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Abstract

In this paper, we propose an integrated system 10 reconstyuct
3D face models fFom monocular image sequences. Ouwr
approach is fo adapt a generic 3D face model based on the
sparse ID geomelric constraimtls recovered jffom a wvideo
sequeence. The proposed face reconstruction system consists of
Jace feature extraction/fracking, jace pose estimation, Structure
JFom motion, structure fFom silhouette, model adaprtation, and
lexture mapping. In the first step of our system; some face
Jeature points in some rereseniaiive fames in the image
sequence are selected, Then these feature points are tracked for
the entire sequence. An approximate fice pose jor each nmage
Jame is obrained by using an iteranve pose estimation method
with feature correspondences between each image and the 30D
generic nmodel. Then we use a robust bundle adjustment
algorithm to recover 3D structure of a set of face feature pomls
Fom the image sequence. The structure fom silhouette
algorithm is proposed to find the displacement vectors of the
poinis on the 3D generic model corresponding ro the sampled
points on the sithowettes. Combining the 30D geometric
constrainis recovered fFom the bundle adjusiment and structure
Som sithouette, we deform the 3D generic head model by using
radial basis fnction inferpolation o fit these geomeric
constraints, thus reconstructing a personalized 3D head model.
Afer the 3D head model is reconstructed we compute its
texture map by integrating all the images in the sequence with
appropriate welghting. Fimlly, experimental resulls of 30 face
model recovery Fom the proposed system are shown in Hhis

paper.
1. Introduction

With the rapid growth of intenet and multimedia
communication, the demand for an easy and inexpensive
solution to create three-dimensional models has been
increasing. Human faces are the focus of attention to humans in
most application domains. For example, the MPEG-4 standard
[1] has designed the Synthetic Natural Hybrid Coding (SNHC)
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for efficiently transmitting video streams containing face
images. A 3D sensor, such as a laser range scanner or a
structured-light sensor has been extensively used to create an
individualized three-dimensional head model. Unfortunately,
using laser range sensors for 3D model reconstruction is
expensive, time-consuming, and restricted to specific
environmental settings. Due to these drawbacks, researchers
have been pursuing the approach to reconstruct 3D models
from multi-view images or video images. This approach has the
advantages of inexpensive cost, short acquisition time, and
general working requirement. In spite of these advantages, the
imaging approach is in general provides less accurate
measurements compared to the laser range sensor approach.

There exist many methods for reconstructing 3D head
models from images. Some researchers developed methods to
reconstruct a 3D model from a sequence of silhouettes [2-3].
This approach relies on accurate contour extraction or contour
tracking in the images. Another popular approach [4-5] is to
reconstruct an individualized head model from two orthogonal
views. It is based on recovering the structure of selected feature
points in the face and then adjusting a generic model by using
these control points to obtain the individualized 3D head model.
Kang [6] presented a structure from motion algorithm to
reconstruct a 3D head model from a video sequence. His
algorithm used a constrained deformable model to deform a
generic 3D model to match the structure of the individual 3D
head computed from the video. Fua and Miccio [7] integrated
stereo matching, head silhouettes and 2D feature locations to
recover 3D head models from a generic model. More recently,
Fua [8] developed a regularized bundle-adjustment method to
adapt a generic 3D head model from the 3D structure recovered
from a video sequence. Blanz and Vetter [9] presented a
morphable head model that was constructed from the principal
component analysis of a large set of 3D head models to match
the projection of the morphable model to a face image.

In this paper, we proposed a new individualized 3D head
model reconstruction system that combines a robust bundle
adjustment algorithm with a shape from silhouette approach to
provide sparse 3D data locations and then deforms a generic 3D
head model to interpolate the set of recovered 3D locations. The



robust bundle adjustment algorithm involves robust estimation
of 3D face structures from an image sequence. The shape from
sithouette approach determines the 3D displacement vectors for
the corresponding points on the generic model. Thus the generic
3D head model is deformed to the recovered 3D head structure
by using the radial basis function interpolation. Finally, the
texture map of the reconstructed 3D head model is computed by
integrating all the images in the image sequence with
appropriate weighting.

The remainder of this paper is organized as follows. An
overview of the proposed system is given in the next section.
Section 3 describes a robust bundle adjustment algorithm for
recovering structure from an image sequence. The structure
from silhouette approach is presented in section 4. We give the
3D generic head model adaptation method by using the radial
basis function interpolation in section 4. The integrated texture
mapping scheme is given in section 5. Some experimental
results are given in section 6. Finally, we conclude this paper in
section 7.

