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Abstract—As of today, fine-grained editing of facial performances in movie and video production requires either retouching
every single frame or creating a highly detailed CGI model of
the actor, both of which is restricted to high-budget productions.
In this paper, we present an example based approach for facial
performance editing that achieves realistic results with standard
equipment and very little manual intervention. Based on a modelfree surface tracking approach, temporally consistent dynamic
texture sequences are extracted from multiple video streams.
Using such geometry-plus-texture sequences allows transferring
facial expressions/performances between videos which enables the
editor for example to change the facial expression, while leaving
the rest of the video untouched. Moreover, concatenating and/or
looping these sequences in a motion-graph like manner gives
a convenient way of composing novel facial performances from
multiple source videos. Finally, we present a blending method
to seamlessly concatenate texture/mesh sequences and to insert
a composed facial performance in a target video.
Index Terms—video editing, facial expression re-targeting,
deformable surface tracking, image based rendering

I. I NTRODUCTION
ACIAL performances are one of the most important
aspects for conveying emotion and information in visual
media such as movies, videos and games. The human visual
system is highly sensitive towards the subtleties of non-verbal
facial communication and, in consequence, exceptionally good
at spotting artifacts or inconsistencies in facial video sequences
that have been altered by any means. While state-of-the-art
approaches to facial video editing have crossed the uncanny
valley1 of creating believable facial animations, these approaches are still limited to high-profile productions because
of the equipment and manual labor they require. In this paper,
we present an approach that allows to carry out fundamental
editing tasks with convincing results using standard equipment
and very limited manual intervention. Based on a multi-view
input stream of two or more synchronized cameras, the system
enables an editor to perform the following tasks:
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1 As early as 1970, Masahiro Mori envisioned the concept of what was later
termed the ’uncanny valley’: As robots or other avatars mimicking human
appearance and behavior become more and more realistic, the emotional
response of most observers will rapidly drop from positive reactions to
rejection and repulsion at a certain point and only at a very high level of
realism again turn back to acceptance. Since then, the concept has been
profoundly based on several psychological explanations as well as confirmed
by several studies [1], [2], [3].

•

•

Replacement of one facial performance with another
while leaving the rest of the video, including global head
motion of the actor, untouched
Creating novel facial performances that have not been
captured by concatenating pieces of facial actions in a
motion-graph like way, as well as merging different parts
(eyes, mouth etc.) of different recorded facial actions

