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[FEE]EM AR A THAIG R CT 69 A ARA7 2 N A AT AT B ¥ X (GTV) B 343 69 TTAT A E A, Joik: wUmE
SEER 114 48] MR A5 38 5 09 AR 32 3% CT %4% , 42 8 AccuContour #47 GTV 53 4] @ J5 F A\ AccuLearning 4 & 8:1:1 #9 Yu 47
R AU AL A A D 45 45 (B AE S5 Fo ) X 45 , 551 4% A Flex A Segresnet 7 7 M - 25 M 847 B 35 55 21 AL DI 4% , B ) 4%
LM B R AABR TR 43R, R IFN IR L IERATABM 2 2 (DSC) .95% A7 % K IE & (HD9S) A AR{E
#9734 & @ 36 % (ASSD) Mk Z AA5Ti% £ (RVD) . £ R AL A )| 4 H-8 , Flex 41 ¥ Flex-3 MK 4 R4 £ , % 1 DSC #
0.14%, “F 3 DSC 4 56.30%; Flex-1 ] X, 45 R &K, , 24> DSC 4 47.90%, -F 3 DSC 4 67.35%. Segresnet 28 ¥ Segresnet-2
MK 2 R Z 5% DSC A 0.00%, T34 DSC 4 42.46%; Segresnet-3 M| 3% 25 S 424k, , 5% > DSC 4 42.65%, -39 DSC %
63.28%. B MKH-H, Segresnet-3 ZLIAF A8 2 s 4% 49 DSC A= RVD 3918 53| 41 63.88% F= 29.41%, Segresnet-2 2 FL/F 4R
x+ A% 49 ASSD 3418 % 4.43 mm, Segresnet-1 2843 A8 4 AL 49 HD9S 3944 4 12.87 mm, £5if : Flex #= Segresnet # 7 %
A 22 ) & L5 MR T ) T IR 5 3e X 69 B 3h 2219 % , Segresnet #1369 o B AEA 04 22 S F-AE T AL,
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Automatic pancreatic cancer GTV segmentation based on deep learning

CHEN Chaoshuang', CAO Yangsen®’, ZHU Xiaofei’, ZENG Fubin’, GU Lei’, JIANG Lingong’, ZHANG Huojun’
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2. Department of Radiation Oncology, Changhai Hospital of Naval Medical University, Shanghai 200433, China

Abstract: Objective To investigate the feasibility and accuracy of convolutional neural networks for automatically
delineating the pancreatic cancer gross target volume (GTV) in pancreatic enhanced CT. Methods The localizable enhanced
CT images of 114 patients with pancreatic cancer were retrospectively selected, in which the GTV was manually delineated
using AccuContour. The imaging data were then import to AccuLearning and randomly divided as the training set, validation
set and test set at a ratio of 8:1:1. Flex and Segresnet were used to train the automatic segmentation model, with each network
structure trained continuously 3 times using fixed training parameters. The model was evaluated in terms of Dice similarity
coefficient (DSC), 95% Hausdorff distance (HD95), average symmetric surface distance (ASSD) and relative volume
difference (RVD). Results In the model training phase, Flex-3 test results in Flex group were the worst, with a minimum DSC
of 0.14% and an average DSC of 56.30%, while Flex-1 performed well, achieving a minimum DSC of 47.90% and an
average DSC of 67.35%. Meanwhile, Segresnet-2 in Segresnet group had the worst test results, with a minimum DSC of
0.00% and an average DSC of 42.46%, while Segresnet-3 test results were better, with a minimum DSC of 42.65% and an
average DSC of 63.28%. In the fixed testing phase, the best results among all were as follows: average DSC and RVD values
of 63.88% and 29.41% in Segresnet-3 group, average ASSD value of 4.43 mm in Segresnet-2 group, and average HD95 value
of 12.87 mm in Segresnet-1 group. Conclusion Both Flex and Segresnet architectures of convolutional neural network can be
used for the automatic pancreatic tumor GTV segmentation training, with Segresnet performing better in comprehensive
evaluation.
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W T B ZE 6 r, LW 9 L ZE5 8
P, SRR e R R I T 2022 4F, WiT T
[ 18 A R FE 134 3749, FE T 131 203 1,
T F S K SE 1 B 5F IR JT (Stereotactic Body
Radiotherapy, SBRT) j& Jif i 42 25 G iR 7 1Y 81 2 - Bt
22—, B I H A R I T R R A R S R A
) i yEg 2 2, [R) Bsh O A7 G I ] 30 0 T A 25
5 alifb 7 sl A 15 G0 B4 B SIS AR L, SBRT
(19 R 43 0T B B A Y7 R, BB D N TR
BRIER T A R P AR B T B, CTRBR R
Ji g2 Wt KT YD BR VA i S O =0 i T
PR T 1 B TR A HLAEAT AR 22 148 A A 20 20, R
H 5 CTT AT A 44 e X J5R J g o A T 760 fe 9 3L [
(Gross Tumor Volume, GTV) {1 /4] i} , KT 1458 CT
() R B SBRT 11 GTV /) I 7E HEGf 1 AN R A7
TEAIE o 32 PR T TR MR 4548 1% 52 2 M R ) B H 20 1
o, 5 T RIS R A 3 S B A . A
B, £ X [/ — CT A9 GTV ) 1, B A [] il R B= il 2
()t W] REAAAE R K 22 0, a2 22 S0 52 ) SBRT
TR T 0 ) e 0 A e 285 W) iR 47 ) RN RR G A
fFo BeAh, BEA MR 22 50 4T ) T3 GTV ) I FE 3%
KA NI, TERAT 19 B 3050 BB AR 75 2
PR AL 1Y N TR ] A AT 3B IE .

