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Abstract: The glioma detection and focus segmentation in Magnetic Resonance Imaging (MRI) has important
value for the therapeutic schedule selection and the surgical operations. In order to improve the detection
efficiency and segmentation accuracy for glioma, this paper proposes a two-stage calculating method. First, a
light convolutional neural network is designed to implement rapidly detection and localization for the glioma in
MR images. Then, the peritumoral edema, non-enhancing tumor, enhancing tumor, and normal are classified
and segmented from each other through an Ensemble Learning (EL) process. In order to improve the accuracy
of segmentation, 416 radiomics features extracted from multi-modal MR images and 128 CNN features
extracted by a convolutional neural network are mixed. The feature vector consisting of 298 features for
classification learning are formed after a feature reduction process. In order to verify the performance of the
proposed algorithm, experiments are carried out on the BraTS2017 dataset. The experimental results show that
the proposed method can quickly detect and locate the tumor. The overall segmentation accuracy is improved

distinctly with respect to 4 state-of-the-art approaches.
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