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ABSTRACT
We propose a method for creating ﬂexible-viewpoint facial
video from monocular input employing highly detailed static
3D reconstructions of an actor’s head. We use the term
ﬂexible-viewpoint to indicate that the viewpoint can be arbitrarily chosen (as in free-viewpoint video), but from a restricted set of viewing directions1 . Our method enables dynamic changes of the viewpoint without requiring estimation of the head geometry form the video sequences which
is hard with the methods typically used for creating freeviewpoint video. Alongside video capture of a certain actor,
we record static high resolution stereo images of the actor’s
head and face. From these images, we create a detailed 3D
model of the head by image-based reconstruction methods.
We propose two methods to register this 3D model to the a
starting frame of the video stream following the actors head
and facial action. Furthermore, we show how model-based
tracking over the whole video sequence provides precise head
pose estimates for each video frame. Once the registration
is complete, the 3D model serves as geometric proxy for
image-based rendering techniques in order to create novel
viewpoints using the video stream as texture.

1.

INTRODUCTION AND OVERVIEW

Free-viewpoint video allows to watch a scene recorded
with multiple cameras from an arbitrary viewpoint, not just
from the positions of the cameras. It has evolved rapidly
through the last decade and has been successfully demonstrated even in live broadcasts of large sports events like the
2012 Olympics, where the required rendering had to happen very close to real-time. However, most scenes for which
free-viewpoint video is available are quite similar. They
1
The term free-viewpoint video is used frequently for applications with a highly restricted choice of novel viewpoints.
We propose to term these applications ﬂexible-viewpoint to
indicate this diﬀerence.
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typically contain one actor in a full-body shot and show
smooth camera movement around the actor with their motion often freezed or played back with altered speed. For
this application, a work-ﬂow of extracting time-consistent
visual hulls and multiview textures of the actor from the
video streams and using image-based rendering techniques
for display has been established and is used by many protagonists free-viewpoint video today. In this paper, we propose a method for ﬂexibly changing the viewpoint of a video
showing the face and head of a person recorded with just one
video camera. It is obvious that from this input, the person
cannot be viewed from an arbitrary viewing position since
there is no information contained in the video about how
the person looks from strongly rotated viewpoints (thus we
termed the application ﬂexible viewpoint video ). However,
our approach oﬀers suﬃcient ﬂexibility for applications such
as correction of the viewing direction towards the observer
or towards another character while providing very realistic
results.
Changing the viewpoint of close-up facial video is delicate
because, diﬀerent from the full-body case, movement of the
actor as well as the viewpoint will be more subtle to allow
viewers to still “read” the face they see - a task the human
vision is exceptionally good at and will spot almost any artifacts introduced by the rendering. Therefore, applications
that employ changing the viewpoint in facial video usually
are restricted to small changes like in head pose adjustment
for video-conferencing [14, 18]. Moreover, in a setup where
the actor is likely to move around (like in nearly any movie
or interactive content production), cameras which show the
face closely will have to follow the actor by panning, tilting
and zooming and therefore may be much harder to calibrate
thoroughly than a static setup. In addition to the diﬃcult calibration, visual hulls of the face are typically very
coarse since the face is not strongly geometrically articulated
and contains major concavities. For a typical application of

free-viewpoint video where the face is not shown close up,
a coarse geometric approximation as obtained by a visual
hull may suﬃce. For a close view of the face however, more
geometric detail is certainly required.
We propose to compute the 3D information used for rendering from static multiple-view stereo capture of the actor
as opposed to computing it from the video stream. We use
state-of-the-art image-based stereo reconstruction methods
to create a highly detailed textured 3D model of the actor’s
head oﬄine. Once generated, the 3D model is matched to a
single key-frame of the video stream. This can be achieved
by using feature matches if the imaging properties of the
still and video cameras as well as the lighting conditions
of both recording stages are suﬀeciently similar. If not, we
propose a semi-automatic method minimizing mutual information between the texture from the static capture and the
video frame in an analysis-by-synthesis framework. Depth
information can now be added to the whole video sequence
by rigidly tracking the matched 3D model over the frames
following the key-frame. For this purpose, the original texture of the 3D model is exchanged for the key-frame to allow
for direct minimization of the optical ﬂow between subsequent frames. This depth information is exploited for creating novel views of the head with ﬂexibly changed viewpoints
by rendering the 3D model from the desired viewpoint using
the original video frames as the texture.

