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Deep learning-based 3D reconstruction of CT tomography from a single projection
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Abstract: Objective To propose a deep learning-based method for the 3D reconstruction of single-view computed
tomography (CT) image, thereby realizing the 3D reconstruction of CT image for different patients under the condition of
reducing the amount of data collection and decreasing imaging dose. Methods After the CT images of different patients were
processed by data enhancement, and the corresponding digitally reconstructed radiograph (DRR) was obtained by simulation,
data normalization was carried out. A neural network model universally suitable for different patients was established by
training the pre-processed data using deep neural networks, and the trained neural network model was then deployed on the
test dataset. Finally, the reconstruction results were evaluated using mean absolute error, root mean square error, structural
similarity and peak signal noise ratio. Results The qualitative and quantitative analyses showed that the 3D CT images with
high quality could be constructed by the proposed method using a single-view 2D image of different patients, with mean
absolute error, root mean square error, structural similarity and peak signal noise ratio of 0.006, 0.079, 0.982 and 38.424 dB,
respectively. Additionally, compared with the situation specific to a single patient, the proposed method greatly increased the
reconstruction speed and save 70% of model training time. Conclusion The neural network model established in the study
can reconstruct the corresponding 3D CT images using single-view 2D image of different patients. The study may play an

important role in simplifying clinical imaging devices and image guidance in radiotherapy.
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Fig.1 Architecture of deep learning network
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Tab.1 Reconstruction results for a patient and 3 patients
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Fig.2 Training loss and validation loss curves
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