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X2S-Net: Three-Dimensional Reconstruction of Spine Based on Biplanar X-Rays

WANG Qian, ZHANG Junhua™ , WANG Zetong, LI Bo

(School of Information, Yunnan University, Kunmifng650504,<Yunnan, China)

[ Abstract] Three-dimensional models of the spine play an importanturele in the treatment of spinal disorders such
as scoliosis. However, traditional methods for spinal threé-dimensional reconstruction suffer from issues such as
long processing times, subjectivity, and high radiation exposure. We propose a spinal three-dimensional
reconstruction network based on biplanar X-ray images‘called X2S-Net. The network takes the anteroposterior and
lateral X-ray images of the patient as input and feconstructs the corresponding voxel model of the spine using a
parallel encoder, three-dimensional reconstruction moedtile, and segmentation supervision module, achieving end-
to-end generation from X-ray images to visualize thtee-dimensional models. In the feature extraction stage, X2S-
Net employs a parallel feature encoder.designed for the characteristics of biplanar X-ray images to extract spatial
information of the spine and incorporates aumnultiscale channel attention mechanism for feature extraction. In the
three-dimensional modeling stage, X2S-Net combines traditional image segmentation tasks with a segmentation
supervision module to improve(thésthree-dimensional reconstruction results. The experimental results demonstrate
that this method effectivély. utilizes input information from biplanar X-ray images for three-dimensional
reconstruction of the spine, achieving an average Hausdorff distance of 6. 95 mm and a Dice coefficient of 92. 01 %
across the datasets.

[Key words]) scoliosis; three-dimensional reconstruction; deep learning; attention mechanism; Computed
Tomography(CT)
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Fig.1 Spinal three-dimensional reconstruction overall framework
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Fig.2 Feature encoding module structure
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Table 1 Comparative experiments of different data sets

Dataset ACC HD/mm SO ASD/mm VD
T1~T5 0.992 4 4,707 9 0.974 0 0.44573 0.947 6
T5~T9 0.984 5 6.774 4 0. 954 6 0.247 2 0.920 2
T9~L1 0.985 8 7.1737 0.957 9 0.384 2 0.917 7
L1~L5 0.983 0 6.738 6 0.9623 0.3327 0.934 9
ST1~T5 0.982 6 6.406 1 0. 9677 0.316 4 0.929 0
ST5~T9 0.983 9 6.950 6 0,947 7 0. 408 6 0.9111
ST9~L1 0. 980 4 7.618 8 0.946 0 0. 406 0 0.908 1
SL1~L5 0.980 9 7.01004 00954 7 0.358 1 0.929 0
Avg. 0.983 0 6.953 2 0.9559 0.3505 0.920 1
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Fig.10 Visualization results of three-dimensional
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Table 2 Model Efficiency Comparative Experiment

Y Params/10°  FLOPS/10° FPS

CN-MDCA-MSASF-Edge 7.82

116 190. 68 52. 35

CN-MDCA-MSASF 7.82 116 187.93 53. 46
CN-MDCA 7.79 116 182. 72 55. 64

CN 7.02 116 018. 74 77.33

CN-PA 7.02 114 202. 60 71. 34
CN-LAT 7.02 114 202. 60 71. 34
CN-PA-LAT 6. 74 116 190. 68 71. 96

4
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