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Gesture Estimation of Ca\ttle Face Based on Cascade Structure

GOU Xian-Tai, HUANG Wei, LTU Qi-Fen

(School of Electrical Engineering, Southwest Jiaotong University, Chengdu 611756, China)

Abstract: The single-angle feature coding identity authentication method cannot meet the current demand in terms of data
capacity because of the increasing number of cattle. A cascade structure is used to detect the cattle’s face and then
estimate the angle of the cattle’s face, which build a solid feature base for multi-angle feature coding. The result of

experiments shows that the cascade structure can obtain a higher accuracy in both the face detection and attitude angle

estimation tasks.
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