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Deep-learning based medical image registration pathway .

towards unsupervised learning

Ma Lufan', Luo Feng', Yan Jiangpeng', Xu Zhe'”, Luo Jie’, Li Xiu'"
1. Shenzhen International Graduate School, Tsinghua University, Shenzhen 518055, China;
2. Harvard Medical School, Boston 02115, USA

Abstract: Medical image registration ( MIR) has aimed to implement the optimal transformation via aligning anatomical
structures of a pair of medical images spatially. The crucial clinical applications like disease diagnosis, surgical guidance
and radiation therapy have been envolved. Scholors have categorized MIR into inter-/intra-patient registration, uni-/multi-
modal registration and rigid/non-rigid registration. Image classification has been developing deep learning-based ( DL-
based) MIR methods. The DL-based MIR has demonstrated substantial improvement in computational efficiency and task-

specific registration accuracy over traditional iterative registration approaches. A sophisticated literature review of DL-based
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MIR have benefited to the disciplines. The current MIR has been analysed based on iterative optimization to one-step pre-
diction and supervised learning to unsupervised learning. The DL-based MIR has been classified into fully supervised, dual
supervised, weakly supervised and unsupervised approaches to train the DL network via the amount of supervision. Each
category has been systematically reviewed. At the beginning, fully supervised methods have been reviewed in terms of the
initial exploration to remove the time-consuming with low inference speed issues of deep iterative registration algorithms
(deep similarity-based registration, reinforcement learning-based registration) . One-step fully supervised registration has
predicted the final transformation. The lack of training datasets with ground-truth transformations have barriered to train a
fully supervised registration network. Most scholors have generated synthesized transformations with the following three
approaches as below: 1) random augmentation-based generation; 2) traditional registration-based generation; 3) model-
based generation. Next, the integration of dual-supervised and weak supervised registration have alleviated the reliance on
ground truth compared with fully supervised approaches via the transition technologies between fully supervised and unsu-
pervised methods. Dual-supervised registration frameworks have integrated image similarity metric to supervise the training.
Weak supervised registration in the context of anatomical labels of interest (solid organs, vessels, ducts, structure bounda-
ries and other subject-specific ad hoc landmarks) has replaced ground truth. The label similarity using label-driven super-
vised registration has facilitated the network to directly estimate the transformation for paired fixed image and moving image.
The end-to-end unsupervision has been used to indicate the DL-based medical image registration evolved into the unsuper-
vised field gradually. The unsupervision has avoided the acquisition of ground-truth transformations and segmentation labels
for the supervised methods. Unsupervised registration frameworks have performed spatial data based on spatial transformer
network (STN) to flat image similarity loss calculation during the training process with unknown transformations further.
The latest developments and applications of DI.-based unsupervised registration methods have been summarized from the
aspects of loss functions and network architectures. DL-based unsupervised registration algorithms on liver CT ( computed
tomography ) scan datasets have also been re-implemented. The demonstrated analyses have the priority to baseline model.
At the end, the potentials and possibilities have been illustrated as following: 1) constructing more robust similarity metrics
and more effective regularization terms to deal with multi-modality MIR; 2) quantifying registration result confidence of
various DL-based models or integrating domain knowledge into current data-driven networks; 3) designing more qualified
networks with fewer parameters (e. g. , 3D convolution factorization, capsule network architecture) .

Key words: medical image registration; deep learning (DL) ; full supervised learning; dual supervised learning; weakly

supervised learning; unsupervised learning
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2018 ; Zheng %5 ,2017,2018 ) . FF LA, [l 284 W Bt =
=P PG L AT 5 [0 U 2 Ak Sy ey A s ST
o B AR A I R dl SR 0 TR, Dy ik DRk —
R, M A @, AR @, AT A VI
W (11, 0,) . WA 3 %,
D) SET BRI, & 52) RGeS R
b 3) TR B Ml A W
SCHRIAZN IR 1 s,

BEAL AR H5 S — i ok B V-8 e A i
Bl s £ 1945 3 25 () A8 4 @ 1T, R
1,4 & =S R R L E SR/ R, S
I, @, LA B — 20 s e i I 88 (1,1,
D) o MG MRS LS X R T AR
Z: % BIMG L, VS 0 0 B AL R A5, Salehi 45 A
(2018) KFHILTT ¥, 18 Sk IR &) 73 A1 AR iUie e 2

