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Abstract
medical image registration approach based on training-inference decoupling architecture is proposed to address the issues of low

The registration of 2D-3D medical images is crucial in solving radiotherapy positioning verification. A 2D-3D

accuracy and time-consuming processes. The multibranch structure and multiscale convolution were employed in the training
phase to enhance feature diversity and improve registration accuracy. During the inference phase, the multibranch structure was
reparameterized into a single-channel structure to speed up the registration speed. Additionally, an adaptive activation function,
Meta-ACON, was used to increase the network’s nonlinear expression. Two datasets of the chest and pelvis were used for
training and testing. The experimental results show that the mean translation error of the proposed method is approximately
0.08 mm, the mean angular error is approximately 0.05°, and the registration time reaches 26 ms. The proposed method
significantly improves the accuracy of medical image registration in positioning verification while meeting the real-time
requirements of clinical applications.
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Table 4 Error comparison of branch structure ablation
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Table 6 Activation function comparison

experiments Activation

Dataset . T-MAE /mm R-MAE /(°) RMSE

Dataset Network structure T-MAE /mm R-MAE /(°) RMSE function
No branch 0.103 0.073 0.115 RelLU 0.078 0.052 0.087
) Identity 0. 087 0.062 0.098 Swish 0.079 0.053 0.088

Pelvis Pelvis
1X1 Conv 0.083 0. 057 0.093 ACON-C 0.078 0.052 0.087
Proposed method 0.075 0. 051 0. 084 Meta-ACON 0.075 0. 051 0. 084
No branch 0. 155 0. 099 0.169 RelLU 0.143 0.084 0.156
Ch Identity 0. 147 0. 088 0.156 Swish 0.151 0. 082 0.162
“hest “heg : ’ : :

11 Conv 0.129 0.082  0.143 Chest  ConaC 0.129 0.077 0.129
Proposed method 0.115 0. 068 0.125 Meta-ACON 0.115 0. 068 0.125

5 SCETHTE RS DI )X H
Table 5 Time comparison of branch structure ablation

experiments

Network structure ~ Parameter /10° T-time /ms I-time /ms

No branch 50. 98 29.8 25.7
Identity 50.98 30.2 25.8
1X1 Conv 56.53 33.2 25.8
Proposed method 56.53 34.6 26.0

& 2 v I IS PR RelLU |, Swish , ACON-C f1I
Meta-ACON, 52 56 25 S 40 % 6 R, Horp e /iR 25 )
MUAFR . 58, % Swish #l ReL U, & 81L& A1 76 7
A A E AR A Y, X U T Swish R H &
ReL. U bR B 11 ] P71 8 20, 7 3w JE 4R P R ik e

AR, 825, % ACON-C Fil ReLU, ACON-C
FE A BN S BRI T ReLU, X & i F
ACON-C pREA AT 2% 2 ZHOR 3R I Re LU pREL T
2, TS IR A AR R R R . B E Xk
Meta-ACON Hl ReLU, Meta-ACON 7 & %5 54 4 |
S0 A 2 AE R RCHE /> 19. 6 %0 Y 7 BB iR 25

19. 0% By A R 25, 3X & o Meta-ACON 7£ ACON-
CHIEAE EIMA SR FI M A ILHIGE S E A Fl
FHEBUR RCRRAE , DA 48 fo 455 RS 5
3.4.2 Fikxtik

TS, BEH 2D-3D Be v v R A0 I 25 45 ok X
A& 2 B e /1, W GoogleNet'” | VGGNet'™ |
ResNet' "' Fil DenseNet'™", £ 2 $0i% & [7] fr 482 57 £ 4%
— &, ff 110" 9K 5 4 DRR B4 F1 9 35 DRR 8114
PEATINAR , Se 45 SR 36 7 s, Horf VGG16 (1 4 3%
WE S R 2048 F TR G, TR K&
SR BT B O VR AR S R0 RN NS RO T S
I (H 7 B 1R 22 TN AR R R 25 X ek A O 9k o AR T U
] L R B S B e s, B Oy ik 5 H b o 2
B R A 2 . SEERSE R WY, 50 M 45 A L
JIT 5 T 3 A T IR () AR S 1 R S R e T
HERS BE . % 7 Net+GradNCC 77 ¥ By SE B 45 1% 6
SCHk[11], Inception—branch J7 ¥ ) 52 56 45 S ok § ¢
Bk LO T, R SCBR G FE A PR e b o 53 Ah, /MR 25 il i
1) R R AR 2 A 7 A 7

