|\ ESERR R

AN




[RELTE P

B27556380 (2563118R )
202243816 H

FRES R HATI
REEFRZIARFFEREETI
FRERK % O EAT
FRSZi% O AT

hRARF=ER
RE  PEERERFR ) 1258, 1990
HRIBEATIMER CNKIFEXH1E
EethlR, FRTUEIEXERSE(ERAR
B ATURREE R19J3Er L BAYE
R, FERE, REIFA, TSR
IAEL 75 U o

Copyright

All rights reserved by Journal of

Image and Graphics, Institute
of Remote Sensing and Digital
Earth, CAS. The content
(including but not limited text,
photo, etc) published in this
journal is for non—-commercial
use.

PIR)B&IDASE

FleRF. R ‘ BF (19965F6IH))

EEBM PERFR

EHEf FERFRTXES TR
TEERERFER
JCRM IR St AR

*F &/ 27

wELR (TEEREESR) BELRERS
\Et JtEmeEX IR ARE 195

HB % 100190

BFE5E jig@aircas.ac.cn

:| i& 010-58887035

R hE www.cjig.cn

I"ERHBICS TPIH EF201702185

B &R 17 ItRRTAITE

T 18 2ESHEE

BvRTT PEREFEPRZERERAT
(HBEEFE: JbR399E48  Hib4R: 100048)

EDRIZRT JLRRMEEDRIBIRAS

Journal of Image and Graphics
Title inscription: Song Jian | Monthly, Started in 1996

Superintended by Chinese Academy of Sciences
Sponsored by Aerospace Information Research Institute, CAS
China Society of Image and Graphics
Institute of Applied Physics and Computational Mathematics

Editor-in-Chief Wu Yirong
Editor, Publisher Editorial and Publishing Board of Journal of
Image and Graphics

Address No. 19, North 4" Ring Road West, Haidian District,
Beijing, P. R. China

Zip code 100190

E-mail jig@aircas.ac.cn

Telephone 010-58887035

Website www.cjig.cn

Distributed by Beijing Bureau for Distribution of Newspapers and Journals
Domestic All Local Post Offices in China
Overseas China International Book Trading Corporation
(P.O.Box 399, Beijing 100048,P.R.China))
Printed by Beijing Kexin Printing Co., Ltd.

CN11-3758/TB
ISSN 1006-8961
CODEN ZTTXFZ

E9rETS M1406
ERHREKS 82-831
EREMN 60.007T



O

1EFEAHEECTER bR
EDEIREENHT(E07620)

ETHEEERSRERSH
FHiE S EIREL(5508381)

EELRBEITENEE2
WM ERREEBES
(350898m)

THHEmRERT LBRK
FEYEFTEFRMLE
R ERETRIBRAT
BIFRIREARE RIS [E
HFRR

2022538 $27% 38 (=2EE311H8)

PEBKERZR H R

Zhongguo Tuxiang Tuxing Xuebao

(TEESERFR) EXEGRIGRNAEEN
MER, NKHA, BE, EE, OET, T, TR, REF, UK, SHEEE e 0653

ik

FEEFZEATE20FEm1REE

B%, =mEE, T, BIRE, KEF, BRFRE, XK, TERY oo 0655
ERZEIEEZER D LXFRARHERE

FOHE, GRIFIEE wrveerrererressseee et 0672
LRI ME R EEFRARNBHARER

gk%ﬁpﬁ EETJ Z_FEBI@, STT weeeeeemeeer ettt 0687
ETRE ?—jE’J’UHEw#\:ﬂD—Z B PR O

_7_:'57(4( /E_ljgﬁﬁﬁz st T, ijcy; ....................................................................... 0704
CT{%HHE&HHEFF'EQEHQEUE%&%?E