The seamless transfer of a piece of recorded facial performance into a target sequence displaying the same actor
most importantly requires the possibility to change the head
pose in the recorded sequence while retaining as much detail
of the recorded performance as possible. It also requires
precise knowledge of how and where to place this piece of
performance in the target sequence. Furthermore, the transition
boundary between original and inserted content must be virtually invisible. Moreover, in order to switch from one sequence
of facial performance to another, the transition in time must be
a credible facial motion and not contain temporal artifacts like
jumping, ghosting or unnatural intermediate expressions. The
proposed system is mainly designed to support intra-person
performance editing, e.g. shooting several takes of the same
scene and then using the captured video footage to remove
small errors and create a flawless video during postprocessing.
While it is still possible to transfer the facial expression from
one person to another the application area for inter-person
performance editing is more restricted as the target and source
face should be of similar size and proportion. A possible
application for inter-person performance editing would be for
example to replace the face of a stuntman by the face of the
actor or to create a twin of a character.
In order to enable this seamless and realistic exchange of
facial performance sequences, we employ a hybrid approach in
which an approximate geometric model of the face is tracked
by a method for temporally consistent deformable surface
tracking, allowing us to create a spatially normalized representation of each sequence of facial performance to be used in
editing. These representations are stored in the texture space
of the geometry model. Most of the principal deformations
are modeled by movement and deformation of the underlying
geometry and only details like stretching skin, wrinkles, occlusions and disocclusions as well as fast micro-expressions
which are very hard to correctly capture in geometry are represented in the resulting texture sequences. Via the geometry
model, several synchronous video streams are integrated into a
single texture sequence using a modified version of a state-ofthe-art multi view texture extraction method [4]. In the target
sequence, the tracked geometry allows the identification of
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the head pose which must be assumed by inserted content.
On the other hand, the tracked geometry of the sequence to
be inserted allows to render this content correctly into the
image. Moreover, the tracking provides semantically consistent
models throughout the sequences, allowing the calculation
of a similarity measure for pairs of single frames from the
recorded sequences, thus providing means to chose an optimal
transition point between inserted and original sequence or for
concatenating several sequences in order to form a longer one.
A. Contributions
In this paper we present an approach for facial re-animation
that makes use of image-based rendering techniques to transfer
facial actions/expressions from multiple source videos to a
target video. These facial actions are concatenated seamlessly,
thus enabling an editor to create photo-realistic modifications
to an existing video sequence without much additional effort.
We improved upon the system presented in [4] by employing
a new deformable surface tracking method [5] which allows
greater flexibility in re-rendering facial videos to a different
viewpoint with a different head pose. Furthermore, we extended the blending methods used in [4] to work with dynamic
geometry-plus-texture sequences.
II. R ELATED W ORK
A. Facial Geometry Tracking
Capturing and tracking facial performances is an important
topic in computer vision and many of its applications. One
of the very first research efforts towards facial performance
capture in 1972 [6] was already dedicated to the creation of
realistic facial CGI models which would then be animated
by a method related to today’s blend shapes. In more than
four decades, facial performance capture and tracking has been
actively researched and has developed in two main directions,
namely marker-based and marker-less performance capture.
Marker-based capture has matured over the last two decades
and is available in numerous industrial products as it is highly
robust and computationally tractable. Shortcomings of markerbased systems are the loss of expression details due to the
fact that the sparse feature information that is actually tracked
cannot fully represent the subtle details that comprise a credible facial performance. These have to be added back either
manually or by using highly detailed parametric geometry
models driven by the markers [7].
Since the reuse of the captured textures is essential for our
editing approach, we have to resort to a marker-less tracking
approach. The tracking output can e.g. be used to drive a
parametric model of the actor’s face [8], [9]. In many publications, tracking information is used to drive an animatable CGI
head model (e.g. [10]). The challenge of exploiting tracking
information in order to edit facial performances is unrelated
to these works which rather use tracking as a complex input
mechanism. Several recent approaches aim at reconstructing
facial geometry and dynamics from monocular input [11], [12]
but are bound to use generic parametric face models as priors
to overcome the problems arising with such unconstrained
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visual input which decreases the flexibility in adapting to the
subjects facial geometry.
As we want to capture and edit the full performance in all
its details, we employ a dense surface tracking method that
estimates the motion and deformation of a whole surface as
represented by a triangle mesh instead of sparse feature locations. Most approaches to this type of facial performance capture rely on computing a 3D-reconstruction of the face in each
single frame, either using depth sensors [13], [14] or directly
from the multi-view or stereo video stream [15], [16], [17].
In these approaches, the tracking problem is approached by
computing correspondences between semantically inconsistent
meshes (one per frame), often using image correspondences
between the frames (sparse or dense) as a guidance. One of
the main problems of these approaches is the accumulation
of drifting errors between the texture and the geometry layer.
Since the relation between images and meshes is basically
reset at each frame, semantic consistency between the layers
has to be enforced by additional steps.
Similar to our approach, [18] use an analysis-by-synthesis
approach in order to avoid this form of drift as much as possible. Tracks of feature points are employed in order to deform a
template mesh using Laplacian smoothness constraints (among
other terms).
In [5], we proposed an analysis-by-synthesis tracking approach which is the basis of the method used in this work.
A deforming template mesh is used to track the motion and
deformation of a face using optical flow and several layers of
Laplacian mesh regularization. In order to increase robustness
against occlusions, disocclusions as well as local and global
illumination changes in the analysis-by synthesis approach, a
photometric component is incorporated to the tracking model.
Similar photometric components have already been used in 2D
deformable tracking [19].
B. Performance Synthesis
Creating synthetic human characters and especially human
faces is one of the most challenging tasks in computer graphics. Geometric and reflective properties are hard to model,
furthermore, humans are very good at interpreting faces, such
that even slight deviations from the expected visual appearance
are perceived as wrong or unnatural facial expressions. As a
consequence, many approaches apply image based rendering
techniques to create photo realistic renderings of humans [20],
[21], [22], [23], [24], [25], [26], [4]. For example Borshukov et
al. [20] use a highly sophisticated capture setup consisting of
8 infrared cameras plus 3 synchronized, high definition color
cameras to capture an actor’s facial performance in an ambient
lighting setup. Based on 70 small retro reflective markers, they
drive a previously scanned 3D model of the actor’s face to obtain a time-consistent animation mesh and to extract dynamic
textures. Mesh sequences and dynamic textures are then used
to perform a motion graph like animation of the actor’s face.
They achieve highly realistic results, but in contrast to [20] we
also want to provide a framework which is not only affordable
by high-budget productions. In [27], Dale et al. present an
affordable system that is capable of transferring the facial
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performance of a person between video sequences. They use
a multilinear face model to track the actor’s facial geometry
which enables them to transfer a facial performance even
between different persons. Finally, they use a dynamic programming approach for retiming and gradient domain blending
to seamlessly integrate a facial performance in the target video.
Recently Thies et al. [28] presented an impressive system for
realtime expression transfer and facial reenactment. They use
a linear model that represents identity, facial expression and
albedo which allows for a realistic expression transfer between
different individuals captured from different viewing angles.
To cope with changing light situations, they use a Spherical
Harmonics basis to model diffuse lighting caused by distant
light sources. A facial performance is transferred by modifying
the facial expression parameter of the target sequence. While
their approach produces impressive results, they focus more
on realtime performance and a compact representation of the
captured facial performance. Linear models are typically a
good choice for realtime applications as they represent a scene
with a compact parameter set but they also tend to miss
fine details. A similar system was proposed by Xu et al. in
[29]. They developed a method for facial performance transfer
with additional user constraints. Based on a multiscale mesh
decomposition they are able to transfer facial performances
from one person to another or even to an animal, as well
as performing user guided manipulation of fine details (e.g.
wrinkles). Though both previous works also tackle the problem
of facial performance transfer our approach differs as we
are focusing on creating novel facial videos by seamless
concatenation of multiple performances and integration in a
target video.
Pushing the idea of image based rendering further, Xu et al.
[30] presented a system for the synthesis of novel full body
performances from multi-view video. They use performance
capture to obtain pose and geometry for each video frame.
Based on this data, a synthetic video performance is rendered
according to a user provided query viewpoint and skeletonsequence, even if the exact body pose is not represented in the
database. However, they also explain that while the approach
is appropriate for skeletal animation, facial animation has to
be handled separately.
As humans are very sensitive to inconsistencies in the appearance of other human faces, we specifically concentrate on
facial re-animation. Inspired by the aforementioned advances
in image- and video-based rendering, our approach is based
on real video footage to achieve photo realistic results. Videobased facial animation has only recently found attention in
the literature. Li et al. [31] proposed a purely image based
system for facial expression transfer based on video databases
for both, the source and target character. They implemented a
new similarity measure to find candidate frames in the target
subject’s video database. Additionally, they use a correspondence map and optical flow field to create a synthetic version
of the query frame by warping the target’s neutral expression.
Then they combine the synthetic and the retrieved images to
form a realistic and temporally consistent video of the target
person performing the queried facial performance. While this
approach can be used to synthesize a new performance of a
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frontal face it’s necessary to have already a temporally consistent source sequence that can be mimicked by the system. We
rather want to provide a tool to synthesize a realistic video, by
concatenating facial expressions from multiple source videos
which are not temporally consistent, independent and were
captured potentially by multiple cameras.
Paier et al. [26] presented a system for facial re-targeting,
i.e. transferring short sequences of a facial performance between different videos. Based on rigid facial geometry tracking, this method can be used to fine tune the timing of
facial performances or to exchange similar facial expressions
as long as the viewpoint in source and target sequence is
very similar. In [4], they improved their system by using
a low complexity blend-shape model (i.e. 1 blend shape to
open/close the mouth) for tracking the rigid head pose and
large scale deformations of the jaw. In contrast to [26], we
use a deformable surface tracking approach that allows much
bigger changes in viewpoint because of the more accurately
approximated geometry. Thus it grants greater freedom in
the choice of sequences used for performance replacement.
Moreover, we also focus on synthesizing novel sequences
from several short clips of facial performance with credible
transitions in both geometry and texture layer being created
on demand. Therefore, we developed a convenient heuristic for
automatic transition search and extended the blending method
presented in [4] for the usage with textured geometry streams.
Our performance synthesis strategy is also related to the
idea of motion graphs [32], [33], [34] that have already been
successfully used for skeletal or surface-based animation of
human characters. We capture several video sequences of a
facial performance and split them up into short clips that
contain single actions or facial expressions (e.g. smile, talk,
looking surprised or angry). These clips are transformed to
our hybrid representation and may then be concatenated in
almost any order to compose a novel facial performance.
Similar to [35], [36], [4], we also find smooth transitions
between different facial sequences because directly switching
from one sequence to another would create obvious artifacts
in the synthesized facial video (e.g. sudden change of facial
expression and sudden changes of illumination). For this
purpose, we use a geometric image registration technique to
compensate for changes in the facial expression as well as a
modified cross dissolve to smoothly blend all remaining color
differences.
III. M ETHOD OVERVIEW
The presented approach consists of two main steps: facial
performance analysis and performance synthesis/editing. We
use the video streams of two or more synchronous and
calibrated cameras as input. Sequences to be edited are chosen
and one frame per sequence (with neutral facial expression)
is picked as a key frame. Furthermore, a static 3D model
of the actor’s head is needed as initial geometric proxy for
deformable surface capture. This model can be acquired using
any 3D-reconstruction method available, the models used in
this paper were created using a standard multiview-stereo
approach [37]. In order to enable mouth animation, a mouth
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Figure 1. System overview: The reference mesh is aligned to the reference video frame via landmarks and is tracked using our deformable surface tracking
method. Then, dynamic textures are extracted and integrated over all available views. Finally, the tracking information in the target video is used to correctly
place and render the desired expression into the target video frame.

