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Abstract: Due to the influence of expressions, illuminations, gestures, etc., large errors often occur
when positioning key points of a face. In order to accurately locate the key points of the face, a
detection algorithm for key points on a face based on attention mechanism is proposed. Firstly, the
deformable part model( DPM) algorithm is used to detect the face region in the picture, and then
the focal point of the face is located in the region using ResNet and SeNet. The experimental results
show that the algorithm achieves good accuracy on the face dataset, and prove the effectiveness of
the algorithm.
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Fig. 1 DPM face detection effect map
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Fig. 2 Sobel gradient operator
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Fig. 3 SVM classification gradient vector
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Fig. 4 A framework of residual neural network with attention mechanism
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Fig. 5 Part of experimental results
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Fig. 6 Comparisons between the algorithm in this paper and Yang Haiyan's
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Tab.1 Error comparison of different algorithms
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