BOEIE V-7 2808 M 45 i S 8RR, AR5 456
3 ANFEREG T S AR S B TR BRI B SR T
FELIE BRGNP v AW, BT 1 3 e Ak T 1 2%
3D PoseNet, [45 (i FH 47 i 2 i U IRI IR RP AR, I i
AN 2 S50 3 24 JE % 70 78 1 ff Al o, IR AE
MSE JEfitti B 5 | A0 3 B B 451 2K, il R T
THECHEAEIE . Chee 1l Wu(2018) SR HIZSMAAYZE e f
JT A I 2R $ H BlA DenseNet ( landola
4 ,2014) FRAEPE UL H B i 3 MRI ( magnetic reso-
nance imaging ) KR ELIERL AL ATRNet, MK K A
(2020 ) 38 1 BE AL E % 70 46 i i/ MR AR I 2R B8 0
AL PR — AR AT ] R TR o 2] 2R LA S B CT
EGT Ia] A HERCIE . BE T A 9 T1-T2 MR &
1%, Sloan 25 A (2018 ) Hf B REALAZ #5153 e 21 2
BSAT AL HE B AT P 2% | S Al iR
i) —BEAIR AR T ARG U SRR A A
I 22 R B T HENL S 5 B2 237 ( Eppenhof
4% ,2018 ; Sun 45,2018 ; Sentker 45,2018 ; Eppenhof 1
Pluim,2018) . ¥ 4H 4k 5 % A R S5 K0 2 % ] 5
By, N A RAE BB L RAF AT T a5, R BEHLAE A 0 A
A A AN J5 ) b R RLRS 45 21 %85 B B0 b 1Y)
BIAEIL Y, Sokooti 55 A (2017 ) 51 AANIFT5 224
TR A% BRGNS 6] (2 B Y5 L A2 T 37, S i 2
RSy H T 4% RegNet, BERIED A R 05 H,
ST v B Y 3D B ER CT EURAERIPERCHE ., N
T SRSl A AR 02 Bl ok #Y il AR JE 2, Eppenhof
1 Pluim (2019 ) 25 U< KL T i 190 A% BEAIL A= B 1
TACAZFIRE T35 46 W A% BEAL A2 ) /IME S 1
@, RIS R 1z A

BERLE Y @, 3 T B 2RI R, Jo vk e
Z 152 e NAAAS B Y LS AR B By %o ik 2y A
diffeomorphic demons ( Vercauteren 4§, 2009 ) . LD-
DMM ( large deformation diffeomorphic metric map-
ping) ( Ashburner, 2007 ) . SyN ( symmetric image nor-
malization) ( Avants 45,2008 ) 25 4% 45 fic ¥l 5 150K i
ZE A @ KA D, Miao 55 A (2016a) 1£ T
SIAHEC I GO 5 o 2 T K BE Y Powell 32 U IC
WERIEAE] &, (Miao 45 ,2016b) , FKE IR I i
v A A M B I o L P28 SR PRI B BRI 23 2=
FHEAL ], DL R 308 %8R X 35 (region on interest,
ROL) FHRBRZEAE T AR, LLAE e S 800 R G R
BIAE 0 % R R, K6 4 i 280 R R 43y 3 A IX
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Table 1 Overview of fully-supervised registration methods