seam is cut into the model using standard editing software
(e.g. blender). For fitting the model to the images at the key
frames, about 10 vertices are manually picked as landmarks.
Their counterparts in the images can be found by a facial
feature detector such as [38].
During performance analysis, the geometric proxy mesh is
tracked along the input streams using the method described
in section IV. Afterwards, dynamic textures are extracted by
unwrapping the input streams along the texture coordinates of
the temporally consistent model. Several video streams can be
integrated into one dynamic texture sequence as described in
section V.
In the editing step, the processed facial performance sequences can be used to manipulate a target video sequence
where the actor has been tracked using the same tracking
model and method. Possible editing tasks include changing
the facial expression as a whole or just exchanging parts of
the face (e.g. the eyes) but also concatenation and/or looping
of different source sequences in order to create a new facial
performance sequences that were not captured previously.
Based on the tracked meshes and extracted dynamic textures,
the desired facial performance is synthesized as detailed in
section VI. As the presented system supports multiview video
footage, the performances can be rendered from different
viewpoints, enabling replacement in a wide range of target sequences. Finally, several blending techniques are employed to
seamlessly fuse the concatenated/looped facial performances
at geometry as well as texture level and to smoothly integrate
the resulting facial performance in the target video.
Figure 1 presents a symbolic overview of the system including tracking the mesh in the video stream, extracting and
integrating the dynamic textures, and replacing the expression
in a target video by rendering the texture into the frame.

IV. FACIAL G EOMETRY T RACKING
Many approaches to realistic facial performance editing rely
on static meshes or very low-dimensional blend shape models
for providing an approximate geometry model for the face
[26], [39]. While providing highly robust tracking methods,
these approaches are limited in terms of the variability of
facial deformations they can represent geometrically and thus
have to represent all variations beyond their limited geometric
expression space in the texture. However, when changing the
viewpoint, regions where the true geometry is approximated
too coarsely will exhibit visual artifacts since the texture is
being rendered onto the wrong 3D location. On the other
hand, many state-of-the-art methods for performance capture
yield details on the level of wrinkles and pores. However,
most of them rely on one individual, temporally unaligned
3D reconstruction per frame and treat tracking as a mesh
correspondence problem where the images are used to guide
the solution. Over time, nearly all approaches tend to accumulate drift between texture and mesh which has to be specially
treated.
We employ a freely deformable 3D tracking approach
regularized by imposing Laplacian smoothness penalties on
the deformation offsets, similar to [18], [19]. In order to
prevent the texture from floating over the geometry, we resort
to an analysis-by-synthesis approach for tracking: the mesh
deformations for each frame are estimated by minimizing an
image-based cost function between the frame and the first
frame of the sequence warped by the accumulated deformations estimated for all previous frames. In this way, the relation
between geometry and texture stays constant throughout the
whole sequence, which is necessary since we want to exploit
this semantic consistency when using our texture-based approach for performance editing. Only appearance changes that
the tracker cannot adapt the geometry to have to be represented
in the texture. These changes usually include wrinkles and
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other high-frequency details that are not present in the key
frame as well as disocclusions in the mouth and eye regions.
One of the main problems of analysis-by-synthesis methods
is posed by changes in illumination, e.g. occurring from
movement and rotation of the head relative to the light sources.
The interaction between human facial surfaces and lighting is
highly complex and hard to model realistically. However, since
we rely on the recorded textures to reproduce fine details such
as this interaction, we mainly need our tracking algorithm to
be robust against the effects induced by illumination changes
which can severely hamper tracking quality since they introduce low-frequency brightness changes the tracker will try to
compensate for by adding unwanted deformations. In order
to overcome this problem, we use an additional photometric
warping component that adapts the brightness of the warped
key frame to better match the levels of the target frame. Since
this adaption is done for each vertex, this component can
reproduce nearly arbitrary modulations of appearance and thus
has to be regularized on its own if we want to prevent it from
incorporating appearance changes that are caused by geometric
deformations which should be estimated by the tracker. The
photometric component also makes the tracking more robust
against high-frequency details like wrinkles that we aim at
expressing in the texture layer. Figure 2 displays some example
tracking results from a data set recorded with two cameras.
A. Tracking Methodology
Throughout the rest of the paper, we will use i as index for
the individual views/cameras, k for indexing the vertices vk
of the tracking mesh with a total of K vertices stored in the
K×3-matrix V, and superscript t as index for time points. The
image of camera i at time t is given by Iit . The purpose of our
analysis-by-synthesis-based geometry tracking is to find one
set of vertex positions Vt per time instant which minimizes
an image-based error function
X

