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Image registration method with residual dense relativistic average CGAN

Wang Lifang, Zhang Chengcheng, Qin Pinle, Lin Suzhen, Gao Yuan, Dou Jieliang
The Key Laboratory of Biomedical Imaging and Imaging on Big Data, North University of China, Taiyuan 030051, China

Abstract: Objective Multimodal medical image registration is a key step in medical image analysis and processing as it
complements the information from different modality images and provides doctors with a variety of information about diseased
tissues or organs. This method enables doctors to make accurate diagnosis and treatment plans. Image registration based on
image synthesis is the main method for achieving high-precision registration. A high-quality composite image indicates good
registration effect. However, current image-based registration algorithm has poor robustness in synthetic models and pro-

vides an insufficient representation of synthetic image feature information, resulting in low registration accuracy. In recent
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years, owing to the success of deep learning in many fields, medical image registration based on deep learning has become
a focus of research. The synthetic model is trained according to the modal type of the image to be registered, and the syn-
thetic model bidirectional synthetic image is used to guide the subsequent registration. Anatomical information is employed
to guide the registration and improve the accuracy of multimodal image registration. Therefore, a multimodal brain image
registration method based on residual dense relative average conditional generative adversarial network ( RD-RaCGAN) is
proposed in this study. Method First, the RD-RaCGAN image synthesis model is constructed by combining the advantages
of the relative average discriminator in the relativistic average generative adversarial network, which can enhance the model
stability, and the advantages of the conditional generative adversarial network, which can improve the quality of the genera-
ted data, and also the ability of residual dense blocks to fully extract the characteristics of the deep network. Residual
dense blocks are utilized as core components for building a generator. The purpose of this generator is to capture the law of
sample distribution and generate a target image with specific significance, that is, to input a floating magnetic resonance
(MR) or reference computed tomography ( CT) image and generate the corresponding synthetic CT or synthetic MR image.
The convolution neural network is used as a relative average discriminator, which correctly distinguishes an image generated
by the generator from the real image. The generator and relative average discriminator perform confrontational training.
First, the generator is fixed to train the relative average discriminator. Then, the relative average discriminator is fixed to
train the generator, and the loop training is subsequently continued. During training, the least square function optimization
generator and relative average discriminator, which are more stable and less saturated than the cross entropy function are
selected. The ability of the generator and the relative average discriminator is enhanced, and the image generated by the
generator can be falsified. At this point, the synthetic model training is completed. Subsequently, the CT image and MR
image to be registered are bidirectionally synthesized into the corresponding reference MR image and floating CT image
through the RD-RaCGAN synthesis model that has been trained. Four images obtained by bidirectional synthesis are regis-
tered by a region-adaptive registration algorithm. Specifically, the key points of the bone information are selected from the
reference CT image and the floating CT image. The key points of the soft tissue information are selected from the floating MR
image and the reference MR image, and the estimation of the deformation field is guided by the extracted key points. In
other words, one deformation field is estimated from the floating CT image to the reference CT image, and a deformation
field is estimated from the floating MR image to the reference MR image. At the same time, the idea of hierarchical symme-
try is adopted to further guide the registration. The key points in the image are gradually increased when the reference and
floating images are close to each other. Moreover, anatomical information is used to optimize the two deformation fields con-
tinuously until the difference between the two deformation fields reaches a minimum. The two deformation fields are fused to
form the deformation field between the reference CT image and floating MR image. Finally, the deformation field is applied
to the floating image to complete registration. Given that the synthesis of a target image from two images to be registered
through the synthesis model requires time, the algorithm efficiency in this study is slightly lower than that of D. Demons
(diffeomorphic demons) and ANTs-SyN (advanced normalization toolbox-symmetric normalization). Result Given that the
quality of the synthesized image directly affects registration accuracy, three sets of contrast experiments are designed to veri-
fy the effect of the algorithm in this study. Different algorithms are by MR synthesis CT, and different algorithms are com-
pared by CT synthesis MR, and comparison of the effect of different registration algorithms. The experimental results show
that the target image synthesized by the synthesis model in this study is superior to those obtained by the other methods in
terms of visual effect and objective evaluation index. The target image synthesized by RD-RaCGAN is similar to the real im-
age and has less noise than the target images generated by the other synthetic methods. As can be seen from the bones of
the synthesized brain image and the area near the air interface, the synthetic model in this work visually shows realistic tex-
ture details. Compared with the Powell-optimized MI ( mutual information) method, ANTs-SyN, D. Demons, Cue-Aware
Net (cue-aware deep regression network ) , and I-SI (intensity and spatial information) image registration methods, the nor-
malized mutual information increased by 43.71% , 12.87% , 10.59% , 0.47% , and 5.59% , respectively. In addition, the
mean square root error decreased by 39.80% , 38.67% , 15.68% , 4.38% , and 2.61% , respectively. The results obtained by
the registration algorithm in this study are close to the reference image. The registration effect diagram that the difference between

