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Abstract. We propose a method that can reconstruct both a 3D facial
shape and camera poses from freehand multi-viewpoint snapshots. This
method is based on Active Shape Model (ASM) using a facial shape
database. Most ASM methods require an image in which the camera
pose is known, but our method does not require this information. First,
we choose an initial shape by selecting the model from the database
which is most suitable to input images. Then, we improve the model by
morphing it to ﬁt the input images. Next, we estimate the camera poses
using the morphed model. Finally we repeat the process, improving both
the facial shape and the camera poses until the error between the input
images and the computed result is minimized. Through experimentation,
we show that our method reconstructs the facial shape within 3.5 mm
of the ground truth.

1

Introduction

3D shape reconstruction is one of the research issues that is extensively studied
for over 20 years in computer vision. Hardware devices such as a range scanner
help us to measure a 3D shape accurately [1]. A video projector, one of the
hardware devices, can also help us to reconstruct a 3D shape by projecting
some particular patterns to an object [2,3]. However, these hardware devices are
expensive and not easy to use. Therefore, a lot of image based techniques which
do not require any hardware devices except camera have been presented.
For example, Shape from Shading and Shape from Texture can reconstruct a
3D shape from a single-viewpoint image. These methods, however, have so many
constraints on reﬂectance properties and illumination conditions that it could
not be used easily. Stereo Vision which requires multi-viewpoint images is also
hard to use because the user have to calibrate cameras accurately.
There is a technique named Structure from Motion [4] that reconstructs a 3D
shape from sequential images such as video. This technique uses Optical Flow in
order to ﬁnd corresponding points between subsequent frames. However, Optical
Flow can not be computed accurately because cheeks have uniform texture.
To solve these problems, methods based on Active Shape Model (ASM) have
developed. These methods uses a database which has 3D facial shapes measured
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by a range scanner. A 3D facial shape can be reconstructed accurately using
Principal Component Analysis (PCA) of the database. Some traditional methods [5, 6, 7], however, use only one input image, so 3D geometric information
is ignored. Even though the appearance of their results is plausible, the reconstructed shape may lack geometric compliance.
In contrast, the other ASM methods [8, 9, 10] consider the geometric information, using multi-viewpoint images. However, camera poses are assumed to be
already known. This assumption requires the user to calibrate cameras. Recently,
a method in which the user need not calibrate any cameras was proposed [11].
A 3D facial shape can be reconstructed from uncalibrated multi-viewpoint images. However, this method reconstructs a shape without estimating the camera
poses. Therefore the reconstructed results is not accurate.
In this paper, we propose a method that can reconstruct a 3D facial shape from
uncalibrated multi-viewpoint snapshots. In fact, our method requires some manual inputs such as clicking facial feature points. However, the user do not have
to prepare any special hardware devices and any calibrations, so this method is
easy to use even at home.

2

Method

We aim to recover a facial shape from uncalibrated multi-viewpoint snapshots,
which capture a face from various unknown poses. This means that we need to
estimate both a facial shape and camera poses from the input images. However,
the shape optimization requires camera poses, while the pose estimation requires
a facial shape. Even though an initial shape is quite diﬀerent from a real shape,
it is only one information that can be used for the pose estimation. That is
why the poses and the shape can not be accurately estimated simultaneously in
one computation. Therefore, in the proposed method, we designed an iterative
algorithm for reducing estimation error.
Fig. 1 shows a ﬂowchart of this method. We roughly estimate a camera pose
against a target human face in each input image using an interim shape. A
projected image of the interim shape can be rendered at the each estimated
pose. The error between the input images and the projected images is computed
by error functions. The interim shape is optimized to minimize the error.
The interim shape is quite diﬀerent from a real target shape at the beginning of this process. As the interim shape is ﬁtted to the real shape, the poses
can be computed more accurately. The accurate poses make the interim shape
more accurate. To repeat this process, we can get a reconstructed shape as the
optimized interim shape.
Our method can be regarded as an energy minimization. We want to ﬁnd the
shape x which minimizes the error y in the equation y = f (x), where f is the
error function. It is better that the argument vector x is lower dimensional in this
situation. We use PCA of a facial shape database to make x lower dimensional
vector.

