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Facial Pose Estimation Method on Single Image Based on Facial Feature Points

FU Youjia
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[Abstract] To dealtwith the High,/requirements of learning-based pose estimiation methods on training samples and
devices, this paper propeses a method based on facial feature point pogitioning that can estimate the facial pose in a
single image without training.By Using the Adrian Bulat face feature point log¢ator and Candide-3, a sparse general face
model is constructed and the facial features are obtained. The rotationirange of the model around the Z axis and the
search step length are determined. Then within the rotation range arvound the Z axis, the improved Newton iterative
algorithm is used to align the key facial feature points of the.3D model and the image through translating, rotating, and
scaling the 3D model. As a result, the rotation angles of the,model around the X and Y axes, and the loss function value
under the candidate angle around the Z-axis are obtained.Finally, the method selects the optimal facial angles around
three axes based on the minimal loss function value.Experimental results show that this method can quickly estimate self-
occluded faces with large pose angles and has{good practical performance.Its average errors on the public face databases
including Multi-PIE, BIWI and AFLW are 3.79° 4.37° and 6.04° respectively, which are significantly higher than
similar facial pose estimation algorithms.

[Key words] facial pose estimationsfacial feature points; improved Newton method; single image; BIWI database;
AFLW database
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Fig.3 Procedure of proposed facialipose estimation method
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