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Despite much interest in face alignment recently, the large majority of work has focused on | Y
near-frontal faces. Algorithms typically break down on pro le faces, or are too slow for re- Lo - N ~ -
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We propose an e cient approach to face alignment that can handle 180 degrees of head rota- ' Y e - e - R .
tion. The foundation of our approach is cascaded shape regression (CSR), which has emerged i e o “" o O e, . =
as the leading strategy. We propose a generalization of conventional CSRs that we call branch- Ogggf I é “ OC‘;%%O “ -
Ing cascaded regression (BCR). Conventional CSRs are single-track; that Is, they progress from N N R :
one cascade level to the next in a straight line, with each regressor attempting to t the entire N
dataset. We instead split the regression problem into two or more simpler ones after each cas- Our branching cascaded regression (BCR) algorithm can handle i Y - o e 2 > Py
cade level. Intuitively, each regressor can then operate on a simpler objective function (i.e., faces with a wide variety of poses, including full pro le. v v o Py N - “
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with fewer con icting gradient directions). ¥ = 2 s % v €
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Parametric shape model: Faces
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Parametric vs. Nonparametric Shape Models Left Pro le Right Pro le
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