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A Few-shot Medical Image Segmentation Network With Iterative Boundary Refinement

JIA Xi-Bin'  GUO Xiong' WANG Luo' YANG Da-Wei? YANG Zheng-Han’

Abstract Accurate automatic segmentation of medical images is an important basis for clinical imaging diagnosis
and 3D image reconstruction. However, medical image data has small contrast differences between target objects, is
greatly affected by organ movement, and the scale of labeled samples is small. Therefore, it is still a difficult prob-
lem to establish a high-performance medical segmentation model under few samples. In view of the poor perform-
ance of the mainstream prototype learning few-shot segmentation network for medical image boundary segmenta-
tion, an iterative boundary refinement based few-shot segmentation network (IBR-FSS-Net) is proposed. Based on
the few-shot segmentation framework of dual-branch prototype learning, the category attention mechanism and
dense comparison module (DCM) are introduced to iteratively refine the coarse segmentation mask, and guide the
segmentation model to focus on the boundary during multiple iterative learning processes, thereby improving the
boundary segmentation accuracy. In order to further overcome the problem of few training samples and insufficient
diversity of medical images, this paper uses the super-pixel method to generate pseudo-labels and expand the train-
ing data to improve the generalization of the model. Experiments on the mainstream ABD-MR and ABD-CT med-
ical image segmentation public datasets are done, we conduct extensive comparative analysis and ablation experi-
ments with various existing advanced medical image few-shot segmentation methods. The results show that our
method effectively improves the segmentation performance of unseen medical categories.
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AT B AR Ry R E, B R = S5
P22 EME y; BATECRT, 3B S R BT si = (2,
ys) . AN S REEE UG o, 3EAT BE ML L AR AR A A 5
PG A2 BSOHT AR RN o B 1 AR ey, X SRR
EIE I PAR2E v R EAT 5 SR SR UG AR [R] (1) LA
Ak, 1B IARRE y,, BT AE R E S 2, S51H
W2y, (EAE RGN ¢ = (2, y,). TSGR
IR B 1 fa N B [s5, i) A SCER X A7 08
KIUNGRB B B 2, BRAR /IR AR 73 BB A0 P 2
AR A E T NS

BT R SRS

N RN N P S = (SN RN & S Nl
I SCRAN. 7 18— s B AR AT Wi X
TN BEAT AR, FARE S TR, A SCHEAL
HRE 1B LRI OLAT 5 5 IR, K HodE
FXIIr N 5 AR, RN R Ik R 1 A
NSCREE, HRBRAE B, IIZREk. Mk 4E.
SCREERE AR 2 6 P,

PRERLE 4 A BT ISR, RIG AR 14
> EREATINK. O T AEERAS AR A Ao
FasEtk, 73 %t 5 Ao dEAT I ZRATIN K, X REA

3.1

3.1.1

3.2

e ¥ {5 50 %
P& P& S
Pibsas y, B4
-~ "é"' “\.
Tohn2s B AL @
7 //u e O
e l
AR »
eI A5
Ptass y,  BER g,
Bl 5 RETEEREENEART R
Fig.5 Sample augmentation approach based on
super-pixel algorithm
%K6}1|1||2||3||4| ..... pey
e | [N ) D O
Mk | i
wno (D [ ([
L | [0 (] (T
Wik 1%5’7}5 [ 17 | 8 ][ 10 ]] 2
[ s
K6 ABD-MR #fEE%5 R =K
Fig.6 ABD-MR dataset partition diagram

AT 1R, ¥ kgl RECE I EE N IR &
SR, SHE SR [11).
3.2.1  MEEENIRE

RNT N B g BT BV, ASCfE A Dice
AEE RSB SR, Dice REA THESEIS RS
PR AL, BUE B S, AR BRI LT, Dice

. 2lm N gt|
Dice(m, gt) = I+ gt

Dice £ & (14) F HNFERD m FIFREHE
i gt M EZH .
3.2.2  SKIGHATS

EAE E T F AR BURINREAR S # J71E (an 2T
RS 258 B 3 LR 30 iR B v A R A ) W 4%

(Superpixel-based self-supervised learning adapt-

(14)

