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ARPNet : Adaptive Region Prototypes with Transformer-based Refinement for Few-shot Medi-
cal Image Segmentation
SHI Xiaolong, QU Shaojun, SHI Zai
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Abstract ; In the field of semantic segmentation of medical images, Few-Shot learning has received widespread attention due to its effi-
cient data utilization and excellent generalization ability. Region prototype-based methods have now become mainstream to cope with

the problem of extreme imbalance between foreground and background in medical images. However, existing region prototype methods
have limited segmentation effectiveness in dealing with the intra-class and inter-class variations prevalent in the data samples. To ad-

dress this, we propose an Adaptive Region Prototype Network ( ARPNet) based on Transformer refinement, which can adaptively gen-

enhancement component, which leverages the Transformer architecture and mask attention mechanism to enhance local information
and SABS two public datasets.

0 3l

erate region prototypes based on the size, shape,and feature distribution of the foreground to learn multiple subregion representations

m

more accurately to improve the segmentation performance of the model. We introduce a prototype refinement module to mitigate the

loss of global category information inherent in the region prototype approach. The module consists of two components: the prototype

while supplementing global information, and the prototype alignment component, which achieves precise alignment of the query target

through the interaction between region prototypes and query features. The proposed method achieves excellent performance on CHAOS

Keywords :deep learning ; few-shot learning ; medical image segmentation ;convolutional neural network ; Transformer
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Fig.1 Opverall structure of our ARPNet,including the Pre-Net and prototype refinement transformer
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Fig.2 Structure of the backbone network and the adaptive

threshold extraction process, where

£ represents the adaptive threshold
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Fig.4 Adaptive region prototype generation process
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Fig.5 Prototype refinement model, where the left
side illustrates the prototype enhancement component and
the right side depicts the prototype alignment component
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3K B ISBI 2019 BRS{@ RRIE AR B 4B Bk i, 28 E ¥ MRI
B2 (b) SABSM . % B £k § MICCAI 2015 MultiAtlas
JERRAR TPk AR, & AR CT Bl & ; CHAOS 1 SABS ¥ &
AR AR A] 1K 35 T BE (Liver) | JELAE ( Spleen) . =&
(LK) #5'% (RK).

RIS Z BT, AR B SCER (35 | R R BB F B4
BTGRP, O T AT 0% s PR E R, &
PESCHRL36 ] v Y 3R ms I B Is Y fm il Ul . M T
EMZRHEPHE —K=2EGR, HRIEX B R 5
a3 A KRR F B BN BOW LY SRR A B BT
AP SRR F BRSO A AR Vg g g
B SCHR( 36 ] P Y BB W S I B 4R 5 R A AT AR X
IS
ARG M 78 PyTorch ™ 228 T 5288, R A I &
B ResNet-101"1 /535 3= F 4% , 3% W 4% ZE 384> MS-COCO 3
BELITTHENEG. BREFTLESHE T X35 ] PHF
5. BiRd, S EE Y A H 3 R, FIEE R
T HER] LS B R4 i AR VI R B R A
SGD fiifk.8% , 7E 1-way, 1-shot 3t B T #4TY1 %5, Y 4R B &R

WL 5 TR VB BERWI R S BB E N 1 x107°, 3F
74 1000 REASRAE 0. 8 WA FXt 2 M RFTEH.

i T WA RE , SR A Dice AH{IR % (Dice Similarity
Coefficient, DSC) 3 LA BT I 45 3R S5 An v B SLAE MY AE L
B EESAR(6) HMEFNREE A SEXREBHES
F

DSC(A,B) =22Tn£x100% (16)

IA, AR SO B RS B R % R PR B s 7 2IHT
BARRTRYRES). B 1V EEr B, &4 WA AT e &I
HMREARTE 2. VISR, B R SR .
3.2 GHfhE#HEEILE

ASCH FTAR H ) ARPNet 530F Soib i s 4T T HU R,
£33 SENet'™  PANet™! SSL-ALPNet'*! ADNet™™*! AAS-
DCL!M SRCL™J CRAPNet'*!  Q-Net'™) 1 PAMI'™!, Hr,
PANet B A #A B R L B R BN A 2 B 7 35, W
SENet. SSL-ALPNet., ADNet., AAS-DCL . SRCL .. CRAPNet. Q-
Net 1 PAMI | &2/NMEAEZERAEESPHRERHET
fE. EWE IR 1 Pin , ARPNet ZER MR E b, bR 7E
BE1ERRE?2 T, RAEMT BT RBELF 7 PA-
ML 7EBE 1 T, ARPNet 7E CHAOS $iE 4 FEE T82.45%
i) DSC 433, 7£ SABS ¥R & 28 78. 75% , 43- B 384 PAMI
5 0.07% F11.06% . 7Ei% B 2 T ,ARPNet 7 CHAOS %2
£ KRBT 80.01% iy DSC 4%, £ SABS & LK
72.31% 43 B#B#E PAMI Jik 0.48% 1 0. 82% . L5 &R &,
B i) ARPNet 7B MR R MR AT AL B T 85
ST EHRMRABIF N H S, #F—PRIET HERS5EE
BEE A R REGRIZALRE T
3.3 HEIX