the registration image and the reference image obtained by the algorithm in this study is smaller than that obtained by the other
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three methods. Small difference between the two images means good registration effect. Conclusion This study proposes a multi-

modal brain image registration method based on RD-RaCGAN, which solves the problem of the poor robustness of the model

synthesis algorithm based on image synthesis, leading to the inaccuracy of the synthetic image and the poor registration effect.

Key words: medical image registration; image synthesis; RaGAN ( relativistic average generative adversarial network) ;

residual dense blocks; least squares; CGAN (conditional generative adversarial network)
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Fig. 1  Difference between GAN discriminator and RaGAN discriminator ( (a) GAN; (b) RaGAN)
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Fig.2  Basic residual dense block
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Fig.3 Basic framework of RD-RaCGAN
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e, CT AL MR EHR 2 5 AR [, 3 i
IRUFI A BB ] DK £ o HE R CT/ MR [EIE 5351l
A BN R Y S-CT B4 Fi14 i MR ( synthetize MR,
S-MR) EIZ, 7 4% CT.S-CT MR ,S-MR EZH TIX
BB 3 R TERE
2.1.1 A

A G H A SRR AR 20 A B MR, AR
BARE R HirEE, Bl A MR 5 CT E1%R,
A2 AR B Y S-CT B S-MR IR o AR SCi i 5 m
W28 B TR FE R AR o X (PR RE o FH T3 TR A T 445 e
PIYIZE, ¥ RDB 3 E 0 9 2, IR iR 2 FRAE 52 B
Sy vcit iy 3 R LA 8 e BURFIE (S B B Y, )
Hh SR FH AT 27 2 10 58 BR 2 PRk i A B RN AR ]
BIRGE—2, 1 B E AN B0 B ARG, I8 LR i
B Al i) B8 S5k an &l 4 B, 24 MR 5%
CT EGgIT, Ly T I FR5 ATk on BT s 43
IR A% (kernel ) ROSF 98 4% 1% ( number ) 1
A (stride) | I TEXS ERAG BRERAE I, 3517 T HH 5
P HFEIE L O FH AR R R I R o 4% 3
BLOr R 4 AERGY 5 LR R 3 AR (conv) il
AFKI/NH 256 x 256 x 1 [ MR B4, 5t 3 4
FRUZ 2 FIE SR HUAE B /N ROST B FRAE BIE, T
FTF4Rak a4 3] ) RDB (A4 2 3400 9 4
RDB, %4~ RDB 445 3 E&M, Hh &R ZH N
256 >3 x 3KR/MEH ARG Z; 56 3 B A
JRFFAE Rl S 42 JRy 5k 25 2], concat JZ2 44 9 > RDB
B ZIER A, 22 1 x 1 BRI T4k 5 8
A (Tai 45,2017 J5 15 2R )2 RHAIE , 8 5 Bk ER 3% 4%
()42 Jm ke 22 25 ) # TR B R AIE 5 TR T2 R A 4G 5 e —
LA 42 R B AR AL 26 4 T80 0 [ A5 R ((conv
transposed ) FIH A, Sy 1 i A A A i i A R
KA—Fny CT EG 38 3k P 23 [ 46 BR AR 1 A —
B B AR AR (R R E 2 P A2 3 S RN, Z S 2 RelU
WS R fEl it 4 x 4 ERUZ SN RN
256 x 256 x 1 [y CT &M%,
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EIRER = N 2 A 2Zlo| |2%2
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Fig.4 Generator network structure diagram