Flex U-Net 5 T {548 U-Net B AR 2 I F-ahbr it
WORRMETS 5838 H 3l BB PERE 75 H W T
Hxt GTV G M as B H 8l o3 %18 B R0, 50 A
LR 5 (DSC) 4 0.80,95% S£ 17 2 K B ES (HD9S) Hy
16.9 mm'?', Segresnet iz /i FH T MRI ki & [ 98 F
B 0 o S DX, SR FH 5 T G o e - i 2 24 7Y
T A E W 4 AR TR A2 53 B B g i A O SR
A BIRAS B , DURL G L 2 A A 25 1 0 24 2
Tt ISR B L3R, B s BT AT LA SR AR
GEAE 3 B CR R A L SRR DR G B 2R )
MREBE o H TS TR, 0 HZ B s 1
S EIREE AN Z W AAHESE B TERR A H] Flex U-
Net Fil Segresnet 4 F 25 [ 46 X i EB 1G5 CT 5214
JEEIR GTV 4T H 3 70 F10 AT A7 P FAER 2 .

1 ARETTE

(el B o B I VA 0 5 B 2019 48 10 H 28 2022
AF 9 J 3 B) feft FH 608 0 R AT ST AR RE 8] R YT R
IR B E B ISR CT AR . A ARRHE : (1) HoA 280
o BT AL B 12 0 TR R FE A 5 (2) 4R % 18~80 %7 5 (3)
Jifr 95 f% KA <5 em; (4) Fi A= 2 W1>6 > H 5 (5)

ECOG 1¥453<2; (6) HEBR A T 5 2 Akt G ab %
BB . mANF G AAIbR LT 114 6 3 L
ARGORILZR 1o WUE AL A ST 118 435 CT 5%
& (415 F8 35 #4730 2 FEJBR AR SBRT) , 43 Bic H: 1 103 45
BE 107 41 CT TR S, 4% 11 B R E B 11
21 CT H PRI . AWF5 B8 105 44 K2
oo M Jm BE B fe B & B o AL (b
CHEC2020-099) .
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Table 1 Baseline characteristics of patients

FEANE L YIEdsE (n=103)  MREIRELE (n=11)
LWL (% xxs) 62.2+10.1 62.4+7.7
PFERIH1(%)]
L) 64(62.1) 7(63.6)
% 39(37.9) 4(36.4)
T 4361 (%)]
T, 6(5.8) 1(9.1)
T, 33(32.0) 4(36.4)
T, 29(28.2) 1(9.1)
T, 35(34.0) 5(45.4)
iR 57 B[ (% )]
JR AR S S 69(67.0) 9(81.8)
JER R 4 2 34(33.0) 2(18.2)