ive local prototype pooling enpowered prototypic-
al network, SSL-ALPNet)" FIEIA 7 A N 2% (Re-
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current prototypical network, RP-Net)™) ]2
WE, g2 d i ABD-CT Al ABD-MR %
PR B A A W v (BE/NT 500 5Kk). AL
K ZHBEW T N EUE KN A 256 x 256 15 %,
HERANN 1, MR SR WE N 0.001, R SGD
RS, s RKIERIRECH 200 R, & 2 B )IZR% 2]
AN 0.98. KB SR E BB RN
3 B, A SCRFEMG O R i oG U 43
P A VI . T SRR S R Re, RRE
FEHUN 2845 FH EL7E Microsoft COCO % 45 il
WIS 2GR 2 M 4% (Residual network, Res-
Net101)B4, bk, ASCAEIZRAPasin 7 5 2% 55 1
WAL 00 S NVDIA TITAN RTX &+ F
SERK.

3.3 TEEMIXTEL S HrSLIE

N T FA VAR R, A SO R 6 Ttk RE AT
Je & W7 VEBEAT X LE SEe . o JR A 55 Y 4%
(Prototype alignment network, PANet)! {if F Jii
R 28 78 AR R AT 70 1. R 48 UK 4% (Squ-
eeze-and-excitation network, SE-Net)™ J& &4
FAE & 2 AR /A 73 0 BT E 28 8. SSL-ALP-
Net ffi FH B B 2 S SR 2% & — A2
MG NFEAR S EIRELL. B A R A DRI 4 R
R 2% (Global correlation network with dis-
criminative embedding, GCN-DE)!" j& —Fj % T
FIAHRN 2 R AH R I EA 73 #1775 RP-Net &
AT RCR S i 1 B2 2 UGN 7 BIRE . e b
M P2 (Anomaly detection network, ADNet)?!
& — T B R 52 e T R S R R NS O BT
A, 5 2 Bl P b BRI R AS ) S 2
SYRIRF B2 2] ANREA 73 BIEAT 1 0 EE g, Horbye

FA%r#| (Poisson segmentation, PoissonSeg)®? #&—

Pl T VRS 22 ) B I BN REAR R 5 B G o B 7
V. A B B ) B G EE % ) (Dual con-
trastive learning with anatomical auxiliary super-
vision, AAS-DCL)® J5 i 2 — Pl I T~ WU % L
SO A B M R AR AR IR 2 BB 43 B TV

ZEICHR [12], Mo EIPERe AT € BIE, 1T
KA E 2 E Dice REHITFHME, LB RE 1
Fii7n. 78 ABD-CT #¥a4E b, A7 EME T SE-
Net 27t T 62.01%, ## T PANet #2717 44.50%,
FHAELT SSL-ALPNet #2717 10.90%, AT GCN-
DE #&F 1 12.19%, fH#T RP-Net $&8F+ 1 1.44%,
TR ER T T 21.87%, % T AAS-DCL
I T 5.76%; £ ABD-MR ¥4 54, A 55
#F SE-Net 7+ 7 29.05%, #H# T PANet $#£F+
7 33.38%, M T SSL-ALPNet $#2£7F T 6.69%, #H
#F GCN-DE #2717 12.41%, #H# T RP-Net #2
F+7 0.45%, F#T ADNet 327+ 7 0.89%, AT
TR B LT T 25.20%, MHET AAS-DCL #£7+
7T 3.35%.

SEIREE R, ARSI VEAE D B AR AAE
NEFFEE T, BeB U 3l & ERIE; 72 4
HmsE L, WS T & s T8 Dice REUHE; fEHA
aE L, B T MBI Dice REUA, %
UE T ARSI R,

3.4  HRRSIIE

N T BB UE AR ST R AR 2
PE, AR CAE ABD-MR £di 45 E b A7 i i se s
341 EBELHERNEE

FEL T (Baseline) J& A8 SCHE AR A A i — 56
45, BRI IBR-FSS-Net %45 3 /MU AR 3 4

# 1 ABD-CT M ABD-MR #¥a4E I, AR 771 Dice REUE (%)

Table 1  Dice coefficient values with different models on ABD-CT and ABD-MR datasets (%)