2. 1.2 AR R R g

AFE S 2 5 g ( Dy, ) B9 H B TE A X 0 i
BB, 2 MR 1 6 4 S-CT i,
CT S-CT Ll Je MR {4 A Dy, #647HIWr, 18 5 5
/N30 R BT B S O] 408 R R A M D3] 1 ) D)
J1, 3015 BBt 45 Dy, , 8 Dy, EZE3G58 ), B
5 G IRBPFHEORE ISR E . A X Dy, ik
FH BT Y 2B A 28 ) 285 ( convolutional neural network

CNN) 2244, a5 frs i AT 200 1) CT B, i@
i 5 20 conv ZERBUEMRRRE, S 11 KR BRI 2
B, R4 x 4 ROPERZ, 2K 2,85 1] BN
(batch normalization ) J2 32 155 11| ZR 3 J& A1 38E 00 J5) 30
AL, J5 4 RelU TH B AL, e, &2 % H)Z
(fully connected layer, FC) J5 JiT— -~ sigmod R Z504%
o AR A — AR B 0 N1, AR FE AR 1 A A o A
{ELAE A 2R

o U I
< *® <
225212315213
Ila|leM2|e |z 13|22
2 ~ i [~ I ~
= z =
S g 5]
o S o

S A2 5 50 i 0 2% 45 A 14

Fig.5 Relativistic average discriminator network structure diagram

2.1.3  F/h e R AL

PR PRI B R e P 28 PERE I R 2R
GAN CGAN Fl1 RaGAN ¥ LL 58 U A 1 2K oA %8s
Arjovskyd§ A\ (2017) 45 i GAN YA & T8
SCARANIE G A e ANAH BSR40 1 43 A1 3 J Y, Mao 88
(2016) 45 H XT3 R v i AN RR U R 40 2 ph 4
TSRS R . AN 6 s, i/ 3 BB A
AR DX 378 /)N T A2 SO R B R DX B, X6 X 2
2] BN el O BRI L 2 SRR R R AR AR E A=
BREUG TERE f  PRLG, AR SR e/ > e i 2k
PRIAR, W dn/ N e R EICR VR S LA I R, 5 ot de /b
Hir eREUE , A B G BUENR 5 B S EUSAR LAY B 1Y

Phie /N Z 3R Bk R CGAN G T D 1

< <
I o -
21213 Sz 2o L8 | HirtEsersk
B2 3|2 (205158 toankert
PR35
3 1
LE'HN = 7Ec~p(c) [D(x;) - 112 (1)
1
LIC)GAN = ?Exl.~p(xr)|:(D<xr) - 1>21 +

TE LD (e.6e)] ()

X, p BRI BER I3, ¢ 260, 2 9 REHL I
7L I LB 2 T 24 o A R R x5 S
& x, Z A 22, BAR
Li(G) =B, o [, =, ] (3)
FEZ(L) FEC(2) AKX - 24 56 531 45 1) B
JERET T, 73 2] RD-RaCGAN 3 2% s BN

Lipracoan = [ min( Lgicm ) ,min( LEECCAN )E(4)
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TIPS

Bl6 AU A/ —

Lyt = %E e X

HDy (xx) =117+ [Dy (xx) I*H (5)
LN % E o x

[ Dy (x,0x) =117 + AL (6) (6)