S 30k i X33 Hi i B AR LAY (SR WIS
iao iﬁ e Bk 2D3D Xray it CNN ek
Yang %5 A (2016) figi 5 2D-2D,3D-3D MR, MR Al AR FCN fE5
Yan % A (2018) GUEZLS 3D-3D MR-TRUS Pt GAN Fahbrik
Eppenhof 1 Pluim(2018) it 3D-3D CT Al AR FCN BEALAE
Sun 45 A (2018) JH 2D-2D CT-US LIRS DVFNet BEHL A4
Uzunova 55 A (2017) Hffg 2D-2D MR Al AR FlowNet FE TR
Sentker % A (2018) Jifi#e 3D-3D CT LIRS FCN BEHLAS
Sokooti %5 A (2019) Jifi 3D-3D o) AR U-Net TR
Chee F1 Wu(2018) figi 5 3D-3D MR bt CNN Fifi HLAS $6
Salehi %5 A (2018) i 3D-3D T2 Pt ResNetCNN BEHL 4
Sloan % A (2018) R 2D-2D T1, T1-T2 i) FCN BEHL A4
Zheng % A\ (2017) B3k 2D-2D Xray i 5 CNN FEhbriE
Zheng % A (2018) HHE 2D-3D Xray-CT %t CNN FEhbriE
Sokooti 4 A (2017) Jiti R 3D-3D CT A RegNet BEALAE e
Eppenhof 1 Pluim(2018) Jiri 8 3D-3D CT Al Y CNN R AILAS 45
Eppenhof 1 Pluim(2019) it 3D-3D cT Al AR U-Net REALAE
EZZ iﬁggi;; i 55 3D-3D MR DK CNN gk
Rohé %5 A (2017) D E 3D-3D MR AT SVFNet fEg Ik
Onieva %5 A (2018) it 3D-3D CT DS RegNet (RS
Yang %5 A (2017) R 3D-3D T1, T1-T2 A AETE CNN (RS
T HE ZE FIE I T (2020) Fi R 2D-3D X-DRR i 5f FCN =R
R R4 (2020) JHE 2D-2D CT R CNN BEHL A4

¥ : CT( computed tomography ) BT R, MR ( magnelic resonance ) Tyt IR A% Xray & X SR, US( ultrasonog-
raphy ) AR L , TRUS transrectal ultrasonography ) A28 BLGAERA , Bt & WU i P I BEAL AR e 48 56 1| AR & i ik . 2
THANUER AR D, s B GERARHS 2 B T s R AME GRS SR A @, 3 B TRERIAR SRS 3 0B e i 8 26 T

BRI @, , FEbREds il L X FahhiER I @,

B, IF O3 R VNGREET 1 A | TSI FF- T AP 1Y
SRR T MG ER 22 B S 8058 25 B E &
T B S 2% A BT AT 55 ik by m] ik ST 2~ 1) ]
FAL S, B RCR I S TR T AR B (mutual
information, MI) \ H.AHC Z %4 ( cross correlation, CC)
FIAD BE A O R B (gradient correlation, GC) S3L 4512
AR E 7 B (Gendrin 25,2012 ; Schmid F1 Chénes,
2014;Hatt %, 2015), ZE 0L ML, 0 4 SE F1 1 30 T+

(2020 ) K3 1) WA S 5 2 50003 fife B PSP, )
H FCN ( Long %,2015) M X-DRR ( digitally recon-
structured radiograph ) G %] (19 5% 22 [81 14 H 23 [a] W {4
AR SEL, SCISE T ) 2D-3D oo, AN T AL
G CHE T V5 B H R A TR 45 X Ti) 1Y) 5 (8] 22 8 ( Miao
45 2016a,b) ,Rohé %5 A (2017 ) I 3t T 2 A8 X B
Lk (Arsigny 55,2006 ) KA P8 FIHERS X ] 14 722
BN NS HAL R D, 5650 F TS HR X A 5 B
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{58, 7EFJH SyN (Avants 25,2008 ) %] e v g 745
MRI K 4 ( Cao 4 ,2017,2018a) , fifi I diffeo-
morphic demons ( Vercauteren % ,2009 ) 3K i 2 %] Bic
HEJ A% B 2> B AS Y A2 2 37, B W B BeoK A 1Y
BIGINERN @, o FINEIEIE, Cao FF A (2017) B
T — R RSRIARRIEE R CNN BCHER %5 st
BN (1, ,0,) W AH G BEARAR AR 5 907 18] 1Y
AP 2E 5 265 W 28 R AW R MERE o R IR TR VR B2
WL (LDDMM) 53K i 2 TE 39 6 L @, ( Yang
4,2016,2017 ; Onieva 55,2018) , Yang 55 A (2016)
WE T —FIET LDDMM B 2 $00 5 i o 1 80
T ) 48 B2 b W) b 3 e A A b B e, E e DL
HIMER AT AR TE Y, Yang 558 A (2017) J5 220K
TR N B Z2 LS IE v v, 2w R i E)
Quicksilver i