JE AL 7 ¥ ] RO 16 fE R L AR CT
(Brilliance Big Bore, fif %) #£47 CT @ i 4 . Fr Ay
BB Z E N FNRIT RTER SR =S 4 h DL R
Al BB IE A BERAS 0/ N B g e A — 0w kiR
ST o U R A 0L 8 25 S o SRR AR R
S AR e E K L 5.5 mL/s W33 5 B2 1a) J
5} 90~95 mL ¥ B 2y 370 mgl/mL () Tl 3% B iz i 5
o S E R A S 50 s, 8 HLE 120 kVp 45 HL IR
400 mAs | 1.5 mm JZ JFJC [A] B SR BE 4141, 494 SRR A
0.938, 14 [ A b Rg LR A& A3 N 5 em.

[ g =) . A IR GTV ¥ 1 &4 &40 3R
B 7E AccuContour b #E47 T3], 3t 144 &l 3=
FEEITHATHRIA . T2l A w4 7Eg 38 CT o8l

BRI 2k 107 4 CT 12 B & A
AccuLearning 1T A 3 - #IB R 2. RGHE R
8:1:1 1y L Bl LA CT s VR M 24 (B k4R Fl
A X0 B CT s K730 2 86 11,10, Il 4k
HAr K GTV, IS ECH : (1) M 45454 (Mode) : Flex
1 Segresnet; (2) 41t & K /)N (batch_size) : 16,y 1 K1k
AR FH RO RE AN BL, batch size B, F2 7R 4T 1)
BHE 53 A BRI AR B B e A o A B AL S —
ECRFE R T 4L 5 (3) 2% 2] % (LearningRate) :
0.000 3; (4)31%k K%L (LossFunction) : Dice il CE, H.rh
Dice fit K PR %0 (Dice Similarity Coefficient Loss
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Function, Dice Loss) j& & T Dice Z 59—~ 151 2K 2
B, FER T e AR Sy RIS R S B AR TE 2 R
SRR T bR , AL 5350 E S D, X 2RI
S ) R B A R T R AR R G T 55
A8 S 451 % bR X (Cross-Entropy Loss Function, CE
Loss ) J2&— iy 2 Fi 2 A7 F1EL S 73 A7 2 18] 22 55 1 4
I RN, 35 T 22840 28 )R, I3 2k M 23R 43 A g DL
B 53 B S5 - (5) I ZR%E K (MaxmumEpochs ) :
200, 7% g ) 56 Tk B 0 I A AE I 2 0 R eh 9 Bl AL
PE AR A B I 2R 28505 201 25 3 0k, F LR AS
(] P9 285 B R YN R 25 R B R e 1 o e A L) 3 A
#5354 44 "M Flex-1, Flex-2 . Flex-3 fil Segresnet-1 .
Segresnet-2 . Segresnet-3,

AL « B DI R 18 6 A0 BIAS IR R ] 2 I3
ALY 11 35598 CT #2125 A AccuContour, I 52 i ik
BRI B s or Bl . DWFshami 85m-h2% , 5%
THPPAL 2 FI B R A PPAN FE b

AL 4845 (Evaluation Metrics ) : %243 HI AL 1Y
PEM 6 bR AL 5 DSC . HDYS | 148 2 AH X % 2 (Relative
Volume Difference, RVD) X FRAV B A4~ 15 2 T i 25
(Average Symmetric Surface Distance, ASSD) , 2% &

PEARBAL 03 R

2.1 &R LR B BE ALK S R IR 1R
BERIYI SR B BEREHL 23 e 10 2 CT 0 1 Ay 455
YR B B i, Y G 22 I 25 B rp B ATL 03
DSCHEULF2 2. Fh T IR Ms o & 19 &2 2tk HL Ak
YITZ5R 0 D 540 349 A B LA BB, 48 [T 2 I 25 2 4
AR WA I 45 34 22 3 IR 25 10 43 B AL I 45 AT
RAFTER K227 . Flex 2H A Flex-3 i 4t B 72,
H%/INDSC 4 0.14% , -1 DSC 4 56.30% ; Flex-1 it
GERILAN , B /N DSC M 47.90% , 44 DSC 4 67.35%;
Segresnet 41 H' Segresnet-2 Ml i 25 H 4 2 |, iz /N DSC
4 0.00%, -4 DSC 4 42.46% ; Segresnet-3 I 4%
e, /N DSC M 42.65% ,F-1 DSC 4 63.28%.

