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Abstract: To address the problems of insufficient registration accuracy of unsupervised methods,
heavy reliance of weakly supervised methods on high-quality segmentation labels, and inability of
labels generated by foundation segmentation models to directly and stably guide registration
training in 3D medical image registration, a segment anything model (SAM)-guided weakly
supervised mutual learning method for 3D medical image registration was proposed. First, masks
of major anatomical regions were extracted from different views using the SAM, and intersection
and union masks were constructed through mask fusion to represent structural prior information

at different granularities. Second, a mutual-learning mechanism was introduced into the weakly-
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supervised registration framework, and a module integrating confidence and position information

was embedded to promote knowledge distillation and collaborative optimization between registration

models under different mask supervision, thereby enabling effective utilization of complementary

information and improving training stability. Finally, experimental results on three brain image

datasets demonstrate that the proposed method can fully utilize label information while

maintaining stable training, and outperforms existing 3D image registration methods in terms of

regional overlap, with the Dice coefficient improved by approximately 5%, indicating higher

registration accuracy and reliability.

Keywords: medical image registration; segment anything model; weakly-supervised method;

multi-view; mutual learning method

BE A 5 2 5 AR BOR 5 A0 28 SR RR 2k R
J& R 2E UL Ir b 3 A ot ARG A0 4L R vE 1R Y
KIEM B, 7E B2 AR EL HEAT 55 H, b o 1] 3% 5 4
A 1 ) 8 R AN [ AE 2 LAS [] A A 22 [) ) 2 [ X 5% 4
T EZES M, LIRS B 8], 2020 4F Allen
o k2 A 9 JE K A T /0N BB ¥ G 1 i CCE 3t oy
/N B i A 25 ) B AL T S L A Bl
b A A AS — BOME e ME 5 75 (mBrainAligner)
520 A s 5 2 > i #E (D-LMBmap) ' 45
RFVETEMEIR L LM T 2/ 22155
AR 2 [ 1 o A B TC 9 & oA R RIS % 2 (KR 43 AT AT
% LR MR E T MR 2 ocE S ot 5
RAUYE B T HOR LAl . SR 5 2% ) 45 ke
K TE A% 22 S5 DL RO TE A B2 AN T 42 s 1 50K, AT
SR A B2 2F RSB HE T iR 3 T 7 IR Pk K .

AR R B TR EE 28 ) W T B B HE T TR Bk
by G5 2E G T SR B RN . M TR S
BT AR AL G Ty 3L I 2 O A T o
SEPE T B G B L H AR TC oK B T A
ATh SR A PR I L AE fife ) 245 0 52 2% 1) I 2 LA 808 I
PEREUDA FR4 T,y 17— 20 B2 R TC VRS B L BB 40
AF 53 e 1) 5585 B S o L 5 A 3 R AR 28 AR S W
Gk G S AR OB T RO SR
M s 2 T VRO % G AT N AR o A4S = HXE LA
AR I

Fiti 5 43 E) — ) BT (segment anything, SAM)M
1 AT WE T T I R 3% AR T oE v i 2 L T
B H i SAMReg #5810 SAT-Morph f %' 4
— RGBT B A, 3X s TR S 4 A T )
MR oy EN 245 SR 58 PR, R R . R
M 3k S A5 70 1 M R AE AR K & B b 52 B T 566 A A8
RIS B 1) 43 RS B2, H 0 200 1 B A PR b 2%
B 22 FEE 5 ) R ) L Rz Ak R ) S B
P T Ml K K

zkxb. xjtu. edu. cn

N gk R b TR] L, AR SCHR T — Al 43— )
B SAM 515 19 55 Wi B B2y ) = A IS oy TR G ol
Tk B X SR AR A R R R 2
ML SR X SAM ALY HE AT R o LA Al 2 2 i
SR Dh oy BIbR 48 . R — 20 Hu . Oy MY SR D AR 25 B 2
FEPE S TSR BT T — M LA LS L) E X
AR AR T A B s 48 PE AT S 4R 5 T SR R AT A K
BEZW=EMELR . &a 5T P A s 240 O
PRAG A T — R T B o] YT ERE S O 5] A
TR EETE B AR L LA DR AR R BE A8 78 0 (AR 3t
FI Db 2 w9 i 5 2540 15 8

