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MAEHEEN A E ML B A, &8 78 ISBI(International Symposium on Biomedical Imaging) 2019 SegTHOR
(segmentation of thoracic organs at risk in CT images) BKEEFE T, XF 40 MIGEBZ 28 B INGFEAEITH], LA Dice REL
F1 HD ( Hausdorff distance ) 5 B4 R FEPERIARUE |, %7 AL MR EEAS &l O E S E 3K Dice 2509351
IKF 0. 855 1,0.945 7.0.923 0 A10. 938 3, HD #5535 0.302 3.0. 180 5.0.212 2 F10. 191 8, &it flH2)H
NSO E REERHE A BE AN 225 B 4 B B BSe 4 I A B T I PR ViR S5 B0 s s 1 12 W 51897 .
K B E R =4l mA e R B R SG & TR B 2 RERHIE

Integrated context and multi-scale features in thoracic organs segmentation

Ji Shuying, Xiao Zhiyong~

School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, China

Abstract: Objective Automatic segmentation of organs at risk (OAR) in computed tomography ( CT) has been an essen-
tial part of implementing effective treatment strategies to resist lung and esophageal cancers. Accurate segmentation of
organs’ tumors can aid to interpretate inherent position and morphological changes for patients via facilitating adaptive and
computer assisted radiotherapy. Manual delineation of OAR cannot be customized in the future. Scholors have conducted
segmentation manually for heart-based backward esophagus spinal and cord-based upper trachea based on intensity levels
and anatomical knowledge Complicated variations in the shape and position of organs and low soft tissue contrast between
neighboring organs in CT images have caused emerging errors. The CT-based images for lifting manual segmentation skill for
thoracic organs have been caused time-consuming. Nonlinear-based modeling of deep convolutional neural networks ( DC-

NNs) has been presented tremendous capability in medical image segmentation. Multi organ segmentation deep learning
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skill has been applied in abdominal CT images. The small size and irregular shape for automatic segmentation of the esoph-
agus have not been outreached in comparison with even larger size organs. Two skills have related to 3D medical image seg-
mentation have been implemented via the independent separation of each slice and instant 3D convolution to aggregate infor-
mation between slices and segment all slices of the CT image in. The single slice segmentation skill cannot be used in the
multi-layer dependencies overall. Higher computational cost for slices 3D segmentation has been operated via all layers
aggregation. A 2.5D deep learning framework has been illustrated to identify the organs location robustly and refine the
boundaries of each organ accurately. Method This network segmentation of 2. 5D slice sequences under the coronal plane
composed of three adjacent slices as input can learn the most distinctive of a single slice deeply. The features have been
presented in the connection between slices. The image intensity values of all scans were truncated to the range of [ —384,
3841 HU to omit the irrelevant information in one step. An emerging attention module called efficient global context has
been demonstrated based on the completed U-Net neural network structure. The integration for effective channel attention
and global context module have been achieved. The global context information has been demonstrated via calculating the
response at a location as the weighted sum of the features of all locations in the input feature map. A model has been built
up to identify the correlation for channels. The effective feature map can obtain useful information. The useless information
can be deducted. The single view long distance dependency between slice sequences can be captured. Attention has been
divided into three modules on the aspect of context modeling module, feature conversion module and fusion module. Unlike
the traditional global context module, feature conversion module has not required dimensionality to realize the information
interaction between channels. The channel attention can be obtained via one dimensional convolution effectively. The capa-
bility of pyramid convolution has been used in the encoding layer part. Extracted multi-scale information and expanded
receptive field for the convolution layer can be used via dense connection. The pyramid convolution has adapted convolution
kernels on different scales and depths. The increased convolution kernels can be used in parallel to process the input and
capture different levels of information. Feature transformation has been processed uniformly and individually in multiple par-
allel branches. The output of each branch has been integrated into the final output. Multi-scale feature extraction based on
adjusting the size of the convolution kernel has been achieved than the receptive field resolution down sampling upgration.
Multi-layer dense connection has realized feature multiplexing and ensures maximum information transmission. The integra-
tion of pyramid convolution and dense connection has obtained a wider range of information and good quality integrated
multi-scale images. The backward gradient flow can be smoother than before. An accurate multi-organs segmentation have
required local and global information fusion, decoder with each layer of encoders connecting network and the low level
details of different levels of feature maps with high level semantics in order to make full use of multi-scale features and
enhance the recognition of feature maps. The irregular and closely connected shape of multi-organs in CT images can be cal-
culated at the end. Deep supervision has been added to learn the feature representations of different layers based on the
sophisticated feature map aggregation. The boundaries of organs and excessive segmentation deduction in non-organ images
and network training can be enhanced effectively. More accurate segmentation results can be produced finally. Result In
the public dataset of the segmentation of thoracic organs at risk in CT images (SegTHOR) 2019 challenge, the research
has been performed CT scans operation on four thoracic organs (i.e. , esophagus, heart, trachea and aorta), take Dice
similarity coefficient (DSC) and Hausdorff distance (HD) as main criteria, the Dice coefficients of the esophagus, heart,
trachea and aorta in the test samples reached 0. 855 1, 0.945 7, 0.923 0 and 0. 938 3 separately. The HD distances have
achieved 0.302 3, 0.180 5, 0.212 2 and 0. 191 8 respectively. Conclusion Low level detailed feature maps can capture
rich spatial information to highlight the boundaries of organs. High level semantic features have reflected position informa-
tion and located organs. Mulii scale features and global context integration have been the key step to accurate segmentation.
The highest average DSC value and HD obtained for heart and Aorta have achieved its high contrast, regular shape, and
larger size compared to the other organs. The esophagus had the lowest average DSC and HD values due to its irregularity
and low contrast to identify within CT volumes more difficult. The research has achieved a DSC score of 85.5% for the
esophagus on test dataset. Experimental results have shown that the proposed method has beneficial for segmenting high risk
organs to strengthen radiation therapy planning.

