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Non-rigid medical image registration based on
residual-in-residual dense block and GAN

Zhang Guimei, Hu Qiang, Gong Lei
Institute of Computer Vision, Nanchang Hangkong University, Nanchang 330063, China

Abstract: Objective Medical image registration is an important research task in the field of medical image analysis, which
is the basis of medical image fusion and medical image reconstruction. Conventional registration methods that build loss
function based on normalized mutual information by using iterative gradient descent to achieve registration tend to be time
consuming. The existing deep learning-based medical image registration methods have limitation in registering medical ima-
ges with large non-rigid deformation, which cannot achieve high registration accuracy and have poor generalization ability.
Thus, this paper proposes a method to register multi-modal medical images by combining residual-in-residual dense block
(RRDB) with generative adversarial network (GAN) . Method First, RRDB are introduced to the standard generator net-
work to extract high-level feature information from unpaired image pairs; thus, registration accuracy is improved. Then, a

least-squares loss is used to substitute cross-entropy loss constructed by the logistic regression objective. The convergence
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condition of least-squares loss is strict and promotes the model to reach convergence at the optimal parameters, which can
alleviate gradient disappearance and overfitting; thus, the robustness of model training is enhanced. In addition, relative
average GAN (RaGAN) is embedded into the standard discriminator network, namely, adding a gradient penalty in the
discriminator network, which reduce the error of discriminator to estimate the relative true and false probability between the
fixed image and moving image. The enhanced discriminator can help the generator to learn clearer and texture information
therefore, the registration error can be decreased, and the registration accuracy can be stabilized. Result This registration
model is trained and validated on DRIVE ( digital retinal images for vessel extraction) dataset. Generalization performance
tests are performed on Sunybrook Cardiac Dataset and Brain MRI Dataset. Compared with state-of-the-art registration meth-
ods, extensive experiments demonstrate that the proposed model achieves good registration results; both registration accura-
cy and generalization ability have been improved. Compared with the basic literature, the registration Dice values of retinal
images, cardiac images, and brain images are improved by 3.3% , 3.0% , and 1. 5% , respectively. According to the sta-
bility verification experiment of the registration model, as the number of iterations augments, the Dice value of this paper
gradually increases, and the change is more stable than that of baseline literature. The number of iterations in this paper is
80 000, whereas that of baseline literature is 10 000. This verification experiment shows that this registration model has
been effectively improved in the training phase; not only the convergence speed is accelerated but also stability is higher
compared with that of baseline literature. Conclusion The proposed registration method can obtain high-level feature infor-
mation; thus, the registration accuracy is improved. Simultaneously, the loss function is built on the basis of the least-
squares method, and the discriminator is also strengthened, which can enable the registration model to quickly converge
during the training phase and then improve model stability and generalization ability. This method is suitable for medical
image registration with large non-rigid deformation.

Key words: medical image; non-rigid registration; generative adversarial network ( GAN); residual-in-residual dense

block (RRDB) ; least square loss; relative average GAN ( RaGAN)
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T BEFR T PR - 2 00, S 1) s 3 25, R B
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THMTZASCE R . T e B ERAERIE
BCHERIAS BE , Mahapatra 25 A (2018) $2 4545 5k 22
(residual block, RB) Fll GAN 1) = 2% G e HE J7 15,
T IR 2B | B AR WA I 25 v i [R] B g
B ARG AL UHE R FIR 3R LS K 5 37, AR A A AT
MIBCHESS R o SR, 1% 07 VA A0 A B A28 15 2 R
ROl FEI, 35 0 P 1 15 15 1 5 TP A K B R AIE
FEAMEGHAHE R B LI AE SR W XX b
FEAR B AR AR AR T DI 5 1, 75 31 19 e e 2R3
GRERANTE W 0 TR AR AT AR IX 55, 15 211
BEHESS R AAEE , IX & 1 T Mahapatra 58 A (2018)
A BCHE SR A AR BURF AL 5 P 1 BT A A8 R A A
BERM M B, %4 5% 22 Y (residual-in-residual
dense block, RRDB) i1 F 5 i 4 Y b oK i 4 il
BT 22T RESE D, RS IUE 2 1Y & 2 4F
MEF R, BB M A RURHIE TS B BRI, 5E T
R 25 B A R E , Wang 25 A (2019 ) $5 H7 FH
Bk PR E A, A R SO AN, R T
PG B A B
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TR PR RS 1 5
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PR IR WL R B AR Tk 2 B IR IR T 2 15 )2
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SIAB IR 2 e K e R T RE SRR 1 ARy
TC VAR Y (1% i A, e 3 L IRIG 0T [ 14 B %% 72 3
(dense deformation field, DDF) F1 B # 5 B9 B 14
(1) A SO AEASE R 45 4 G 1 B, P op