M A A 2 P R A SR i 2 ) AR B T 4 v 1
B RS B {H 2 B R T S 28 R R T AR
TYBHRE HE 1 BIR X 2 2 SR 1 3 b — T Bk T AL L Y
BAEA W T %, T Wilms 25 A (2017) $2 H 045
THEARBEIHY (statistical shape models, SSM) , Uzunova
SN (2017) 4 Hh H 25 w8 B R AE AR ) i GE A WL
U (statistical appearance models, SAM) , il 13 /b i 19
SRR AT Kt (1, L, 0. BB, Sk
B (] SAM & G DIk B AL T A e A T
FHEAHL A BRI G AERL 255 M B 1) e K
P 5K B AR G A W22 TR, Sokooti 25 A (2019 ) fi
FIVFIZ SR 4RSI @, V1% 3D R CT
PR BCHE I 2, HORS B2 O T 5 T BE AL R R a0 11 2
ALY {EAT A BE R A A5 48 L 1537 ( Berendsen 55,
2014)

SETRENLZ B @, Az T AL RE S A BR2E
TR 28 ) AR 4, Jo vk A RO S 24 9 N AR ZH 288 B
B EREE, TSR AR D, 1077
P ABCE R 28 PE VI GRS B DAk B s A 50—~ T R
FT &, 1Y% [B] 28 483X R TR 2 2 R T T A A
BE TYERE BIR, I TRALG W @, 107 A
T ERMR 2 HHL SR E IR+ R A BA
BRI, BRI, 3 S R TE AN R B
FHARR HXE & B ROTEAETE LK T
SECHEERHGAR I e bR o, HES) 1A B FCEAE 22 1Y
K,

5 A G C R SR IR B R AR C v A A L, 4

M CHE 5 2 ) FH BT ) A% 1 — 2D Al s TR AR
e AR AR J T BCHER [R] , s R 88 B 2 R T 1 M
PR gE— SR Sun 55 A (2018 ) A1 Sokooti
S5 N (2019) 1Y T AR R BTG O 2R 85000 19 4 B
TCHEATS SR AR A 18 A% e P M SR | A RE TR 31 5 2 AH
R ECHERT EE o X2 A W 5 s 1 B RS T
B HEB T 5 &, W IR T EAR AT &, Ak
I ZREE 5 ek R A7 A 8 R g 22, 75 T T A 2
ToEAR G M aE ] T 52 Bl ik, BRI IR R, AT AR
NIl P A5 B 52 B 1R A - L S B TR Y el
e, PETHINZA R (037 A R e

3 WEBkBEEEFZEGEE

N T BRAR A W B XS At @, A 2%
AR D 0 W B Bk T 5 I 2 R B o, B2 1
TR RN G5 W O ME TV R BCERE S LA
BCHERY (1, ,1,) oA 38 2 TR B 45 R 45 A 1
I, BT 7SIt @ TaH i @, 5 & [l
SRR Ly, B T FT, T8] B4R (R0 48 2%
L, B Mg gk, 54 W 7 i A Ee, RO B D
WELE SRR LR 5L Lt R T, 1RGO B
YER T — W B B SRR AL H AR AR

D" = arg m(pin(Ldist +L,,) (3)
K, @ FoRRA S A2 Ly, RN EIE# D,
SR @ Z B SEORZEBK L, T
Je WTE S B vt FS: 2 AR ] AR AR 2k
A 1) T DU B 7 vk 1 = 2 MR B v F 9 n 3 2
Fi7R o

