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e [terative Fine-reqistration Module
INTRODUCTION :

e Background

Image registration plays a crucial role in the field of medical image analysis and
diagnosis.2D/3D registration is one of the most challenging problems in this field. Jslstant Branch
This technique Is primarily used for X-ray-based image-guided interventions and Leader branch
surgical image-based navigation, to estimate the spatial relationship between 3D
preoperative CT and 2D intra-operative X-ray.

 Main challenges
1) DlmenSIOnaI mlsmatCh Assistant Branch

GB Element-wise addition @ Composite connection unit

2) _Ieavy ComPUtatlon Fig. 3 The architecture of the Iterative Fine-registration module

3) Lack of golden evaluation standard Advantages: multi-scale feature fusion, expand capture range
(he assistant branch extracts low-level features

e Motivation . .
L~ the leader branch  obtain both high and low level features
1) Optimization-based methods are time consuming and limited by small capture fused to |
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T * Dataset
—
146 raw CTS collected from hospitals, the spine is segmented using an automatic
terative Fine-registration Module method and downsampled to the size 128x128x128. The simulation X-rays are
— - generated by ProST module following a Perlove PLX118F C-Arm with settings that

Fig. 1 The proposed two-stage 2D/3D registration framework . : : : : : :
J PToP ] J Isotropic pixel is 0.19959 mm/pixel, the source-to-detector distance is 1011.7 mm and

the detector dimension is 256x256.
e Qualitative result

Methodology

e Problem definition
F(O) =arg mein L (If,P(G; V))

The problem of 2D/3D registration is to seek a mapping function F to retrieve the pose
parameter 6, where P(0; V) denotes the mapping from volumetric 3D scene
V to projective transmission image and 0 is a 6 DoF vector (rx,ry,rz, tx, ty, tz).

Fig. 4 Qualitative examples of our method and the baseline methods. The first row shows the projection results

e R| gld Transformation Parameter Initialization Module of the postures predicted by each method, and the second row shows the fusion images with the X-ray image,

respectively.

e Evaluation and Results

We compare our method (SOPI) with one learning-based and four optimization-
based methods. To further evaluate the performance of the proposed method as an
Initial pose estimator, we also demonstrate the performance of the method using
our SOPI to initialize the optimization on X-ray data. We denote this approach as

[ Conv3D/2D Block )

= o o SOPI+opt. . =
2 s . ailure eg.
E L E . E Method Rotation(°) | Translation(mm) rate(%) | time
2 &) |8 Initial 6.40+£3.77 | 15.0848.56 95.2 N/A
(o o N () () () Opt-NCCL [4] | 3.6843.18 | 5.7945.18 382 | 19.16
ixed Image I’ Com3D Block = | | - = |z| |3 Opt-NGI [5] 3.8443.32 | 5.9245.40 50.6 30.25
| g g o 8 ety = Opt-GC [0] 3.73+3.18 7.80+7.25 43.6 18.74
Moving Image [ Regression ) SN = = = Deep-reg [15] | 5.54+3.83 | 13.21+8.55 74.0 20.09
A Transform Matrix Rl?gi?ﬁ:;esrf-osfi:i;ign \\L J \—_J \_J \ J/ \__ \__ \_// SOPI 1.89+1.57 4.531+3.54 224 - 4.64 | |
Table 1. Performance comparison between our method and baseline methods on simulation.
_ _ o _ L _ DisErr | ImgSim | Rotation(®) Translation(mm) Reg.
Fig. 2 The architecture of the Rigid Transformation Parameter Initialization module Method (mm) | (NCC) [mx |1y |z % ty - time
_ Initial 0.036 | 0462 | 8.66 | 501|452 1341 | 16.13 | 16.26 | N/A
To mitigate the dimension gap between 3D CTs and 2D X-rays Opt-NCCLI4] | 0032 | 0962 | 7.55 240 | 115 7.10 | 485 310 | 31.44
Opt-NGI[5] | 0.036 | 0941 | 7.75|5.00 | 1.30 | 18.15 | 4.80 | 2.30 | 48.64
- Opt-GC[6] 0.027 | 0939 | 470|240 | 160 | 7.15 |3.15 |3.00 | 40.14
—— an asymmetric dual-branch structure to extract features Deep-reg[15] | 0.017 | 0.963 | 6.80 | 793 | 407 | 582 | 6.67 | 10.08 | 20.08
SOPI 0.020 | 0905 |2.83|090 | 0.88 | 564 | 1.50 | 3.30 | 4.67
SOPI+opt 0013 [0955 |21 047020193 |0.65 |045 |33.80

To ensure unique solutions and enhance interpretabllity

Table 2: Performance comparison between our method and baseline methods on X-ray. The performances are

R4
o

— » a parameter specific method to regress each transformation parameter evaluated with distance error(DistErr), the image similarity score(ImgSim) and average registration time.
. B Simulation
To train the network . ,, [ Xray 25
ya 1 ~ 5 -ZOE
- Lse (8,0) = ) 16, 8,1 3 -
i=1 : -

LRTPImodule — O(Lsim (If' Im) + BLmse (é: 9) + }\R(e)

Lsim IS the gradient difference loss

rX ry rz tx ty z
Fig. 5 Comparison of simulated data and X-ray error distribution.
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