Key words: multi-organ segmentation; pseudo three dimension; efficient global context; pyramid convolution; multi-scale

features
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Fig.4 Flow chart of depth supervision
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EGC (efficient global context) , %I A MG R
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Fig.5 The network structure diagram
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Fig. 6 Down block structure
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E XN
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DL =2 |1 -5 .
BN WHOES WHE)
(3)
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SR e BURESRAE , g, (i) IRRBMER P ESL
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bras, B33l e JIEE R . B CT H 48 89T N R
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BT 4 38 SLRAIE 7 v, IR ASTRIT 20 511X %
PR 25 AE SegTHOR 28 FHR7E
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JE B 28 B A E— PRI BVE, X U 45 R AT ) Ak
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S, FLFEAS B N AR X
2.2 BHRE

SCUG R F 34 55  NVIDIA RTX 2080 Ti GPU,
Intel Core i7 ZbHEY , FET Python 1Y Pytorch JESZER
2% K FH kaiming_normal ( He 45,2015 ) #£ 17 AL & #)
UaAk, BEBLES BE T B2 (stochastic gradient descent,
SGD) 1E R W28 I Im AL 38 A A% , 2 50°% > % (learn-
ing rate, Ir) 4 0. 01, 3/ & ( momentum ) 24 0. 9, L
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Hb S0 TIE ) 25 A 0 P RE AT 4 7238 SUBIE T 2 R
SEIEAE I m SR AR
2.3 iFMIEER

fHH Dice #HM: F %X ( Dice similarity coeffi-
cient, DSC ) F1 Z£ {y £ J¢ I 2 ( Hausdorff distance,
HD) WAk 473 RO HERR 1

DSC figbr R A T3 o0 1) 5 H 3h 40 73 Z 1]
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2|PNT
Pl+ T ©

HD Fatrse ik A 20 73 #1 4 b iy S8 T30 53 1
2 HP RS N i T 14 ) B KBRS, B mm, HUE
MR

DSC(T,P) =

HD(T,P) = rpea}(r;lgg( JT -P))  (6)

