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Contour-guided Hierarchically-fused Multi-task Fully Convolutional Network

HE Ke-Lei, SHI Ying-Huan, GAO Yang

(State Key Laboratory for Novel Software Technology (Nanjing University), Nanjing 210023, China)

Abstract: Conventional multi-task deep networks typically share most of the layers (i.e., layers for feature representations) across all
tasks, which may limit their data fitting ability, as specificities of different tasks are inevitably ignored. This study proposes a
hierarchically-fused multi-task fully-convolutional network, called HFFCN, to tackle the challenging task of prostate segmentation in CT
images. Specifically, prostate segmentation is formulated into a multi-task learning framework, which includes a main task to segment
prostate, and a supplementary task to regress prostate boundary. Here, the second task is applied to accurately delineating the boundary of
the prostate, which is very unclear in CT images. Accordingly, the HFFCN uses a two-branch structure consisting of a shared encoding
path and two complementary decoding paths. In contrast to the conventional multi-task networks, an information sharing (IS) module is
also proposed to communicate at each level between the two decoding branches, by which the HFFCN endows the ability to learn
hierarchically the complementary feature representations for different tasks, and also simultaneously preserve the specificities of learned
feature representations for different tasks. The HFFCN is comprehensively evaluated on a large CT image dataset, including 313 images
acquired from 313 patients. The experimental results demonstrate that the proposed HFFCN outperforms both the state-of-the-art
segmentation methods and the conventional multi-task learning methods.

Key words: fully convolutional network; deep learning; multi-task learning; prostate segmentation
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Fig.1 Prostate (left column) and its segmentation (right column) of two patients
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55 BIM 2 By HFFCNL AR U, AT TR T30 1 2 1) iy 91 ka2 G A AR R AR 3 A 0 A B AE 55 4 5545 IR,
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(information sharing, fij AR 1S) ISP HEAT A5 8 1 76 2 B4 NIX L8 1S B, BN FLAMP T X 4% B 2 b o) == Em
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55 DA 285 R0 A L 43 BT 9 8% 1 B0 R (L R 2 v RSt B ) SR AT R AR 1 A A 0 R ). DT e A 28 SRS 2 . 75 LA

B 58,

15 24T 55 2% S B Y 2 4 4 9 2% (HFFCN)
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Fig.2 Comparison of the conventional multi-task network and the proposed
hierarchically fused multi-task FCN
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Fig.3 Architecture of HFFCN-3, which contains three IS blocks
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1 fEXIE
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A9 4R 22 75 12 11 T 7 90 i 2 s 1241 5k 26 5 90 o T A 7T (deformable model) A& — 2R 2 81 55 AN 5 2 ) )
G (10 AT ARV F R o T3 7 R 5 B ot R s I 2 1 TR 2 HE AT TS A TR e A 3 K i
% 7 B 2% G AR AR G H A A 2% 8 58, UL AE CT B . Rtk 5 S HE 9 3+ CT UG 1 21 B 43 0 7 vk i
BT B AS R 4 0, Gao 25 NP LA P TR A8 B Sk x4 1 47 % & (displacement map)#E47 1] 9.Shao 25 A\ M4
T TR B IR R 2 E B 45 A AR 3L T landmark f6 %8 BRI 7 925 AR A9 B B IX 8 Rt Y
JIVEIBH 23 BT B I IR S M FH SR DX 43 7335 I 1) i 470 220 2, R FH 24T 55 2 20 SR MR Uiz AT 45 X AR I IR iy
BT IR B AR LA I T VR R 2 AT TR R AE B IF R W 10 38 455K, BT 38 5 #0245 (deep
neural networks) T i 1T 45 2% =1 fiE 7, 18 J3 4 28 I 46 )32 17 JH 1 2 TRl 45 0 M AR O 7L 8 o 28 I 4% th 7
CT BIMG T 5 IR 43 BT 55 v BUAT T AR 4T (%) 7 i 22 B 41 01, Balagopal % A MPHE W T —Fibz It T 2D-UNet A0
3D-UNet HIEI7E A BIRT AR . bk B A0 sk A SkiX 5 Fh 4l 4% 7 Shahedi %5 A T
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FCN, Hi ki e LG Btk M1t CT 5 7 B 55

12 REZEEZHEME

FEVRPE AN LRI 265 v 45 fr 24T 95 2 2 AT 280t 28 AE 22 Rk SEHLAIL 5 1 ] o 45 LAIE ), 81 2 1T & landmark
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A NPV — b T 90 B R AR 1 G5 5 0 R S0 1) 22 AT 5 R W 245 Liu % A TOUR il i 24T 55 2 33 1 4%
HE 2 [ A 50000 i 248 593 AR [ VT e A VP 23 e AT 01 X 9 40 4 T A MR 5 o iy SC P ik O 5, BIARE T — A Sk o 46 o
JITAT B sRadE A7 e AR 2 AEURE o 80T OR B A 55 R 52 MR AL I 15 92 (10 88 0 LA Jmy BRAE DR 17 it R B A 1) 3l
FRATTTRCTE T 3K AL R SRR R B SRR [ 4 2% 5 R OB et 43 B AN TR AT 45 (945 ' AR A 79 1 480 S bk
DR B 38 4 A\ I 86 D R ok S L 2 30 B RS TE 3L .