I T R BCHE GO Z A I ) e diead 72, AL sl G,
FIFEEHR D, S FIEA BT R A T — G (IM) —
Gy (G (I")) = I [T — I" 5 Xt T35 [ W Syt e e
B: I' 51" [ I' G, (I') -G, (G (1IN)) =I",

Iimﬂn

K1 ARSCHC R 25

Fig. 1 Architecture of registration model
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Fig.2  Architecture of generator network
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BBT) 2 At 2 (2IERR 1 MiadEi)z2)
Fidse I — A K2 o A B i i i) B oE [R5
FR AR REA  EBUZ 1 AT 64 43 x3 BRI E
e ARG, IR RN L R sh 57 4
BRRLMAFE, 5 — P ERZH SR #H—
I' K3n6ds]

k3n128s1 k3n256s1

AT oA B AL, B AR 1 64 4> 3 x 3 7
B, s 15 5 BUER 2 A BLBR 3 73531 6
128 4~ 3 x3 B, W0 o0 1,2 U 4 Fl
BRI S 7RI 256 4~ 3 x 3 BB, 2 H7) J
1,25 B R 6 B FRE T 23] 512 4> 3 %3
PN, B0 1, 25 f)a BB T [ AR
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k3n512s1

k3n128s1

PR AL

[ k3n64s1

k3n256s1

R —fk LR —OrR)E

k3n512s1

K3 I Eait

Fig.3  Architecture of discriminator network

1.2 MiERKkEE

A SCRCHER ALY ZR I H bR 2 R B — A e LA 1
FrEREL G o B AR R E R — A I 1] 1% 5 1 A R
MM G, it LA s e Ly AREURAL
B0 AR 1) 45 IR B R Al T MR R 31 5
e BEERE RN, n o= 1,2, N SR
FHEGERNT 0= 1,2, N NS0
2Rk

N
6 = argamin%ZLc(Gg(lr),I:) (1)
n=1

G, (L)) =1 (2)

1201 R 5 45 A 401 K BR

KR GAN iy 32 48 [0 732 449 3t 1) 52 SUIR 4t
KA /N AR s 7 1 4% R 45 5T Ra-
GAN [P 7 3, LA I s 1 3 IR 22 o A ol
GAN HR 8 3 s Al B30 BB A (9 246 0 m] BB A, % B
FEA R BER O 1, X EAEAS B AR 0 A
3C5IA RaGAN Al S SLARFEAS (AR XS 1] BETE , 385641
B LIRS, DT Al A B i = 2 380 S JI0 355 AT 114
NGMBIRE R

PR GAN o ) 5 25 1 ) 531 i B D(X') =
o(CI")) —»1;DI") =a(CI")) -0,

RaGAN (L : Dy, (I, 1) = o (C(T')) -
ECC(I")) — 1, D, (I",J") = o(CcI")) -

E(CI")) =0, o J& Sigmoid pRAL, C J2IFAL N
Bk E RN IR, p o Rs BRI A o )
I B R Ly, A0 IR T A 2R Ly A 1]
AR Ly, , AN

Ly = EI"di,,m(lF) (1 - ngB<IF ’GAZB(IM) ) )2 +

EIMNp(Im(IM) <D§;3<IF,IM) )2 (3)
Ly = EIMN,J‘,MUM) (1 - DgA(IM ) GBZA(IF) )7+
ElFf\«p,,a,a(IF) (DgA(IM ,IF) )2 (4)

