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Application of Cyclic Iterative Optimization in Facial Landmark Extraction

YU Qi
(School of Health Science and Engineering , University of Shanghai for Science and Technology , Shanghai 200093, China)

Abstract: Facial landmark detection plays a crucial role in tasks that require precise localization of facial features. However, most existing
methods neglect the exploration of temporal feature correlation, and the lack of clear temporal constraint features can lead to a certain degree
of flickering of facial landmark between different frames, that is, the inference results oscillate rapidly between consecutive frames, which in
turn affects the stable extraction of facial feature points in consecutive video frames. To further improve the stability and accuracy of facial land-
mark extraction in video streams, a facial landmark detection algorithm based on temporal and spatial dependencies is proposed. This method
utilizes all pixels from different frames to construct a multi-scale and multi-layer feature correlation pyramid, and adds correlation features to
the feature map as temporal constraints between two frames to predict temporal motion relationships. Meanwhile, Swin Transformer is used to
capture the spatial dependencies between facial keypoints. Through adaptive iterative updates from coarse features to fine features, this method
achieves stable detection of key points in video streams. The experimental results show that the proposed method achieves an average NME of
3.266% on the 300VW dataset, and can achieve the accuracy of current advanced methods on the 300W and WFLW datasets.
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Fig. 3 Effectiveness demonstration of the proposed method on videos and static images
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Table 2 Comparison of each method on 300VW dataset
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