2 BRBEEZEFZSREMLE

WA — P I ZAE45 22 2] 4% HFFCN K20 %1 CT B b R 71 AR 88 B o0 ik, R AT E T ARG 2
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2.2 WERRETME
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PR FE A 0 TE R, A B8 1) A 38 A DR AR il 90 e (10320 5 8 Ml DA 20 9 S (10, 3K A4 LB DT vk AN g
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() %% (b) ¥ BRI IR

Fig.4 Comparison of contour and contour sensitive label of prostate
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Fig.5 Illustration of information sharing block
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25 HFE

AR, U-Net 45 HFT 1S HURIF T 18 2 3% S5 54 A0 4545 4F 5 B BUZ I 23 18 2 18845 T 9005 Sk BLK
1 SAH L BRI 2 A, U A% RO A% St 18900 T 4% JECSCRR[29] 0 42 H1 9 e Al T AR 202 sl oy im i 1 S, — A
IxL K/ A 1 AR B N 022, B % B8 L J O B AH TR 4% 5, AN T 9k 2> 0 4R A ARFAEE P81 A T4 v 3R ATT R
R AN EL R ERE—DMHIZ.
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e 251 H AR R B T

L=A1Lois + A2Lreg +R(O).
XML, Loys FR 7 43 FUHTH IR0 53 FAT: 25 DL 0%, L reg 727 Ff 22 T 41 56 B8 1) [B1VAAT: 55 ) 08 2R AR @={ Opps.+ Oreg }
1 R()IE M, 3 2 V8 J3F 4o 45 X 4% 00 ) 7 9. AT 1A ) Logsoftmax #2536 S 70 T 4.4 B, = F(X,0) £on
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SR, R K Lois

1y A
‘Ccls. = _72‘,'09( pnﬁln)
N

© PEBEERKCEIFR  htps/www. jos. org. cn



55 F RS ERRL S LA EBAML 1579

On (L) R R AR T R [T 55 3 5 7 P AR A SR AL, DAL ok, AT 7 A 5 1 SR A 3K A i AL
56, AT A 70 317 M 2% AT 1S Db (R BT AT S 80 ANAE VS IR Sh B Bolll 250 52 a IS 50 XA RES B 0 M T 4R 1k
ANV 1) 22 A 55 2 20 BBCEE U0, AT P AN 40 K BB T AN P B AR AR o AT v B A Y 7 4=,
1,=0.01.

3 TR

31 HiE&

AR SEAE— N 1 313 A B AE JSUR R YT A IR AR DCRRI B B i CT B 2H B B B2 1 AT VP05 00 4R
U E 313 TR EHE, BHR R SEh 512x512x(61~508). 1% 26 &4 (1 ~F 1 P9 73 #F 2 24 0.932mm~1.365mm, D) [y J&E 4
Imm~3mm.

S ENZEAR AR BB, XA T LU R 3 ANEIR:(L) CT G i 2 4k L B 3R 5 i, A 7511 71 B e
M LA DX 2 H oK (2) AN RN R 2 TR 48 1 TR R SR AE 1) 22 AR K5 (3) I3 41 2 ok 111 U V8 7 1 S IX R &)
B B B —Ar 9 N 15K MR, DN b 25008 4 9 A 2 R sk