B ABD-CT ABD-MR
ik IR T aN: HFHE P ME U T ' JFHE P fE
SE-Net 0.23 32.83 14.34 0.27 11.91 51.80 62.11 61.32 27.43 50.66
PANet 25.59 32.34 17.37 38.42 29.42 50.90 53.45 38.64 42.26 46.33
SSL-ALPNet 60.25 63.34 54.82 73.65 63.02 67.02 73.63 78.39 73.05 73.02
GCN-DE 56.53 68.13 75.50 46.77 61.73 60.63 76.07 83.03 49.47 67.30
RP-Net 69.85 70.48 70.00 79.62 72.48 76.35 81.40 85.78 73.51 79.26
ADNet — — — — — 75.92 75.28 83.28 80.81 78.82
PoissonSeg 52.33 50.11 47.02 58.74 52.05 52.85 50.58 53.57 61.03 54.51
AAS-DCL 66.36 64.71 69.95 71.61 68.16 74.86 76.90 83.75 69.94 76.36
IBR-FSS-Net 71.73 73.78 72.02 78.13 73.92 75.12 82.19 85.64 75.89 79.71
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Fig.7 Baseline model of few-shot medical
image segmentation network

5, B IE ) S ZRHE f2 SRR PR RS
HEATHERD P54, 18 31X — E MR B 18 & ps; S8
Ja, KRR ) ps 5 E AR £ H N 5
%, 2SS HIEBRLBE mpna, F3E
A EUG) TL HE.

3.4.2 AEAERTEESELE

7t Baseline BB LA T 43 55 s il AR AL A5
BORF AL P AR 38 ik S 56 50 0E 0 SR AL B B
PERL. AR A fr o0 Bl S B &5 SR SR 2 s, Base-
line [J°F#4 Dice HZEE N 64.26%.

* 2  ARAMHAE T Dice REUA (%)

Table 2  Dice coefficient values with different
component combinations (%)

HE T JiEil G A JERE SPME

Baseline 62.33 63.65 66.87 64.18 64.26

Baseline+Concat 60.62 65.55 68.53 66.56 65.32

Baseline+BRM 66.63  72.10  74.83  69.17 70.68
Baseline+3Concat ~ 61.20  68.72  70.38  66.95 66.81
Baseline+3BRM 75.12  82.19  85.64  75.89 79.71

& 2 1, Baseline+Concat 7~ 7E Baseline %
fih BN — RSP B Baseline F T4
D{EIEE 4 F S &G — BRAEEEAT S, K5
i B AR RO g AT M Al o S A IR, 3K
TiEA — MR TE, 3 Dice REUEN 65.32%.
Baseline+3Concat # 7/~ Baseline JEflE _E7s0 3
IR PR, WS B {f;, =3, 4,5} 5T
W H BTHERD mo mys mo BEAT L AH R HHEE R AE.
SIS R I, X7 VE R 4 T Baseline+Con-

cat, “¥3J Dice ZEMH N 66.81%.

Baseline+BRM /< 7E Baseline J:Ali 78 0
1 NA GRS, K Baseline BTN 65 A1 25 11
LB G — ERHE f5 N IO SR AL it 3G
Ja AT SRR, S8 5 A8 FH 2 48 LU S b A7 Al i
SIS R, X EA BT, S Dice &
HBUE N 70.68%, . T Baseline+3Concat. Base-
line+3BRM #/RTE Baseline it LR IN 3 A4 7t
PACKETR. K 2R AL {f, 0 = 3, 4, 5} ST H
R mo « ma ~ me S EIAN 3 AN IEAT I AL
B R A0 F 2 4R LU g AT . JE o S
RO, XA TIEROR A IR KT, 4F T Baseline+
BRM, “F-¥J Dice REUEH N 79.71%.

X T AR A AR 2477 X, Baseline+BRM 24X
AL F Baseline+Concat, HJF K 7EF Concat /7
FALAF T — IR PVRFAE AR O T 11— K B 43 31 Tt
TR 1 X 38, X3 R SGE A, T AR AR
BRM J& X} 25 ) SERFAIE B I A 5 1 oA ad 7 X 3
PVRFAE S 5, FE AR Ik FE ) B & 503 | —
RO B HE RS 130 57 X8, AT I8P B A 78
SUE
3.4.3 BFRMERHENF

9 U R 1 AR A AR LB R R, AR S AE
Baseline &t RN 1 ~ 5 AN SRR X LE
R 3. ik 3 W LA, Baseline+BRM HJ-1-
¥J Dice Z2#UE N 70.68%, LT Baseline. Baseline+
2BRM ¥ ¥ Dice REH N 76.39%, Baseline+
3BRM HJ-1-¥J Dice REMEL R {H 79.71%. %
IREs R, R E R FAR G, B
STEIRE TR A LR 2 fi: 1) FREFHES =
W UE R, GVEA SR AI R RO 5N S
B 2) EEEGEALAIR, MazH0d 2 S350
A, LIRSS IRR Y, P B IRZE D FAIE L
EREBHEE, A E LA T s r a5 E
M FE.