;5712’{%7 E;J:§7 EEE, ggglg, S3IL e 0722

i SR EEIR

A zatm%a@ﬁmaﬁu?ir il
NEI, S5, KB, BEE, EEE, i, SES, AR, BE, TEN e 0750
12MEmEECTEGR MR ME S EIREEDHT
X, FE, kAR, FIR, 7AGRK, BRI, BEF, #iE, K&, Mg, TRIE, SEE 0762
EAE BRI SR AOBIEEC TR R 1838
gK%y E‘Kmm;fu EWE Qkﬂ ................................................................................................ 0774
R AR B BT S BN S AT ENMS
RITZR, STID, =3, ZBEME, TR 0784
= REFEUSHCTHEIES R
lq:J—_EE g{(/l\gy Szjj{:t JEIE wreererrre e 0797
MEZRE ﬁa%%ﬂ]&“jjm%JE?J#%?iﬁHﬁii#EPGLE%MJ
BREE FINTEHG, ZEFEHG «ooveverrererrmsmsi s 0812
COVID-19ffERCTEIR Z R EfRiEIE 5 &
FRBAS, THIESE, B, JEAE, FFL e 0827
EF DS R SHREMSRFTIED SR
%’%{%%7 E%y AX\HZUE, ) TL\ ............................................................................................. 0838

BILRER ‘ o
EESHREMRINR G X i = 4557 B S E 7 HAFRN AR EX U -Neth2s

£, YWEBE, FEHH, =2, KEIR, TmIENE, 1RT -, 0850
LIEEHESMRIEN G S BIRIES == 2 RE M LS

TRAEPR, BITRER wrvevrerrerrerresesen e 0862
RIS IEH RIREF I RIMATEVRIE RS &

=g, 2880, PE _‘_ ........................................................................................................ 0873
RANFBARHCAIREIMRIEN RS2

FEPMFE, TEGEIR] woeeevererreeresreeeese et 0885

EEEE o
EEZLIRERE T BRI BRRETEES

E%Eﬁiﬁ, E@{é, JEJ}_%}E7 HE%; ................................................................................................ 0898
EEER D BIRFLIR IR 75 2 M4

AXEE | ZZE, BEIK, TDR croereereereerersereseestssts sttt 0911

HREE/S

Mt TransformerS Z4HERI SR PIENEE

IS, FHE, 088, BOY, THA, ZEE, LG e, 0923
E0RERER G A ENEE P ENIS I

FEhA, O3, 1B, FTHEE, XIRE, ZEL | BXERE e, 0935

RN
SXEBEEITRNMEER TR RED 2

ZBEEK, HER, Risa Higashita, FREE, SA1T, THE, XU oo, 0948
B BV SRR R s B P4
EEE, 2B, [RIE, AF, #E, §ES, ?H%% ......................................................... 0961
EE BN S L EE IERF B S X X IR
ERNY, STEE, BRIE, B, s, ,gé:;}-f%, FXZINE eeveeneeesmsisi 0973
EE AL ISR D SRS IE B I 7575
BIHBIR, AR, TUNK, GUGTHG coerverereeeesrere s 0988
ETEGRIT \SEMBIGETERESZ AT
(FE, ZB, XWE, EFEE, TR o 1001




Volume 27, Number 3
Published March 16, 2022

CONTENTS

JOURNAL OF IMAGE AND GRAPHICS

Segmentation and quantitative
analysis of intrapulmonary
vasculature in CT images from
COPD patients(P0762)

Feature selection and residual
fusion segmentation network
for liver tumor(P0838)

Two-stage deep transfer learning
for human breast ultrasound
computer-aided diagnosis(PO898)

Review
A 20-year retrospect and prospect of medical imaging artificial intelligence in China
Jiang Xi, Yuan Yixuan, Wang Yaping, Xiao Zhenxiang, Zhu Meilu, Chen Zehua, Liu Tianming, Shen

Dinggang ............................................................................................................................... 0655
Review of transfer learning in medical image classification