KA, Lo #7 RD-RaCGAN FEUR 4152 iR,
L™ | LG G5 RA P-4 % 590 28 0 A A
R R, A Shy L IR 102 D11 ) B
M Ly N LG A5 R R LA
R o LE G R Dy, WORHTIZRE R Dy,
F I A SRSV B 5 5/ M A5E o i
i HX BRI Dy, (x, ) 81 1% R
PRI Dy, G, T 0, TSR G 1 H 1
S/l Dy, (OUER A B Dy, (x,x,) Bl 1o fe%,
WA G 1 Dy, BOXSHLUIZE, G A Dy, 21481149 8
(Ratliff %,2013) SN, Ly A Ly ™ SRS AR,
I, U457 R, 4 P 2 2 R B 7 T

10

VS

(b) F/h R 4L

e b %K

Fig.6 Cross entropy and least squares functions( (a) cross entropy; (b) least squares)

2.2 REEERERE&EZE

LLCT H &% EMG MR it g g, &2 14
47 RD-RaCGAN 4 iR 73 3l 5 il 2% S-MR Fil
17380 S-CT Mg, Ry 1 bk b B ) 5 0 MR A5 B 48
FEESEBRCHET | A2, 76 MR 5 CT FCEn,
[ A S-MR 1 S-CT i 45 B, R X IR A 18
N FLHESE T (Cao 55,2018a) HEATHCHE, T Z b #53
J9 3 BB

1) B SCRAE, B T458] CT Al MR Z [H]TE
Y @  AEHA (G S8 CT MR S-CT FI S-MR
UG H 7 7 OB OR AR, LA

‘Vx‘+ ‘Vy‘+ ‘Vz‘

K, P OAREEEAR, Vo, Vy FIVz 5051308 3 407
A ESR AR R T, |V 6| 2 BRI R M L,
LUK P IH—1E M [0,1]

2) SR A DX T Y

P =

(7)) RBUEK

LEEES

-
. . |

HZHbREHR
."'-.‘ iR e Sl

'ﬂ'Jﬂ:

Ik H*TLJT%

RD-RaCGAN ')

K7

L NEEE

Fig.7  Overall network structure
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Wi R (B A , AN CT X (CT F1 S-CT) H i B #5455
R OCHE R, N MR X (MR A1 S-MR) Hrie U 2H 2145
SV e 55, I 3 1H — Ak B AH 5 ( normalized cross
correlation , NCC ) 6l 5G4 5[] ) DL C OC 5% o
3) 53 )2 FRIECHE 38X R A B, K MR ORI
CT RYFECHERE AL CT XFFD MR S i) FRASSAR o, R
¢ = arg min M(I, ,D(Iycr,0)) +
M(Isyy , DLy ,0) ) + aR(g) (8)
K, Ty, Ly s Toor R I 2353878 CT MR (S-CT
M S-MR B4, D(-) FRidt B2 ¢ I EB
AIERERT . R ONZIIR o V-1 B R0 IR U35, Mg AH A
PEMRE , o WAL R R 1R (8) , R H]
I3 SR PRBCHE 0 SEAR 38 A e /b CT XFFI MR X 2
[ 1 2= RAE 22 ¢ 15

X FRACHE

;‘01’(02} = arggll;lM(D<T’¢l)7D(S’¢2)) +

a(R(¢,) +R(e,)) (9)

4 CT S-MR Mt =3 (8] T,MR (S-CT {4 H

trasla) S, R 3T HURE 45 (thin plate spline, TPS)

(Bookstein 1989 ) A8 #a 5 A1 , Gn[&] 8 iR 3 3 ¢

AR TR S v ity P AR IR B 45 20 9 AT A2

Yy WA T A S % AR, ARG I G A, il i B

FHENELSGAMAIE Y, BRI BRI

TS AR L, 1R BN TE AR ) Fil @, | ILET, ¢,
il @, ZIANZERCIRERDN, AP AEY ¢ h

o =00
¢ =@ (10)
K, " RIRBTEINGT, @ « @7 FaR IR [h]
Y, ¢ B o MBEEL

BRI

K8 DX A 3 R HER I

Fig. 8 Region adaptive registration algorithm

2.3 RD-RaCGAN HfxEfEREL A %

ARSCHE LT RD-RaCGAN 1% Z2 450 285 i 3488 141
BECHER DR E 9 Fs , BB Ry .