timg =
Φ rit
(1)
i
Iit

rit (p) =
(p) − Jit (p)

Jit = Wi Ii0 , Vt

(2)
(3)

where Φ is a suitable norm-like function, p denotes an image
pixel position, and Wi Ii0 , Vt is a view-dependent warping
function which deforms the first image of the sequence,
Ii0 , according to the vertex positions Vt . Thus, Jit is a
warped version of the key frame Ii0 , created by means of the
deforming tracking mesh as explained below. Finally, rit (p)
is the residual function corresponding to ti which is evaluated
on all pixels covered by the tracking mesh in image Jit .
B. Mesh-based Image Warping
We assume that V0 , the tracking mesh in its starting form, is
aligned to the images Ii0 for all views i which can be achieved
e.g. by a rigid matching of manually selected landmarks on
the mesh to the output of a facial feature detector like [38].
The quantity we want to estimate in geometry tracking are the
positions of the vertices in time point t, as given by Vt .
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If we rasterize a hypothesis for the mesh Vt onto the
image plane of camera i, each pixel p is associated with one
triangle T (p) and its barycentric coordinates β respective to
this triangle are given by
X
p=
βkt utk
(4)
k∈T (p)

utk

where
is the projection of vertex k at its original position
vkt onto the image plane of camera i.
In order to infer the color of pixel p, we sample the key
frame Ii0 at the position defined by (4):
Jit (p) = Ii0 (p0 )
X
p0 =
βkt u0k

(5)
(6)

k∈T (p)

Since large parts of the motion in a natural performance
may be due to movement of the complete head instead of
deformation, we aim at explaining as much as possible of
the observed changes by a rigid motion of the head. In this
way, we obtain two layers of motion: rigid head movement
and facial deformation. This is useful for performance editing
because in most cases we will want to exchange the facial
deformation in a sequence while keeping the original head
pose trajectory. To this end, we compose Vt from a rigid and
a non-rigid component by

Vt = Rt V0 + 4Vt + Tt
(7)
where Rt is a rotation matrix which will be parametrized by
Euler angles rx , ry , rt , 4Vt are the vertex offsets representing
the deformation layer, and Tt is a rigid offset matrix that adds
the same vector tt to each vertex. In order to estimate these
quantities, we employ two tracking steps per frame. In the first
step, we estimate the rigid head pose changes by inserting

V̂t = Rt V0 + 4Vt−1 + Tt
(8)
into equation (3) and minimizing the corresponding error
function (1) over the 6 parameters of the rigid head motion
T
rx , ry , rt and tt = [tt1 tt2 tt3 ] . This is done efficiently using
standard dense Gauss-Newton optimization where we add a
small amount (0.001) of zero-order Thikonov parameter regularization in order to keep the numerically volatile rotational
component stable.
In the second step, we minimize the remaining image
difference between Iit and Jit by estimating the vertex offset
vector 4Vt in (7) and keeping Rt and Tt fixed with the
additional components described in the following.
C. Photometric Component
Since we use the key frame Ii0 as warping reference
throughout the whole sequence, changes in illumination and
other appearance variations like disocclusions and wrinkles
can lead to deformation artifacts since there is no geometric
modification that will allow these structures to appear in the
rendered image. Similar to [40] we compensate for these
variations by introducing a photometric component to our
warping function W. This is achieved by attaching an intensity
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factor stk to each vertex and changing the image sampling
equation (5) to
X
Jit (p) = Ii0 (p0 )
βkt stk
(9)
k∈T (p)

Since the photometric component has one value per vertex,
its resolution is typically lower than the image resolution. It is
able to express arbitrary appearance variations up to a certain
frequency which depends on the size of the mesh triangles in
the image. The impact of higher frequencies on the geometry
estimation will be minimal since they will be contained within
a single triangle in at least one direction (e.g. wrinkles) and
thus be smoothed over by the inherent regularization of this
mesh-based approach. The initial values s0k are set to 1 and
the values for the subsequent frames are estimated jointly with
the vertex offsets 4Vt .
D. Regularization
In order to increase robustness towards outliers occurring
e.g. at highlights, disocclusions and especially in weakly
textured regions, we add several regularization terms in order
to prevent the occurrence of geometric artifacts and also to
keep the mesh as closely to its initial shape as possible while
following all relevant cues for deformation. The regularization
is achieved by penalizing deviations in the Laplacian differential vectors δ t which we define using the Graph Laplacian
of the mesh [41]:
1 X t
vj
(10)
δ tk = vkt −
|Nk |
j∈Nk
 t 
δ0


(11)
δ t =  ... 
δ tK−1

where Nk denotes the 1-neighborhood of vertex vkt . The error
function we use for geometric regularization is given by



treg Vt = λ1 Φ δ t − δ 0 + λ2 Φ δ t − δ t−1
(12)
where the first term penalizes deviations from the initial shape
and the second term regularizes the mesh development over
time. Note that the values for λ1 , λ2 may change with the mesh
resolution. Similarly, we regularize the photometric component
over time using Laplacian differentials
1 X t
ρtk = stk −
sj
(13)
|Nk |
j∈Nk
 t 
s0
 .. 
t
ρ =  . 
(14)
tphot

stK−1


st
= λ3 Φ ρt − ρt−1

(15)

