interest (ROI) was manually outlined along the edges of the tissues
in the WSI and then transferred to HFUS images. The datasets were consisted of original images and corresponding ROIs and were
divided into the training set (n=462), validation set (n=34) and testing set (n=38) at the ratio of 13 : 1 : 1. DL models were developed
via transfer learning DeepLabV3, FCN-50 and MobileNetV3 networks. The pixel accuracy (PA), precision, recall and F1-score were
used to quantify and compare the performance of each model in the training and testing datasets. The automatically segmented images
were output. Results: The DL models based on DeepLabV3, FCN-50 and MobileNetV3 networks had high accuracy and similarity

BEETH: ERARBAILEHERINA (92059201) ; FEEAKRFIFILEHE FIH (82071951) 5 EE AREERAEHFNIH (82402297)
SRR WHEAE  E-mail: xiexyan@mail.sysu.edu.cn
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for automatically segmentation of different tissue components in the testing set, and the MobileNetV3 model outperformed others with

the PA of 91.4% and F1-score of 87.1%. There was no significant difference between performance of models (all 7> 0.05). There were

statistically significant differences between the efficiencies of models for predicting different in vifro biological tissue components (all

P<<0.001), with the best of liver tissue. Conclusion: The constructed ultrasound-pathology fusion models in this study can effectively

recognize the in vitro tissue components in ultrasound images and provide the methodological basis for further clinical applications.

[ Key words ] High-frequency ultrasound; /n vitro model; Deep learning; Wide slide image; Image registration; Prediction
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