1.2.2 Figsi Az s 40 2% ek 4K
AT T HE D7 125 R 20 AN I 1 K B R A 2
AL 2 5 2 R ek B, (B SEBR B [RTBE RS A R, IR
JEREFHR ., BT, AR SOK Z R IEL RG] AR
T A5 R BRI A T 5 R L, BRI
L, =L, +w,L,, (5)
A, L, WK, Ly, HRPURE, o) 2P
PR AL ESHL
1) Hy N ASR o NS 2R R B80S X TE 1 1]
GRN [3] 5E R ) S5 A R AE R0 BE R AE A T AR DLPE T
A AR SC e F I —4k 5.4Z B, ( normalized mutual infor-
mation, NMI) | 4% #4 A5 L P4 &F 7= ( structural similarity
index metric,SSIM ) F1KX [ B 85 ( Euclidean distance,
ED) 47174, B
Ly == Ly (1™, I") -
Ly (1™, 1) + Ly, (1™, T7) (6)
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2) FRE XS HTAR o XS PR R B A PR
(1) XFHTAR K PR L, , BEME AR R A KL
FNEER A5 B0 [ 5 G AN T sl R 2R AT 290, AE [h]
WS AT AR RO R Ay Ly 308 1) RS 2 4 7 ot
BRN Lig, 1D
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Epyon (1 = Digy (1", Gy (1M)))* (7))
Ligy = Epyyon (D (1, 1)) +
Eppypnary (1 = D (1,6 (1)) (8)
K, Dy (I 1Y) FoR 77 3 MG 5 T B B
(D HE M0, B, ory 0 T 9 300 20
Dy (1", G oy (1) ) 7R T PG 55 1 P4 A A0
I B A, Epve, ey AL OIS,
(2) PEFR— L MEIR L, , R IR IR KA1 52
R R RRE I S A R AR R A, £ e O v PRI 1R
RTRE o
PEIA— B s IR Ny
Lo = En |Gy (G (1)) =TI, +

Ep ||GBzA<GAZB<IM)) _IMH1 (9)
XFHLA R BB
Ladv = Lj(zl% + L:gjl + wchyv (]O)

K, o JFER R E SR

2 ZWELERHSH

AR SCSE 56 1 A2F FR 5%« Intel i7-9700K CPU, RTX
2080Ti {2 ; %4 # 5% & Ubuntu 18. 04 LTS #:4F &
45 ,cuda9. 2, cudnn 7.5. 1, RE2JHEEHELE Ten-
sorflowl. 10. O, Jig 745 7Y 114 31| 25 F1 55 1E 4 7 Tensor-
flow FREE T 58 W

K15 Mahapatra 55 A (2018 ) A [A] & dls S £ 47
SEIG B4 - DRIVE ((digital retinal images for res-
sel extraction ) Dataset F1 Sunybrook Cardiac Dataset,
Hr DRIVE Dataset F e 8 R (14 1| 25 A0 5 3k
Sunybrook Cardiac Dataset F i Bc ERR R 72 1k e
13 Mahapatra %5 A (2018) HF5% 0 35 1 4

Ty PRZE XS LS g, 7RO B 4R B3 T — 40
JUEWSC 448 ek B %) C M S 5, #E Brain MRI Dataset |34
Y —ZH AN [R5 o P A e P IR e T S

K5 Mahapatra 25 A (2018 ) A1 [ 4 £ BE Al

B PR BCHE R 22 (Erry,, THEFON AR R A2 F
KEGHEMWBRMUBREGZ AR IRZE) K
FE )7 1% 22 (mean square error, MSE) SEM{GE
Z [t (Dice) Hausdroff ffi 24 ( Hausdraff distance, HD)
FISE-241 26 %5t 85 ( mean absolute distance, MAD)
2.1 FEAERBRISFIEIE

K F R 4E DRIVE Dataset , £3,5 39 000 &
BxF , L BCHER 26 A UG XHE A ik 5icdi 45
RN R 38 974 X K GAE 9l g ds . RS
Mahapatra 55 A\ (2018 ) #H [w] A Y11 25 3wk 72, BV SfG
TE™ 8 5 W MR ISR I St b AT I 2, O PR IS
R 1A I ) 26 T 280 B ARG A Y ) A R4

N T L A FCHER R 1T A% 2 T BB T, 15
HEVN L5 1) T R ASE B 7 5 S i £ (L0 MBS 2 A
i ER AR ) FIERE . B JEAE Sunybrook Cardiac
Dataset | #H [t T Mahapatra 28 A (2018 ) Z 31 17—
2o JIFE AT PS5 ) C T 52 36, ] B 5% o JE 5 7 A
RPN [R) I S AR AT BC v S 30, 5 A J LA
PC S E A T B A PR B xt LU s SR S S — 41
ANV IR 2 4E U Py P45 A C HE I 3 SE 0, [
HEAT S B FNE MR 3 A, 1 — 20 B TR AR SO AR B 1Y)
T VN B AR Pk o
2,11 PR AR SR

ARSI AL E SRR IE S KRS
[#i] 7 (115 (8] °F- 34 Dice {E#fE 1Y, RG34 Dice {8
BRI ORAS FAR A S U, AU T ROR
BIFIIANESE 0, Ml o, , 113 1 PR,