1) #4% RD-RaCGAN &5y, CGAN rh 554
c e B3R 3 A48 W45 O 42 5 A6 B 8114 T i . RaGAN
FROREDRT P 25 M7 25 BB 4 i IO 28 £ 1 \RDB BE7E TR
JZ W b e s BREUE L ZRAaX 3 FhE T, A RDB
FRZ DA A AR G, CNN AR X2 5 0 2
Dy, BTN ot v, >R A X 28 SR R B
FE AT /N SR/ AR R BRI AL G RN Dy,
HE| G, Dy, iKF VAR, RD-RaCGAN £ il 5 Y
WIZRTE I o

2) B MG A L i A T IR RS /N AR TR 1) AR T
HEM R B4R, inZ% CT FyEsh MR B4R, £ RD-
RaCGAN 4 i I 4T CT %] S-MR 1 MR % S-CT
I EHR A

3) X3k A . W) A RS A E 4 iR 1A

% .CT %} (CT #1S-CT) #1 MR %} (MR A1 S-MR) ., M
CT X 6 HUH 5 A5 B A S B A, A MR X 326 B 21 231
R SR A, SR FH X 8k [ 3 7 v 0, FE LV
[F1) 220 T 8 I S S5 B 43 2 R b s R A
HIfd Tt

4) ¥ Fe 2 I A S 1 77 3l G S UBCHE

3 XWHERSHH

3.1 HEKSLEIME

ASCHI YN 24k A Zd 4 RIRE (retrospective
image registration evaluation ) ( http://insight-journal.
org/rire ) A1 Atlas ( Johnson F1 Becker, 1999 ), M
RIRE 4 1) 18 {37 H % S Atlas $04f8 178 Hh i) Sk
G IR e ot s A 3 72 N e AR Bk e T
S18 XM v BB B 401 R AR B9 MR/CT [
GAF R Bdla g, Horp, RIRE $dfs 2 b CT BB 14
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FREZ AT CGAN AIFRETE R EC

NG R TS
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v v
SHCTII FEEIMRIEHS
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v

RD-RaCGAN
X i PR

I
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S-MR &% S-CTI&%
I I
v

DX 19 3 o7

v
AR R

K9 A ERAE
Fig.9  Algorithm flow chart in this paper

4 /IME 0. 40 x 0.40 x 3.00 mm*~0. 65 x 0. 65 x
4.00 mm® Z [i], MR [&] & 14 & 2 K /N 7E 0. 82 x
0.82x3.00 mm’~ 1.25 x 1.25 x 4.00 mm’ Z [f],
Atlas AT CT BB K/ R 512 x 512 142, MR
K50 256 x 256 {33 . 1 55, ¥ RIRE £k 4
i) DICOM ( digital imaging and communications in
medicine) % = 49 XI5 S Adas B4k & ) GIF
(graphics interchange format ) #% =X f) 250 8 24 45 #
PNG ( portable network graphic format) #£=,, HiKX,R
JH N4 (Tustison ££,2010) fi Z % IE B EH B MR
BRI FEAR B SV, 5, 4 B A7 TR 15 B R A 3
256 x 256 R, VAR | mm, BdaH o0 N
3 ERar, AR gRAE AR B EdE . IIZREE T
IR ZAERY, 58 1 80% , 3k 414 % B uE4E H]
TR ER R HE AT 012 VP4, DA & A4 1k
Yk, 10% , 3% 52 %6 WA F T PP A dse 2R B 1Y)
ZALRETT, o5 10% 3 52 % 5l TR BERCAL I o 52 45
THREE 17 A RS >R ] Albumentations
(Buslaev 45,2018 ) % Il 546 HE 47 K dfe 1 5, X Hdfe
B P R BRI R 2331 25 4T 90° [ 180° F 270° ik /K
- B A AR ASIE Dt iR
SEARAE BT 4 x6 -1 =23 fERY L, B 9 936 X K]

