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Human Keypoint Detection Algorithm Based on
Self-learning Feature Pyramid Network
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Abstract: In view of the shortcomings of the existing convolutional neural network structure
that cannot fully excavate high and low-level semantic features, a new joint self-learning attrib-
ute pyramid module (JSLAPM) is proposed in this paper, composed of multidimensional self-
learning module(MSLLM) and feature pyramid modul(FPM), which can be applied to any back-
bone network structure. MSLM adjusts the feature matrix by learning the importance of fea-
ture matrix in spatial dimension and channel dimension, while FPM enhances the expression
ability of feature attributes by fusing feature matrix of different depths. In addition, a self-
learning feature pyramid attention network (FPANet) is also proposed based on the channel
separation and extraction module(CSEM). Experimental results show that the proposed net-
work model can improve the accuracy of VGGNet and ResNet backbone networks by nearly 3%
respectively.
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