® 3 AFRLFRAKEIER R Dice REE (%)
Table 3  Dice coefficient values with different number of

boundary refinement modules (%)

A MpE - EE i . FHIE

Baseline 62.33 63.65 66.87 64.18 64.26
Baseline+BRM 66.63 72.10 74.83 69.17 70.68
Baseline+2BRM 69.88 79.98 82.12 73.56 76.39
Baseline+3BRM 75.12 82.19 85.64 75.89 79.71
Baseline+4BRM 68.57 77.23 78.82 69.60 73.56
Baseline+5BRM 64.13 70.55 72.69 66.42 68.45
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3.5 IERANEFSEHEKE

N T ERZRE AN [FIRFAE S 28 FIA [ 5 2 oY) 4% 2
A 7 2O 2 A P AR [ B2 R SCFE ABD-MR
e AT T A O L SR
3.5.1  [EHHEIRBUMLE XTEL S016

e, 8 S E0 2 R E R B 4% 4 ) $EEL
H SRR R R B RRAE . A T SRR AR AR
ASCHT 6 FpAS [AAFAEFE B 28 HEAT 7 S256, 43l 2
VGG-1681, U-NetP, Res U-NetP), Attention U-
Net?, ResNet5084, ResNet101. A T 157 E %y H 164
fEE RN 2 R EUR o HE 31 1/8, Az T
VGG-16 1 3 M Kb )2, #IER T U-Net. Res
U-Net. Attention U-Net &5 2 41~ L KA,
HA R AL SR RN 2% S5 1) (R R AN

W 4 Fir, VGG-16 MR R ZEN, 1)
Dice ZEUEAN N 59.57%. T U-Net FRCR B 214
T VGG-16, “F#4) Dice REME N 75.30%. U-Net 1]
PRI T EE T B ERE R, TN REAR 4T Hh il A (1K
EME BEHE. Res U-Net A Attention U-Net [f]
MR IBFT U-Net, F34 Dice 2 H 4 5 ik 3
76.14% F1 77.55%. ResNet50 Fl ResNet101 f]F
¥) Dice REUE T MIER] 76.42% F1 79.71%. HFE
4 7%, ResNet101 MIFETH R oA &, AR SCR
FH A RRAE S H 9 2.

K4 AEFFEFRIUNZ T Dice REUE (%)
Table 4 Dice coefficient values with different feature

extraction networks (%)

®5 AFREEMEHE TN Dice REE (%)
Table 5
combination of metric networks (%)

Dice coefficient values with different

JER MG T7 3 ME KW AW E CPHE

Prototypical-Net 70.92 80.61 83.70 74.48 77.43
DCM 71.53 81.36 83.44 74.81 77.79
DCM+Prototypical-Net  72.97 81.49 83.68 74.83 7824
Prototypical-Net+DCM  75.12 82.19 85.64 75.89  79.71

BT R4 MRE AW AW R P
VGG-16 52.09  63.83 6448 57.88  59.57
U-Net 69.66  78.94 8046 7215  75.30
Res U-Net 7182 7824 8110 7341  76.14

Attention U-Net 73.96 79.14 83.51 73.60 77.55
ResNet50 71.23 78.19 82.57 73.68 76.42
ResNet101 75.12 82.19 85.64 75.89 79.71

3.5.2 HEMKEEFRHIFMN

Baseline "1 FRFAE ARG ST HR N4 S A B 5
HRFAE AR BT AT LA2) S0l e 85 DCM. B T 3E 24
FJE T 2% Prototypical-Net 59 Ff A [ Ji 75 i 5 94
“. IXFE R A PG T, 430072 Prototypical-
Net. DCM. DCM+Prototypical-Net. Prototypical-
Net+DCM. sEi 45 Rk 5 fion, H& 5 Wk,
Prototypical-Net+DCM 4 & 75 215 B 5 4 3%
R, “F#4 Dice REUEN 79.71%.