BTN

SRR 52— 15 Intel Xeon JIR 55 %%, 4
3% 2 H NVIDIA Tesla M40 [ GPU, % #t g 7%
12 GB, &2 64 i fJ Windows 7 ¥ /E &
4;,, Pycharm64 , Tensorflow V1.2 ,MATLAB R2016a,
3.2 ilgitiE

Azl G AR X S5 88 Dy, RS TT
AT R BB E G NGk Dy, , 2R )5 [
JE Dy, W&k G, FARSEIERI 2, G 71 Dy, HIRESTHE
FREIH R 2 G A R R BE 8 LR AL EL, i
WNZREEIH, A B BB Am AR, G A= 800 > el 2
VE NS RS /AT . BRI ZRd B an T

D) FERE 6, x, W&k Dy, , UIIZk n A~ epoch (Y1l Z5
FEARSE R BB FEARYINLR 1K) 5

2) W G A x, M xp N2k Dy, , R n A
epoch ;

3) [ 5E Dy, » M1 Dy, W% A Ny AR bR, T
Dy, HIMZRASNZR G, 1% n A epoch

4)EELHE 1) —3) I IR X AR R T
fiti AR BIELECAY HARENS

5) e FHTINRAE RGP AL I A B RS PR R, A K
G B

ASCRH] Adam i A65532: (Kingma F1 Ba,2014 )
TN et A b {56 1458 2 0 A iUt 2% eR KGR 31 B
IINRASWTE R M2 S H I E8 IR 27 ) R E N
1 ox 107, S8 E N 0.9, AE LW H 5 x
107 TERIIRMRAE )y 18T, B2 AR A B2 1 Tk (E
R O RifiZEh 0. 01 A IEZS /04l o &2 GPU
BAER RS, % mini-batch pI| 4577 X, batch-size
WE R 16, H1T MR EHRAAX CT B4 M5 BT

B MR G S-CT, J& T ih “ 2287 2 f 57 i 5

I, CT 5 i S-MR J& 1 “ R 527 3 S 4% i 5 L,
FENZRad B i CT 51 S-MR A4 BRI kst ]
AIXER A, 284 200 4> epoch (YIRS, L™ A
LSO e v A B 25 fl B A 10 7

M 10 7T DL, BE A 2% AR B0 5,
L™ B 5L R RS, i 485 Bz ke e IR B2
0. 2, YA A: LA IR T 2/ T 20% , A U H A
PGS SRR AR WAL . 55— 5 T, BE R ALK
SRR, L0 k5 BN - T TR
L5 BT A JCAT 2R R A8 2K 1 7 e 28 36 AU B
9 936/16 x 200 = 124 200 & ( Y| 2k ¥ AR 5 .
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Fig. 10  The change trend chart of loss ( (a) generation loss function; (b) discriminator loss)

9 936, batch-size: 16, epoch % #:200) o F34h, A AAYH 8% B e X 2652 2% B 40535000 5 AN
KRBTS0 r] LLAE N GRad b, B i RD-RaCGAN S35 45 i) MR AE AL 3E 1 /R
L™ N L ™ #9AK H BURWR B 10 205 2RI T EE A AR, S CT R AR L

DRa

O, B RD-RaCGAN Y ZRB RN AR E PN, N 2 47 0] U H B 48 A s 5 T ol X
3.3 ZRUBSSH S5 A 7 3k SEMEA
1T A UM A TR B R NG E , O T 3 AT % WPE A BSCR, SR P 2 4 X iR 22

WEASCRETCHE MR AR, Bt 1 3 dXS LAk . (mean absolute error, MAE ) F1I {8 5 1 1Y ( peak sig-
1) B MR & 5% CT R BEECR . B 11 45 nal-noise ratio, PSNR) i & SRR kS B, HAR K

BT R 3 UG ER MR-T2 & x) iy CT K] "

1% 75 4152 % Y B FCN-GAN ( Nie % .2018) . Atlas . yo 2, [T (i) - CT(D) | o
DCNN( Han,2017) SR I RF % 5 Ffi 7 1 AR 3643 e H