A ERERMER AT TR SRR SN A G NE
. A HR R 7ERE 1 T CHAOS HigsE L ik1T.
3.3.1 #7E W% (Pre-Net) A 2%

AT EERARASTRTE M4 AR, B SR SRR
FA MR R T BT M AT X LB R 5%
ERAMNE, AN GBI RTIA RS, MEE#
R B P 48 BT A Y X 88 R B HEAT T, B X — SR
B, RETE iR MTH T A% B 18 N XK IR B AR R S R
THRAL,FARENHTENE RS WERMERERE A5
SERMRAMRRBET A INSE. BAEWME 4% BN
IR B A 3, W EL T RA 5 AN REILE T R N ET B M4
PERE. BhAh, R — AR FTER B3 9 AQE BB R, W Ee
TR B MR ARSI SSFP Bithat ffERERI.

Wk 2 i  FERIS B “AQE” B, SR FE R BJE A<y SSFP
B HENFEERAETREIIA AN BEREARE
EEE L. 4 AEMN" RAEH, KRER LR 5
AHEHVRF A T A% BEM" 5, NRABACRLH B &
N R RER. R 2 WERERRYA, KA B EM
X 38R AR A B s R R RRAR T FE B e BB R ILAT 7 i
FEOER. XRSEIET B8N RS REBE R kERAt
PR BB T A R0 R, )5 A3 AQE ke, BRI RE
T ESE SSFP B iy B L. #F—25Hb, 5 F AQE
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B EBNAERTENEES, HBETRESRE HRER,
DSC ZEURFA T 5.66% . X—LERFASEH T AE MK BT

#1 WE1MRE?2 TART %E CHAOS 1 SABS ¥#E 4 Ei) DSC 73%1(% ) HhE

R 05 55 AQE BRI IMAIME R, BRI TR R K
TERE. JLAhR 3 R TILAERFRAM R A JLFME B LRSS

Table 1 Comparison of DSC scores (% ) of different methods on the CHAOS and SABS datasets under setting 1 and setting 2

CHAOS SABS
BE method
=5 5 R FERE FHE =5 B R FFRE FHE
PANet 30.99 32.19 40.58 50.40 38.53 20.67 21.19 36.04 49.55 32.86
SENet 45.78 47.96 47.30 29.02 42.51 24.42 12.51 43.66 35.42 29.00
SSL-ALPNet 81.92 85.18 72.18 76.10 78.84 72.36 71.81 70. 96 78.29 73.35
ADNet 73.86 85.80 72.29 82.11 78.51 72.13 79.06 63.48 77.24 77.24
BE1 AAS-DCL 80.37 86.11 76.24 72.33 78.76 74.58 73.19 72.30 78.04 74.52
SRCL 79.34 87.42 76.01 80.23 80.77 73.45 71.22 73.41 76. 06 73.53
CRAPNet 81.95 86.42 74.32 76.46 79.79 74.69 74.18 70.37 75.41 73.66
Q-Net 78.36 87.98 75.99 81.74 81.02 - - - - -
PAMI 81.83 88.73 76.37 82.59 82.38 76.52 80.57 72.38 81.32 77.69
23T 81.52 90.74 74.14 83.42 82.45 77.21 81.33 74.11 82.34 78.75
PANet 53.45 38.64 50.90 42.26 46.33 32.34 17.37 29.59 38.42 29.43
SENet 62.11 61.32 51.80 27.43 50. 66 32.83 14.34 0.23 0.27 11.91
SSL-ALPNet 73.63 78.39 67.02 73.05 73.02 63.34 54.82 60.25 73.65 63.02
ADNet 59.64 56.68 59.44 77.03 63.20 48.41 40.52 50.97 70.63 52.63
wE2 AAS-DCL 76.90 83.75 74.84 69.94 76.36 64.71 69.95 66. 36 71.61 68.16
SRCL 77.07 84.24 73.73 75.55 77.65 67.39 63.37 67.36 73.63 67.94
CRAPNet 74. 66 82.77 70.82 73.82 75.52 70.91 67.33 70.17 70.45 69.72
Q-Net 64.81 65.94 65.37 78.25 68.59 - - - - -
PAMI 74.51 86.73 75.80 81.09 79.53 72.36 67.54 71.95 74.13 71.49
23T 76.52 88.63 73.02 81.88 80.01 73.44 66.78 72.56 76.47 72.31