3.6 XEEHMOREEFEGSEIGE

Bt B 2 R 3 BB ANRE AR 27 2 Tl i@, Rl
B 27 AR AR T R BOR L B R MR R R FlbR
RERIURAS 5, DRI ARV EAE AR 2D PR /N A Rb 3 i) 2
ERRTRAE SN =2 S NP s NS A= s 2B i o
STHEZRH iz TR g - ST R Fe b,
B 377 (WM (MagicNet)®) i oK &
REFEREA 5 D EARTEREA W RN G IR, B
IO R B A B A BIFR R REAC TR K. X Ee 2]
J7k (W B SCRAT A R0 T2 2] (Con-text-aw-

are voxel-wise contrastive learning, CVCL)®) j&

SR EG 2 S HE SR, ) 25 sl A ) 5 M 15 R
P& v ] SRR AE R S PR RE. 55 M B D (AR AR
FPEMES (Causal class activation mapping, C-
CAM)™) To 75 B 4R 73 BIbRAE, 16 FH BUR A br % By
FRAER 99 MBS B 5l RN HIB AL BAREE T2
B ) R EE AR 2T L 55 B A ST oy FI 7 VAR AT
LR 73 M F e A g5 b B £ b i 2 s A 2
TH LR X7 H AR RAE = T e 7, 3RTHEAL I F
PERE. (HIX 3 KITVEAAFAE NHAE A £ 5 U 2R s
AT — BB LR, BV d AR A AR 1) 2
AARAENGRB BB, 7R 75 R8BI R W31
INFEARZE SRR 5 2 R, SRR TN RE A
SYH) G EIJTVE TR 2 KRR I 2 2 2], W] LU R
b8 TR BE I 25— Befig 22 40 235 28 0 s
B N m AL R Ay R RE AT R e ), BT
AR D B bR SRR T 5 R, XK WL )
WA SR At R 1 23 1 2

KL, D T B8 UE AR SCOTVEAE /INFEAS 73 1) ) 2 1)
AR, 8 5 A AL B /D BRI R AR ) 8 22 5
B S5 i5HAT 1 HR, JEHE ABD-CT Ml ABD-
MR Pt S BT TSI 12 B 2 o)L XF
o)L 59 MR ) AR R e HE T VR S AR STk AT
XTEL AT, S5 R WK 6 Frs.

7 ABD-CT ##i % b, 5K H 0B I HE
I MagicNet (FHH 30% [FFRiEEE) AR H T
Ee S HEZL) CVOL (B AniE ) X 2 M7
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Table 6  Dice coefficient values with other medical segmentation models in case of less annotated sample on
ABD-CT and ABD-MR datasets (%)

ABD-CT ABD-MR
J7i% (Eato) N . 3 - N )
JE B HE JFE FHIE JHE g HE JFE FHE
MagicNet (30%) 91.42 86.19 84.64 93.89 89.04 — — —
CVCL (#4%) 95.40 94.60 94.60 96.70 95.33 — — —
C-CAM (0%) — — — — — 74.16 81.00 84.75 72.68 78.15
IBR-FSS-Net (5%) 71.73 73.78 72.02 78.13 73.92 75.12 82.19 85.64 75.89 79.71

ERRARML, A THER 7 FIRE A . FLH
JRBR EEA LR 2 NJ7I: 1) A SORBIAE N R0 B
55 IR BB RE AR SR AS— B, T MBS T AR
b2 31 7 AR N ZRBi B kR B AR AR )2 52
A2, BIARSTIN R R 2R 2E I 2R BOE AR WL
ik, Al 2 BT VE R O EE N ZRBi B AR 1R 20 Y
FEAZ 5, BIAE IR0 B CR 150 I iR A
JT e R O RAEAHIAAE S5 2) ARSI iR P i)
PREEREA LEBIBUR, AT 5%, T4 1B 7 iE A t
5 2] 050 A T ) B AR 2R L e T 10%, A
RN (R TOARVE DI SR A B AR L 2 ST 4248 A 7E R
AEVERE, SRATXS LI 280 25 B AL 55 70 Bk RE.
JEIE, AR PR TV © I bR A E 4
PEgE, ASCH MRS, RGN BIRS 5125, 1
FEOUFR M — AN SCEREA R T RS T HA S 1D
HILR