HARR) S 800 s 38 1 42 ) A2 Rk S B S ] s
X)) PR BRI E S o, ,HE Epoch {EHIYA
WrHg AN, ~F- 3 Dice (EZEWT %S . 247 Dice {Hik
st ERUE IR RE B HE o, , EHTEN
T34 Dice, 42 JRyf K173 Dice {H il X i 1)
Epoch Bl M 45 () Epoch &, BT % iz f) ik (8] 4 R
YNGR AL st X B — e A o, B

MR 22 RAG R S50 9 45 8, 35744 Dice {HHX
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*1 FWANESEHI KT Dice

Table 1 Two groups of weight parameters corresponding to average Dice

-3 Dice {H
w, =107 w, =107 w, = 10° w, = 10' w, = 10°

w, =107 0. 852 0.910 0.924 0.979 0.908

w, = 107 0. 781 0.857 0.892 0.917 0.795

w, = 107" 0. 846 0. 849 0.919 0. 886 0. 802

w, = 10' 0. 837 0. 920 0.881 0.872 0. 693

T IR B A R
1.0 N, LI EE R E 6 FIFR 2 P, K6 MFEE
/gﬁf/'\, Ve 2 S e 1 VA (L 1% I8 s AR B2, JHe v B O/ N R
08r - v\\’*i‘: PEAG B AR PR R R GT ; Dice {H K (HD B 251
% vl MAD BF 2 8 )N, Be e vE RE AT 5 38 2 i EiE h
= 26 A5 UEEHE (1724, Klein 58 A (2010) | Sok-
0.4} P E—— ooti £ A(2017) .de Vos % A\ (2017) #1 Balakrishnan
©,=0.01 * =001 N (2019) (977645210 HD A1 MAD AR T e i
0.2 - - :

K4 BESHLE

Fig.4 Selection of weight parameters

2.1.2  [CAERE ALY S50 B

PR A S Klein 28 A (2010) | Sokooti 48 A
(2017) . de Vos Z& A (2017) . Balakrishnan ¢ A
(2019) LA & Mahapatra 5 A (2018 ) 1) Jy ¥ i 47 %
Ll , SR HA AR (%) 00 0 6 1] 5 T o 25 SR 3 A 7 e
11 I G < B e G2V N = '
8, RO LSS, B iz X SR 100 A5 3 7 HE AE
W, AR SR DL E S Y ground truth FZT
THE X LT R SR A

MELS (¢)—(O) AT LA B, 3T 175 2058 Y
WA AELRAE 43 S I A8 R IS 455 A X BRI A A5 B
HBIE, 5 5 (a) BREER K2R, Mahapatra
SEN(2018) Jrik XML I S (g ) AH LT THT 4 i c
T, A8 AR E AR TE X 3845 B B4 i 4 IE , (H 2
T8 F2 1 L4 R 50 S I A A 320 % DXCIATS A7 A /N Y 72
1, HiA G S0 P W R 5 [ UGk A7 — 28 25 7
TS (h) 551 AR 8 S (a) S0, 31 1A A
3 SIS R T 1 5 (300 5 DX Sl B i o 25 ity 2
TS BN IE , TR A SO M BCHERSCR B4

T BB UEA SCRE A R, AT T

B BB AIG, 72 Dice fELAT BTG N, (H24ERESR TT
R BE AR . Mahapatra 25 A (2018 ) 175 i AH X 3
fib 4 T HETT R T 22, 1Rt T RO iR sk 22
BRI AF] GAN b Ji i BRER SRRl & T 22 5k 2R
AURHIESS B, AT RESRIREIBE Z A RHIESR B, ILAME
SRR BRSO3 I T PG SR AR AL 1) 23R
PRE, ASSCIRA (1 C v RCR e, BCTE B2 5 ]
LIl HD R MAD 25745 2 0k /)N, 15 °F-) Dice
A BRI XEF N Mahapatra 55 A (2018 ) 19
SRGAN J7 {38 b o vHE A 22 Bk B Aoy I v 1] 600 1Y
ABFIEAR B, TESR BURFAE{E 2t BUER 73 R AL
KEVER 5 MIASCH) ESRGAN S 2 4 5k 22 BB it
PRUEFRZE B, 1 20 JR Ak 22 I 405 ) 4 SR T 1, T4l
S WU AT T T 1500) 5 22 1) g SR R B, BESR
gAY SCRFALE A JEL 25 9 O Tl AT, BT % iy E MRS J5E
LEAN M R/ IR M 10 2K eR R, (RN 30 45
W2 5| A RaGAN BEAT M ZBER I I 2k o 5 V0
AR B 2 R T, A S 1 X A [ A6 285 40 ol
MR JFG PRI ) IE SR BB
2. 1.3 PR R RS E VSR IR