AR SCHY EZETTRR AT < X 55 B I o v
o S e 1) ) JE 51 SAM. Y L 2R B8 A0 B 14 A
8 IR HE— LR — b Z A R R e R =
i B ST AR A5 R LG 5t OO AR 45 1) 2 REAE S A
P - T — Bk T A o] i O T RE 22 L AE SR RE A
o 1) 2% 22 1) 3 5 P () 1 2 56 242 4 O 4 P TR A5
AR A R T IE R P T BCHEERE. fE 2
ot B RS AE ARG UE T A SO $ 07 vk B A Rt
GERF] BT AL Z R D bR 28 JEA T 1
) BEAE SE B AR IR ZR R L 0 5 4R T I G L
X — AR O 27 o i 3UTE P 45 e o 450 1) 9 g 5
PR 10T S8 %

1 AR AR

1.1 BHREERGRERE

P A5 E HE 15 A8 S A [a] P8 1) Y 2 18] X Rz 56
Z 5 HoO7 3k ml 73 Dy W S o 55 98 A2 (AR W) e o Y
R NFR Ty AR O AR T T S
PR B R LR ok R AE . S8k Iy vk CANRI
7 5k B TR 2 A AR 4000 ) 0 DG AT 22 I 1y e
PEAT R 5 12 5 0L F% 7 W Oy 4 A 1R 3R SCHA
o I 38R p T > IO HER R B ek

30T B = ] B 35 K 22 R B o 2 B SR g




220 [ 7 . ]

PN

% 60 &

FWEBHE BoRIE T N TAn i st 48 oy sl it iy 22 18
7 VoxelMorph £ BIM 3 % 3D-UNet &
2N s (A AR T B 2 L ST v ) i Y TC A
BHRCHE ML fE — RN T U B2 ) 1y e ik )y 1k 28
BT A

5355 W T M 7 1 1) A 0 JEL AR ) S 58 48 sl
B AR A5 B CAn 350 43 O B A5 43 B HE A | A i) o 56
DL IR %7k 2 I NI Y 1 5 96 I o T B 4 € 8 ]
] Bk S 4TS BE SR A5 AT R A0 BE ME AR . Hu 250 JF )
A 4 B S B bR 2 55 B 5 5 Blendowski
SFEUVE— A R T T 2 RS R AE Y 5 B A
AU, IRE X ETEERE E R E T IO Iy
25 o E HARS 1 73 B AR 2 AT 7 Ll B 7 R iR AT A
AR A 5 B o

N G kb 7 L SR — Rl B i 59
B BCHEAE R, 555 /D B bR T 8O 5 OR B R bR T AR
W HEIN S, 5 BRI AR AR SCHR R A B
TEA BRAR R A0 ) — VALY i) Oy =X AR
JoT et O AR 2 o AN /im0 B AT 58 B AN 5 S
AR AR AR T8 i HR B A2
1.2 #MuEmEs

I AR B A A AL AE TSR ATL A D 0l A e R
I8 3 7R i 2 ARG EOHE AR IR AT I 2 e B A 0
KIZACKE I 5 )2 09 F W A5 55 38 WL Pk . SAM A
RSV S B A 38 43 B REASE A L 7E 2 R R R AR S
MRS TR, e PR ESEELE T R
HFF SAM A5 AU 1) i i AR, i SAT A58 AL
MedSAM #5 B S 4 2 1 W0 5 J5 Al 455 R 7 %l
SN .

Bl 5 [ 2 4y 0 b S TR Y & R LK L T o B
PR T o 28 3 R T BE . Bl an Xu 8 4 SAT-
Morph 5, 82 {fi i SAT #8014 43 %) 45
B AR R Ui AR AT B E s Huang 2650 ) )
SAM HERI A B 1) 4 A 1 A SR R X 8, I
38 2 DX 3k DG P S B R BC T . SR, BT 28 2 Al
R DL e AE N A A Tk R 2% =
AR — A G o e P, S B R R
M) = 4ezs o] 1R SO B . BeAh, FOBE P fe v K
581 T L b AR AR 1) 43 R BT A L T R BE 7S 4 5 IR T A AR
PRAR 2 Y AT SR 5 2R )

5L 58 0 P SE VRV AL 7 R ) A SO T PR AR
2k AT RE G| S i T VRS T AR R 4R
t0 DATHC A A B A Ry 4 i O A 28 ) 5 P 1 A 4
T S P 4 b, DG K 43 1) o 2 5 BC HE H
1.3 HEE3IHFiE

