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Table 1  Comparison of the reconstruction process of this
method and the Blanz method
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A 3D face reconstruction based on a single frontal
image and a statistical model

SU YueYang WAN Jing” YI JunKai

(College of Information Science and Technology, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract; 3D face model reconstruction based on a single frontal photo is widely used in practical applications. In
order to improve the efficiency and accuracy of 3D reconstruction based on single frontal image, this work proposes
an effective approach to reconstruct a 3D face model based on a single image and a statistical model. First, we train
with a SDM algorithm to establish a two-dimensional human face feature point parameter model based on the IBUG
two-dimensional face database. The parameter model is used to extract feature points from a given image. A 3D
face statistics model is then constructed based on the BJUT-3D database. In order to determine the parametric vec-
tor of the statistical model, we optimize the energy function with a learning factor adaptive gradient descent method
iteratively based on the 3D face statistics model. Finally, we adjust the statistical model to reconstruct the 3D face
model of the given image. The experimental results show that our face reconstruction method has higher accuracy
and adaptability than representative commonly used algorithms.

Key words: statistical model ; 3D face model; image registration; supervised descent method (SDM) ; camera pro-

jection transformation
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