AT/ H T USHESE Caffel? FszPl 7 pidd 7 i F AT 1 S2 i SE 00 /A5 4 — B 3434 1080Ti GPU )
AR B 58 FRATTBE LK Bt S % 20 0 W 541 (70%) 56 1E B (10%) A 10 4 (20%). £h - BB R HR B AS [ o 3
T M0 AN ) ZEL 5 L 5, IR P4 T 4k B BB, AT 0 e BT AT PRUGCRAE B [R)  % 1:1:1 mmP 3 T4 5K %,
FA I BT R AR TV AR B CT G R AL 59 N B A4 R30S A i 40 sk 2 7 e i 7 42 ke, R AT TR
A3 5K BRSO — A AL B, DL H 58 BE A VA — AR 39 X 1) [—1, 10, Fe ATV 30 Al FH 3 3 B 10 SR eSSk i B — 44 PR 4% 5 T
3 007 PR A8 A N 1 T 4 R 0 9 8 o A DI 5 9 BB, AV AL A i 1 R DX 1 R 8 B A R B, AT A
LA AT A R A O B S R 3 AR TAR R R ST A 64x64x3,9F HAL R SF 1 B 1280 1L AT A — 4
TSR D) SR TR e () P (K AR XA SR &5 T A5 T D) 18 = 4 2% 0] 0% 28 X A B T B e Tl 44k e o
FEW 2 ATV — A R 25 A8 T BRI 2 1 5T (ReLU) 1 D 80 bR 5. O 17 SE A iy 23 BT BT 2 9 45 1RO 4R
BA T AR G5 48 AT 3 T 3 BRI ) HFFCN, LR 1S By B A THZ 3 N 21 Hp ) J2 R [R) 2K 4 1)
WY 45 15l —AN 1S (B HEFCN-1). A 1S B (Fr 5 HEFCN-2)F1 3 4> IS e (Fr 2 HFFCN-3)#4) F. 3 46 5 £% 3
R BEHLER BE R B8 (SGD) VL AT O AL AT T 6x10° YA I 25 1 45 2% 2] 3 M. 0.01 F#4IE 51 0.000 1,8 &
N 2x10° A6 WU I B, A I I 25 4 10 X 4% 4 T SRS R S 5 e K A S A vk A ok 2 R R B T B B
P
3.2 1T IEHR

FAIR A8 (48 A, RITHE T AR5 35 10 [ 1R 46 b (DSC) AT 35 26 T8I B 29 5 b5 (ASD) el & 42 Hh ik
1) 3 1 e E SEE b, AT HL P35 DSC -3 ASD, X AN Fe AR 8 SN
_ Voly nVol,

DSC = b
Vol +Volg,

ASD :%{ mean min d(a,b)+ mean min d(a,b)}.

aeVoly ,beVolgg aeVolgeq .beVoly

T Vol geq 267 T A4 1 1 25 1R 4R & Vol g 2R 78 B AIMA A 4R & d(a,b) 2R 78 s {a, b1 1 L B 75 R 126
3.3 #EEE LR

(1) 1S Pemzkne

BAVFR T BAARF 1S S B B K HFFCN BIPERE. S T HE— D1 57 38 A W 4 3k SRR E 1) 3% B, AT T4 2t
T—ARH 64N 1S B 45 (Fk b HFFCN-6). 04 T SEHLZ B #, B A TR RRAE 3R B4 20 B AN Bl ST 1) i 1%, e A
FRANTFHERE A2 SRS e P 4 — 2 i N IS B3R 1 51 H 71X 4 Fh 3% 4+ 777 1) DSC #1 ASD 4 fig, 444~ HFFCN
W A B AR B AEAE R P (23 B A 2 AR RS ). T 2 P b Ll e, BT I 2 1 2%t [R] 16 2 50
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IR A 1 AT LU Hh HFFCN-3 713X S50 E i 1P B X R W 1L 4 0 1S P ity 50, RE 6 418 g 20 1 1 . 451
1, HFFCN-3 [ ASD 4 0.907mm, 1 A& Bt 7 T HFFCN-1(0.971mm). X B:iE 1 FeAl 1 i 5 5, BV J2 2 36 5 sk s o5 )
THRFHEIR A (13 42 /& HFFCN-6 (¥R BLBAT HFFCN-3 LF JX 3 A 1 3L 22 i B RR A () T 200 1% o T 1R
JEC SRR K 22 2 — e L AR AE . 1% 7 B th £ 3L A AT T rh 45 038 43 0 ik 1 290,
Table 1 Quantitative comparison of HFFCNs on DSC and ASD with different number of
IS blocks in 313-patient CT image dataset
£ 1 SHAFERESESILZH0 HFFCN 78 313 AMi A CT EHG S 4 b
5£T- DSC Fl ASD 5 bx ) & 2 L AL