Frov s e b 11 AT LU th, Atlas S804 Y Py = IOIH(Q;) (12)
CT PR AT AR50 s SR ik A W1y P 8 My

PR AN DONN ik sl g g 2V O CTS PO IUSR CT ARG CT R
75 . RF il FON-GAN 53 76 R B BE i iy R RIRER PR R A, 0 O T Ml CTy 195K
Wi EREC  (H A G RD-RaCGAN ZE4035 i mipgab s BRIEE(E, Mo NI 05 IR 2 T, M (BN, Poe (H
P BAE B0, NS | AT ORI AT LU s, S ORI, CT s IR CT

(a) MR-T2 (b) HLIECT (c) Atlas (d) SR (¢) RF (HDCNN () FCN-GAN  (h) RD-RaCGAN
K11 AR B MR-T2 5 CT B 45 R 5]
Fig. 11  Different algorithms from MR-T2 to synthesize CT image result
((a) MR-T2 image; (b) real CT image; (c¢) Atlas; (d) SR; (e) RF; (f) DCNN; (g) FCN-GAN; (h) RD-RaCGAN)
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FREZ AT CGAN AIFRETE R EC

1O 6 FEE AR CT BT MAE Fi
PSNR f{P-RIfE (mean ) FIFRIEZE (std ) {H. O 1 47
PSRRI G CERE, 2 1 BEE T ORINAS [ X I
MAE {i, (4528 E SRR S ARgxt S g2
R BCHE IS R LI SR | A TR bRR A, A SOl
G TR AT AP A5 SOR ol i T A X 4
(Y] MAE {ELAT AR 4545 0T i 761 A 0 s <X Y
PEHEIEROR, AR X IR MAE {HEVNYZ5IE.

®1 FEEHEZETAMN CT EfE MAE 71 PSNR &
Table 1 MAE and PSNR values of CT images synthesized

by different synthesis algorithms results

] =R OE# 44

(RGN
MAE PSNR/dB MAE MAE MAE
mean 169.5  20.9 294.21 271.39 55.6
Atlas
std  35.6 1.6 65.5 64.95 23.34
mean 166 21.2  302.48 283.96 52.18
SR
std 376 1.7 68.99 60.5 22.84
mean 99.9  26.3  240.94 264.1 42.61
RF
std 142 1.4 5747 55.7 14.32
mean 102.4  26.2  256.5 255.22 43.23
DCNN
std 1.3 1.22 5732 55.32 16.9
FCN- mean 93.5  27.9  238.5 245.3 39.09
GAN std 13.9  1.18  52.5 48.97 11.2
mean 88.3  28.15 235.44 240.2 38.65
A 3C
std 10.25 1.17  50.21 47.74 8.58

2) th CT & MR ARISEMCR LA, 1812 45
EB 0 DA A e A T A S MIR-T2. B Hx iy
B CT K14, 3743 738 = MT-RF ( multi-target regres-
sion forest) ( Cao 4%,2018a) Bk 5 & X 7 f§ RD-
RaCGAN 535 M CT B G i MR EHR B A 45 281
MIE 12 7] LAFE H MT-RF 5% H RD-RaCGAN $ %
X A= SCHAL FRAT AR AT A AN, MT-RF 5.3 5
BTG B REER HL 56 o T F 35, RD-RaCGAN
FEAEALSE s T S E A SO

2 B T PR S S A IO TR AR Y
TSR S5 RR WA ST R 25 OTAN $8 bn 2 10
T MT-RF 53k, WA, % 2 th i) MAE {H
W K TR B EE, T PSNRAE WS /N TR 1 iy

(a) CTIEIG

(b) BSEMR-T2  (¢) MT-RF  (d) RD-RaCGAN

K12 AR CT 5 MR-T2 R 45 R &
Fig. 12 MR-T2 image synthesized from CT of
different algorithms( (a) CT image; (b) real MR-T2;
(¢) MT-RF; (d) RD-RaCGAN)