T NI T 25 B TG HEBOR X L

Table 7 Comparison of registration effects of different networks

Dataset Network structure T-MAE R-MAE RMSE Time /ms
Googl.eNet 0.36+0.19 0.23+0.13 0.39+0.24 16. 0
VGG16 0.3240. 27 0.2140.18 0.3540.21 19.2
Pelvis ResNet50 0.0940. 08 0.06=+0.07 0.1040. 08 18.4
DenseNet121 0.1140.08 0.07£0.06 0.1240.09 34.5
Net+GradNCC!" 7.83+19.8 4.94+8.78
Proposed method 0.0810. 04 0.05%0.03 0. 0810. 06 26.0
Googl.eNet 0.4140.18 0.16+0.09 0.3940. 20 21.5
VGG16 0.5640.45 0.31£0.24 0.6040.41 19.1
Chest ResNet50 0.3340.09 0.2040.05 0.3540.12 24.6
DenseNet121 0.1540.08 0.0940.05 0.1640.08 37.0
Inception—+branch'"”’ 0.61 1.93 2.3
Proposed method 0.12%0. 07 0.07%0.04 0.13%0.08 26. 4

LA 368 s > 9], 151 6 Sk (5 3% 2 ORI £ JEE 2 B0
R ZE MR AL, FL P B R SRR BRI, XS 3R R R

i J H o M R B i R D vk A 6 AR R 22 R AR R AR 22
LA AR B RAE RN T AR DT v BB R
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Fig. 6 Parameter error box diagrams. (a) Translation error; (b) angular error
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NCC _Powell #I NMI_Powell,, fifi 7 fE 48 B A9 NCC Fil
NMI A B o %, i B Powell 3/ M AL 8k, 24
U B A 22 /N T 1< 10 IS 1 2R AR, R 2
7 5 A A B ) AR P T A T v O ik B G A
SRV FH A B S R T o D7 k. il 100 9K B A DRR
1100 5K Mg 3% DRR #4703 , £ I NCC .NMI.,SSIM
VE R T8 b, S0 45 SR A0 36 S BT 7R, R R AR 3 i e

RO . ERCHERCR I, B Ik AR 3 TR FR A
AR T AL B Oy i, R T U Y v RS SR A T o
M) b, B4 7 B AT 26 ms, i i T 15 S8 7 vk i e o i
[ 5340 X L A IR BE 2 2 J7 i B TR $ O v ok
FHUI 2 -1 22 i A 42 4 ) 24 FB UL X -Ray K4, 76 i
A RS ] b 00T HA U7 ik . 4 8 h Deep learning
method [ 52 56 25 $ ok F SCHk[ 9], Inception+branch J5
P S IG 25 ROk B SCHRL 10 ], T SCBR 2 38 20 P A 48 o
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Table 8 Comparison of registration methods

Dataset Method NCC NMI SSIM Time /ms

NCC_Powell 0.56+0.07 0.16+0.02 0.57+0.09 96. 410

Pelvis NMI_Powell 0.61+0.09 0.15+0.01 0.57+0.09 28.6X10°
Deep learning method'” 0.82+0.07 0.3240.03 30.0
Proposed method 0.99%0. 05 0.72%0. 03 0.9910. 08 26.0

NCC_Powell 0.53+0.11 0.11+0.02 0.55+0.09 101.5x10°

. NMI_Powell 0.57+0.09 0.11£0.02 0.5840.08 29.2x10’

Chest Inception+branch™” 0.42 2.3X10°
Proposed method 0.9910. 06 0.56%£0. 02 0.9910. 09 26.4

i bR, g g Rl R T A R T
2D-3D & 27 PR BE o B0 v R BE W oK, T AR T S e
Fic e, P21 7 Sy ) 308 1) TG A 5 SR I i B R 34 X 5% . 7

B A A R B b A 45 SRR W T R O ik A
A —E B ALTERE A T i RN H
I3 A, B 4 05 2 FUE ) DRR BG4 )10 25 50
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Fig.7 Registration rendering. (a) Reference image; (b) moving image; (c) registrated checkerboard rendering
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