Reconstruction of Facial Shape from Freehand Multi-viewpoint Snapshots

Input Images

643

Interim Shape

Pose Estimation
Poses

Error Evaluation
Projection

Evaluated Value

Projected Images

Convergence
Yes

No
Shape Optimization

Shape

Fig. 1. Flowchart of this method

We describe about the database in 2.1, and PCA in 2.2. The way of the initial
shape generation, the camera pose estimation and the facial shape optimization
are referred in 2.3, 2.4, 2.5 respectively. The deﬁnition of the error functions is
in 2.6.
2.1

Database

Our database is composed of human’s head shape data. Each data is scanned
by a range scanner. The scanned data have around 200 thousand vertices. An
anatomist extracted one hundred vertices which have an anatomically important
information, and another 330 vertices are interpolated. Fig. 2(a) shows the orbitomeatal plane coordinate system, on which all the human’s head shapes are
deﬁned. We use only a facial part of the 430 head vertices. The facial part has
260 vertices shown in Fig. 2(b). We have two databases which include 52 males’
and 52 females’ facial shape respectively.
2.2

Principal Component Analysis

The facial shape, that is represented as a multidimensional vector, should be
lower dimensional through the optimization. PCA can compress the multidimensional vector to lower dimensional one.
Our database has m persons’ shape vectors. Let x1 , x2 , · · · , xm denote them
respectively. Each vector is deﬁned as x = [x1 , y1 , z1 , x2 , y2 , z2 , · · · , xn , yn , zn ] ,
where n is the number of vertices. In our database, n = 260 and m = 52.
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Fig. 2. Database deﬁnition

PCA calculates eigenvectors p1 , p2 , · · · , pk from the shape vectors, where
k = min (3n, m) and pi ∈ 3n (1 ≤ i ≤ k). An arbitrary facialshape x can
m
1
be represented by the eigenvectors and an average shape x̄ = m
i=1 xi :
x = x̄ +

k


si p i .

(1)

i=1


The vector s = [s1 , s2 , · · · , sk ] is in a one-to-one correspondence with the vector
x. Both x and s represent the facial shape uniquely.
Choosing l (1 ≤ l < k) elements from s in ascending order, we get a vector

ŝ = [s1 , s2 , · · · , sl ] . If the shape is represented by ŝ, a predicted shape x̂ can
be computed:
l

x̂ = x̄ +
si p i .
(2)
i=1

Thus we can convert x̂ and ŝ each other at any time.
The facial shape is represented by the 3n dimensional vector x. Now it is
compressed to the l dimensional vector ŝ by the theory of PCA, so it can be
practical to optimize the facial shape.
2.3

Initial Shape

We have to choose an initial shape from our database. To choose the most
suitable shape, ﬁrst we project all shapes x1 , x2 , · · · , xm to the eigenspace. Next
we estimate a camera pose using the projected shape ŝi (1 ≤ i ≤ m) in each input
image, and then render the projected image of each shape. Finally we compute
the evaluated values yi = f (ŝi ) and determine an initial shape ŝinit as the shape
ŝi which has the minimum error yi .
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Fig. 3. Relationships among coordinate systems

2.4

Pose Estimation

Fig. 3 shows image coordinate system u = [u, v] , camera coordinate system
XC = [xC , yC , zC ] , and world coordinate system XW = [xW , yW , zW ] . They
relate to each other:
ũ  K X̃C
(3)
X̃C  M X̃W ,

(4)

where K is intrinsic camera parameter and M = [R|t] is extrinsic camera
parameter. They are denoted vy following elements:
⎤
⎡
⎤
⎡
r11 r12 r13 t1
f x 0 cx
(5)
K = ⎣ 0 fy cy ⎦ , M = ⎣r21 r22 r23 t2 ⎦ .
0 0 1
r31 r32 r33 t3
The world coordinate system equals to the orbitomeatal plane coordinate
system in this situation. We assume that the intrinsic parameter K is already
known, and the 2D feature points u are also known because of user’s clicking.
The 3D facial feature points XW is given by the interim shape ŝ.
In this method we compute the camera pose, that is the extrinsic parameter
M , from a pair of the ﬁve feature points u and XW (see Fig. 2) using Zhang’s
method [12].
2.5