Fan 55 A\ (2019a) 3 T30 227 ) | 230 1B i AR
M 2 1y XS s 7B I 9 I 4% BIRNet, ) FH & 28 3%
D F5 T 2R AT ORI U A B 1 T TRIAR
ALLRE 58 UK 240 B o, fife e T R AN HERR 1Y) ), W
B M2 R R 22 A1, Lin 25 A (2019 ) DUPER B0
BHESRG | A\ B HSECHE , 8 Xception ( Chollet ,2017)
2] 1, R AE A 25 I RAE R R M ] iU L
R A1 2 A AR AR S H & i Al A
W B4 B A 45 R T W B B MR AR B 3L ] 4 08
SCECHER 5 2R, SEBR b, LR e o O TG A
SCFE)T SC R RIS R AR 2 o 5 A
P 2 11 5  Cao 55N (2018b) $12 Hi — il FHAR 25 N AR B
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Table 2 Overview of dual-supervised registration methods

27 30k i v X3, Y i S AR 4 A EENIE
Fan 45 A (2019a) i #8 3D-3D MR A[AE U-Net 12
Liu 5 A (2019) Bk 2D-2D Xray CI'9i2 Xception 12
Cao 5% A (2018b) o 3D-3D MR-CT AlARIE U-Net NCC

12 4 12 {5580, NCC i IH—1L H A0 (normalized cross correlation) .

JEETR T 5 AR S TV I 2% 2 ] 19 7 125, 43 S AE MR Al
CT RS B0 BRI ARLBE 45125 €245 MR-MR
PURAN CT-CT $i , W 28 AEN Zhad A v 3L [ 1t AL
AR, 45 5 22 B AU S AR RUBE 7E Dice FHAR
Z AU (Dice similarity coefficient, DSC ) FI-F-3) 2% i i
% (average surface distance, ASD) ¥§#45 I & T
SyN (Avants 45,2008 ) Flfiff FH BTSRRI BE A 71
ST BLHAR I D, | LTI R it 51 25 48 1)
PrAfE B WA AN AT SRS . PR LOR IR T Bk 4
A FDSU S T 1%, 559 M TG o 22 00 P e #9145

(NGB L B R R 45 1) ) 23 B HE ) S 2B )
ST AR T R 2% — AL T A AR X (1,
1) [l 2 (] 22 e @, 34 e/ MEIF 3 18118 bR 45
Label,, 11275 E8 175 % Label, 8] {9 AR B 52 451 25
AL E AR

& = arg mdijn L, (Label,  Label) (4)
K, @ Rz (62545, Label,, F1 Label, 535
FRIF BRI SHE BUGAR %, L, R R 245 1
Label,, 11 Label, [A] (AR BLBE 33 5% o AH 5C SCHRIE 244
mzk 3 Pis,

®3 BUEEFERGEAHARIEN

Table 3 Overview of weakly-supervised registration methods

27 30k i 74 X3 Y S A H A PN
Hu %% A (2018a) HIF R 3D-3D MR-TRUS LIRS CNN CE 12
Hu 4% A (2018b) A 3D-3D MR-TRUS TN 7 GAN 12
Hu % A (2018c) A B 3D-3D MR-TRUS A AT FCN CEDice
Hering %5 A (2019) GipZlis 2D-2D cine-MR A U-Net GAN 12

T s cine Sy U IV DR R4 FE 4R B4, CE A2 U 25 (cross entropy ) , Dice S 70 18T 250, T B 8 MR 0 1 HE A5 A AH AL

BUEJERIFEL0,1],

Hu 45 A (2018a) T UK 4 H — Bl br 25 3K 21 11 55
= LTS o B 9 St LT 1 s e 5 7 5
AR AR AR A X, F0T, AR B AR
1O RN IE I £k 451 2 W B I 2k, S B MR-TRUS 5 451
SEMGHCHE, TS AR oRBSURN I 245 285 44 5 A 7 T
XPIZ s W BHHEAR AT O0 AL, BT X% BRI B Hu
45\ (2018b) 31 A GAN ( Goodfellow 25,2014 ) P4
FERREEAFBLEE 35 2 S Aty b7 38 Xhpo it 2%, S B AR
TEGME WAL 29 30, 153 28] — ATt 2R 5,
[, Hu 558 A (2018¢) % 8 2 RUE Dice 5 brfl f b5
SN AR BLEE B % | i e T — A 40 B 153
FRA AR BE B A AE A AR B B A R [ R, X X 2 &5
1Tt , Hu 58 AN (2018¢) 75 55 Wi B HEAE g | A TR M