2.

RELATED WORK

The ﬁrst occurrences of the term free-viewpoint video
in context with recordings of humans may be found at the
beginning of our millennium when Carranza et al set the
focus of what was introduced more generally as 3D video
by [11, 25] to the rendering of captured data from arbitrary viewpoints in their seminal paper [3]. Since then, freeviewpoint video for human actors has received great attention and ﬁnally a complete system has been released as an
open-source tool in 2009 [21]. Several techniques for freeviewpoint video are lined out in [9]. However, the techniques
typically used in these setups heavily depend on silhouettes
of the recorded actor from which a visual hull is extracted
and thus are not appropriate to capture detailed facial geometry. In coding of facial video, an approach similar to ours
was taken by [4] where a coarse, hand-crafted 3D model of
the face was used to obtain a parametric representation of
a moving face along with its expressions for very low bitrate transmission of video streams. One main application
of rendering novel views of captured face and head video
is gaze correction for video like proposed in [14, 18]. However, we argue that this application can hardly be termed
free-viewpoint. Our system consists of three main steps, for
which we shortly review the most relevant literature in the
following.
Image-based 3D reconstruction of heads and faces has
been thoroughly researched in the last decades as lined out
by several surveys [24, 22]. The method we use to generate
our geometric proxies employs a deformable mesh to create
dense correspondences between a non-wide-baseline pair of
images using estimation techniques similar to optical ﬂow.
Approaches similar to ours have been proposed by [1, 2, 16]
There are numerous approaches to head tracking and
head pose estimation, as displayed by the survey [12]. Since
we have an accurate geometry model, which we want to use
in the rendering stage as well, we resort to a model-based

approach for head tracking. Because this technique requires
a 3D model to be ﬁt to the image, head pose estimation is always performed jointly. Model-based approaches have been
shown to be robust under occlusion, varying expressions and
low resolution as well as motion blur [10, 23, 5].
To display the face from diﬀerent viewpoints, we use a
simple form of hybrid or geometry-assisted image-based
rendering as termed by pertinent surveys [7, 13] where a
geometric proxy is used to deform the image of an object
and thus make it appear as being viewed from a diﬀerent
point in space.

3.

DATA ACQUISITION AND GENERATION
OF 3D MODELS

The texture data is acquired using one or more dynamic
video cameras capturing the face and head of the actor.
Since the footage should allow for rendering of close-up views,
the cameras should follow the head as close up as possible
while they are performing the actions to be displayed and
thus will be panning, tilting and zooming. If the full body
of the actor is to be shown as well, this will happen in a
studio where multiple static cameras are placed around the
borders of a recording volume which restricts the face cameras to keep a certain minimal distance to the actor in order
not to interfere with full-body capture. The face cameras
do neither have to be calibrated towards each other nor towards the full-body cameras in order to enable registration
of the individual video streams since this can be done using
the head / face model of the actor. However, we assume the
intrinsic camera parameters to be known for each frame in
order to render out geometric proxy into the camera view.
The geometric data is generated using a multiview stereo
setup consisting of several pairs of synchronized D-SLR cameras and adequate lighting. Calibration of these cameras
may be provided by utilizing an appropriate calibration target (e.g. [8]) or directly from the recorded facial images by
bundle-adjustment [19, 20]. From each stereo pair, we create a high detail textured 3D model using the reconstruction
method we presented in [17] where a mesh-based warping
function between images is computed that describes a dense,
piecewise aﬃne correspondence map between these images.
We initialize this warping function by feature matches and
use a Laplacian smoothness term. From these correspondences, a 3D reconstruction is computed by triangulation of
the stereo disparities. An image pair along with the corresponding reconstruction result is shown in ﬁgure 1. With
some minor improvements of the optimization procedure
(e.g. reuse of matrix reordering in subsequent iterations) a
high-detail reconstruction is computed in about 10 seconds.