Ll Ying, Song Peihua .............................................................................................................. 0672
A review of generative adversarial networks and the application in medical image

Zhang Ying"n, HU Yan7 Risa Higashita, L|U Jiang ................................................................... 0687

Critical review of human cardiac magnetic resonance image super resolution reconstruction based
on deep learning method

Li Shulin, Feng Chaolu, Yu Kun, Liu Xin, Jiang Xin, Zhao Dazhe ««::-««ssseeeeveemsnmmneiniiiniinn. 0704
Review of human lung and lung lesion regions segmentation methods based on CT images
Feng Longfeng’ Chen Ying, ZhOU Taohui, HU Fei, Y| Zhen ..................................................... 0722

Computerd Tomography Image

Diagnosis of COVID-19 by using structural attention graph neural network

Liu Yanbei, Li Henan, Zhang Changging, Xiao Zhitao, Zhang Fang, Wei Ying, Gao Yaozong, Shi
Feng, Shan Fei, Shen DINgQang -+ttt ssteeseessutststamiiiiititniiiiitti ittt 0750
Segmentation and quantitative analysis of intrapulmonary vasculature in CT images from COPD
patients

Zhao Hong, Li Zhang, Zhang Jiehua, Wang Kun, Sun Jiaxing, Liao Ximing, Yan Yusheng, Zhong
Zheng, Zhang Xin, Sun Jian, Yu Qifeng, G JUNNUI ++oeoeesrereersoscnnnosetiinseisissessnsatsiissssssssossannase 0762
Human chest CT image enhancement based on basic information preservation and detail enhan-
cement

Zhang YU, Zhang Shun", Bal Xiangzhi, Zhang L| .................................................................... 0774
Multi-view attention fusion method for few-shot femoral fracture classification
Zhang Yadong, Wang Ling, Lan Hai, Zhai Yugiao, Cheng Hong «::::seseeseeessssensesssesnsenes 0784

Detection of pulmonary nodules in three-dimensional multiscale nested U-structure computed to-
mography images

XU Zhengxi, Zhang Shaomin, Zhl Lllla, ZhOU TaO ................................................................... 0797
Multi-scale residual and attention mechanism fusion based prediction for the progression of idiopa-
thic pulmonary fibrosis

Chen Wu, Sun JUNMEi, Li XIUME@i ««+-eeseeeeeessemeemmemiiniiiinii e 0812
Multiscale codec network based CT image segmentation for human iung disease derived of CO-
VID-19

Lu Qianjie, Bai Zhengyao, Fan Shenglan, Zhou Xue, Xu Zhu «::-eseereereereeseesesesininininenes 0827
Feature selection and residual fusion segmentation network for liver tumor
Qiao Weichen, Huang Mian, Liu Lijun, Huang QiNgS0ong ««::««eseeseesesssesmsssisnissnsneee: 0838

Magnetic Resonance Image
Brain glioma tumor segmentation and survival prediction from multi-modality MRIs via cascaded
U-Net

Yu Li, Liu Xiaoxue, Yan Chaoyang, Li Jianrui, Zhang Zhigiang, Huang Yunzhi, Xu Jun -« 0850
A spatio-temporal multi-scale network for cardiac dynamic MRI image segmentation

Xu Jiachen, Xiao ZRiyong ««+:- sttt 0862
Cross-stage deep-learning-based MRI fused images of human brain tumor segmentation

Xia Feng, Shao Haijian, Deng X|ng ......................................................................................... 0873
Brain MRI image classification incorporating smooth group sparseness

Huang Shuaihui, Wang Jinfeng .............................................................................................. 0885

Ultrasound Image
Two-stage deep transfer learning for human breast ultrasound computer-aided diagnosis

Gong Ronglin, Shi Jun, Zhou Weijun, Wang Cheng «tteeerersusmesnine 0898
Attention-based networks of human breast bimodal ultrasound imaging classification
Zhao Xu, GOng Xun, Fan Lin, LUQ JU «+s+sswssessesssssessmssmssussissississis it 0911