LA Mahapatra 55 A (2018 ) J7 ¥ Ay iy, F /)N
TR 2 A (] A 3 Y S SUR B K
W7 B, B 2 AU 3G 0, AR SCC AR
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(a) [fil5E &G (b) EFBhEIZ (¢) KleinZF A (2010) (d) SokootiZE A (2017)

(e) de Vos 25 A(2017) () BalakrishnanZ A(2019) () Mahapatra A (2018) (h) 432

S S [ RS2 MR 400 o B el 44 g i e 2 23
Fig. 5 Registration results of multi-modal Fundus retinal image ( (a)fixed images; (b) moving images; (¢)Klein et al. (2010) ;
(d)Sokooti et al. (2017) ;(e) de Vos et al. (2017) ; (f) Balakrishnan et al. (2019) ; (g) Mahapatra et al. (2018); (h) ours)

BLiEZ Hif Bz Ja BLifEZ 1T L= L2 Hir Bz )
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B 6 AN [E] ey 75 B iE AR AR SR a0 25
Fig. 6  Registration results of different methods based on validation dataset ( (a) Dice;(b) HD;(c)MAD)
Fx2 FEBEFENRELER
Table 2 Registration results of different methods
fiEZ S5
PHGERR  BCHEZ AT Klein 2 A Sokooti Z& A de Vos & A Balakrishnan Mahapatra R
(2010) (2017) (2017) 2 )\ (2019) 2 )\ (2018)

Dice 0. 843 0. 874 0. 863 0.911 0.914 0. 946 0.979
Errp, 14.3 12.1 8.5 7.3 7.0 5.7 4.8
HD 11.4 9.7 7.4 5.9 5.5 4.2 3.5
MAD 9.1 8.7 8.2 5.0 4.8 3.1 2.9
MSE 0. 84 0.54 0.33 0.23 0.20 0. 09 0.09
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Fig.7 Relationship between Dice and iterations
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Mahapatra 55 A (2018 ) J5 ¥4 e HEEARUECA 100 000,
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N T B UEIZ AL RE T, A SO AR Y A 7 B A
SHAE A, BT Co A 1 B PR B8 4 (Su-
nybrook Cardiac Dataset) 1 i 3 #% R 3L 9 20 4% 42
(Brain MRI Dataset) 347105
2.2.1 DEEGEESE

5 1 LIS 6 O MR A, 60 45 %
RESCIR O MEIENER 55— O E PO B 20 ASAN[R] s
] RO MY PR 2R B S — A P B
A TR A T [ 0 MR8 £ v 19 IR R A7 A2 S e

[ ] DMERERI S 0 5

() de VosZE A (2017)

() BalakrishnanZf A (2019)  (g) MahapatraZs A\ (2018)

JERAE & SR A A i S 0 B A8 AR AR TR R 5 1 it
EUGAE [ 7 R, At it 515 35 7 Sy 22 sh IR
ARYR S B8y 2 6T U R 5 RS 4 A A [T HA g b 4
BERASTE SEPRRC e, IE 5 Klein 25 A (2010) Sokooti 25
A(2017) .de Vos Z& A (2017) . Balakrishnan Z¢ A
(2019) LA J Mahapatra 5 A (2018 ) i 75 ¥ i 47 %F
L, B HESS SR AN 8 FE 9 iR o

ME8(c)—(f) AT LA B, BAR O NESM S BR 1S
B 7 IE M IE  (HIE 5 [ ER 22 AT AR BOKR, Sok-
ooti 5 N (2017 ) (1) e U [R5 A1 56 B #& A 1] S 7%
Balakrishnan % A (2019) B fic i R 2148 B FE 1A 7]
N 4ioE Klein 22 A (2010) F1 de Vos 45 A (2017) %f
O TE AR B A AR T IR A 58 20 1, fER K TE
XIS E 8 (a) M AFFAEAR KW (i 2% . Mahapatra 55
A (2018) BARKRIE T A8 IE Y AEE T, 5 [ BRI
FHAFEAALLHT I 4 By e, (BRI fE EHR 4
G X IR AN ST, 5 [ E BHROA il £ AE /D
HYARTE o AR SCERE (B 8 (h) ) ANSE PO Ji 1
W IE 1 H AN R i 2 -, 5 1 BRSNS BV
B RERL o AEC ISR Y, O IR S 4 B T A2 X
WA, BT DABC X BE T K, T 9 (¢) —(f) AT
VA B, ASCR AT B A B HE ER S [ BHR E A
FREE 5, FERR AR AR AR T X 35, [RIAE e A5 2 4247
HIHF IE
[ ] emarskmb i e s g