2 BN B BEALNE BOE Y 2 BT (%)
Table 2 Segmentation evaluation on random test data in model

training phase (%)

BAIZFK  DSCHH DSCir/ME DSCHcK{d DSCHHifE
Flex-1 67.35 47.90 79.69 69.82
Flex-2 63.37 19.74 81.94 68.98
Flex-3 56.30 0.14 77.45 62.27
Segresnet-1 62.20 26.72 72.34 66.33
Segresnet-2 42.46 0.00 74.35 56.97
Segresnet-3 63.28 42.65 78.92 61.57

2.2 BV By B B E iR S RS IR 1B R

IR 5 B4R 11 B0 AR Ay [ s 3t 4
T2 BRI RAMER I, MR PP 25 R 3% 3. AT
YINZR B B B AL Ak I ) 3 | T v 0 X 5 4 s 4%
4 Z [ DSC., HD95, RVD fil ASSD f 2 % &~ K .
Segresnet-3 ZH HUAS A% 5 i 1) DSC 1 RVD 448 5351l
9 63.88% Fi129.41%, Segresnet-2 41 A HH X fx A ()
ASSD 1 4 4.43 mm, Segresnet-1 2 B 15 A X} f 11
() HD9S YI{E 4 12.87 mm. IR 45 R n] UL, Flex K4
PR KB FEGT BT B, FLA — 2 1 R RS sl A R A Ry
I $ LA S0 L0 4 8 2 L A 2K it e g 3
Foft A0 A2 % ) PRI A A D 3K v B 2 ) 45 LIS T i
FEFEA JE 5 Segresnet FLAT 5% 22 W 45 1) 38 KRFAIE 2% )
A7), LR 2 M S M fE i Ak 4 Jmy A B i AT R 3
B 25 375 H2 B A% T AT A0 % i TR U2 DO 8% vl 6 88 T 2
(], DT AR E FRAE AL RE F1 22 ) o ILAh, Segresnet
AT 22 24 UG S A0 2E 47 B R 2 R R AIE 42
B, 0 ok W 7 RIARC T Fb B DX s A Ak B 1 S Y e
MRS I L 3 T i 2 LA AR Mg LA ) o3 BT 55
FE T Flex 9 JR A

=3 REMK R E B E MR SR 2 BT
Table 3 Segmentation evaluation on fixed test data in

model testing phase

TR 2 FR DSC/% HD95/mm RVD/%  ASSD/mm
Flex-1 61.84+12.46 18.52+15.01 35.65+22.50 5.07+1.80
Flex-2 61.6849.07  16.89+6.86  37.13£13.15 5.08+1.21
Flex-3 62.91£13.79 15.52+8.47  38.30+20.24 4.93+1.95
Segresnet-1 ~ 60.80+11.73 12.87+4.87  42.11£19.58 4.71+1.62

Segresnet-2  62.12+12.25  13.39+7.27
Segresnet-3  63.88+11.55 14.63+5.59

38.24+17.02  4.43+1.97
29.41£19.10  4.67+1.69

1 7R fi i Segresnet-3 43 % 45 8 JE AT Il FR )
A 3B, o AR o 46 2R R AF (DSC=0.7) .
— M (0.5<DSC<0.7) . 22 (DSC<0.5) ., WKl 17w,
205 1 BbRE AR AR X A K, B A sl 43 B AT ol ) T
() —SBOERCAT s 22091 2 1 343 0 45 5 B W 3 e
(A SE PR 2%, A 25 18 AT RE B9 I R A2 20 J9r 7 1) RS
Fil , PN B0 20 W0 A7 7E — 52 (R 2050 22 57 5 22001 3 Jieboa 4k
TR A/ 0N, e 30 S 2 R, I 2 o3 BB RY 1Y) 43
F X /N, FLEE IR A1 R A GE B i 1R BN
GTV, FEDSC {H# 1K .