FEAH B 27 2 AR A B 0 2T, IR A 2 A

zkxb. xjtu. edu. cn

TR H >R R Sz N 25 J7 3 BV R B A [ S R A
4 b fe /MR 2% BRR5E I 2 L BB 22 (8] AN 7

FEAZ H., Hinton 2857 4 A HR 8 H R s T
X3 2 3 K U 25 58 A 1 R R SO AR AR o
HURIT RS B R g~ AR BOR Y 78 2 FR AR PR R 1Y
] If S 2 B8 T 7 HEFR AR . SR L % i T B R
8 2 B TA] ) 2 A R (1) 2 3T S50 AR T
A 700 ok

N v B R R, Zhang 455 $2 A B2 2T 1Y)
MR HAZ O AR T E 2 A4 A8 78 I 25 2o 2 v il 2o
AR A B 51 S LR AL 78 BG4y R AT 5 v
BT REFCR., WE, BEIWHZ LY BREY
PRI AR A E 5 o6 WA T S 2 A AT
G50 AR MR E SR, Lin 2500 kg T — Fh 3t
T A ) I O HE B L G 2 DA 2% 22 1) A B S
BOE BT LIS TE R . SR T 1% O i P O A I 4 34 3
T AR TR) 0 I 25 80805 5 0 4% 25 48 ) B Ak . 5 S R
] 25 S A B NI 240 T B2 2 W . — e
5 ARG H A 2] )y ik O [ 2 A R 2 ) 25 5
BRI T HEAL) 46 1 8l 2 80K B X R 22 5ok R
A Ry B — M L 38 43 R A TR [ 1 B RN

R G LA B R B AR SCHR U 2 A1 43
PR ZE 43 548 T AS ] 114 ToE o D99 265, DAY 76 i A )2 T
SIA G 2= e B R AR 2 ] [ 2 AR M. TR B3
fils b o 38 3k B2 > B 2 5 T 4% ) A 5 Ah 5
PR G o 52 BT A 0] 245 4 5 R B 58 40 L B R EE 1Y 2
> EARTHBCHETERE
2 ik
2.1 [EEER

PRI 55 B L ES Sob S — X EE T,
AL (L, AR s EMR L I A 2 R LA RCE AT R R
15> BIHERD . H bR & R —ANTEA Y o 1, B4 L
5 I B AR L, - ¢ R L, 245 511948

TR o A SC B TE MR AE 6 = 43 B HE 0 15 B0 T 4n
Al B2 T TC AERG B [m) . Ol 0 AR SCRI R 43 1 — Y
B AL PR o B RS, JFM G | A B2 S HE S, DL 3T
A3 F bR 2 (5 B IF 38 om A AU i e v RE ) . 7E L 3L Al
b AR —Fh 45 A SAM SO 5 B 2 ) A
BLAEHEZE SAM-MutReg,
2.2 BT SAM EE AN S W AmEmIRE
SAM-MutReg HEZ 1] SAM £ B 4308 L Fi Il 25
FH 225 3 BBk, Hos R AR an il 1 s .
TE SAM A5 B fCE B B, 38 3 22 0 A SR W X
SAM LR FE LT3 P R 3K L DL AR B EL A S5 A e R 1R
SR o B 65 5 A C R A R U1 25 B B, 43 S R




48

DI+ A R T — DA ) 555 M L 2 o) o o R TG HE D 221

B R I R S R AN i g R i
(intersection-supervised model, ISM) 5 Jf- 4 Wi B f5L
%I Cunion-supervised model, USM) By il Z:, 3 %5 &
I3 EIR Lo EGARAPERR R Lo FPE LR Lo
AR 2 %50, LA AR AS W) 46 0 1 BE J) 5 76 B. % > By
B T RO R ISM 5 USM Z [H] () 58 H.5% 2
WA AR G S Lo 571 545 RL 18] 19 F R A% 33, JF 45
B EAEE SO E GBS TH O bR 2 M B i ] SR
— AL HE 4
£ SAM T By B B3t T —Fh 2 A E G

u
n
ID M;

Cb) e #4572 ) T 2

SRR AR EMR Ay BN T . 0 TG HEAE 55 v E
% I, € RV Hp HOW D 7350 32 PR 1
JIE 98 BE FNRJE . 25 B BT R 09 = 4 B2 IR K
TEIKP T80 55 5 AR 1A 2 A A B B 1 AR
I 3 A T A WA R = A TR A R e AR A
S, € RV HIS, € R™Y JLL2 4] v 4R i A . 53531
X SAM LR FEAT (R » T R AT B AT AN 5] 40 A A
(14 73 FIRLTY L Bt Je R R0 42 BEOeE AL A D0 A I A
AR LAY 45 1 3 AN [F) WL A 1) 20 B HE 6 5 S b 4%
M, MR M, .

