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Overview:

* Goal: Face alignment in unseen images.

Constrained Local Models (CLM): combine an ensemble of local detectors with a global optimization strategy that constrains the

feature points to lie in the subspace spanned by a linear shape model (Point Distribution Model - PDM).
¢ CLM two step fitting approach:

(1) Local search using the detectors (likelihood map for each landmark).
(2) Global optimization strategy that estimates the PDM parameters that jointly maximize all the detections.
Non-Parametric Bayesian global optimization strategy that models the posterior distribution by a Kernel Density Estimator (KDE).

CLM: Shape Model (PDM) and Local Detectors Non-Parametric Global Optimization
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Fitting Performance - Labeled Faces in the Wild (LFW)
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The Alignment Goal

Given a shape observation (y), find the optimal set of shape (b)
and pose parameters that maximize the posterior probability

b" = arg max p(bly) o< p(y[b)p(b)

Posterior Expectation
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Kernel Density Estimator (KDE)
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