L, T FRRFEh A HI LS5 R P Rom B 15
(1) 53 E) 45
2.4 ZIGHER
2.4.1  FEAKLHE XS 52560 25 S A0 50
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Table 1 Comparison of segmentation results

between preprocessed and unprocessed

. Kb H TR AL P
e
DSC HD/mm DSC HD/mm
'aE 0.7049 0.5341 0.851 0.3023
E 0.9003 1.0031 0.9457 0.1805
E 0.8425 0.4589  0.9230 0.2122
FEshk 0.8972 0.5593  0.9383 0.1918
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2141



2142

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.26,No. 9, Sep. 2021

R 9o UEASE B ) 43 B PE E , BE AT 100 1> epoch
BRSO, WAL 7 B7s o AT AR HY R AR B A P45 40t
RPN, YR AT E , 101 R (B R T 4d B A 14
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Fig.7 Comparison of validation loss

Loss

2.4.2  EAAR R SCRERLG SEIG2E S R

TER AR bR SO R BB KN A kY
PO 1 4G B R BT fE R B B 558 k
FIE I — R b T AT P fE 4 ST £ 3
5.7.9 #EAFIK, 5 R L 2 s, ATLLVE RS
GISEL kAR AR, -3 DSC M HD 7E £ = 3 B}
KB EE 5, HAE AR A R A A K,
(RO S5 5 B as R ih 22 s . Al
— B I D PR U 5 0 A5 28 22 Uk A TR, 2 LA
b NI A = ) A=K e AU 2 (A

R2 GEHSHEBRERLEE

Table 2 Comparison of field parameter results

TS EL k SEH DSC SEH HD/mm
3 0.915 8 0.2217
5 0.906 0 0.280 8
7 0.902 8 0.364 1
9 0.907 2 0.378 5

T L PR R % 5 e L4 2R

[k T 4631F ECANet %} GCNet #bk tie ok (1) A
ROVE A SO 2 i EGC RS H R 3y GC, HA T
SPPRFEANAS AT X L SCE SR N3 3 s, AT LA
Bl A EGC B 1 43 F0HS B 48K & T GC B

He, Forp HD $8R S B, AT ULAS FA 24 14 15 16 58
HREAT RS G 25 A RE 18 19 VE R T, 5853 AR IBUR R
FRAE(R R4 )R B R SOfE B A4 B 0 BL A5 B0RS
HEA1L

#3 GCHEGCHWERER
Table 3 Comparison of results between GC and EGC

GC EGC
e

DSC HD/mm DSC HD/mm

'E 0.8430 0.4133 0.8551 0.3023

i 0.9446 0.1849 0.9457 0.1805

55 0.9057 0.3003 0.9230 0.2122

3k 0.9191 0.5527 0.9383 0.1918

E L PR R R & R AR

2.4.3  ROLEAF RN S HG 4% T S )

h T B UERET U-Net B icE SR ms x> H1 4R 1Y
S K Z2 A B SR EA TR b SEIR A R ANk 4 B
o LA H, U-Net X Ab B 5 A EGE AT 505 O
TN 3= 3 ik DR A 5L A 58 v A 6T B R DU ) T AR R
BORBY RS 3/ 45 T HAL DSC T HD; &4 i T4
FLOU PR A LU BE 78 CT G Hh o LIRS, DSC
HD BT I, T NG 28k, /rE
AL HAawE R B BB N #IEE g
EIFR > EII S, 7E U-Net Berft b b 78 B8 W Bt
(deeply-supervised , DS) , i i 2R HU 2 A~ RO T B9 $
29, 51 TR XA RO SR, S AT TR P
fhgs R, AU B A A EGC B 47 3%
BRI — i 5 P A St 22 1) 1) Ik R 322 A i 1
Z N JEEE (multi-scale fusion, MF) i MF B
W 3 HERR N SRS B AR A R A 2 R (5 B 785
G, IR R R 15 E . EGC BIbuiE it A 4 Y
51 50 TR WA S T VR R 124 ) RS ()
Sy FIZE S WAL F AR I AT EGC BB %R
AN GESE T EGC B (A Rk

] 8 FEATEAS [T 75 20 (9 7 I 25 51, 18
BT B0 UEAE G L R 2 B 25 A AN R Y 4 4
BEATX L, g 20 5 A ME OO
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Table 4 Comparison of segmentation results of various network structures