(h) A=3C

Pl 8 S JIRET T I H 1 A B F C T 22 2R ]
Fig.8 Registration results based on Sunybrook Cardiac Dataset during diastolic phase
((a)fixed images; (b) moving images; (c¢)Klein et al. (2010) ; (d) Sokooti et al. (2017) ;
(e) de Vos et al. (2017) ; (f) Balakrishnan et al. (2019) ; ( g) Mahapatra et al. (2018) ; (h) ours)
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(b) EFshE%

(e) de VosZE A (2017)

() BalakrishnanZ A (2019) (g) MahapatraZ§ A (2018)

(c) KleinZE A\ (2010) (d) Sokooti% A\ (2017)

(h) A3
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Fig.9 Registration results based on Sunybrook Cardiac Dataset during shrinking phase
((a)fixed images; (b) moving images; (c¢)Klein et al. (2010) ; (d) Sokooti et al. (2017) ;
(e) de Vos et al. (2017) ; (f) Balakrishnan et al. (2019) ; ( g) Mahapatra et al. (2018); (h) ours)

FERAR NG 3 iR, Klein 25 A (2010) | Sok-
ooti £ A (2017) .de Vos % A (2017) #1 Balakrishnan
25 N(2019) £33 f5 HD A1 MAD A% B i 5l A5 B
RAR , 715 Dice fHAT B G ANE S PERESR T Y B2 A
K. Mahapatra % A\ (2018 ) AR L F ik 4 By 2
U AR IR HE T AN R 58 A 1O IE AP 58 38 bL A

AR AL A, A SCR LB HD A
MAD 18 A %2 K g K 98 2, SF- ¥ Dice fEH AH HE
Mahapatra ¢ A (2018 ) 7753 /i1 1 0. 03 5 41 Le Bic v
ZHIIG T 0.26, MATIZ WA SCRIE 1 Bl A fiE
BT Bab 5 Fh 8 BCHE TS ik, UE W TAS SCRE
HERETY A8 A R

R3 TREER ENBESH SO IROEESR

Table 3 Average registration results based on Sunybrook Cardiac Dataset

Bz 5
Pl RO AT Klein 45 A Sokooti 2 A de Vos 45 A Balakrishnan Mahapatra o
(2010) (2017) (2017) 45 0(2019) 45 A(2018)
Dice 0.62 0.77 0.78 0. 80 0.82 0. 85 0.88
HD 7.79 5.21 5.34 5.03 5.00 3.90 3.50
MAD 2.89 2.12 1. 88 1.83 1.54 1.30 1.20

T I P SRR AT R A 2R

2.2.2 JlEREREE S

% Brain MRI Dataset #E47 BC i REIN X, %
TR MR RS R A 2%, DR 8T 00 B S PR A T IR A
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[X 18 ( regions of interest, ROI) #5017 AH W B 7 B b1
%o AR T AT NE RN AR ) e i T 4
RIS LR B ECHETT A AT L, S 2R A0
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Fig. 10  Registration results based on Brain MRI Dataset of different dice layers
((a)fixed images; (b) moving images; (¢ ) Klein et al. (2010) ; (d) Sokooti et al. (2017) ;
(e) de Vos et al. (2017) ; (f) Balakrishnan et al. (2019) ; ( g) Mahapatra et al. (2018); (h) ours)
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Fig. 11  Dice of fifty four ROIs masked by medical experts
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Table 4 Average registration results based on Brain MRI Dataset
BLiEz 5
PRAGTERR  BOERZ AT Klein £ A Sokooti 2 A de Vos Z£ A Balakrishnan Mahapatra A
(2010) (2017) (2017) 2\ (2019) 4\ (2018)
Dice 0. 607 0. 623 0.711 0.724 0.750 0. 790 0. 805
HD 14. 89 13.29 6.98 6.93 4.82 4.50 3.00
MAD 11.5 10.2 7.62 7.02 6. 14 5.03 3.30
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