*2 AEEBEZETEB MR E%H MAE 1 PSNR &
Table 2 MAE and PSNR values of MR images synthesized

by different synthesis algorithms results

] =R OB 448

Ak
MAE PSNR/dB MAE MAE MAE
mean 124.53 26.52 238.45 246.96 40.52
MT-RF
std  7.88 0.78 53.24 52.37 14.33
mean 120.55 27.21 225.93 241.78 39.02
A3

std 6.43 0.82 51.85 48.02 7.96

B, 32k s B R CT & R A+
MR R HH MR 58 CT W33 e BE B &, &
77 1R 22 A RV B 1

3)ANFEBCHESRE M RBOR B, o TR T
RD-RaCGAN 5503k i BC HE R RE , e X Atlas 04k b
(R P ik 7 v R CT/MR BIHR, BHR RN
256 x 256 1R NG SRR o AL, B2 A 24 X
F R AL 8 X AT I, LA CT &% B4, MR
TSRS, x5 P2 AR g MR &5 53 5] Bl B
TN £20 R R 15 . = 10° (1T 4% i 20% 19 80
N o SR T 2SR A L Powell
Ak MI 3% .D. Demons , ANTs-SyN , Cue-Aware Net
(Cao % ,2018b) I-SI( Ofverstedt £5,2019) DA Mz A< 3¢
Tkt AT AL, B 12 JEon 1R ik 6 Fh o7k
HE RO FNBCIE f5 I R 2%

A 20 5286 R FH I —4k H.{5 B (normalized mutual
information , NMI) \#J77 H{{% 2% (root mean square er-
ror, RMSE ) PFA RS B B HE SR . NMI B i 4 ads (1)
FEPIIRER Z A e ARG, B e fS KR 5 2%
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Pl 22 Tl g NI (EL RS A, 9 6 0 40 A 0, o

Wi s RMSE 277 10 5 J6 1515 22 0 190 1 s 22

RMSE (£ /v, 00 [0 14 I f 2% SR 0. NMIT A

RMSE B3Rk 0

H(R) + H(M(g(n)))
H(R,M(g(n)))

Msr J (M R )

£, R M 535 %F%%@Tﬁﬁkﬂ{%ﬂ@%iﬁﬁ
B, H(R) M H(M(@(n))) 535 225 EUG AL e
Ja S R I, H(R,M(p(n))) NG, H
NMIBE R [1,2], n Fom EHE P AR R R
Ko,

323 H T A SR B AR S 34 NMIT
RMSE i} V- Y BC e 8] . N 3 AT DL, AR S
Bk 5 Powell-MI, ANTs-SyN , D. Demons , Cue-Aware
Net 1 1-SIf &R BC HE 14 07 1280 E , NMT E5{E 5351
RET43.71% 12.87% .10.59% 0. 47% .5.59% ,
RMSE #{E 235 F R T 39. 80% .38.67% .15.68% .
4.38% .2.61% , i ET RD-RaCGAN ) e o B 150
R KRG RS . (HABCHERTE] PR A SR
(RRCEIE AR T D. Demons il ANTs-SyN, FEZ R [H A

Ny =

(13)

(14)

*3 AEEEREBGHITFNERERFE
Table 3 The average evaluation index value and time

of images registered by different algorithms

[ iDIRrS NMI RMSE  ECHERT[E]/s
Powell-MI 1.025 1.304 208. 86
ANTs-SyN 1.305 1. 280 148.52
D. Demons 1.332 0.931 136. 48
Cue-Aware Net 1. 466 0. 821 300. 80
1-SI 1.395 0. 806 209. 40
A3 1.473 0. 785 181.32

ARSIk e 5 T UG A A iU B 2 i i RD-
RaCGAN YIZR45 21 1Y, 15 11 3 Al b % 15 e o 79
CT/MR GBI 5 B, P, d i A R 5 A
JLE S-CT/S-MR {55 ZAE B — € I TH]
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Fig. 13 Registration results of different algorithms and post-registration image difference
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