BRI, GRS TR BN AR E 7 1 4 R 45 B
W2 AR T 3 19 ] #45 J8 . Hering 55 A (2019)
P — G AR SR SUAE B AR R B R
1455 W B B 3 0 A ] B AN Y 4 R A5 B AN R A
E\,ifﬂT‘[}HE 2D cine-MR KB, W 4% 385 1
U-Net( Ronneberger %5 ,2015) 2544, fifi FH 70 B b5 25 41
ABLEE RN T2 2% 1) A — A 6 B TR T H 401 2% pRES, A7 3L
X35 LA A5 R R4S A, BCHERICR L T Ruhaak 55 A
(2013) 42 H B Z LT 7

XU R 55 B O 12 43 )3 5k 5 | A A B A
R 553 TR YRR AR XS T b v AR AR o BB P
T EAESHOR Z WK B B 5T BRGAR L 2
I Rl ol A S 40 2 A G B i R 4 T I 2% A
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e BEAR T @, B9 B 5K b 2 B Bl 119 55
B HETT A 28 Y R B | A B B/ A R
7 FIBRAE | e HTRR A ARALLRE B AU AR R BE , T B
TR @, (IO IS HETT T B RS PR G T3
APRIXE, (EUR: SR ICIRE T VR AT SR A R A Kl
P, AR TE 2T BRI A5 U1 2R i A A

4 THEEFEGEE

BRI AT B T VR BT (4 LA R 3 b
SRR A Y i LUBOR B 1~ e TT
B CERESR , OB BTkt — L a1k 1 M 2%
NN B B A 22, (U o B o i B8kt (1,
1) sl R e — i 28] i ) TG 9 00 2% L4 A 8 46
ZHRDT IR TERA SR @, BRI T, AR XE
T SCAIE B W28 A0 R BRI, i BRI ) ) — TRl
TAESE: Jaderberg %5 A (2015 ) & H 14 25 1] 78 462 X 4%

(spatial transformer network, STN) ., STN f2 i ¥ 4%
AL I 7 ( deformable fields, DFs) SZELX) I, (925
] AR 4 | S — 58 4 Al U LR | RE DI A S BLA Y
BRRECHER 45, STN BRI 2 B rh i 5
EUSARBLEE 453 25 1 P R, #E 30 1 Jg W B e e o
(R o — A~ B 1) T MR T MAEAE 22 oy 5 RSV I
25 53 TR AR 36 ) 4% (STN) . AEMEST (1, 1)
MR RIS B RCE ) 2% B3 fh T e e 28 B )
@ fii Bl STN SEBUXT 1, B9 A2 g 2] 0w | ik
TS L, 5 I 60 PR LR 2, FL Atk e
brh

D" = arg m%n L, (1" A) (5)
K, @ R thas A8, 1w R4 5 17
SR, L, T BRI L RIS EIR 1 1
FALBEA SR o BT X6 G M T v I it , DAABE 2 e 8T
BCHERE PN T T 26 8 T 18 2 DR 05 58, AH G STk
=Yk 4 PR,

