from the left by a bright light. In both cases, the structure of
the concealed eye mirrors the visible eye. In addition, NBP
correctly modifies the illumination of the occluded eye to
match the intensity of the corresponding mouth corner. This
example shows NBP’s ability to integrate information from
multiple nodes, producing globally consistent estimates.

6. Discussion

Figure 6. Empirical joint densities of four different pairs
of PCA coefficients. Each plot shows the corresponding
marginal distributions along the bottom and right edges.
Note the multimodal, non–Gaussian relationships.

helps to prevent spurious detection of background detail by
the individual components. For each node, we scan this
region with the feature mask, producing the best PCA reconstruction ŷ of each pixel window y. The observation
potential is created by defining a Gaussian
mixture compo
nent, with mean ŷ and weight exp −||y − ŷ||2 /2σ 2 , for
each y. To allow for outliers due to occlusion, the observation potential is augmented by a zero mean, high–variance
Gaussian weighted to represent 20% of the total likelihood.
We tested the NBP algorithm on images of individuals
not found in the training set. Each message was represented
by M = 100 particles, and the Gibbs sampler used κ = 100
iterations. Total computation time for each image was a few
minutes on a Pentium 4 workstation. Due to the high dimensionality of the variables in this model, and the presence of
the occlusion process, discretization is intractable. Therefore, we instead compare NBP’s estimates to the closed
form solution obtained by fitting a single Gaussian to each
of the nonparametric prior and observation potentials.
Figure 7 shows inference results for two images of a man
concealing his mouth. In one image he is smiling, while in
the other he is not. Using the relationships between eye and
mouth shape learned from the training set, NBP correctly
infers the concealed mouth’s expression. In contrast, the
Gaussian approximation distorts the relationships shown in
Figure 6, and produces results which are indistinguishable
from the mean mouth shape. Note that these results were
obtained in an unsupervised fashion, without any manual
labeling of the training image expressions.
Figure 8 shows inference results for two images of a
woman concealing one eye. In one image, she is seen under
normal illumination, while in the second she is illuminated

We have developed a nonparametric sampling–based
variant of the belief propagation algorithm for graphical
models with continuous, non–Gaussian random variables.
Our parts–based facial modeling results demonstrate NBP’s
ability to infer sophisticated relationships from training
data, and suggest that it may prove useful in more complex
visual tracking problems. We hope that NBP will allow the
successes of particle filters to be translated to many new
computer vision applications.
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