BT IR iR 04 A B0 F— B IR A 3
U MERT , H TR T CT 4549 [ 2 43 B i it 75 %8
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Figure 1 Comparison of segmentation results for different cases tested by Segresnet—3 model
1 RAF(DSC=0.7) s 2401 2: — £ (0.5<DSC<0.7) s Z 401l 3: 4522 (DSC<0.5) (& Al (4 T3l 4381 GTV Fn 1 I, B 645 H 3y 531
GTV Bl X %)

FEAMWA: —EETERIEEN A shaE; —RET
TREE2E 2T H 8h o El . AR SO PR B sh oy 8 r £
HEAT B I8 . T RS R RY B 20 o BN WL
AL Ak AF DR R S R 22 S PR Sk S A5 AR
X458 Ry WP ) AR 285 4 A5 Cn i T L A 55 ) B
H 5 JE K 2 SRR Canfit A8 ) . Xt
T 1 27 U sl e T B R I AR B R R (an -
60 25 1l (S50 ) LA K55 1 30 8 B 0 3 AR AL 1)
Ji BT RS PR B 3 BIROR AR AR X SR
TRBE 2 2] T R3S 73 #) . Gibson SEMF Y L3 %
Y KRB ML BRI ARG 3 T ik
FENFRE AR B MEE W A g H, SR BRIET
2% ST TR SR I B AR o B IFIE LB 1) DSC
FREH )0 0.85.0.49 ,0.25 ; B T IR A b2 fil A 16 s
iR RFIE B ) DSC 35 B0 3o 0.37.0.93
0.72.,0.54; F& T8£Ik 25 A0 AR PR 1 &%
() DSCH5 5053514 0.66 .0.92.0.83 ,0.73 , B T HIE S i
FRT RANPIRE L . BT BAR I A AR 2058 P
SEH4 DSC{H K 0.45~0.74"5 R [FIHFSE ] 22 F 48K
RFREXI0 A &N AR Rz, b
W I S FH ) # B S5 R A, 18 ] N A A A
AR R ) B I B 55 ) LA 38 43 ife PR X
(L g i R X3 2 s K L 5 9 X ) o e i
S 3 T IR B 2% 2 (0 4y BIWF 9% BB AE b T LA K
P 43 F EG AR IR AN 7] 2 2243 R 36 F MRI A CT P

A Bl 535

15T MRIFAAR AR BE 2 2] A 8 4r IR 5
Liang S 97 — R 5 T 2 240 MRI A [ g i g %
A 2 W 2% 2l oy IR (5 — b LT 07 6 1%
TR 28 I 245 %) 27 191) KB 199 37 & MRLECHE 2R 171 25
KA, Fe 238 5 - 25 DICE 4 0.73, Chen 452
P2 — P 3L F ResUNet 14 82 e A5 8 43 1 5 15, Wi 4
73 45 & 1 2 )7 51 MR, 4155 65 5] ADC .69 5] DWI
68 14 T,W F1 70 5] T,W. #F5% F 278 T,W %48 % I
PEARIZ B R 98 70 B HY , 7€ ADC . DWI HI T, W %X
P S E— 25 B UEZ AR [R] s £ MSD ) 281 491122
BUS Dot e SN L -8 W 1111 5 W 1| B & o |
2D .2.5D 3D W Z& 11 73 EI R RISF- 5 DSC 24 0.49..0.55 .
0.61, {ifi Ji] Spiral-ResUNet #i % {1 3F- 44 DSC 4 0.66.
Choi ZFPV3EF 21 il MR [ i W BT 5 iR g 18 4 3t
126 & MR 1% , 1151 MR F156 1~4 43 WA T KIS 4
1E RN 4L (n=105) , T SE (n=2 1) 355 5 731K
(G, o BIR R 5 4 28 SCS0 Uk 7 I 25 46 L ik
17 I %k, XF Hb ¥F 4% Segresnet. Segresnet 2D il
SwinUNETR ixX 3 i I8 i 2% 2] S AU QLA 7 GTV Al
KeAn B A 8o HIFRI, WFSE 88 SwinUNETR AR 78
P A, BRI 2k DSC Ry 0.88+0.06, il ik DSC A
0.78, Ho %} F GTV i DSC 4 0.79, /R Hi H 343 %1
51 RO DX 4 1 — 350k