E. Optimization and Optical Flow
The complete objective function for the deformation estimation step of our geometric tracking is given by the sum of
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(1), (12) and (15), parametrized by the vertex offsets 4Vt
and the values for the photometric component st :




t 4Vt , st = timg Vt , st + treg Vt + tphot st (16)
In order to weaken the influence of outliers and to improve
localization of discontinuities in the regularized meshes, we
use the Charbonnier penalty function
p
Φ (r) = rT r + ε2 .
(17)
The objective function is minimized using iteratively
reweighted least squares which is an approximation of a
Gauss-Newton scheme for robust estimation [42], [43]. Since
this optimization scheme exploits the Jacobian matrix in order
to generate a system of (weighted) normal equations in each
iteration, we need to compute the Jacobian of our objective
function. The partial derivatives of all transformations can be
computed analytically except for the x and y derivatives of the
images. These are approximated by the image gradients which
relates our tracking approach to optical flow estimation.
As suggested in [44], we use a blend of the gradients of
the rendered image Jit and the target image Iit to replace the
gradient of Jit in derivative computations:

1
∇Jit (p) + ∇Iit (p)
(18)
∇Jit∗ (p) =
2
Since the motion of each pixel is dependent only on the
estimated motion of the mesh triangle containing it and we
have one residual value per pixel (or three if we use RGB
images), the system of normal equations for optimization is
sparse. In order to solve it efficiently, we resort to a state-ofthe-art sparse Cholesky matrix factorization.
V. DYNAMIC T EXTURES
The presented robust face tracking method provides a stream
of temporally consistent triangle meshes that accurately follow
the subject’s facial geometry even in presence of large deformations. However, since fine scale details (e.g. small deformations, wrinkles, shades) cannot be captured efficiently by
geometry alone we extract a dynamic texture (i.e. a sequence
of textures) for each video sequence. The dynamic texture
does not only contain static fine scale details like pores, it also
captures fine scale motions, wrinkles or shades that would be
lost when using a static texture. Another advantage of using
dynamic textures is the convenient integration into existing
rendering engines and the natural support for temporally
consistent editing tasks, as they are motion compensated.
A. Extraction of Texture sequences
Based on the tracking results we want to extract a sequence
of textures from the multiview video stream that optimally
represents the subject’s face texture during the whole video
sequence. Extracting dynamic textures is a typical multi-label
problem (see [45], [46], [25], [26], [4]), i.e. assign a source
camera to each triangle from which it should receive its
texture. To ensure a high visual quality, we enforce three
quality criteria:
• high spatial resolution
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Figure 2. Example results of deformable face tracking: Target frames and flat shaded renderings of the tracking mesh.

spatial consistency: low visibility of spatial seams, i.e. no
visible seams within a texture
• temporal consistency: low visibility of temporal seams,
no flickering seams between consecutive textures
(e.g. constantly changing source camera near a seam)
Formulating these requirements as a discrete optimization task
yields the following error function:
•

regions n and m that are textured from two cameras in and
im .
(
0
in = im
V(in , im ) =
(22)
Πen,m in 6= im
ˆ
Πen,m =
kIin (x) − Iim (x)k dx
(23)
en,m

(I) =

N
T X
X
n

t

+λ
+

D(n, itn )

X

V(itn , itm )

(19)

n,m∈N
ηU(itn , it−1
n )

where I denotes the set of source camera labels for each
face region n. All triangles in a region n receive their texture
from the same source camera. This implicitly increases the
spatial smoothness of the texture mosaic but more importantly
drastically reduces the computational complexity in case of
long video sequences with high polygon count 3D models.
The first term D(n, i) measures the spatial resolution of a
region n textured by camera i:
(
1 − A(n, i) n is visible
D(n, i) =
,
(20)
∞
n is occluded
area(n, i)
A(n, i) = P
,
area(n, j)

(21)

j

with A(n, i) being the area of n projected on the image
plane of camera i relative to the sum of area(n, i) over all
possible cameras to ease the choice of the weighting factors
η and λ.
The second term V(in , im ) in (19) penalizes spatially nonsmooth solutions and increases the overall cost (19) by the
sum of color differences along the border en,m of two adjacent

Finally, a temporal smoothness term U(it , it−1 ) (24) increases the overall cost by a constant η for each region n
with a changing source camera i between two consecutive
time steps.
(
0 it = it−t
t t−1
U(i , i ) =
(24)
1 it 6= it−t
Without such a term, the resulting dynamic textures are not
temporally consistent, i.e. the source camera of a certain region
can change arbitrarily between two consecutive texture frames
resulting in visually disturbing flickering in the extracted
texture sequence.
We use the alpha-expansion method [47] to efficiently find
a close-to-optimum approximate solution for the objective
function. Finally, a global color matching [48] together with
Poisson blending [49] modified for the usage in texture mosaics are employed to conceal remaining seams.
VI. C ONCATENATION OF S EQUENCES
The methods presented in the two previous sections create
an independent set of mesh-plus-texture sequences where each
sequence represents a certain action or facial expression. In
this section, these independent sequences are brought into
connection by defining transition rules between individual
sequences for later animation.
By looping and concatenating several sequences, new and
more complex sequences can be synthesized. By rendering
such a sequence to a target video, we can exchange the facial
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performance of a subject in a video. This type of animation
strategy is related to motion graph based animation techniques
[32], [33], [34], [20]. In the context of motion graphs, edges in
the graph correspond to facial actions, and vertices to expression states. Since the extracted sequences have been captured
separately and in a different order, simple concatenation would
create obvious visual artifacts during transitions between two
sequences. These artifacts appear in geometry as well as
in texture due to different facial expressions and changing
illumination (e.g. caused by head movement), see figure 4.
We do not want to rely on dedicated transition sequences in
order to switch from one facial action to another as this would
drastically increase the number of necessary source sequences
for editing. Instead, good transition points between sequences
are defined automatically in a given search window at the end
of the current sequence and the beginning of the next sequence.
The user defines the search window based on the relevance of
the content (i.e. the important content should remain outside
the search window) and on how accurate the user wants to
determine the transition (e.g. a large transition window gives
less control over the transition point while a small transition
window allows to closely specify when to switch from one
sequence to another). In order to find a suitable transition
frame pair i, j a heuristic based on geometry and texture
information is used (25).
H(t, q) =

kTt − Tq k
k4Vt − 4Vq k
+λ
|V|
|T |

8

Figure 3. 3D head model rendered with α weights as intensities. To improve
visibility,α weights are scaled to the domain [0,1] in this image. Left column:
neighbourhood radius = 0.005, right column: radius = 0.02. Using only slow
motion samples creates an almost uniform blending speed (bottom row). Using
fast motion samples to estimate α results in a strongly non uniform blending
speed (top row).