4.

REGISTRATION OF STATIC 3D MODELS TO VIDEO FRAMES

In order to use the created 3D models as geometric proxies for free-viewpoint rendering, we ﬁrst have to precisely
register them to a single video frame (a key-frame) as an
initialization to our tracking routine. If the imaging properties of the video cameras are comparable to those of the
D-SLRs (e.g. when using D-SLRs for the video capture as
well) and the lighting situation is very similar, this can be
done automatically using feature correspondences like SIFT
in a RANSAC fashion using 3 feature correspondences as a
set of landmarks (the sample) to compute the inlier set in

4.1 Automatic case
If there are enough feature correspondences to use the
automatic approach, three landmark correspondences are
chosen at random from the set of feature matches for each
instance of the RANSAC procedure. Be L the set of these
landmark correspondences and F the set of all feature correspondences. For a rotation matrix R, which can be parametrized
completely by 3 values, the error to be minimized is given
by

2
Ef (R) =
proj(RX + T∗ + D) − x
(2)
(x,X)∈F

with
T∗ = arg min

T∈R3

Figure 1: Example reconstruction result: stereo input image pair and result of our 3D reconstruction
method.

each instance of the algorithm. If the imaging properties of
the cameras are too dissimilar (which is not unlikely when
using video cameras or recording in diﬀerent rooms), feature
matching may not provide enough useable correspondences
(if any). In this case we propose to label three landmarks
by hand in the texture of the geometric proxy as well as
in the key-frame (e.g. eye corners and nose tip). In both
cases the registration is performed by ﬁnding the optimal
rotation (3 parameters) of the 3D model where the translation (another 3 parameters) is always chosen to minimize
the distance of the landmarks between the rendered model
and the key-frame and perform the registration using an
analysis-by-synthesis approach.
For both cases, we ﬁrst normalize the model to have its
centroid at the coordinate origin by subtracting vector D.
Then, we create 3D points from the landmark positions in
the texture image using the known relation between the texture camera and the 3D model. Each landmark correspondence is now given by a tuple (x, X) of a 2D point x in
the key-frame and a 3D point X in space, lying on the 3D
model. We use a non-skewed pinhole camera model [6] where
the projection function is completely speciﬁed by the principal point c and the vector of focal lengths f = [fx fy ]T ,
measured in sensor pixels [4]. The projection of a 3D point
X into the image plane of the camera is given by

x=c−f ◦

X1
X3
X2
X3


(1)

where ◦ denotes the Hadamard product. We will denote this
operation by proj(X) and omit the camera parameters since
we refer to the same video camera throughout the whole
paper.



proj(RX + T + D) − x2

(3)

(x,X)∈L

being the translation which minimizes the distance between
the landmark positions on the rendered 3D model. This
translation can be found very quickly using numerical optimization, e.g. Newton’s method. Ef is minimized using the
same type of optimization for every choice of L. As typical
in RANSAC, we count the feature matches for which the
distance in the calculation of Ef is below a certain threshold
as inliers, select from all instances that have been run the
one that yields the highest inlier count and re-calculate R
using the full inlier set of the chosen instance. The running
time of this registration process is usually a few seconds,
depending on the settings for the RANSAC procedure.