TERET CT AR IR EE 2= > A s 4y FI R
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Wang 25 P 42 400 2 CT AR I T 3 T A RN AT
CNN & T M 1) IAG M 4% (VGG 1 2D U-net) Fil H A
4 TN TF I 43 F) J7 35 E AT B, TAG-Net 76 {f
VGG-Net (1 [ it [ 983 73 #1°F- 2 DSC 24 0.54, 7E 48
U-Net (1) i i 198 53 51 °F- 2 DSC 24 0.60,  Shen 550Y
BEXTHE 8 CT 975K A A 20 43 1 [ R ) — i i 1)
S ) R o e B LRI 4 2D 4
A, ) AR B B RS BV 5 | 5 4 2 PR 46 O T Jle
il ¥ S5 K0 O B AN BRI . R, SR FH 22 RO 3R
A 77 % V-Net/U-Net FIE IR 45K IN/BN 38 35 1 by 424
TR 45 ) &5 i A TE o 7 30 491 XF L3 5 I C T
(5286 F W, B V-Net Fl IN FE£E ) NMCPMNet %]
LRI T e fEERE , Hrh DSC 5 5 4 0.64, HD9S
A 0.56 mm, A F HAB AL FH L CT 42148 1) 1B
B EITTE o R ANAT By T GV AR DX, i
L3 g 8 i AR 45 F (i FCN's BE A% 3 2R 28 L 1l 45 110
S5K AT REAE T LA bR 25 0 P i R S A
rEUES . Ak, SOl B T 2 R
B An EORTEE R &6 H bR 42 8 0 JE 3 /N o o BIAE
20 E TR MR A 2 RO AL 15 2 M 2
JireE ZRAIE, 76 28 1 555 A 1 JBR AR e i 4 v Sk 3%
I DSC 4 0.58,ACC 4 0.998 3.,

A WF 58 w5 1 {8 F AccuLearning N & ) Flex .
UNet, VNet, Highrenet il Segresnet #f 17 44 2 1 1 5
5, UNet, VNet, Highrenet 3 A< RE B 45 41 114 43 1) 25
o XL F Flex 11 Segresnet, f 46 VIl 25 2 B0
P AR GTV 19 5 HIBL A, DSC -2 1l 34 0.621 I
0.623 , 1 F 4 ML T CT B9 e b B 3h 43 B AL
(AARL R SR AEAE — 2 JR B - 1 2, IR A Je A 7
SBRT (% 8 & B /0 , AR SRAUAAL T 118 4 e i
B CT A%, AR T H A0 X 45 1 i 7F 9 R A 22 Ml
A T B S SRR r [l A R R T S AR
Z AR DA BRI 43 BRSOk )N A5 3
F18) AR T (R R A K 1) g i e 9 o] LA A 5 1Y
O3 FNRCR AR TR /N LA K A T T 2 8 1 e 1 4 1)
ORI A3 2% o X — 25 R R R EA LT
305 (1) /AR i 208 5 0 ] 61 A 44U 30T
H R ARFRIN, 2 E R 22 5 4 4 e AR R AR L
{9155 55, DSC i 22 51 5 1. 3% 5 (2) /IMAFR LA B A T i
JR2 IS R it e B A R S B TR SBRT A4
PR RE ZAS 2 A X A 2 A R I 5 4 1 1 D0 A7 A I 22 5
(3)AHIF 58 5 T B SBRT (9 GTV JT i , /) i) [X 55
SARF IR AT UL s DX A0 8 45 A IR IR 56
AN A3 0 16 S 12 AL A DX 38k, 33 78 /0N A R fe i ek o
RV NS E

25 LTk, 3T AccuLearning ) 5 B 25 ) 26

Flex Fl Segresnet #f AT LA — & 2 & I 58 i 36 T 4 5
CT Y BRAR GTV 1Y [ 7331, 1529 T2 LX) i
[ BOAS o 7 Ji BEAF 2 v — T T A5 38 o 1 /AR
DA R ASE T g 0 ) e e o e S AR A =, A4 X
I3 TARSAT o H NG, 3E— 20 4R T B AL 1Y
LR IR T 5 0 — T A 5T 5 T B B e AR
FERE T B 3m 2k A AN T B e AR B H At v g i e
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