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Abstract; With the development of deep learning,channel attention has played a huge role in the representation ability of convolutional
neural networks. In order to further strengthen the role of channel attention module in deep neural network ,a single parameter channel at-
tention ( APA) module is proposed for the parameter quantity of channel attention. First,the APA module adds a single parameter to the
image channel feature summation vector. Then, the channel attention weight is obtained by measuring the relationship between the
channel vector and the summation vector in the direction. Finally,the attention weight is activated by the activation function ( Sigmoid)
to make its distribution more stable. Compared with other channel attention modules, the proposed module has only trace parameters, and
the code implementation of the module is largely simple. By embedding the APA module into the MobileNet and ResNet series
backbones on the data sets CIFAR-10 and CIFAR-100,it is compared with the similar method Squeeze—and—Excitation module ( SE)
and Effective Channel Attention Module (ECA) ,which shows the effectiveness of the APA module.
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