4.2 Semi-automatic case
With the landmarks manually set a selection procedure as
in the automatic case is not necessary. However, the error
has to be computed directly from the diﬀerence between the
rendered images of the 3D model and the key-frame which
strongly increases the non-linearity of the error function.
Since the texture of the rendered images has been captured
under lighting conditions diﬀerent from those during video
capture, we use the mutual information (M) between rendered image and key-frame to compensate for low-frequency
lighting discrepancies [15]. The error function now becomes
Ei (R) = M (J(R, T ∗ ), I)

(4)

with J(R, T ∗ ) being the rendered image of the 3D model
using rotation and translation of the model R and T ∗ as
deﬁned above, and I being the key-frame. Since Ei is much
less smooth than Ef , we choose to optimize it with a hierarchical approach with the top layer being an exhaustive
search over a coarse set of parameters using blurred versions
of the images and the layers beneath being either numerical
optimization or another exhaustive search. An optimization
using 3 layers of exhaustive search can be performed with
less than 500 evaluations of the error function and has been
used to create the results shown in this paper. The performance of this kind of optimization depends heavily on the
speed of rendering J(P, R, T ∗ ) for a given set parameters.
Using OpenGL for rendering and downloading only the relevant portion of the rendered image for comparison allows to
complete the optimization in less than two seconds. Results
of the registration are shown in ﬁgure 2.

to be reasonably small, the rotation matrix to be applied to
each vertex of the model is
⎤
⎡
1
−rz ry
1
−rx ⎦
Rlin = ⎣ rz
(5)
−ry rx
1
with rx being the angle of rotation around the x-axis etc.
The position of a vertex X of a mesh rotated around the coordinate origin by angles rx , ry , rz (remember that we normalized the mesh to have its centroid in the origin) and then
translated by T is thus linearly approximated by
X

≈

Rlin X + T

(6)

A ﬁrst order approximation of the projection of this displaced vertex into the image is given by
x
δx

=
≈

x + δx
JX X  − X

(7)
(8)

where JX is the Jacobian of the projection function and is
given for a point X = [x y z]T by
JX =

−fx z1
0

0
−fy z1

fx zx2
fy zy2

(9)

After some arithmetic manipulations, substituting (6) into
(8) yields the image point displacement

Figure 2: Results of the initial matching procedure for two diﬀerent movie key-frames of a medieval monologue sequence. Top left: original frame,
top right: overlay of high-resolution 3D model after matching landmarks by translation, bottom left:
overlay after matching rotation, bottom right: absolute intensity diﬀerences between key-frame and
matched 3D model.

5.

MODEL-BASED HEAD TRACKING AND
POSE ESTIMATION

Once the 3D model has been registered to the video keyframe, obtaining the pose of the geometric proxy for the subsequent frames is an instance of model-based tracking. To
prevent the texture from drifting over the geometry, we use
the texture of the key-frame throughout the whole sequence
to be tracked. If the diﬀerence between the key-frame texture and the video frame is too high, track may be lost. In
this case, the tracker has to be re-initialized either by the
process described in section 4 or by simply stepping back a
few frames and exchanging the texture used for tracking. It
is obvious that the latter approach may introduce drift as
above, just slower. However, in our experiments sequences
with up to 10 seconds of highly expressive facial action could
be tracked before track was lost so re-initialization will occur
rarely in most applications.
Similar to [5], we use a linearized relation between euclidean transformations applied to the 3D model and the
2D pixel displacements they impose on the rendered image.
If we assume the rotational component of the transformation

δx

≈

H

=
=

with
CX =



1
f ◦H
(10)
z


2
−ry z + rz y − tx + rx xy
+ ry xz + tz xz
z
(11)
xy
y2
−rz x + rx z − ty + ry z − rx z − tz yz
1
R
f ◦ CX
T
z
xy
z

z−

y2
z

−z +
xy
z

(12)

x2
z

y
−x

−1
0

0
−1

x
z
− yz


(13)

which is linear in all unknowns, namely R = [rx ry rz ]T and
T. The oﬀset δx can be used to minimize the optical ﬂow
error between frame I and its successor J deﬁned by
2

Em =
(∇Ix )T δx − (Jx − Ix )
(14)
x∈I

with ∇Ix being the image gradient of I at pixel x. Deﬁned
over the area Ω of the rendered 3D model, this error can be
minimized directly by solving on overdetermined system of
linear equations of the form
A

R
= (JΩ − IΩ )
T

(15)

where IΩ is the vector containing all pixel intensities of I in
Ω. From equation (12) we can calculate each pair of rows of
A depending on a point X as
AX =

