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ABSTRACT
We present Masquerade, a novel modular and expandable tool for
adding �ne-scale details to facial motion capture data from head-
mounted cameras. A�er studying two important related works we
developed a framework to reproduce the original approaches as
well as to test equally promising alternatives. �is framework has
been vital for understanding the limitations of previous approaches
and to explore ways to improve the results. Our �nal solution was a
combination of algorithms and data representations that produced
be�er results than previous works when tested with our evaluation
data. Since then, Masquerade is being actively used in production
for enhancing marker data with �ne-scale details.
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1 OVERVIEW
Two main techniques are used for facial motion capture in vi-
sual e�ects: (1) high-resolution capture using a �xed camera rig
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around the seated actor; and (2) low-resolution capture using head-
mounted cameras (HMC). In general, HMC capture is the preferred
method, since the actors can move freely on set. Perhaps the biggest
limitation of HMC capture is that it will always lag behind in terms
of quality of reconstruction compared to the seated captures, which
have higher resolution, controlled lighting, and more cameras for
wider coverage. Previous works have uni�ed these two approaches,
using data-driven techniques to create high-resolution results from
low-resolution captures. Masquerade builds on the previous work,
producing results with lower reconstruction errors and using less
memory during the computations.

2 RELATEDWORK
�ere are several data-driven approaches to HMC motion capture.
�e method in [Wu et al. 2016] uses markers as well as optical
�ow for improved tracking. It requires anatomical constraints to
be added to the model and uses a global solver to �t both large and
�ne deformations at once. �e method in [McDonagh et al. 2016]
is based on markerless tracking and it requires building synthetic
training data from photo-real, actor-speci�c renders in a range of
poses and lighting situations that are used in a regression model.
Both works seem to produce very good results but their added
requirements complicate the work�ow and implementation.

In [Bickel et al. 2008] the large-scale deformations and �ne-
scale deformations are separated and processed independently. �e
former is done by warping the face based on the tracked markers
and the la�er is solved by interpolating �ne-scale details from a
database built from the high-resolution capture and facial pose
descriptions.

�e approach in [Bermano et al. 2014] has the same main com-
ponents as [Bickel et al. 2008] but is designed for supporting dif-
ferent types of motion capture data, working with the same high-
resolution database of �ne-scale details. �is is an interesting advan-
tage and it can be used when the marker positions change between
HMC recording sessions (markers are reapplied every day and may
shi� locations).
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3 IMPLEMENTATION
Our work started by examining the approaches in [Bermano et al.
2014] and [Bickel et al. 2008], abstracting the main building blocks
that they share, and implementing their algorithms to verify the
original approaches. To measure the error of reconstruction in a
perfect data situation, we acquired high-resolution performance
captures. We generated arti�cial low-resolution captures from
the high-resolution data by a�aching virtual markers to the high-
resolution meshes. A performance that explored a wide range of
expressions was used as training data and the emotional dialogue
performances were used as evaluation data.

Using the low-resolution data, the reconstruction error for the
training and evaluation data was measured and the visual quality of
the results was evaluated. �e goal was to �nd the highest quality of
reconstruction with the lowest memory requirements. Interestingly,
we identi�ed bene�ts and shortcomings of both original works,
which guided us to our �nal solution.

�e approach taken by [Bickel et al. 2008] resulted in low recon-
struction errors in our data sets. We noticed artifacts on areas that
were not directly covered by the markers, such as the lips. �is
may be because the edge-strain representation used for the pose
ignores the surface bending. �erefore, di�erent lip con�gurations
are represented similarly and result in blending unrelated training
samples. Further, the method is memory intensive as each vertex
has its own radial basis function (RBF) weight matrix, potentially
limiting either the resolution of the geometry or the number of
examples used for training.

We tested the approach in [Bermano et al. 2014] with our motion
capture data and found it was signi�cantly slower due to the use
of �adratic Programming solvers. We also obtained larger recon-
struction errors than with [Bickel et al. 2008]. �is may be due to
the face being segmented into four large regions and each one using
a large multi-dimensional value for representing its pose. High-
dimensional data analysis can su�er from the “Curse of Dimension-
ality” which results in similar distances to several training samples,
leading to blending too many samples. In addition, because the
large and �ne scale deformations are solved independently, there is
no guarantee that the combined deformation gradients will recreate
the scale of the actor’s face. A slight error in the scale components
of deformation gradients can result in global changes in the scale
of the face.

Our �nal implementation resulted in a combination of the two
approaches, as follows.

• To get around the artifacts in the lips seen in [Bickel et al.
2008] experiments, we utilized deformation gradients (like
[Bermano et al. 2014]) to represent the pose of the face as
opposed to edge strains. Deformation gradients represent
the deformation relative to the rest pose, including the
bending that the surface undergoes.

• Following the strategy in [Bermano et al. 2014], the system
can reuse training data for di�erent marker sets because
the geometry used as the pose representation is generated
from the large-scale deformations.

• Similar to [Bickel et al. 2008], we use local vertex o�sets to
encode the �ne-scale details. It avoids the scaling issues
from deformation gradients and is an improvement over

world-space vertex o�sets, which don’t adapt to the large-
scale deformations.

• Due to the long computation time required for�adratic
Programming solvers, we opted for using RBF interpola-
tion with a biharmonic kernel, as in [Bickel et al. 2008]. But
instead of building one solver per high-resolution mesh
vertex, we found that be�er quality of reconstructions
are achieved by segmenting the face into small regions,
one per marker, and applying one RBF per region. �at
dramatically reduced the number of solvers and made it
independent on the output resolution. �ere is some redun-
dancy added since the regions have so� boundaries and
their results are blended using geodesic weights for each
vertex, but it still is signi�cantly less than the memory cost
of the per-vertex solvers. We believe this strategy works
because the blending weights of the �ne-scale details vary
smoothly in the high-resolution face and we took advan-
tage of that, reducing the number of computations and
amount of memory required.

• Additionally, we adopted a similar greedy training strategy
as used in [Bermano et al. 2014] and [Bickel et al. 2008].
For most of the tests we concluded that using 80 frames
for training (out of 320 training frames) was su�cient for
high reconstruction quality. Since we are using one RBF
per marker, we can further reduce the memory required
by training the solver of each region with their own set of
best frames. We found that using the 40 best frames for
each region achieves similar reconstruction errors. It can
be further reduced to 20 and still produce visually compa-
rable results while reducing the memory requirements by
a factor of four.

Our optimal solution has been successfully applied to real pro-
duction data. Consistently, it has produced lower reconstruction
error with less computation and requires less memory than [Bickel
et al. 2008].
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