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Auto-segmentation of the hippocampus in multimodal image using artificial intelligence
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Abstract: Objective To develop a technique for auto-segmentation of the hippocampal using artificial intelligence based on deep
learning in the multimodal image combining magnetic resonance imaging (MRI) with computed tomography (CT), thereby
providing an efficient and accurate automatic segmentation method for hippocampus sparing in cranial radiotherapy. Methods
The cranial CT and MRI images of 40 patients with brain metastases treated in the Department of Radiotherapy, the First Affiliated
Hospital of Tsinghua University from January 2020 to December 2020 were collected. Three kinds of deep learning models, namely
3D U-Net, 3D U-Net Cascade and 3D BUC-Net, were trained on the datasets of CT images and CT-MRI registration images
separately. The Dice similarity coefficient (DSC) and 95% Hausdorff distance (95HD) between the contours of left and right
hippocampus segmented automatically by models and labelde by experts, as well as the hippocampus volume were used for
evaluating the segmentation accuracy of models. The time taken for auto-segmentation on the same a patch of 3D image was used
to assess the efficiency of models. Results The auto-segmentation accuracy of left and right hippocampus was improved
significantly by importing MRI information to CT. Among 3 kinds of models, 3D BUC-Net model had the best segmentation
performance for both left and right hippocampus on CT-MRI dataset (DSC: 0.900+0.017, 0.882+0.026; 95SHD: 0.792+0.084, 0.823+
0.093), and its segmentation efficiency was the highest. Conclusion 3D BUC-Net model can achieve more efficient and accurate
automatic segmentation of the hippocampus in multimodal image, which provides a lot of convenience for the hippocampus sparing
during cranial radiotherapy.
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Figure 1 Contours of left and right hippocampus labeled by experts
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Figure 3 Architecture of 3D Bottle U-Net model
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Table 1 DSC and 95HD of different models on CT and CT-MRI datasets

BE  fakASE TR DSC P{H 95HD PlE
CT JEl U-Net 0.735+0.031 - 3.190+1.006 -

U-Net Cascade  0.744+0.027  0.628  2.954+0.863  0.273
BUC-Net 0.759+0.025  0.071  2.872+0.745  0.374
i U-Net 0.770+0.024 - 1.797+0.195 -
U-Net Cascade ~ 0.777+0.017  0.574  1.687+0.147  0.604
BUC-Net 0.785+0.020  0.150  1.527+0.155  0.145
CT-MRI AL U-Net 0.857+0.016 - 1.0010.158 -
U-Net Cascade  0.882+0.011  0.013  0.824+0.082  0.140
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BUC-Net 0.882+0.026  0.000  0.823+0.093  0.084
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Figure 4 Comparison of volumes of left and right hippocampus segmented automatically by models and labeled by experts
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Figure 5 Comparison of segmentation results of left and right hippocampus using BUC-Net model on CT and CT-MRI datasets
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