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Abstract: The purpose of this research is to synthesize the corresponding magnetic resonance imaging (MRI) based on brain
computed tomography (CT) images by deep learning. The tomographic images of CT and MRI obtained by brain CT and
MRI scanning are rigidly registered in 28 patients, and the images of 20 patients are randomly input into U-Net convolutional
neural network for training. The CT images of 8 patients who do not participate in the training are predicted by the trained
network, thereby obtaining the synthetic MRI. The results reveal that through the quantitative analysis on synthetic MRI, the
U-Net network constructed based on L2 loss function has a good performance in synthesizing MRI, with a mean absolute
error of 47.81 and an average structural similarity index of 0.91. This study shows that deep learning method can be used to
obtain synthetic MRI by converting CT images, thus achieving the purpose of expanding MRI medical database. With the
improvement of the accuracy of image synthesis, it can be used in diagnosis and other clinical applications.
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Fig.1 Flowchart of synthesizing MRI
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Fig.3 Differences between synthetic images and standard images
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Tab.1 Mean absolute error and structural similarity index between synthetic MRI and standard MRI

MAE SSIM
S 151 — .
BIEFREE) f/IMA KA P (bR 22) f/IMA KA

1 81.06(8.70) 57.44 97.42 0.91(0.02) 0.87 0.93
2 58.16(4.60) 47.81 65.01 0.92(0.02) 0.89 0.94
3 96.88(7.87) 80.86 110.16 0.87(0.03) 0.75 0.91
4 67.12(13.58) 52.64 97.94 0.92(0.05) 0.79 0.95
5 74.77(14.98) 58.57 122.08 0.91(0.06) 0.74 0.95
6 75.84(4.54) 66.91 83.44 0.91(0.02) 0.87 0.94
7 70.41(8.38) 60.68 96.14 0.92(0.03) 0.82 0.95
8 65.18(8.36) 55.35 88.87 0.92(0.05) 0.75 0.95
Bt 73.68(10.99) 47.81 122.08 0.91(0.02) 0.74 0.95
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