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Prostate magnetic resonance image segmentation based on improved
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Abstract : An improved 3D UNet network model that combines a dual path attention (DPA) module and
a multi-scale feature aggregation (MFA) module is proposed to address the problems such as blurred
edges.low contrast,and uneven gray value distribution in magnetic resonance (MR) images of the pros-
tate bringing about the poor segmentation accuracy. Firstly, the dataset is resampled and cropped to fit
the model input. Then,DPA and residual connection are added to each layer of the 3D UNet network en-
coder to enhance the feature coding capability. At the same time,an MFA module is added to the net-
work decoder to make full use of spatial context information and enhance semantic information. Finally,
the proposed model is validated on the public dataset PROMISEL2, with the Dice coefficient of 89. 90%
and the Hausdorff distance of 9. 37 mm. Compared with other models, the proposed model has better
segmentation results,and the number of parameters and the amount of computation are less.
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Tab.1 Comparison of ablation experiments of each module
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Method /% Jmm /% /%
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Tab.2 Comparison of test results with state-of-the-art methods

Method FLOPs/G Params/M Dice/% HD/mm  Sensitivity/ % Precision/ %
FCN-8s 24.77 0.99 80. 09 16.03 81. 37 79.23

3D UNet 3200.47 16. 32 86.13 10. 24 89.01 84. 20
V-Net 2448. 28 65. 82 86. 36 12.43 86. 65 86. 64

Our method 406. 74 7.16 89.90 9.37 89.37 90. 64
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Fig. 4 Comparison of segmentation results by different methods
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