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End-to-End Segmentation of Brain White Matter Hyperintensities
Combining Attention and Inception Modules
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Abstract Aiming at solving the problems of low segmentation accuracy in the automatic segmentation of brain
white matter hyperintensity region on magnetic resonance imaging brain images and easy to miss small lesions, a U-
Net segmentation model combining attention and inception is proposed. In the coding stage of U-NET, the Inception
module is added to increase the width of the network, so that it has the ability to extract multi-scale features, and
the attention module is added to enhance the attention of the network to the segmentation target. The addition and
fusion of the two can effectively improve the feature extraction and expression capabilities of the network.
Simultaneously, adding residual connections on each convolutional layer in the decoding stage can improve the
optimization speed of the network. In addition, because of the problem that sample imbalance easily leads to too
many false negatives in the segmentation results, the Tversky loss function with balance adjustment ability is
employed to optimize network training. The experimental results show that the proposed method can segment brain
white matter hyperintensity region, especially the small lesion area, and each segmentation index is better than
those of multiple comparison methods.
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Fig. 1 Structure of overall model
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Fig. 2 Inception module. (a) Original Inception-ResNet-A module; (b) improved module
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P4 AN TE AT 1 A #1455 . () BLEFRZE : (b) UD; (o) UDIA;(d) UTIA
Fig. 4 Segmentation results of different improved models. (a) Ground truth; (b) UD; (c¢) UDIA; (d) UTIA
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Table 2 Comparison of evaluation indexes between proposed method and other methods

Method Model Recall Precision DSC

Ref. [7] Random forest 0. 27 0.29 0.50

Ref. [12] MD-GRU 0. 81 0. 69 0.75

Ref. [16] Ensemble U-Net 0. 84 0.76 0. 80

Ref. [17] ResU-Net 0. 83 0.70 0.78

Ref. [19] Multi-scale U-Net 0. 86 0.76 0. 80

Ref. [21] SC-UNet 0.81 0.70 0.78
Proposed method UTIA 0. 84 0.71 0.77
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image 1

image 2

image 3

5 UTIA 5 Res-UNet B3 E 45 8%, (a) GT;(b) ResU-Net; (¢) UTIA
Fig. 5 Comparison of segmentation results between UTIA and Res-UNet. (a) GT; (b) ResU-Net; (¢) UTIA
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Fig. 6 Comparison of loss function curves under different conditions. (a) Model with residual connections;

(b) model with no residual connections
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