1
∇IΩ (f ◦ CX )
z

(16)

where ∇IΩ is the 2 × |Ω| matrix containing the x and y
gradients of I in region Ω and the rows of A being dependent
on the 3D points projected to the individual pixels in Ω.
Since our simple optical ﬂow error assumes the image to
be locally smooth (for details, refer to [4]), we perform the

optimization iteratively in a hierarchical, coarse to ﬁne manner.
Figure 3 shows some results of our head-tracking method
in a highly expressive monologue sequence. It is obvious that
although the expression, and thus the appearance, varies
strongly, the head is accurately tracked.

6.

• Integration of multiple, non-calibrated monocular video
streams for higher texture coverage

IMAGE-BASED RENDERING OF NOVEL
VIEWPOINTS

Once the 3D model is attached to each video frame, it
can be used to render the head from a diﬀerent viewpoint,
using the original video frame and the depth information
obtained from the 3D model. Since we do not assume the
calibration of the video camera to be known, we can describe
a novel viewpoint only in relation to the original video camera. Since we want to render viewpoint changes, the intrinsic
parameters of the camera used to create the novel view will
be identical to those of the original video camera and only
the extrinsic parameters, i.e. rotation and translation will
be diﬀerent.
To synthesize a view, we render the depth of the 3D model
as seen from the novel viewpoint. This depth image allows
to trivially compute the 3D position X associated with each
pixel x of the image to be rendered. This 3D point can be
projected into the current video frame using equation (1),
yielding an image position x at which the image is sampled
to obtain the color of pixel x . Since rendering the depth images can be done in real-time, the speed of this procedure is
either real-time or slower due to the method of interpolation
used when sampling the video image.

7.

sented a model-based scheme to track the model throughout
a video sequence accurately enough to allow for consistently
rendering the video stream from a novel viewpoint. We have
shown this approach to provide visually pleasing results for
viewpoint changes of up to 20◦ .
Future work on this topic will include:

RESULTS AND CONCLUSION

Figure 4 shows some results of synthesizing several new
viewpoints for frames of a monologue sequence which has
been tracked using one proxy and one key-frame. The tracking was stable for more than 8 seconds (200 frames) of material before a reset was necessary. All results shown in ﬁgure
4 are taken from these ﬁrst 8 seconds of this dynamic scene.
We ﬁnd that for viewpoint changes of up to 20 degrees the
head is reproduced realistically with artifacts only arising
at the edges of the model and texture. These artifacts will
be reduced once we use integrated 3D models which are derived from more than one stereo pair of static cameras and
correctly represent the head geometry from more than one
perspective.
One limitation of the presented approach is that the proposed way of creating novel views does not allow for large
changes in the viewing position since texture is only available
for the portion of the head covered by the video camera.
We have proposed a method for changing the viewpoint
of monocular facial video sequences using static geometric
proxies. We have shown how to create these geometric proxies using state-of-the-art mesh-based dense 3D reconstruction methods on stereo pairs of high-resolution still images
taken alongside a video production. We have proposed a
procedure to robustly match geometric proxies to a single
video key-frame either automatically if enough feature correspondences can be found between one still image and the
key-frame or semi-automatically by manually annotating a
small set of correspondences and optimizing the pose of the
3D model to minimize mutual information between the rendered model and the key-frame. Furthermore, we have pre-

• Registration and calibration of multiple video cameras
using estimated head model poses in each individual
video stream
• Simultaneous use of several 3D models created from
diﬀerent viewpoints for improved geometric accuracy
and coverage
• Use of several 3D models representing diﬀerent facial
expressions to better ﬁt the expressions in the video
stream
• Estimation and compensation of lighting, re-lighting
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Figure 3: Tracking Results: Each row shows a movie frame and the textured / untextured geometric proxy
that has been tracked in the sequence starting at the key-frame.

Figure 4: Rendering results: each row contains the original frame and three synthesized views from novel
viewpoints.

