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2D-3D double X-ray image registration method based on neural network
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Abstract: Based on the situation that the traditional 2D-3D medical image registration algorithm based on iterative
optimization can not realize real-time registration due to slow running speed, a real-time 2D-3D registration method is
proposed. By decomposing spatial rigid transformation parameters into two planes, 2D-3D registration is simplified into two
steps, including 2D-2D approximate rigid registration and single-parameter 2D-3D grid registration. Meanwhile, deep
convolutional neural network is used to fit the nonlinear mapping between X-ray images residual and its corresponding
postural difference, and the space rigid transformation parameters are regressed from the residual of the X-DRR image pair.
The network trained by head CT data can complete the high-precision double X-ray registration within 0.04 s. The proposed
registration method can satisfy the requirements of real-time 2D-3D registration during radiotherapy.
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Fig.1 Spatial and plane coordinate systems
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Fig.2 Step—by—step regression
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Fig.3 Main architecture of network
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Tab.1 Internal structure of CNN—Pre Block of network 1
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Fig.4 Structure of CNN-Pre of network 3

JIr A 25 BB AR S N Batch Normalizetion''® )2, #0175 bR
08 ReLu''”' | [A] B} Conv2D-1.Conv2D-2 .Conv2D-3 .
Conv2D-6 fii Ff] 2x2 i-F- 2 ith ik .

X W28 3 1) g A\ RR TR B T AL B 1k
F BRI R 2= G DU JR 3 2 ) 32 MG R T % 51
T A5 0 ) FE R D 25 AR 25, AR )5 P44 BEOME B
& 32 MR F v B 1 7 0K R A AR o FLOR 44>
256x256 [ DX H, d Je B PSS T F 3% 22 5000 1 4
RHES N 8@256%256 1k I 245 1) s A &ML o

2.1 HRIREX

TEA S, 2R ] DRR ES AR X 528 1% LA
RBGERR S EH TG X CT RF 2 512x512x%
283, Wy H ) A (400x400%283 ) mm® Y 3k /i CT A= i,
2926 T HINZGEE . B—HBHRE S EVIHRSE
AR 2 1 DRR B FE BAR ST A2 U 2 MRAR
X EFAR A BRIV I 512512, B
PRSI, 58 Z Bl e e i e 71 R 90° . HL95% 1 [EI4:
BRI GREE T o VE IR
22 KWMER

LRI T, 78 2 < 24 Tesla P100, CPU
4 Intel E5-2680 1 iz 45 % L fif F IR B 2% 2] HE 42
Pytorch 0.4 4i 5l %k . V25484 Epoch hy 32, B —4%8
R T 42 M B LAY mini Batch K/ K 64, B3 T
A AEIEA A R o 2R SR U 5 9 2 5 FH Y
Adam PEAbT7 5" 1k BREICR L2 Y8 B DRI AR AR
BB iR 2 . M4 LIRS A0 E 5 iR, 1
Heg o R LR %X (4) AT IR

1 x10%, 0<Epoch<38
5x107°, 8<Epoch<16
LR = (4)
1 x10°, 16 <Epoch <24
1 x10°, 24 <Epoch <32

Sk A HE 2B T ik A T A SR TSR A X L
B8k CUDA i 32 A% 2 i B X5 46 52 1% I i
(CUDA) . 7E5 2.1 75 vk Sk g 4is b 17 Z @il i
B A LR S0 21 , B LS SR U= 2 Fis .

L SR FH 1 T o 45 S i 2 bR oA S mTRE™ 5 i
HESHOTH1% 2% ME,

mTRE T IEUTTF

mTRE = %ﬁ” T,.0, - T,0/| (5)
i=1

WCT WA & NAS S SR O T HAE L 12
RO T, 5 HERE AR T, ™ (0% 7 o5 25 1%
22 Y48, [F] B 3 CT 240 09 9 30 R SF K B 1% R
2.83 mm AE A ECHE I PRI . ME A A e RS B
bR, ME(P) 7 X0

| o
ME(P)=N;”P,.’-P,|| (6)

P PURAL S NASF RS REHES B 6 5, 53 31K
FESHS BB, P P P, = [ Tx, Ty, T2 ], iE
% P, =[ Rx, Ry, Rz |, 50 I M 3RF- B8 STk 1) ME.

2.3 R

LRGSR R AR ME R HE R
ZHCA] 5% 2% 8 0.047 mm, M X EAR A R T
81.20%; it % Inl T 4% 2% 4 0.057,, #1%f CUDA &
BT 68.51%, A W EHETF. fF mTREARIE T, A&



3 . X 2D-3D - 207 -
0.5 0.5
— tx/mm
— ty/mm
0.4 — 0.4
0.3 0 0.3
g iy
= =
E =
0.2 o2
0.11 0.14
0.0— . . . . . 00L . . . . ‘ :
0 20 40 60 80 100 0 5 10 15 20 25 30
YIRFEAR Epoch

a: PHALRFR o, ESHEINZKIRE (B E > miniBatch KA —
WINGRIRE)

b: FEBERR o, LEHEMIKNIRE

5 MK 1INGER

Fig.5 Training result of network 1
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