R RAEAC Pre-Net 7EHERE It 9 T IX SR R (B H A5
T ELARB A A MESR , BIA] 55X s R 7R B8 B HOT, 2

—BIOTE T TR 7k A

2 AQE B EN K R R A M H R S
Table 2 Ablation study on the effectiveness of the
AQE and adaptive region prototype

AQE B 3&E B DSC
72.88

A 73.41
A 77.66

3\ 3\ 78.54

=3 FTEMSSHEHAMIT ) DSC(% ) 5 3L

Table 3 Comparison of DSC (% ) scores between
the Pre-Net and other methods

PikS DSC
AAS-DCL 78.76
SRCL 80.77
CRAPNet 79.79
Q-Net 81.02
Pre-Net 78.54

&l 6 & 7 B T Pre-Net 5iTAERERIRES HRA
5 ) PAMI™ 22 [B] ) 5k EL 3% S8 R BRI, Pre-Net &5
PAMI 7EFRIUMER BE b 22 S 80/, 2 K 4 3R 3 F7 TR U
RYBSHIREE . R RIE— P RIE T Pre-Net 7R (AR BE
ERABAERME. ERIERA R, Pre-Net 3| AMEMT R %
A2 AR LRI R SR — MR B2 T RIZAE L

B 53 28AR RS ; T PAMI SR 7 58 D9 S 2% Y ) 4% 45 M F 250
AMEBR. X —XTHL R B T Pre-Net ZE{R 5B MM B AV R, BE
BUERFRIE R S BT

SR

PAMI

Pre—Net

#FH) ARPNet(our)

3.3.2 RA B 98 20

Bl 6 ARPNet, Pre-Net il PAMI 7£

CHAOS ¥iE4E FHpEI4 R

and PAMI on the CHAOS dataset

Fig.6 Segmentation results of ARPNet, Pre-Net

JRRI AR SR T B A A IR A0 AR 57 B A
o, AR T X AR BB REA M SR E— 2
FH T EMNZEBPRER. 3k 4 Fir, 2R08 A REYE
R” A0 RIS SR I, B SR B R Pre-Net f) 2 HI ML RE,
BRI H AR A , AT S TR T I RS A .

MR 4 RERAT I, 8 R EBE AR RS, A R R R
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DSC RERAT 0.53% . X—LERRPRBM BRI E—E
BE LAOER T XBERNES. AMEFEER/D, R 8
FHEET IR E S ESEZ BT RTFERKES, B8

Xk PAMI

Pre-Net  Z#] ARPNet(our)

WERE

B ¢

B 7 ARPNet, Pre-Net #1 PAMI 7 SABS
BiEE LR EIZSR
Fig.7 Segmentation results of ARPNet, Pre-Net
and PAMI on the SABS dataset

A TFEASENZREEARGENAR. B REHTT
RERR AT, B ESCR IR A R, 75— 5|, s R R
WFEHE, DSC EHEAT 1.85% , BE B FHMmE BE
RINERERA, HE— I T RENF AR b B, RS
IHERAR, EXEEE SR BB ERENER
5B, AT 58 BURB N 57 3 B3 RIS R RE. 5 BhIRI 24 1%
A R S FA B BRI DSC REGARI T 82.45% , MR T
RAEBRBRTT 3.91% . X R RBIEIR S A UAE AT
T2RER, RERWBER R T REXMFHIEEF
BEBRENRR. HENDFRER#F LRI THERME/ER
PEBE.

R4 RGBSR A R SR
Table 4 Ablation study on the effectiveness of
the prototype refinement module

IR FRIGFF DSC
78.54

Y4 79.07

Y4 80.39

VvV 4 82.45

T H— BRI R BB SR B R, B 6 FIE 7 &
7~ T ARPNet &5 Pre-Net ) E {4 L3, A Pre-Net A B
hnR B A AR SR AR R BE , T APRNet J27E Pre-Net J5 H %
IRB AR SR e AR B RE. NSRBI DI B E i,
ARPNet ZEFRIUMER BERN N A WG L IR H T BE R
T, B T JRE A 7 B 98 DR AL R B A (5 B T
B L. AN ARPNet 72360/ 0 48 1R T I 45 3% 308 05 T L B
BT BEHR, BB T R R BRI A MO 77 X
W BERAENER, AR TRUEE.

4 B 4

FXHMEXEGPRHRESERILAERE ARE

R RN, LI 20 22 5 B SRR R A BN /A 2 1
BUVERERYRZNA R T —Fh B BN KRR A RO , %05
B BAnY AR XD B BN A RURBRISCR IR B ind &
MIERERREFH TR, ATEREEAREERREES
R R R R KRR R, T KRR R R B REHES N
IR AT BB ek 2/R15 8., £ T Transformer 4514 FHERS R )
PLEIERH T RB AR . R SR A 3 SR B 58 0 R R X 5
ARG IR TR AR TR R L — P R L KRR
BHRFEL I FEERE R  JRE 730 W& KRR
BEBEAHMENRE, SIAZAGFR, SRRBREN 5EHH
REPERST. ERAE2/DMER S RIBEE LS ERMHA
RSB E , 43042 Y ARPNet ZE#EBE B3R T 1L
SRYGER. RIMAE LR B, FE RS A B IR 57 3
S TR H LA M , AR AT TR, It
A TR BEER B SE BT B R B BRI R R B9 AR
FETMACRR AR, UIHE— B R R RE.
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