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Brain Tumor Segmentation Based on MRI
Multimodal Information and 3D-CNNs

Feature Extraction*

YANG Xin—huan, ZHANG Yong. Department of Radiology of Zhengzhou people's
Hospital, Zhengzhou 467000, Henan Province, China

[Abstract] Objective Explore the value of combining MRI multimodal information and
3D—CNNs feature extraction for brain tumor segmentation. Methods Compared with
the method of adding multimodal 3D—CNNs, and comparing the results of 2D—CNNs
feature method and 3D—CNNs feature method, the main reference is the dice coefficient,
false positive rate and sensitibity. Resules After adding the multimodal 3D—CNNG features,
the patient's dice coefficient increased to varying degrees, the sensitibity coefficient also
changed, and the false positive rate was significantly improved. After the multimodal 3D—
CNNs feature extraction, the dice coefficient became (88.26 + 4.65)%, significantly better
than the multimodal 2D—CNNs feature extraction (83.67 +4.22)%. The application of
multi—modal 2D—CNNs feature extraction is even more than the segmentation result
of the haar wavelet low—frequency coefficient combined with the gray neighborhood.
Conclusion MRI brain tumor segmentation based on multimodal 3D—CNNs feature
extraction has high accuracy and adapts to the variability and difference between different
modes of different patients. It is worthy of reference.
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