L Video Images
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2. System Over view

The proposed 3D model reconstruction system consists
of the following steps: feature extraction/tracking, face pose
estimation, bundle adjustment, structure from silhouette, generic
model adaptation and texture mapping. In this paper, the camera
intrinsic parameters are first calibrated by using the easy
calibration tool developed by Zhang [10]. However, it is
possible to include the estimation of these parameters in the
bundle adjustment minimization framework that we will
describe in details in the next section. The flow diagram of the
proposed 3D reconstruction system is shown in Figure 1.

In face feature extraction and tracking, the current system
uses a semi-automatic way. Firstly, it requires manual selection
of face feature locations from a sparse set of representative
frames in the video sequence and the corresponding locations in
the generic 3D head model. Then, a cross-correlation based
feature tracking method is applied to track all these feature
points in the rest of all images in the video sequence. In face
pose approximation, we used a traditional pose estimation
algorithm [11] to compute the pose for each frame in the video
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Figure 1. The flow diagram of the proposed 3D head model reconstruction system.
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from the correspondences of the feature points in the image and
the generic 3D model. Note that the 3D structure of the feature
points in the generic model is simply an approximation to the
true 3D structure of the head model, thus the computed pose
estimate is a rough approximation. In the robust bundle
adjustment algorithm, we apply a robust least-squares
minimization algorithm to recover the individualized 3D face
structure and pose for each frame. This robust least-squares
formulation leads to solving a non-linear optimization problem,
which requires a good initial solution to converge to the true
solution. We used the previously estimated poses and the 3D
locations of the feature points from the generic model as the
initial guess. Then the structure from silhouette algorithm is
applied to recover the 3D displacement vectors for the vertexes
on the generic model corresponding to the silhouette on the face
image. After the 3D structure of the face is recovered, we adapt
the generic model to the recovered structure to obtain the
individualized 3D face model. Finally, the texture map of the
face is computed from all the images in the sequence.

3. Robust Bundle Adjustment

Let the 3D locations of the /-th feature point in a
reference coordinate system be denoted by X, , where

/=1K ,/ (N is the total number of feature points), and the
corresponding 2D locations detected in the 4-th frame be
(h, where £=1K ,47and 47 is the total

number of frames in the sequence. The pose of the 3D face
model in the £-th frame is represented by the rotation angles
6o, g9, g as well as the translation vector T'”. The

denoted by X

rotation matrix induced by the rotation angles g, g, gn
is represented by R(Qf_",ﬁf,‘);ﬂf,”) . Let the 3D coordinate of
the feature point X at fhe specified pose be denoted by
R = (3, jo gy Then they are related by the rigid
transformation as follows:

U

The perspective projection of the 3D face feature point Xﬁt )
under the associated pose is given by
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Note that the camera calibration matrix K is

upper-triangular and assumed to be known from camera

calibration. The robust estimation formulation leads to
minimizing the following energy function
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where & is a Boolean variable indicating the presence of
the /-th feature atthe 4 -th frame and the robust © function
is an extension of the Lorentzion (or Cauchy) function
commonly used in robust statistics [12]. The minimization of
the robust energy function in equation (3) can be achieved by
the iteratively re-weighted least-square minimization [13]. The
Levenberg-Mardquart algorithm [14] is employed to update the
solution. The nonlinear optimization problem requires a good
initial solution to converge to the true solution. In our algorithm,
we used the comresponding locations of the face feature points in
a generic 3D head model and the estimated head poses for each
frame as the initial solution for the iterative minimization
process.

4. Structure from Silhouette

After the bundle adjustment process, we get the
estimated 3D locations for the feature points and the head
poses for all the frames. To further improve the model, we
use the silhouette information of the face image and the
generic model with its cormresponding pose to provide
additional 3D constraints for the head model. These new data
constraints will be integrated with the recovered 3D structure
for the adaptation of the generic model.

In the beginning, we extract the occluding contour in
the face image interactively by using the snake technique [15].
For each sampled points along the contour, the 3D line across
the lens center and the contour point on the image plane in
the world coordinates can be decided via perspective
projection. Then, we have to determine an appropriate pair of
corresponding vertices with one located on the line and the
other on the generic model.