i DSC (%) ASD (mm)
HFFCN-1 87.1 0.971
HFFCN-2 87.5 0.933
HFFCN-3 88.1 0.907
HEFCN-6 86.1 1.115

(2) HANLLE r f R

BAVE L TR LR r T HFFCN MR8 T A PR, BATEE L HFFCN 2 5 & T
B H AR S B RE A (AT 14 80). 71X 4 SE 56 o AT A 19 104 {0.1,0.3,0.5,0.7,0. 93 K B AR 4 A L 2R 1 [RI4E,
JEAEE 6 il s R 7 i B A1 38 DSC {H. 18 6 2R, 75K 2 HE 3L 3 iAW) HFFCN Jr {5 DSC {i ke
r E I SE R B, G _ETF AN AT R B, 7E HEFCN-1 w1 ,r=0.9 I 3 4% B 45 5t A0 (4 1tk i 7 HFFCN-2 71,3k 31 5%
Ptk BERT r=0.7;1fi 7 HFFCN-3 1,38 S B LRI (4 r 5 F B4 0.3.FAT T 0 X wl Rl th T H9 i sE 2 1S B, A4
A A S L) 38 i S T R AL AR R R B S BURL R, AT DR AR R AR B A E R
27 g ST, LA bk 38 e e e B A S v O (B B A SR SR 3G I, Sk T AR AIE Y 45 0K R i
FEE e, A EE /N ¢ AR SR AR BRI (5 B AREETE — AN LU 55— J T A 8 22 B0 1 1S Ml o LA
RO BRI 1S Bt 20 Bk R 2 4, 3 U B OR B3 AT 2515 28 R AE 1) A B PE (B A998 1 1K 2 X T+ 45 8 HFFCN M 4%
SERIAT B B3R v AR — N A e 1 R, FRAT TR A AR A S e HEAT R SR
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Fig.6 Comparison of performance in terms of DSC with respect to different HFFCN architectures
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gh IR 2 WA K72 e (>1mim), % 22 5 11 28 1R W 78 I 246 v 2 S 8 3R A 19 2800 it DSC T 5,45 OnePath A L,
HFFCN-1 5 1% cioidt . iX i B 5 OnePath H 4 A 1 L HHVR & SR ME AR LE, 7E HFFCN-1 T4 19 5 VR & 5K W B
A IAS B0 AT 11 28 45 S BB A HEFCIN-3 11 5 A4 fi d £, IR 3R B TR T B 2L 2 1A 3.
Table 2 Evaluation of the effectiveness of contour-awareness
T2 RERRRANZE IPE RE VTN

Jiik DSC ASD (mm)

U-Net 0.80 2.02
OnePath 0.86 1.01
HFFCN-1 0.87 0.97
HFFCN-3 0.88 0.91

3.4 $FHERARL

0 T WFFCHFFCN TEAS R 2 2% 3 2 4R, FRAT TR LA B th A7 rT 4G, B 7 o S b m 2 L= 5
£ 11 OnePath M £ AN ] ,HFFCN 13 P 4> 43 3 Sk Ab 20 AN RE 2 AT 45 DRk, BT 1 I HFFCN-3 1R AN+ 1 465 1 56 4
He (R 25 5 B (7 )2) 2% 2 B R AESEA T Al 04k ) 7 5o 7 0 11 0 2% PR AR K X 8 P H B T RO e 4
7C,FF A ZE H AR A B 4 T P 48 1R 38 B il 2k B (TRAT1HE 3-D 17 E 8 5 3l 3 4 4l A 2-D BAREAT Jg 7 3L
[ B € IR B R 2R 7 1 28 7 0 M N B 150). IX R B FRAT T HFFCN 7 v BB RS 72 AT AN [ AT 45 B 2% 2] 1 ST
GBI AE IR0 T 24T 45 2 X i R A

(c) REFmAL: T WLEIHE 5 N2 ) Bt e Ak (d) 20T FILE IR 2R 5 AN P (i J25) 1 i L AR AIE

Fig.7 Visualization of mid- and high-level features in the proposed method
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1t: DSC HI ASD 75 Il 4 4 W5 F AR 1 8, X R W 1 i th Sk k).
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Table 3 Quantitative comparison of DSC and ASD (unit: mm) for prostate segmentation
on planning CT image of 313 patients
3 313 AKITHRIFN Bt CT K5 Ly 51 i 23 1% T DSC M1 ASD(FA7 :mm) i b ) & 2 LL L

Jiik DSC ASD (mm)
Martinez 2 A\ 24 0.87 _
Shao 25 A1 0.88 1.86
Gao 2 A\ 1% 0.86 1.85
Gao %5 A\ B 0.87 1.77
HFFCN-3 0.88 0.91

3.6 AMMHER

A8y T BT Y 1 HFEFCN-3 Ll 2 OnePath 9% %% (1) a] 44k 43 1) 45 9.8 7= ,HFFCN-3 F1 OnePath 34 i &5 1k
AR5 B S R S e K2 80 CT BG A i U b 4 22 W 270 AR 58 5 IR e, R AT A mT 404 T LA B Bk
PERIAEAR T 2> B 45 58, WK 8 s K GBI Bk R/~ ground-truth, v €4 119 46 J58 28 3 7 BT 3 7 ¥ 1) 43 1) &5 SR (Jik
T HFFCN-3), K (4 [ 5E BR 26 K 7 OnePath W £ (1) 43 %1 45 L.

Fig.8 Visualization results of the proposed method on prostate segmentation
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