DSC HD/mm
il
wE A E ik e o E E ik
U-Net 0.8331 0.9250 0.9037 0.9080 0.5690 0.2882  0.7438 0. 666 7
U-Net + DS 0.8215 0.9166 0.9101 0.8986 0.6732 0.4199  0.2586 1.296 5
U-Net + MF + DS 0.8376  0.9372  0.9099 0.9206 0.4166 0.2697  0.3135 0.307 4
U-Net + EGC + DS 0.8534  0.9417 0.9186  0.9247 0.3943  0.2052  0.2028 0.2729
U-Net + EGC + DS + MF 0.8551 0.9457 0.9230 0.9383  0.3023 0.1805 0.2122  0.1918
T L AR S8 R A5
N OREX I EX R EBKIX I

Patinet_11

Patinet_12

Patinet_17

Patinet 19

() HIhREE

(b) U-Net

(¢) U-Net+DS

(d) U-NetsMF+DS  (¢) U-NetrEGC+DS  (f) U-Net+EGC+

DS+MF

K8 AR > HI 45 R
Fig.8 Segmentation results on different models

((a)ground truth; (b)U-Net; (¢) U-Net + DS; (d) U-Net + MF + DS; (e) U-Net + EGC + DS; (f) U-Net + EGC + DS + MF)

2.4.4 HHAMFL LK

SRtk — B BEA SO R A PERE , 7E Seg THOR X
Pade b5 HADS B AT L SRR 5 R,
Kim %5 A (2019 ) R FHZLHR ) 2D W25 X} Z2 90 [ iE
TTEERL, A EL O NSRS BRGNP B 4%
INEREREFERNAIG, 3 4E8dE - s KRE s MR,
Z MR T B ) R KN, AT RE &R U i Z A1

R, PR ER %, Zhang %5 A (2019) Al Chen
SN (2019 ) B 2R I 56 KL 23 0 45 40 43 F1 59 J7 2%, %)
4 A E AT AL L T AL B TR R R
PR S B, TN R SRS AR D43 45 R AR
25 o ARSI R T ARSBY) s S R )
A5 BT BRI B B AR, SCg a5 R A
SO EBUG T B AN o452

2143



2144

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS Vol.26,No. 9, Sep. 2021
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Table 5 Comparison of segmentation results on different models
DSC HD/mm
B Lo _E EBhk g Lo _E F 3k
Kim % A (2019) 0.751 8 0.932 8 0.888 5 0.8919 0.926 7 0.2184  0.8885 1.130 0
Zhang %5 A\ (2019) 0.773 2 0.9384  0.8939 0.923 2 1.6774  0.208 9 0.274 1 0.308 1
Chen %5 A\ (2019) 0.816 6 0.9329 0.8910 0.9232 0.4914 0.2417 0.274 6 0.308 1
A3 0.8551 0.9457 0.9230 0.9383 0.302 3 0.180 5 0.212 2 0.191 8

TE L R R 2 51 el 4

3 &

BEXTEE 2 L ES 24 B IRALE A 20 A A BRI
S 53 RS BEAR B (RS, T 32 A U-Net HPHIR
BT S U 45k A s e B e A8 0 BE | 3k
FIAE S MR A B, R FH e R i AR RO e it
AxJFy bR SCRE A [ FIIEE b NS T AR
RPN AN B4 I RN A
TR RFAL , 75 2 A% 2 3 705 4 BRI i B i 4
PEATER I, LA, 38 o G it A AT A SR A 4 2 T 5
HE BRI 4 A SR B TR, K AN R 20 1Y
AL R R A M R RS e —f, SCgR
SR AR Tk A DU 45 2 T ER S R
AR ITER R A AR X T AR 7, RO
7t

BT AR/ B A L SRS, 0 R8O 52 5
JRIBR A JerRE 2 B T 12 G G I 5 1 o A3 A 4
ANYIRE 3 PEBE , 3 v i fhs A% B A I AE 2R A
i, i T YNGR A B A R, 7R AR Rl
FHHE 22 A B R A A SO i iz AL RE T
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