(25)

Although geometric similarity gives a very good hint for
suitable transitions frames, textural information is still valuable
as it can distinguish between expression states that are not
reflected in the geometry (e.g. wrinkles and disocclusions).
With t being the frame in the current sequence and q being
the frame in the next sequence, H is a heuristic based on
the mean color difference of face textures T and the mean
difference of vertex offsets 4V between the tested frames t, q
provided by the deformable face tracking. For the calculation
of the texture match, down sampled versions of size 256x256
are used to speed up the search, while still providing enough
details. The following two subsections describe the blending
strategies for geometry as well as textures sequences.

less rigid regions (e.g. mouth) can be blended over a short time
period. The blending speed is estimated for each vertex based
on the average difference of vertex offsets (i.e. vertex motion
adjusted for the rigid motion component) 4vkt+1 − 4vkt
between consecutive frames. In order to get a spatially smooth
α, the change in a vertex offset contributes to the α for
all vertices in its neighbourhood (see figure 3). To gain
more control over the non-uniformity, α can be estimated
for example using only the fastest, slowest or all motions of
a vertex (see figure 3). Finally, α is normalized so that the
slowest vertex reaches its target position after n steps and the
n
fastest vertex reaches its final position after α
frames.
B. Texture Blending

A. Geometry Blending
As the geometry deforms over time, simple concatenation
of independent mesh sequences leads to sudden jumps during
the transition. Therefore, the vertex offsets 4Vt are blended
linearly during the transition over a fixed number of frames
(e.g. n = 30). We calculate a blending speed factor α for
each vertex to account for the fact that not all regions of the
face move equally fast. While, for example, the mouth can
move rather quickly, other regions (e.g. forehead, temporal
region) should not expose a noticeable motion/deformation
at all. However, due to slight inaccuracies, even rigid areas
in the mesh will deform slightly over time which leads to
visible motions during the transition. The blending speed α
will distribute the morphing process of rigid vertices over a
large number of frames (making it hardly noticeable), while

Between texture sequences, a two stage blending strategy
is employed: first, the spatial misalignment between the last
frame Tlast,t−1 of the previous texture sequence and the first
frame Tf irst,t of the next sequence is corrected, before the
remaining color/intensity differences are blended by a cross
dissolve.
1) Spatial Texture Blending: The spatial misalignment is
estimated by calculating a 2D warp W(T , Φ) that maps
Tlast,t−1 on Tf irst,t , minimizing
2

argmin kTf irst,t − W(Tlast,t−1 , Φ)k + λEreg (Φ),

(26)

Φ

with Ereg being a regularizing term weighted by a scalar
factor λ. Similar to [19], the image deformation of Tlast,t−1
with regard to Tf irst,t is modeled as a regular deforming 2D
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apparent when replaying the texture sequences. Therefore, an
additional cross dissolve blending is performed in parallel to
the spatial warping. Again, the cross dissolve is distributed
over a large number of frames to achieve a slow and smooth
transition. The number of frames has to be chosen carefully:
if too few frames are used for the transition, the resulting
transition can become apparent due to sudden changes in
shading or specularities. On the other hand, if the number
of frames is too large, ghosting artifacts can appear because
the cross dissolve adds high frequency details while the face
deforms (e.g. specularities on the closed eye, lip line on a
opened mouth, etc.).
Therefore, an anisotropic cross dissolve was implemented
that allows for multiple blending speeds within the same
texture. For example, a fast blending (e.g. 4 frames) is used in
regions with high frequency differences (e.g. eyes and mouth)
whereas slow blending speed (e.g. 40 frames) is applied in
smooth regions with mainly low frequency differences (e.g.
skin regions). In case of small misalignments, the fast cross
dissolve does not create disturbing effects, actually blending
small misalignments with cross dissolve results in a sensation
of movement [35]. This small but fast movement is barely
noticeable in contrast to a slowly appearing or disappearing
ghosting effect caused by an ordinary cross dissolve. We
implemented the anisotropic cross dissolve by providing an
additional speed-up factor b for each texel. For this purpose,
a static binary map B is used to mark regions of increased
blending speed. To ensure a smooth spatial transition between
regions of different blending speeds, B is blurred in order to
create intermediate regions where b changes gradually from
slow to fast. For our experiments, a single binary map was
created manually in texture space.
Figure 4. Impact of geometric warp during transition. Bottom-left: previous
frame, bottom-right: current frame. Middle-left: 50% cross dissolve without
geometric warp (artifacts around the lips and the eyes), middle-right: 50%
cross dissolve after geometric warp. Top-left: color difference before geometric warp, top-right: after geometric warp (no strong edges are visible around
eyes and mouth.).

control mesh with Barycentric interpolation between vertex
positions, i.e. the warping function is parametrized by a vector
Φ containing the control vertex displacements.
Based on the estimated warp, we gradually deform the
motion in the last frames of T...,t−1 and the first of T...,t
to ensure that the transition frames of both sequences are
identical. This deformation process is distributed over several
frames. In our experiments, a rather high number of frames
n = 60 (at 59 fps) is used to perform the spatial deformation
because the low additional motion per frame makes it barely
noticeable.
2) Anisotropic Cross Dissolve: The spatial texture alignment largely reduces ghosting artifacts during blending (see
figure 4). However, small details (e.g. wrinkles that appear
or disappear), changing light conditions and remaining misalignment that could not be fully compensated by the image
warping (see figure 4) still cause visible colour differences
between Tlast,t−1 and Tf irst,t . Though the remaining discrepancies are not disturbing in the still image, they become

