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Abstract: Aiming blems of inaccurate tumor edge segmentation, small segmentation target and excessive

background factors in or segmentation, this paper proposes an improved V-C-Net convolutional neural network
model. On the basis of the original V-Net model, CBAM (Convolutional block attention module) attention mechanism is
added to make the model pay more attention to the pathological part of the brain tumor image. Combined with the advantages
of three loss functions and the establishment of links between the three loss functions and the training times, an improved
joint loss function is proposed, and the preprocessing of overlapped blocks is conducted for the 3D multimodal medical
image of brain tumor in MRI (Nuclear Magnetic Resonance). The improved model is used to perform the segment test on the
BraTs dataset, and its segmentation results are compared with those of FCN full convolution network, 3D-Unet network and
the original V-C-Net network model. The average values of the five performance indexes of the model on the test set, namely,
Dice Similarity Coefficient (DSC), Intersection over Union (IoU), Sensitivity, Precision and Hausdorff distance (HD), are
90.78%, 89.68%, 91.70%, 96.48% and 0.451 respectively. The experimental results show that the improved V-C-Net model
has better segmentation performance for brain tumor lesions.

Keywords: brain tumor segmentation; V-C-Net convolutional neural network; CBAM attention mechanism; joint loss

function; preprocessing of overlapped blocks
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