IISCg
i R
i e (o memy
M, DI, USM, l,[i_{'ﬁ USM, ;ﬁj:{\- ta
g -
x KL Lyg S5 W% st Laer
DI, \ ( (;‘ﬁ:‘ / |
var |2 w my ¢
o ISM, ISM,

(o) 46T H. 2 > 14 T I 0 45 1| 2R AE 42

1 A SCER Y A TC o A HE 22

Fig. 1 Overview of the proposed registration framework
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Fig. 2 Overview of the confidence loss calculation module
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Fig. 3 Three-dimensional brain image and the corresponding

five major brain regions involved in this study
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Table 1 Registration performance among different models

YGRS R Sbice Diipos J
SyN-HH 0.7281 6.8750 0.0426
Elastix"* 0.6943 7.6434 0.0149
VM 0.765  3.3761 0.0139
TM 0.7491 3.6763  0.0004
H-ViTH! 0.7649  2.9934  0.0020
Soma-CCFv3 LessNet: 0.7655 2.7863 0.0021
VM-+SAM  0.8213 1.8617  0.0342
TM+SAM  0.8341 1.7215 0.0121
H-ViT+SAM 0.8412 1.6432  0.0426
LessNet+SAM 0.8370  1.7423  0.0359
A 0.8816 1.5464 0.0222
SyNFH 0.8496 3.2315 <10
Elastix"] 0.8511 3.5479  0.007 2
VM 0.8604 1.5760 0.0005
TM] 0.8778 1.4180 0.0013
H-ViT! 0.8747 1.4262 0.0006
P21 LessNet®)  0.8648 1.5338 0.0009
VM+SAM  0.9155 1.3349 0.1259
TM-+SAM  0.9138 1.3041 0.0799
H-ViT+SAM 0.9191 1.2245 0.1819
LessNet+SAM 0. 907 4 1.4059 0.0132
A 0.9394 0.8309 0.0098
SyN-HH 0.8110 4.0228  0.0001
Elastix"* 0.8097 3.2606 0.0012
VM 0.8254 1.8882 0.0018
TM] 0.8324 1.7077 0.0019
H-ViT! 0.8321 1.7387 0.0093
P28 LessNet®™!  0.8300 1.7461  0.0013
VM+SAM  0.8802 1.4146  0.0109
TM+SAM  0.8753 1.5799  0.0053
H-ViT+SAM 0.8827 1.3991  0.0201
LessNet+SAM 0. 877 9 1.494 2 0.005 9
. N's 0.9292 0.8414 0.0092
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Table 2 Comparison of ablation study results of different

modules
ﬁ%}?‘ii{; ?ﬁ E@\ &E SDicc DHI)E)5 % J
Base 0.8213 1.8617 0.034 2

Base+ T 0. 8555 1.670 1 0.022 4

Soma-CCFv3 Base+ T, 0.8589 1.6232 0.0312
Base+CM—+T, 0.8641 1.5931 0.0191
Base+CM—+T, 0.8816 1.546 4 0.022 3

Base 0.9155 1.3349 0.1259

Base+ T 0.9213 1.1728 0.0205

P21 Base+ T, 0.9258 1.0937 0.0311
Base+CM~+T, 0.9347 0.9112  0.006 4
Base+CM+T, 0.9394 0.8309 0.0098

Base 0. 880 2 1.414 6 0.0109

Base+ T, 0.9019 1.2511 0.008 3

P28 Base+ T, 0.9051 1.194 6 0.0132
Base+CM-+T, 0.9134 1.0653  0.0061
Baset+CM—+T, 0.9292 0.8414 0.009 2
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Table 3 Characteristics of intersection and union pseudo-

segmentation masks and their impact on registration

performance

e o vk Ei=Ray BS CB CP CTX HPF
F B 0.95 0.91 0.96 0.94 0.95
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Fig. 4 Robustness analysis under degraded pseudo-segmentation

quality
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Fig. 5 Brain region contours from different registration methods in horizontal cross-sections
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