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Abstract: In order to improve the performance of U-Net and reduce the additional computational complexity as much as
possible, a new multiscale even convolution attention U-Net (MECAU-Net) network is proposed in this paper. This net-
work uses 2X2 even convolution instead of 3X3 convolution for feature extraction at the encoder. And inspired by the idea
of the multiscale idea, 4X4 even convolution is used to directly transfer the obtained information to the backbone, so as to
obtain more comprehensive image information and reduce additional computational cost. At the same time, the symmetric

padding is used to solve the shift problem in the process of extracting information from even convolution kernels. In addi-
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tion, the convolution block attention module is added to combine the spatial and channel attention modules after the 2x2

even convolution module, which can extract richer information without adding additional computational complexity. Fi-

nally, simulation experiments are carried out on two medical image datasets. The experimental results show that our pro-

posed MECAU-Net network greatly improves the segmentation performance with slight additional computational cost. In

addition, it achieves better segmentation performance than other comparison networks and reduces the amount of

parameters.
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Fig. 1  Multi-scale even convolution U-Net module
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Fig. 3 The visual segmentation results on the DRIVE dataset
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The visual segmentation results on the CHAOS dataset
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Tab. 2 The experimental results of different networks on the

DRIVE dataset
ZH T
) 265 I0U MIoU  PA FUMB E il

U-Net 0.748 0.740 0.9209 5.43 17
V-Net 0.766 0.755 0.9283 8.93 23
MA-UNet 0.767 0.762 0.9312 10.57 42
MDU-Net 0.766 0.767 0.9330 12.33 61
MultiResUNet 0.767 0.763 0.9392 12.45 68
CE-Net 0.764 0.778 0.9393 15.24 85

MECAU-Net 0.777 0.786 0.9491 5.89 19
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Tab.3 The experimental results of different networks on the

CHAOS dataset
S4B
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M ¢ /MBIl
U-Net 0.743 0.741 09172 5.79 22
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MECAU-Net 0.779 0.78 0.9489 6.24 25
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