Traditional Chinese Medical Image

Cerebral stroke detection algorithm for visual Transformer and multi-feature fusion

Zhao Chengi, Wang Huahu, Zhao Juanjuan, Ji Lunwen, Wang Qida, Li Huizhi, Zhao Zijuan - 0923
Multi-branch deep feature fusion method for traditional Chinese medicine intervened Human cere-
bral stroke aided diagnosis

Wang Qida, Ji Lunwen, Qiang Yan, Wang Huahu, Zhao Chenqi, Li Huizhi, Zhao Zijuan - 0935

Research and Application
Nuclear cataract classification based on multi-region fusion attention network model

Zhang Xiaoqing, Xiao Zunjie, Risa Higashita, Chen Wan, Hu Yan, Yuan Jin, Liu Jiang -+ 0948
Deep-supervision and feature-aggregation network for linear lesion segmentation of high myopia
Tan Xiao, Diao Yichao, Chen Xinjian, Shi Fei, Fan Ying, Xie Jiamin, Zhu Weifang «::-«++=+++s++++- 0959

Hand-wrist region of interest extraction based on object detection and matching correction

Mao Keji, Wang Minhao, Chen Lijian, Lu Wei, Wu Kunxiu, Chen Qingzhang, Zhao Xiaomin - 0973
A spliced feature matrices learning method for open field test video classification

Xiao Zhaolin, Yang Zhilin, Liu Huan, Jin Haiyan ..o 0988
Image-based deformation modeling and force estimation of the front end of vascular interventional
surgical apparatus

Ren Longfei, Meng Cai, Liu Bo, Bai Xiangzhi, Zhou Fugen «+--«sssseeeeesseemnsinnniinin.. 1001



850

E-mail: jig@aircas.ac.cn EPEI%EH??TE

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 OFEERERZFRRAE

hE RS> E S TP3I1 XEFRIRES: A XEHS: 1006-8961(2022)03-0850-12

WX AKK: Yul, LiuX X, Yan C Y, Li J R, Zhang Z Q, Huang Y Z and Xu J. 2022. Brain glioma tumor segmentation and survival prediction
from multi-modality MRIs via cascaded U-Net. Journal of Image and Graphics,27 (03 ) :0850-0861 (431, XIS | FI#AFH , 2 e h , KGR BEAAE , 1R
Z2.2022. [ 7] ZBEZS MRT R Fg Jo0Jes DX 3k =28 3 510 5 A A7 3 T 00 A 256 U-Net (2. v [5] B 42 [RE 2441 , 27 (03 ) :0850-0861 ) [ DOI: 10. 11834/
jig. 210137

