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Study on generating pseudo—CT image based on MRI using 3D deep convolutional neural network

JIAN Ying—chao, FU Dong—shan, WANG Wei

(Department of Radiation Oncology, Tianjin Medical University Cancer Institute and Hospital,National Clinical Research Center for
Cancer, Key Laboratory of Cancer Prevention and Therapy, Tianjin, Tianjin’s Clinical Research Center for Cancer, Tianjin 300060, China)

Abstract Objective: To study a method of generating pseudo—CT based on MRI, for reducing the use of extra CT in the course of
radiotherapy, reducing the radiation dose of patients and improving the accuracy of radiotherapy. Methods: A prediction algorithm based
on 3D deep convolutional neural network(DCNN) was proposed. The accuracy of image feature extraction was improved by utilizing
the anatomical features of a single image and the correlation information between adjacent image slices. Using U-net network structure, the
end—to—end conversion from MRI to the corresponding CT was studied by convolution layers and pooling layers in the encoding portion, and
upsampling layers and convolution layers in the decoding portion. The image data of 13 patients were collected and tested. The results of
generated pseudo—CT for 3D DCNN and 2D DCNN were compared with original CT using the method of leave—one—out cross validation,
respectively. Results: A mean absolute error(MAE) of the proposed 3D DCNN algorithm was 86 HU, which was much smaller than the
136 HU of the 2D DCNN. Conclusion: The 3D DCNN algorithm can more accurately generate pseudo—CT and significantly improve the
mis—conversion among bone, air and soft tissue.
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Fig 2 Flowchart of DCNN algorithm
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Fig 4 Visual qualitative comparison of pCT and CT(cross section)
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Fig 5 Visual qualitative comparison of pCT and CT(coronal plane)
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Fig 6 Visual qualitative comparison of pCT and CT(sagittal plane)
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®1 WHMEXA MAE.RMSE 71 SSIM b2
Tab 1 Comparison of MAE, RMSE and SSIM between two algorithms

MAE RMSE SSIM

2D DCNN 3D DCNN 2D DCNN 3D DCNN 2D DCNN 3D DCNN
1 127 85 248 184 0.85 0.92
2 158 109 305 223 0.76 0.82
3 146 83 250 196 0.76 0.90
4 125 86 244 172 0.83 0.88
5 131 102 279 228 0.82 0.88
6 149 94 266 181 0.81 0.87
7 154 93 280 194 0.70 0.82
8 168 106 326 230 0.82 0.90
9 127 80 243 163 0.86 0.90
10 117 58 237 133 0.83 0.93
11 145 78 263 161 0.82 0.91
12 116 77 235 176 0.85 0.91
13 108 63 231 149 0.84 0.92
THE 136 86 262 184 0.81 0.89
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