We used two criteria to initilaize the correspondence
pairs from the silhouette information. The first criterion is the
orthogonality between the surface normal of the point on the
generic model and 3D line direction; and the other is the
distance between these two correspondence points should be
minimized. Therefore, we search the vertices among the mesh
of the generic model that satisfy the first criterion as candidate
vertices, then we choose the one from all possible candidates
with the minimum distance from the 3D projection line as our
initial guess.

To solve the ambiguity corresponding problem, we
proposed a 3D active contour model to approach the solution.
Let an occluding contour in an image be represented by a set of



ordered nodal points {(z,
contour is extracted by a traditional snake technique. There
exists an inversely perspective projected line in 3D for each 2D
nodal point. Assume these corresponding 3D lines be denoted
by (U, + Uz, ¥+ P, Wy, +W1), i=LK ,m, where each

> 70,7
direction (¢/,/,/#,) is a unit vector. The 3D curve on the

,v)|7=1K ,m} . This occluding

generic model is denoted by a set of ordered nodal
points {( X, ¥, Z)|/=1K ,n} . We used two criteria to
determine the corresponding 3D curves. The first criterion is the
orthogonality between the surface normal of the nodal point on
the generic model and 3D inversely projected line direction; and
the other is the distance between the corresponding points
should be small. To achieve this, we used an
energy-minimization spline approach to obtain the 3D curve.
This energy function is given as follows:

X, ¥, Z|i=1K ,»)
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where (N (7, V,(), V() is the surface normal direction
for the point (¥, 7, z) on the generic model, (, ;) is
the perspective projected coordinate of the point (¥, ¥, 2),
& and [ are regularization parameters controlling the
degree of membrane and thin-plate smoothness of the curve,
respectively. The energy function given in equation (4) is very
nonlinear. Gradient-based minimization methods require a good
initial guess to converge to an optimal solution. In our
implementation, we applied a gradient decent algorithm to
update the solution. The initial curve is computed by first
finding the corresponding vertex in the generic model for each
nodal point in the occluding contour such that its surface normal
is approximately orthogonal to the inversely projected 3D line
and the projected distance is minimal. To accomplish this, we
find the triangles in the generic model that contain
different-signed inner products of the surface normal directions
at their vertices and the inverse projected 3D line direction and
set all the vertices associated with these triangles as candidate
vertices. From these candidate vertices, we find the vertex
whose projection is closest to the nodal point in the occluding
contour. After all the vertices corresponding to the nodal points
in the occluding contour are determined, they can be
re-parameterized and form an initial 3D curve on the generic
3D head model. Figure 2 depicts an example showing the 2D
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occluding contour and the 3D curve on the generic model
computed by using the described 3D snake algorithm.

5. Generic Model Adaptation

In this section, we describe the algorithm for adapting the
generic 3D model based on the 3D structure recovered from the
bundle adjustment and structure from silhouette. Our algorithm
is based on the radial basis function (RBF) interpolation in 3D
space. Let the recovered 3D feature points be denoted by
VO =2 2 p47y and the corresponding locations in the
generic model be denoted by P =(p7 A9 A7y for
/=1K ,V . Assume the vertex P :(R,PV;PI) in the
generic model is related to the corresponding new vertex
P’'=(/~, 7, ) inthe adapted model as follows:

V+a, +b6,FP +c P

vy

+d.2,

®
Vta,+6,P + cj,/",, + d’P,

P’ = [ﬁ a,F(P-P"|

N

Z Q’HF(“P _ P(i)
/=1

ﬁ a,F(|P-P"|)+a.+b,2+c.P+d.P]
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where /() is a radial basis function that is given by
Fr)=e'* with a constant & . The coefficients in the

above transformation, ie. 4,44, , for 1</<snN,

d,a,b,,c,d

0@y Ops Cpr By
solving a linear system that transforms all the points P to-
the new points V? [12] in equation (5). After extracting these
coefficients, we put the other non-feature vertices into (5) to
calculate their new locations.

@y, 55

s Crs a,,b,,c,,d,, are determined by

6. Face Texture Mapping

After the 3D geometric head model is reconstructed from
the video, we can compute the texture map of the head model
from the video, too. In this paper, we proposed a modified
texture mapping method to integrate all the images in the
sequence to produce the texture map. The integration is
accomplished via an appropriate weighting scheme.

A cylindrical surface is used as an intermediate
representation between the 3D model and images [16]. The
cylindrical coordinate is represented as (8, 4, ) . In the texture
image coordinate, the horizontal axis is the rotation angle &,
and the vertical axis is the height value /4. In order to create
texture image, we need to combine several reference images
that overlap each other. To solve this problem, we mainly adopt
the image mosaic technique proposed by Burt and Adelson



[17]. In this paper, we extend the pyramid decomposition to
merge several images into one.