HE S MRI R BBRIEB =458 5
A 77 HA T3 i B9 2% Bk U-Net M 28

aALAYEE E SR FaE KSR, EHE RE

1 PR B TRKA N TR o N TR BRI A I BE, BIat 210044 ; 2. 7Bl X BB BEsg 2R, Biat 210002

T OE. BB X T R SR 1) bR 43 AR A A T SR A A [ B L — R A R 4 B SR
#it (variational auto-encoder, VAE) 4332 BT B BRI U-Net 38355, 15 75 7351 g 1) [m] At £ BCE- 4 9 RRAE T 00 1 25 A
AW, AT RENRIGT . FiE R APIRBRER U-Net W% 25 1 BrBSCIipn B o081, 55 2 B Be S e
Aoy E . WA TESS 2 B BB INAS 53 F B 3 3 LB IO N 65 1 A R AE T4 A R Ak . Hoh, A2 4 A
T8 23 SR ) AR AIE 4 306 A\ B AL AR PR 2 DUE AT AR A S 0 . 5y &b, TE TR A B Be 09 ik At 4 38 43 &R U n 1 SE
(squeeze-and-excitation ) — 5% 22 L H DL M iR S IR 2 BT oEEE, &8 7F Brain Tumor Segmentation
(BraTS) 3638 B W25l PPl T A SCH L AE BraTS2020 $eAiF4E 120 #1 LA B S A AL A7 3 T0000 PR R AT 45 I 25 31, AR U
TEAE TS0 AR 4 IR DI R A% O DX I LA B 3 5 8 ek g X 4 23 ) BROAS T 90. 66% ,85. 09% AT 79. 02% 1 Dice
FULFR KL, ML 3DU-Net 78 3 AR T X BRAY Dice AHBLRLOM TS 1 4.3% (1.37% H15.36% X T LR AEAF
IR TIOI HERR 2EIE B T 55. 2% , A B A Bk A TR0 MR 2 IR AR 3. 4% (BRI I iR 2 X — 1AL e brok B
WA RS B R TR RIS BRI VAE 43 SRR B U-Net 28 25 | [R] B 122 53 32 g % £ L
e i) SRR AR IE T TR SR 2B A7 430 . SEUR R 12 0 45 R % 2 S A 0 b 23 O A b8, O HLHCHR MUAY SRR AE BE S HE B
H T A8 2 AR A, AT LA Ry PR 2 A AT i e SR 12 BRI i 5%

SRR i RE PR 3 4 B Bl o s AR AT BT IR 2 5 AR S H A 5 TR P

Brain glioma tumor segmentation and survival prediction
from multi-modality MRIs via cascaded U-Net

Yu Li', Liu Xiaoxue’, Yan Chaoyang', Li Jianrui*, Zhang Zhiqiang”, Huang Yunzhi', Xu Jun'
1. Institute for AI Medicine, School of Artificial Intelligence, Nanjing University of Information Science and Technology, Nanjing 210044, China;
2. Department of Radiology, General Hospital of Eastern Theater Command, Nanjing 210002, China

Abstract: Objective Glioma is the most common primary brain tumor with the highest mortality. The survival rate of differ-
ent degrees of gliomas varies greatly. The magnetic resonance imaging based (MRI-based) scan imaging in the context of