x4 THEEFEGEAFTIEAN

Table 4 Overview of unsupervised registration methods

EE DTN it v X3k Eid5° R A5 FEFY PN
T . . . CNN
Kori #1 Krishnamurthi(2019) JigE Y 3D-3D T1,T2,FLAIR 15 51 MLP SSD
de Vos 58 A\ (2017) LI 2D-2D MR ] ARIY DIRNet NCC
N , CAE MSE
Yoo 5 A (2017) 2T L 2D-2D SSEM CIES|A
STN AE
Sheikhjafari % A\ (2019) I 2D-2D MR ] ARIY SAE MSE
. “ - - LCC
Balakrishnan % A (2018) Jigi 3D-3D MR AR U-Net 0
. . . - LCC
Balakrishnan % A (2019) Jigi 3D-3D MR ] ARIY U-Net Di
1ce
FCN MSE
in 26 A (201 wyilie 2D-2D M Al A5 TE
Qin %5 A(2018) Lo R AR STN CE
o , Dic
Elmahdy % A (2019) ezl 3D-3D cT AT GAN Ngg
NMI
Mahapatra %5 A\ (2018a) B 2D-2D Xray A AR GAN SSIM
BCE
. , 12
Sun Fl Zhang(2018) g 3D-3D MR-US I FCN g b
>
NMI
HR IS -
Mahapatra(2018) . 2D-2D FA,MR AR GAN SSIM
L >
(=il U-Net SSIM
Xu 45 A (202 D-3D T-M ] AT
u %N (2020) W 3D-3 CT-MR Al S GAN 12
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Table 4 Overview of unsupervised registration methods ( continued )
EZ PN i 74 X 35, Eaid5 I A5 46 P TN
RMSE
o ok -
Liu 45 A\ (2017) o 2D-2D T1,T2,PD AR PCANet SSD
it 38
MIND
it 8 CNN
- /f . ! . _ [§] Vi 5
Qin %2 A (2019) e 2D2D  TI-T2,CT-MR A5 GAN L1
. i & o - JEEZE
Shan % A (2017) e 2D-2D CT,MR AT CNN U
L , NCC
Jiang %5 A\ (2020) Jiid 3D-3D CT AR CNN s
sips 2 - NCC
Yu % A (2019) i & 3D-3D CT-PET Al CNN 0
i ” MSE
Zhang(2018) g 3D-3D MR AT ICNet 2
. , U-Net NCC
Kuang(2019) i35 2D-2D Tl AT STI\? 1
o ” NCC
Kim %5 A (2019) JF Rk 3D-3D CT AlARIE CNN I
Fan %5 A (2018) i 38 3D-3D CT A AT GAN BCE
e SSD
Fan % A (2019b) i 3D-3D MR, CT 7 GAN
#H cc
MI
i e . N
Mahapatra 55 A (2018b) L 2D-2D FA,MR AR GAN SSIM
12
NCC
Fu %8 A (2020b) Jitid 3D-3D CT AR GAN BCE
12
A , CC
Lei 55 A (2019) TR 3D-3D CT Al AR GAN 1
A ‘EPEE 'fﬁgj‘ NCC
de Vos £ A\ (2019) s 3D-3D MR,CT A CNN T
. g 555 cC
Zhe 2020 ; 3D-3D MR,CT , U-N
20 FA(2020) A : AT et 12
&8 5 58 cC
Zhao % A (2019 3D-3D MR, CT , U-Net
a0 HA(2019) WA : A ¢ 12

7 : FLAIR (fluid attenuated inversion recovery ) “4 il 4R A5 0 AR 5 U S 50K 58 )7 511, SSEM ( serial-section electron microscopy ) A
Yl R A%, PET( positron emission computed tomography ) M IE B F &k B RSN 2 A%, FA (fluorescein angiography )
SRS L% 96 638 52 , AE (absolute error) 4% i 2% LCC (local cross correlation) } Jay & H.AH K, CC ( cross correlation) S H.AH
%, Dice ZH[F £ 3, NMI ( normalized mutual information) A3 —fL H A% B, , SSIM ( structural similarity ) 4 45 ¥4 #H L 45 X, BCE
(binary cross entropy) A —.JG3C X , RMSE ( root mean squard eror) A 77 # 1% 22, MIND ( modality independent neighbourhood

descriptor) AL ST AR T, L1 O L1 #1545,

de Vos 5 N (2017 ) 48 T 1 4> 2 T EG AR
3£ (19 G WA e o I 4% DIRNet, DA L 1 T, ] A 4B
SR A5t R pR R, i s 2 s 1 I 2% U1 R BRI R
Yoo %5 \.(2017) FI Sheikhjafari 25 A (2019) % %