C. Editing of Facial Videos
The general editing approach from the user’s point of view
is plotted in figure 5. Firstly, the user selects a sequence of
frames in the target video which should be modified (e.g.
because the facial expression should be more/less intense, retimed or re-arranged in some other way). Now, the edited facial
region (e.g. mouth and nose, see figure 6) has to be selected
once for example by creating a mask in the first modified
frame. Finally, the user can design a new performance for the
marked facial region by concatenating/looping facial expressions taken from one or more suitable source videos where
the actor shows the desired facial expression/action. The user
editable parameters are basically the blending speed of texture
and geometry, the selection of the modified facial region and
obviously the arrangement of source sequences.
During the editing step, we assume that the geometric proxy
mesh is already tracked in the target as well as in the source
sequence(s) using the method described in section IV. Based
on user input, the extracted mesh-plus-texture sequences are
concatenated seamlessly (using the methods described in section VI) and rendered to the target video using the rigid motion
parameters Rt , Tt of the target video and the deformation
parameter 4Vt and texture of the source sequence(s). In order
to embed the synthetic sequence seamlessly in the target video
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original video
frames to be modified

new facial performance

source videos
final video

Figure 5. This figure gives a schematic overview of the editing process.
Top: original video with the processed frame sequence (red). Middle: desired
sequences are taken from different source videos (red, green, purple, cyan)
and concatenated/looped to form a new facial performances. Bottom: the new
facial performance is inserted in the target video and all originally independet
sequences are blended at the transitions (black edges) to form a novel facial
performance that faithfully fits in the target video.

we perform a fade-in/out which blends smoothly from the
target video to the synthetic sequence and back. This is done
by pre/appending a very short sequence (i.e. one frame) to the
synthetic sequence. These very short sequences are created
directly from the target video and hence exactly represent the
facial expression in the target video right before and after the
modified part. The fade in/out is then computed between these
additional one-frame sequences and the synthetic sequence
using the method described in section IV. In order to decide
which parts of the target video are modified, we use a binary
mask in texture space. The mask is created by the user once
for example using a brush-tool marking modified face areas
directly in one or multiple target video frames. Based on the
tracked geometry the selected areas in the video are used to fill
the binary mask in texture space (see figure 6). The advantage
of this approach is that the binary mask remains static as the
texture space does not change over time although the head is
moving and the geometry might change. Finally, the created
mask is used to insert the rendered facial performances into the
target video (see figure 6 and 7) using Poisson image editing
[49].
VII. R ESULTS AND D ISCUSSION
A. Experimental Results
In this section we present result images of the proposed
editing technique (figure 7). For our experiments, we captured
several facial performances of an actress with 2 calibrated
UHD-cameras (Sony-F55) at 59Hz. Additionally, she was
captured with a multi-view still camera rig consisting of 14 DSLR cameras to obtain a reference head geometry in a neutral
expression, using the method presented in [37].
We used a semiautomatic mesh unwrapping technique to
add texture coordinates to the 3D head model. Then, several
short sequences were selected from the recorded footage
and the geometry was tracked in each sequence using the
deformable tracking method described in section IV. For each
tracked video sequence a dynamic texture was created using

Figure 6. This figure shows an example of partial face editing. In the bottom
row, the face is overlayed with the binary editing mask (bright parts are
modified, all other parts remain the same). On the left side the editing mask
is shown in texture space, while on the right side the mask is projected into
image space using the tracked 3D model. In the top row, the result of the
partial editing is shown: modified version on the left and original version on
the right side.

the method presented in section V. To ensure seamless transitions between concatenated or looped facial performances
we optimized textures/geometry over the last 30/15 frames of
each sequence.
A non-optimized implementation of our system needs approx. 30 seconds per frame for tracking, takes several seconds
for one texture mosaic and approximately 10 seconds for the
generation of an optimized texture sequence transition. This
is sufficient as we consider the main purpose of our presented
system as an offline processing tool.
Providing a quality measure of the synthesized videos is
complicated: first, the plausibility of a synthesized video
depends on the skills of the animator. Although the impact may
be smaller than in traditional animation techniques, because
the animator needs less technical skills (compared to using
rigged models), showing for example contrasting emotions
in the same face might still result in an implausible result.
Also, there is no accurate ground truth available as we are
creating new video sequences using multiple recorded source
sequences. Thus, we have to resort to visual evaluation of the
presented components, e.g. to check if they introduce artifacts
(e.g. due to inaccurate motion caused by the tracking system,
obvious transitions caused by the blending methods) in the
synthesized video.
The results show that by using the proposed deformable
tracking method, a single static 3D reference model is sufficient to accurately track the facial geometry of the captured
subject. Large and medium scale deformations are captured
in geometry while fine scale motions and small details are
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Figure 7. This figure shows some images from video streams that were edited with the proposed technique. Bottom row shows the original images, middle
row shows the manipulated version and top row shows a zoomed-in version of the manipulated images.

