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Figure 1: Flowchart of the method. The de-
appearance step uses LBP for the forward map-
ping F and obtains the LBP face (glyph) in the
middle. The re-appearance step tries to learn the
inverse mapping F−1 from the LBP domain to
the pixel domain. The recovered face is of high
fidelity as compared to the original face.

We have proposed to invert the local binary pat-
terns (LBP) descriptor. The success of the in-
version gives rise to two applications: face de-
appearance and re-appearance. The flowchart of
the algorithm is shown in Figure 1.

The de-appearance, based on image-LBP
forward mapping, is thorough in the sense that
not only the identity information but also the
soft-biometric information of the subject is re-
moved. The intuition behind using LBP for de-
appearance is straightforward because LBP is a
local difference operator and most of the COTS
FRS cannot deal with LBP faces / glyphs. They
either can not locate the LBP faces from the
scene, or the match scores are horribly low.

The re-appearance yields face reconstruc-
tion with high fidelity and also enables secure
application with a unique encryption key. The
re-appearance is achieved by learning the inverse
mapping of the LBP descriptors through an `0-
constrained coupled dictionary learning scheme
that jointly learns two overcomplete dictionaries
in both the pixel and the LBP domains such that
inverse mapping from the LBP domain to the
pixel domain is made possible without knowing
the mapping function explicitly. The enforce-
ment of the sparsity level as well as the sharing
of sparse coefficient between the two domains

are the added constraints that can uniquely de-
termine the inverse mapping F−1.

Obtaining a consistent sparse encoding be-
tween the two domains allows for a more
meaningful reconstruction. Given a novel de-
appearanced image yLBP in the LBP domain, we
first obtain the sparse representation x in DLBP.
We then obtain the reconstruction using Dx. By
forcing consistent sparse representations x dur-
ing training, we optimize for a low reconstruc-
tion error for both domains jointly and simul-
taneously. A simple rearrangement can lead to
solving the formulation using the standard K-
SVD dictionary learning approach [1] as previ-
ously observed [2]:
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The procedure also comes naturally with
high selectivity when reconstructing the faces
with various LBP encryption keys. We have
shown the effectiveness of our proposed ap-
proach on the FRGC ver 2.0 database which in-
volves large-scale fidelity test and face verifica-
tion experiments using the state-of-the-art com-
mercial and academic face matchers.
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