Firstly, we create a temporary reference image and a
reference mask as the same size with the texture image for each
image. And then mapping the pixel information from image to
the corresponding temporary reference image through the
model coordinates transformation from the image pixel to the
corresponding cylindrical coordinates. And the temporary
reference mask keeps the weights for each comresponding pixel.
Then, we utilize the downsampling and upsampling operators
to obtain the Gaussian and Laplacian images for each
transformed image, respectively. The Gaussian pyramid and
Laplacian pyramid operators proposed in [17] are employed in
this paper for image downsampling and upsampling. However,
we used a rendering-based weighting function in a cylindrical
representation to combine multiple face images at different
views. The weights are applied to corresponding pixels in each
Laplacian image to merge the weighted images as the resulting
image at each level. Finally, the upsampling operator is applied
to generate the final texture map.

The weighting scheme is a product of two terms. The
first is based on the inner product of the unit surface normal
on the 3D model and the perspective projection line direction
for the corresponding pixel. The second term is a squared
cosine function of the deviated cylindrical angle between the
corresponding  pixel and the image center at the
corresponding view. To be more specific, this weighting
function is given as follows.

W =1 pl) xeos' 6/ -0) O
where j/ is the unit normal vector on the 3D model
cormresponding to the pixel /in frame /; ;rr/ denotes the
projection line through the optical center and the 3D location on
the model for the same pixel; ¢/ isthe ¢ value in cylindrical
coordinate for the above pixel; and ¢/ is the & value in

cylindrical coordinates of the face model at the current frame
;- The weight is set to zero when the inner product is negative.
All the weights of the pixels in different images corresponding
to the same pixel in the texture image are normalized so that the
sum is equal to 1.

7. Experimental Results

In this section, we present some experimental results of
recovering the 3D head model from a video sequence by using
the proposed system. In our experiments, we fixed the camera
and have the person move with rotation in front of the camera.
Three representative images in an example video sequence with
selected feature points are shown in Figure 2. We used 22 face
feature points for structure from motion in the robust bundle
adjustment algorithm. These face features are manually selected
at representative frames and then tracked along the rest of the
sequence by using a cross-correlation algorithm.

The generic 3D head model used in our experiment was
provided by the Visualization Environment Lab of the Institute
of Information Science, Academia Sinica, Taipei. It consists of
1414 vertices and 2576 triangles. The wireframe of this model
and its original texture mapped image are displayed in Figure 3.

Similarly, the selected face feature points corresponding
to the 3D generic model were manually chosen. After the
structure from motion and structure from silhouette process, we
obtained the displacement vectors as geometric constraints on
the 3D generic model as depicted in Figure 4(a) and (b). After
the RBF interpolation, the adapted model is shown in Figure
4(c).

Seven frames in the video sequence are used to compute
the texture map of the 3D head model by integrating them with
appropriate weighting. Figure 5 shows the computed texture
map. Figure 6 gives three different views of the reconstructed
head model rendered with the integrated texture map.

Figure 2. Three representative images in a video sequence with the selected face feature points indicated by white dots.
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Figure 3. The generic 31 head model displayed with (a) a wireframe and (b) default texture mapped image with the feature points
specified on the model.

(b) (c)
Figure 4. The displacement vectors computed from the bundle adjustment and structure from sithouette are used to constrain the 3D
generic head model as shown in (a) and (b). After mode! adaptation, the reconstructed 3D head model is shown in (c).

Figure 5. The integrated texture map.
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Figure 6. Three different rendered views of the computed 3D head model.

8. Conclusions

In this paper, we presented an integrated system for
reconstructing an individualized 3D head model from a video
sequence. Our reconstruction algorithm is based on the
adaptation of a generic 3D head model. Three-dimensional
geometric constraints on the head modet are computed from the
robust bundle adjustment algorithm and the structure from
sithouette method. These 3D constraints are integrated to adapt
the generic head model via radial basis function interpolation.
Then the texture map of the reconstructed 3D head model is
obtained by integrating all the images in the sequence through
appropriate weighting. The proposed face model reconstruction
method has the advantages of efficient computation as well as
robustuess against noises and outliers. The focus of future
improvement of the cwrent system lies on relieving user
interaction in the feature extraction process. In addition, we
would like to extract more feature points from the video
sequence to better constrain the final reconstructed face model.
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