tumor substructure is composed of diversified intensity distributions, reflecting different tumor biological characteristics.
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Diagnosis grading and survival time prediction are conducted in terms of accurate detection and segmentation of abnormal
tumor tissues. Radiomics aims to mine medical image data via a wide range of quantitative features extraction nowadays.
The radiomics-based analyses are becoming essential for the medical prognosis. There is some constraints in designing and
extracting features for traditional image omics. Deep learning methods are subjected of manual designing and extracting fea-
tures. Deep learning convolutional neural networks (CNNs) has its priority in U-Net based image segmentation currently.
Due to the time-consuming and labor-intensive labeling of gliomas and the lack of a large amount of supervision information,
a U-Net based variational-auto-encoder ( VAE) branch and the self-supervision information can deal with the over-fitting of
the model effectively. The VAE branch can extract the potential robust features of images to resolve traditional image omics.
A two-stage cascaded U-Net algorithm is demonstrated in context of VAE branch, which can realize the automatic segmenta-
tion of gliomas for diagnosis grading and the extraction of robust features derived from subsequent survival time prediction.
Method In the first stage, the network predicts the coarse segmentation results in terms of the input of multi-modal MR
images. The initial results and the multi-modal MR images are integrated as the input of the second stage for the network to
improve the segmentation results. Moreover, a VAE branch is melted in the second stage of the network to obtain robust
representative features and improve the generalization of the model. The representative features are used to predict the
human life span based on the random forest algorithm. The traditional convolution gives the same weights to all channels of
the input feature maps by default for feature fusion, while the squeeze-and-excitation (SE) module can learn the importance
of different channels, so the SE module is evolved to the basic unit of this demonstrated algorithm. Furthermore, the pre-
diction illustrates large differences in shape and size between patients, the cascaded network that detects and then segment
can lead to the redundancy of model parameters. The proposed network adds an attention gate mechanism to the additive
jump connection of the traditional U-Net, which achieves the same effect as the method that detects and then segment with-
out increasing the amount of parameters. In addition, when the enhanced tumor area is small, this algorithm analysis is
probably mislead the necrotic area and the non-enhanced tumor area as the enhanced tumor area. When the predicted
enhanced tumor area is less than 500 voxels, the enhanced tumor area is substituted with necrotic and non-enhancing tumor
area. This research method illustrates a random forest-based regressor for the prediction of the overall survival time and a
random forest-based classifier for the prediction of category of the overall survival time at the end. The premise requires the
use of low-dimensional potential features extracted by VAE and the clinical features of the patient’ s age, and feature option
is implemented via the recursive feature elimination method based on random forest regression. When the prediction result
of the regression model is inconsistent with the prediction category of the classification model, the final prediction result is
divided into a fixed overall survival time according to the prediction category if the probability predicting the category
exceeds 80% The short-term corresponds to 10 months, the mid-term corresponds to 12. 5 months, and the long-term corre-
sponds to 15 months. Result Our research analysis implements a five-fold cross validation on BraTS2020 training set. The
generated result is the average of 5 validation results. The method achieves Dice similarity coefficients of 90. 66% , 85.09% ,
and 79.02% in the whole tumor area, tumor core area and enhanced tumor area in the validation set, respectively. In terms
of the clinical feature of patient’ s age, the overall survival prediction accuracy rate reaches 41.4% , and the potential
extracted features in the VAE branch, the accuracy rate could reach 55.2% . Although the accuracy rate is 3.5% lower
than that of the first-ranked method, this proposed method has a slight advantage in terms of the mean square error.
Conclusion the research proposes a two-stage cascaded U-Net network with a VAE branch to resolve over-fitting issue. Sim-
ultaneously, the branch can also extract the potential features of the tumor to predict the survival time. The test results dem-
onstrate that the network can segment brain tumors more accurately, and the potential extracted features can predict suitable
patient survival time, which can provide a powerful reference for clinicians in the diagnosis of gliomas.

Key words: automatic 3D segmentation of glioma; survival prediction; cascade neural network; variational auto-encoder

(VAE) ; attention mechanism
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(¢) the overall network architecture; (d) segmentation results of glioma;(e) prediction results of survival)
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Fig.2 Network structure of the first stage
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Table 1 Comparison table of the segmentation effect of various algorithms on the BraTS2020 verification set

M L=R7S Dice_ET/% Dice_WT/% Dice_TC/% HDO95_ET HD95_WT HD95_TC
U-Net 74.72 89.29 79.73 34.039 98 6.106 17 10.779 3
U-Net-VAE 74.65 89.50 81.29 37.216 83 8.120 72 8.138 15
attention U-Net 75.11 89.69 81.49 33.370 40 6.524 10 7.751 12
attention U-Net-VAE 76.87 89.59 82.11 30.210 17 4.876 37 9.796 07
two stage attention U-Net 77.48 89.21 84.46 30.112 31 6.670 74 6.377 14
A3 79.02 90. 66 85.09 26.924 44 6.346 61 6.106 18
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Table 2 Comparison table of the overall survival prediction effect of various algorithms on the BraTS2020 validation set
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AR 55.2 100 501 33 242 166 995 0. 261
ity 3] ity 44.8 99 138 38 416 182 706 0.331
Feng %5 A (2019) 31.0 107 639 77 906 109 587 0. 204
Agravat Il Raval (2019) 58.6 105 062 16 461 188 752 0. 404
Wang 25 A (2020) 44.8 100 000 49 300 135 000 0.250
Hermoza % A (2021) 51.7 105 746 51 962 181 311 0.248
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Fig. 6 End to end prognosis method

based on neural network
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