A Gt def i A 1, F1 I G bt ek 1] i )5 T
BRETRHEM AL EE L G5 R R T RER
AFVBLRE B2 s 5 2 00 7 36 7 K B 1 AL R 32 £ 5 vk
Balakrishnan %5 A (2018 ) #2& i —Fh 3 T & AL 4 N
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2% (CNN) A JC W B L MEHE SR VoxelMorph , 38 3 % Hk
U-Net( Cicek 25,2016 ) Fl STN 2544 — Ak 15825 14
AL @ SEEL 3 HERKES MR EHER A PT AR Be ifE
2848 1 STN AR e 7 Y 25 1k R vp HH 53 5 AR L
UG % e R0 ) I SO 2 S EA T AR
LRIRIFE Dice Fibr L HUS5 SyN(Avants %,2011)
BCHE 57k AH X B9 RS B2, J5 K, Balakrishnan 58 A
(2019) 7E VoxelMorph HiE—# 5| A f# i) 43 B bR2%
FE AT 0 G BLEE 5 2 At b 18 in v 28 4 LB 464
KRBk, /RG] AL MR T E 2
HBE R TG b 5 AR DL 24 T R i 00 2% i Sl )
B AT AR AR e SR, A B TR O RG BE, 2
IH, Qin %5 A (2018) ZEMI 45 ih 5] AZrEIFRES , #HE ST
T A0 ME MR EHR IS 43 I BC AT ZOR AR
THAAES RIS, 2% 5 0 BEHE Ao BT S5 AH 45
( Elmahdy %% ,2019 ; Mahapatra 55 ,2018a) , fifi F 1%
FEBLEE 0 b 25 A AL BE 453 2% 36 A I 25 DA 42 e TG o
PEfE.

PSR UG ] B R B S22 55 45 G AR DL 3
SRR A DRI X | 14 45 i AR 2 PRI 15 R 0L o
KEANFIE, W, —F B4 09 i e 7 58 02 etk
ABLEE B 7 X ( Sedghi 25,2019 , %34 & 25
B EGARUE B 18 S M B AG 1T S 0
Sun Fll Zhang (2018 ) % T G K B FRR B A 8B &
L L ARMURE 35 30 T FEUR A AR R A
A Y — P OB 2 ik 7 45 B8R 8 7 MIND (Lin A
Leung,2017 ; Heinrich 55 ,2012) , MIND X A [A] % 2%
[i] ) b 2 2 S R A W B RS A Ry 4 R pRR
e e PSS EUGARLEE o ) —Fhi 4 o i 8
DU A S PR i B [ — s ) 58— 1, A T,
KGR, 22& 5] A GAN ( Goodfellow %5 ,2014)
SEEE T, MUE S E H AR R ) LS HL 4 (Choi 4,
2018 ;Isola %§,2017 ; Liu %,2017;Yi 25,2017 ; Singh
F1 Raza, 2020 ) , Mahapatra ( 2018 ) & F Cycle-GAN
(Zhu 55,2017 ) $452 2% 1) 22 155 25 T o 2% 1k oy T £ B
() BB B HEAT: 55, 1 T 4k 2248 SSD (single shot
multibox detector) ,CC %5 LR AR AL FE 401 2% i 47 M
B2E2), Xu 8N (2020) $& H— R 35 T 005 e 1 &
Al 1 I TR e A TR I M T A B e Y
Cycle-GAN W28 SZF CT-MR #5455 25 [R5 56 | 3 1k
XL C 19X 25 A 2880l 45 D e B B A8 0 R I LA
WANTTB AR, 22 ff T 5T GAN ( Goodfellow 55,

2014) ) MG FEA R TE A2 RS T 5 I BLSE Y
NTHHE, FBCBIE G 6 B R, £ 07 4% A
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Fig.5 Two slices from two liver CT scans for registration
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Table 5 The quantitative results of different methods ( average * standard deviation)
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(e) Affine+VoxelMorph ] ZZ L FLIEAS

(f) Affine+VoxelMorph ] AR TUBLIEAR G 772N &% 5 225 BRI - RIbRE E A A

4 - (\,_—' » - } . -~
(h) Affine+VTNRASTEECIEAS IR ARG 5 S H UG I 5 FIbRE T A

Ko ARl AR K

Fig. 6  Visualization results of different registration methods

( (a)fixed images; (b) moving images; (¢ ) warped images from ANTs SyN; (d)overlapped segmentation maps from ANTs SyN;
(e)warped images from Affine + VoxelMorph registration ; (f) overlapped segmentation maps from
Affine + VoxelMorph registration; ( g) warped images from Affine + VTN registration;

(h) overlapped segmentation maps from Affine + VTN registration )
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Table 6 Comparison of four types of deep medical image registration methods
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