captured in dynamic textures. The presented warping/blending
techniques are used to create seamless transitions between independent facial performances. The geometry blending works
well for small and medium deformations. Therefore, a transition search is employed to find an optimal transition point.
Remaining motions/differences in texture space are compensated using image warping and anisotropic cross dissolve.
The aforementioned techniques allow transferring facial performances from one video to another even with different head
orientation between source and target sequence. Additionally,
the presented approach requires only little additional data: one
static 3D model of the actor’s head and calibrated cameras are
sufficient to apply the presented facial performance editing
technique. We also aim at keeping manual effort as low as
possible: the user is required to select a few vertices in the 3D
model as landmarks, their counterparts in the video sequences
can be found by a facial feature detector.
More convincing results can be found in the supplemental
material: we show several editing results of 3 individuals and
a comparison of the proposed blending techniques as well as
possible limitations.
B. Limitations
Strong lighting variations may present a limitation of the
image based concatenation and rendering methods, as these
variations are conserved in the texture (figure 8). We addressed
this for example by capturing under homogeneous illumination

to capture only textural changes caused by changing facial
expressions.
Another possible solution would be performing a global
relighting based on the tracked geometry (e.g. as demonstrated
in [50]) to adapt the synthetic performance to a target scene.
Occlusions of the face are currently not detected since the
facial expression can only be recovered in visible areas.
This means the user of our system has to choose suitable
source sequences when he/she creates the composite sequence.
However, even if a face is partly occluded it is still possible
to use the visible part (e.g. only eyes, only mouth) as a
source for expression transfer. Using a model based approach
to hallucinate the geometry and texture seems tempting but we
actually believe that a most-probable solution is not necessarily
what an editor wants to improve/refine a facial expression with.
Target sequences where the face is partially occluded could
be handled using an occlusion detection based on geometry
and/or texture to detect and preserve occluded areas while
regions belonging to the face will be modified. Self occlusion,
on the other hand, is minimized as our system supports
multiple cameras which also gives more freedom to the actor,
as he can move the head freely without the need to look
directly into a designated camera.
The speed and duration of a facial performance typically
varies from shot to shot. In some cases it may be desirable to
modify the speed of a facial expression for example to intensify the displayed emotion. This can for example be achieved
by taking a slower/faster version from a different shot but this
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Figure 8. This figure shows additional experiments. The left side shows samples from an inter-person expression transfer: target(left), result(middle),
source(right). The right side shows results of an expression transfer in case of different light conditions between source and target sequence. We added
synthetic light to the tracked video sequence and used this as expression source: target(left), result(middle) source(right).

may also cause a gap in the final video. Simply playing the
inserted sequence at lower/higher speed or repeating/leaving
out the frames is not an option. A possible solution could be
for example to fill the gap e.g. by inserting a short loopable
sequence that fits the current facial expression as we did in
our experiments. Our system assumes that source and target
sequences have the same frame rate which we do not consider
a strong limitations, however if someone wants to make use
of source videos from different capture sessions with different
frame rates it would be necessary to use existing tools for
frame rate conversion.
When editing facial performances is crucial to maintaining
a silhouette consistent with the displayed facial expression.
The tracked 3D face model can for example be used to open
the mouth because the opened mouth simply occludes more
background pixels producing no artifacts. However, trying to
close an open mouth cannot reveal background pixel that were
originally occluded by actor during the video shot and creates
an implausible result.
The presented approach relies purely on synthetic transitions which is advantageous as it reduces the number of
necessary source sequences. However in some cases (e.g.
strong deformations) it might still be necessary to use captured
transitions in order to realistically change from one facial performance/expression to another. We use a deformable surface
tracking method to augment the captured video footage with
time consistent 3D information. While these accurately capture
deformations of the facial geometry (see figure 2) we use a
coarse approximation of teeth and mouth interior by simply
closing the gap between upper and lower lip (see figure 2)
with a single row of triangles. This can cause artifacts when
changing the viewpoint in a sequence with an opened mouth

and should be considered when facial performances are edited
or composed.
The presented approach mainly aims at intra-person editing
tasks. This means, video footage of one actor is used to
modifiy facial shots of the same actor. For example to perform
tasks like replacing/removing unwanted facial expressions,
re-timing facial actions or concatenating multiple sequences
to create a new facial performance. Inter-person expression
transfer on the other hand is currently not fully supported.
It is for example possible to exchange facial expressions
between different persons for a complete shot (e.g. replacing
the stuntman’s face using video footage of the main actor).
However, as we are using an image based rendering approach
the whole appearance of a source actor is transferred too and
not only the expression (figure 8). While this might still be
usefull for expression transfer between similar looking people
(e.g. with color matching to adjust differences in the skin tone
and a non-uniform scaling to adjust the head size/shape) it will
in general be difficult to achieve plausible results.
C. Conclusion
This paper presents an inexpensive but effective technique
for editing facial video sequences. We use captured video
material to perform example based re-animation of human
faces in videos which enables even untrained editors to achieve
photo realistic results without the need for complex manual
intervention. We also do not rely on additional expensive
hardware for video capture and 3D model creation (e.g. can
be done with off-the-shelf hardware) which makes it attractive
for low cost production. The used model free tracking method
adds accurate and time consistent 3D information to the
recorded video sequences without creating much overhead
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in terms of model creation and capturing. A single, static
3D reference model of the actor’s head is sufficient and the
tracking is performed on the original video footage (i.e. no
retro reflective markers are necessary).
Using the 3D data, temporally consistent dynamic textures
are extracted from the video sequences which allows incorporating the video data from one or multiple video streams
into a single texture stream. This way, a facial performance
is completely encapsulated in a geometry-plus-texture stream
which combines the photo realism of real image data with
the ability to modify viewpoint and re-arrange recorded performances. To edit a video, the user simply transfers a facial
performance or parts of it (e.g. eyes, mouth) from one shot
to another. Furthermore, by concatenating and looping short
sequences, the system also enables the user to synthesize novel
and more complex performances.
D. Future Work
Currently, we modify the inner region of the face without
correcting the silhouette. With this giving a proof for the effectiveness our approach, it would be an interesting extension
to provide a realistic silhouette adaption according to the new
facial performance. In order to provide a convenient workflow
we use an automatic method that seamlessly concatenates
different sequences: a heuristic is used to find a suitable
transition point and remaining differences are compensated
using texture and geometry blending. To push this idea further, we want to investigate ways of creating more realistic
transitions, even between sequences with a large difference at
the transition point, based on example motions taken from the
captured geometry data. In order to make the system more
robust with respect to illumination changes, an illumination
estimation will be added to the geometry tracking which will
then allow to compensate for these changes in the dynamic
textures. Also, evaluating how well this can be achieved using
our photometric warping component would be an interesting
challenge.
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