Shape Optimization

Eq. (3) (4) leads to a following equation:
ũ  KM X̃W
 P X̃W ,

(6)

where P is so-called projection matrix. We can project the interim shape ŝ
to an image at the same pose as the input camera pose P , so the projected
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image depends on the projection matrix P and the interim shape ŝ. In fact, the
projection matrix is computed from the interim shape. Therefore, as a result,
the projected image relies on only the interim shape.
We can compute the error between the input image and the projected image. The shape is otimized to minimize it. We use Levenberg-Marquardt method
for the optimization. This algorithm generates the optimized shape ŝopt =
arg minŝ f (ŝ), where f denotes the error function. In fact, the error function
is composed of the four functions described at 2.6:
f (ŝ) =

4


2

{αi fi (ŝ)} ,

(7)

i=1

where αi (1 ≤ i ≤ 4) is a weight coeﬃcient of each function determined empirically. The optimized shape ŝopt is the ﬁnal output of this method.
2.6

Error Functions

There are four error functions. They require manual inputs such as ﬁve feature
points uinput, a silhouette Sinput, and an outline Linput on each input image
Iinput . The silhouette is a facial part of the input image. The outline is a part of
the contour of the silhouette. A border between a face and a background is the
outline. In contrast, a border between a face and hair is not the outline.
Facial Likelihood Error Function. This function computes a correlation
value between an argument shape ŝ and the set of the database shapes:

l
1  s2i
,
(8)
f1 (ŝ) = 1 − exp −
2 i=1 λi
where λi (1 ≤ i ≤ l) denotes the eigenvalue, that is a variance of the learning data
set. We suppose that the human facial shapes are on the Gaussian distribution
from the average shape.
If the argument shape ŝ is far from the data set, the error value should be
high. This function prevent the interim shape from being morphed too much
and being far from humanity.
Facial Contour Error Function. This function evaluates the diﬀerence in
terms of the contour between the argument shape and the input image: The
deﬁnition is:
(u,v)
dproj dudv
,
(9)
f2 (ŝ) = A
w A dudv
where

(u,v)

A = (u, v) |Linput = white

(10)

Reconstruction of Facial Shape from Freehand Multi-viewpoint Snapshots

(u,v)

dproj = D (Sproj)(u,v) + D S̃proj

w=


fx2 + fy2
t3
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(u,v)

.

(11)

(12)

S̃ denotes a negative image of a binary image S. D (S) means the euclidean
distance transformation of S. Note that the silhouette Sproj is the projection
of the argument shape ŝ, so it depends on ŝ. The main part of this function is
(u,v)
A dproj dudv. This part means the sum of absolute distance from the outline
to the projected silhouette. The denominator is a normalization factor, where w
represents the projected facial area size and A dudv is the length of Linput .
Feature Points Error Function. This function evaluates a 2D distance of the
feature points between the input image and the projected image. Let uinput, uproj
denote the feature points on each image:
f3 (ŝ) =

5

1 
 (i)
(i) 
uinput − uproj  ,
5w i=1

(13)

where u(i) (1 ≤ i ≤ 5) represents the coordinate of each feature point. Note that
the projected points uproj depends on ŝ. The denominator is a normalization
factor, where w is deﬁned by Eq. (12).
Texture Error Function. This function can evaluate the detail of the face. We
use the most frontal facial input image for a texture, and then render a texture
mapped projected image Iproj onto the other input image Iinput . We compute
the error usihng following equation:


 (u,v)
(u,v) 
−
I
I
input
proj  dudv
B
f4 (ŝ) =
,
(14)
dudv
B
where

(u,v)

(u,v)

B = (u, v) |Sinput = Tproj = white .