B INGREARIE S 2 BT, LT
T I E KR E GRS IR C-CAM, ATk
f£ ABD-MR #4517 FURE B UG T S A 4s
R, 0L 6 Fros. HEAA LR 24N 1) AR
b i ds B L SIS I, T HA E 2 AR N AR
ANSRIA 22 57, DR AR ST A AR AR i T BARE
g st e s B AT S WRAAFHE R, R
RERAIG 55 S 2) 59 MBS 5 TR AT R SO hR 28,
RA BRI G B, U A ST IR
DEAEPRERE LT, FEUIZRAE LI ZRIRAT I /INE A
oy EIER A I AR B AR AR A BRI AT BAER
TR LI SIS G R o R fE, AT H B2k 5
B ARZE, PERE S 4T

LA 1 I 6 HIXT L sesb gt T LR H, 6
WA 15 S 1) W 2 ST RIS Bl 3T /N A 43 S8 A
M, 3025 55 B A 3] o R R AR b, AR AR D
PREAEOLS, A SCTTEAE 2 MRS EIHUS T B
A5 BT 0 FIRE B i 2 4088 B s BUR = Y
FERE, WAIE AT 1A Rk, 52 78 R Wit
FI¥T R0 LA 7 BASES I BITERE. (HASC
JTHEAAE — SRR, W REAE U E BO Al

AT RER 2 BN, 7 E WS B4R 2K
MR — A B> B SRR R SR AR SR, X
WRE ML TOVAAE I SRR R R R A O T X 8
I i BB EAT 70 F1. ARR A AT AT LA FE e ik
R RAR R MIMR, SKELEREA MR 5], i
5 S v A R S B L F & N PE AT T A

AR R o4

Kl 8 MK 9 il s T EZMEILR (Magnetic
resonance, MR) G FH T 11 5L Z 34 (Com-
puted tomography, CT) E{% 4 F 2% & FEB 1
EFER, 51 AR A MERIE, B2 5 v E A
L BB R R SRR MR, 28 3 31108 Baseline
T (TR RS 2 B RD, 26 4 ~ 6 HOA 3 IR AL
R A Hr HH A PO ARG I v JE e HE
EFR 248 12 F X 40, MR Sl A &
TN A H AR XL TR, A SC IBR-FSS-Net
THEAE BB A AT U6 T HE RS 78 3 I AL E UK
B, XA FER A Tl S A R

REZZMBTHE S 34

AT P RS A2 48 30 7 2 R 1) S8 T L
P8 H A R 2 R o B, AR SR Bk 2 2 0
WS ENE S SR WIE K CPSESUR I EPSYINEE 2
LM 3 x 318 FK K Sobel HT X2 5 )2 i 24
AL TR H ARV RS 73 B4 AT SR G R HE R, S8 5 Xl
FrHER A P 2 10 G 130 TR SR e 0, R AT LA
X FAR AR B 5 5 G LU A AT 1] (Y32 5 IR
RSN IL SRR LR I A 5 925 T DA SE 4 1l 5y H
PRI G S, AT B s 1) 3 A .

4 HERIE

B XoF 5 2 UG/ INRE AR 2y B R A7 AR IR 5 2 H bRid
T (P03 43 T 1) fBE, A ST H — T 11 2 2 R /N R
A 4rE) 77 IBR-FSS-Net. ‘& ) M4 3 J5 8 2 5]
(1) /INRE AR 43 B KE S 3R A3 AR RS 40 B RS, SR J5 18 FH i
TR A S 55 5 8 X 45 AL 15 3110 % oy EIFE D .

3.7

3.8
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HiERIE MU EIRERD B 1 R EIHERD B4R 2 R HIHERD

B8 ImESLR MG MG A 1) 4 Fh 3 B AR (R TR 43 B HE A
Fig.8 Predicted segmentation masks for four organ samples in magnetic resonance images

iR SCRHEEIR FkE s EleRs B 1 IR EIERS B 2 IR EIHERS B 3 IR BIHERD

9 HTIFEHLEZ R G 4 FhES E R R TIN 2 HIHERD

Fig.9 Predicted segmentation masks for four organ samples in computed tomography images
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