¥

Arts and Sciences

Whole body MRIICE[F5SegNet=
FIAU7TcBmiEhitE

Bone Region Segmentation Method Using SegNet in Whole body MRI
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[Abstract]

We investigated and evaluated a segmentation method for bone regions from WB-Ti-weighted images by deep learning
using two datasets in this study. SegNet was used as the deep learning network for bone region segmentation. A network
was trained and evaluated using two datasets: coronal Ti-weighted images and axial Ti-weighted images. The constructed
network was able to segment bone regions with high accuracy. Accuracy and Jaccard coefficients were 0.916 and 0.681
for dataset 1, and 0.946 and 0.420 for dataset 2. The network used in this study was able to segment the entire bone re-
gion, although some over-segmentation was observed.
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Fig.1 Network archietecture of the SegNet
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Fig.2 Flowchart of a segmentation method of bone regions by using the SegNet
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Fig.3 Result of each region segmentation on Whole body T+-weighted coronal MR images

(@) Original WB-T1-weighted image, (b) Label image, (c) Output image, (d) Overlay image. The overlay
image is the superimposition of the label image and output image. In the Overlay, green area is the over-
segmented area and pink area is the under-segmented area on the output image.
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Table 1 Accuracy and Jaccard Index for each region in Whole body T+-weighted coronal MR
Accuracy and Jaccard Index for Inside the body, Lung, Bone, Digestive tract, Outside the body, and Total.

Inside the body Lung Bone Digestive tract ~ Outside the body Total
Accuracy 0.868 0.975 0.873 0.893 0.973 0.916
Jaccard Index 0.833 0.782 0.436 0.414 0.942 0.681

Fig.4 Result of bone segmentation on Whole body T:i-weighted axial MR images

(@) Original WB-T1-weighted image, (b) Label image, (c) Output image, (d) Overlay image. The overlay
image is the superimposition of the label image and output image. In the Overlay, green area is the over-
segmented area and pink area is the under-segmented area on the output image.
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Fig.5 Surface rendered images of the bone segmented images
(a) oblique view, (b) front view, and (c) lateral view.
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