(15)

Tproj is a mask image that presents a texture mapped area.
The numerator is the sum of absolute diﬀerence of each appearance in a region
of comparable area. The denominator is a normalization term, that is a size of
the comparable area.

3

Experiments

First, We reconstruct a facial shape from multi-viewpoint snapshots. The result
is show in 3.1. Next, in order to discuss the accuracy, we reconstruct ﬁve persons’ shapes whose real shapes are measured by a range scaner in advance. The
accuracy is shown in 3.2 and discussed in 3.3.
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Reconstruction

The number of input images is four in 640 × 480 resolution. The input images
are taken by a digital still camera and not calibrated extrinsically. Through
the experimentation, we use l = 20 principal components, which enable the
cumulative contribution ratio 90%. The parameters in Eq. (7) is determined
empirically as α1 = 1.0, α2 = 6.0, α3 = 3.0, α4 = 0.1. We decide αi (1 ≤ i ≤ 4),
where the evaluated values αi fi (ŝ) are nearly same to each other.

(a) Iinput

(b) Sinput

(c) Linput

(d) Mesh overlaid.

(e) Proj.

(f) Sproj

(g) Iproj

(h) Tproj

Fig. 4. Input image and reconstructed result

Fig. 4 shows the results. Though the number of the input images is four, we
show one typical image in the ﬁgure. Fig. 4(a) is the input image with cliked
feature points. Fig. 4(b) and Fig. 4(c) are the silhouette and the outline of the
input image respectively. We reconstruct a shape from these inputs. The result
is shown in Fig. 4(e). Fig. 4(f) shows the silhouette image of it. Fig. 4(g) is the
projected image with a texture, and Fig. 4(h) is the mask image that means the
texture mapped area. Fig. 4(d) shows an image with a reconstructed mesh.
To compare Fig. 4(a) with Fig. 4(g), the PSNR (Peak Signal-to-Noise Ratio) of the appearance is 24.4 dB. The computation time is around 10 minutes in the condition of Windows XP SP3, Intel Core 2 Duo 6700 (2.66GHz),
3.5GB RAM.
3.2

Comparison with Range Data

We reconstruct ﬁve persons’ shapes whose real shapes are already known by
a range scanner. They consist of three males and two females, and we use a
respective database. The experimental condition is the same as 3.1.
We computed 3D reconstruction errors from real shapes. The error means
the average of the euclidean distance between the true verteces and their
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Table 1. Shape evaluation. Each column corresponds with the each person. The top
row shows the error between the real shape and the reconstructed shape. The middle
row means the error between the real shape and the most similar shape in the database.
The bottom row is the average value of errors between the real shape and the respective
shapes in the database (mm).
Person ID
Reconstructed
Min DB
Avg DB

Male 1
3.1
3.5
4.9

Male 2
3.3
3.2
5.0

Male 3
3.2
2.9
4.3

Female 1 Female 2
3.9
3.9
3.0
2.7
4.6
4.7

corresponding reconstructed vertex positions. Table 1 shows the fact that the
reconstructed shape is around 3.5 mm diﬀerent from the real shape. Compared
with the middle row and the bottom row, the reconstructed results look suitable.
3.3

Error Distribution

Fig. 5 shows reconstruction error maps. Each column corresponds with the each
person. Fig. 5(a) is the real shapes which is measured by a range scanner. Fig.
5(b) is the reconstructed shape, and Fig. 5(c) is the error maps.

(a) Real shapes

(b) Reconstructed results

0

6mm

(c) Error maps
Fig. 5. Reconstructed results and error maps

The center of the face has a small error. In contrast, the edge has a big error.
This occurs because the feature points are concentrated to the center of the face.
That is why the edge part can not be computed accurately.
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Conclusion

We proposed a method that can reconstruct both a facial shape and camera
poses from freehand multi-viewpoint snapshots. This method does not use any
special hardware device. The most of conventional methods require a calibrated
multi camera system, but our method does not require it because we estimate
both of them simultaneously.
The reconstruction error is around 3.5 mm. However, our method needs manual inputs such as facial feature points, a silhouette and an outline. It is better
to decrease these manual inputs. It will be a future task.
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