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Abstract. Pose variance remains a challenging problem for face recognition. In
this paper, a stereoscopic synthesis method for generating a frontal face image
is proposed to improve the performance of automatic face recognition system.
Through this method, a frontal face image is generated based on two posevariant face images. Before the synthesis, face pose estimation, feature point
extraction and alignment are executed on the two non-frontal images. Benefited
from the high accuracy of pose estimation and alignment, the composed frontal
face retains the most important features of the two corresponding non-frontal
face images. Experiment results show that using the synthetic frontal image
achieves a better recognition rate than using the non-frontal ones.
Keywords: Face recognition, pose estimation, face alignment, stereoscopy,
texture synthesis.

1 Introduction
In recent years, techniques on face recognition have been developed a lot. Many
algorithms have achieved satisfying recognition performance in controlled conditions
under which faces are in frontal pose with harmonious illumination and neutral
expression. However, there are still many open problems when face recognition
technology is put into real world applications. The face recognition vender test
(FRVT) 2002 reports [1] that recognition under illumination, expression and pose
variations still remains challenging. Results show that recognition rate decreases
sharply when face rotates to a large angle.
Aiming to improve face recognition performance under pose variance, face
synthesis has been considered a lot. There have been considerable discussions of
synthesizing face image in novel views which can be roughly divided into two
categories: those based on 3D head model and those based on 2D image
statistics [2].
One common way to synthesize novel views of a face is to recover its 3D structure.
Many current algorithms utilize a morphable 3D model to generate face images of
novel views from a single image. These methods face a problem in common: when
only one face image is available, the texture within occluded region becomes
undefined. Vetter et al. [3, 4] use the linear object class approach to deal with this
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problem. It is assumed that a new face’s texture can be represented as a linear
combination of the texture from a group of example faces in the same view, and the
combination coefficients can be used to synthesize the face image in another view.
However, another difficulty appears. Since the generated texture is a linear
combination of the textures in training database, some individual characteristic
information would be lost, such as little scar, beauty spot, and so on.
Methods based on 2D images can also produce promising results for face
synthesis. Stereopsis and projective geometry are often utilized. The utilization of
these techniques highly depends on whether most face region is visible in all source
images. While building statistical models for face images, AAM (Active Appearance
Models) [5] and ASM (Active Shape Models) [6] are widely used. Both methods can
help extract corresponding feature points for different facial images.
In this work, we present a whole scheme from pose-variant image capture to novel
frontal image synthesis and recognition. This scheme generates a frontal facial image
based on multiple pose-variant facial images. Pose estimation algorithm and ASM
algorithm for face alignment are both improved to ensure the synthetic accuracy. The
synthesis stage is divided into shape reconstruction and texture synthesis. Shape
reconstruction is carried out mainly based on stereoscopy and partly assisted by a
trained model. The proposed scheme solves the following problems:
1.
2.

3.

It transforms the 2-D rotated facial images to a 2-D frontal view which is
proven more suitable for face recognition by our experimental results.
Since the synthesis is based on more than one image, the texture contained
in the two input images can cover most of the face so that details are
retained;
It overcomes the computationally extensive problem of synthesis, and thus is
suitable for real-time face identification applications;

The rest of the paper is organized as follows: Section 2 provides an overview of the
proposed method; Section 3 introduces briefly the pose estimation method and
Section 4 introduces the face alignment method, both of which affect the final
accuracy of face reconstruction. Section 5 demonstrates the synthetic process,
including shape reconstruction and texture synthesis. Experiment results are given in
Section 6, and this paper is concluded in section 7.

2 Overview of the Proposed Scheme
Aiming to generate a frontal-pose face image for recognition, an integrated scheme is
designed, including image collection, image preprocessing, pose estimation, face
alignment, facial shape reconstruction and texture synthesis, as shown in Fig. 1.
The Multi-Channel Image Input & Process Module by Tsinghua University
captures face image and performs face detection parallelly in four channels. Face
synthesis will be carried on based on the input images with the help of pose
estimation and face alignment.
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Fig. 1. Overview of the proposed scheme

3 Pose Estimation
In order to reconstruct a frontal face, the first step is to estimate poses of the input
face images. The face images are preprocessed through feature-positioning and
normalization. They are rectified and normalized geometrically according to the
automatically located key-point positions. In the geometric normalization step, not
only the eyes but also the chin middle point are located automatically. Then each face
image is scaled and rotated so that the eyes are positioned in a horizontal line and the
distance between the chin point and the center of the eyes equals a predefined length.
After that, the face image is cropped to a given size. The examples of training images
in TH face database [7] are shown in Fig.2. We collect 780 images of 60 people with
left-right poses ranging from -45 degree to 45 degree at intervals of 15 degree and
with up-down poses ranging from -20 degree to 20 degree at intervals of 10 degree.
It is essential to extract features from images utilizing the composite PCA (principle
component analysis) and projecting face images to their eigenspace. Given a set of
samples X i ∈ R N represented face images by column vectors. The transformation

Fig. 2. The training face images in TH database and their corresponding normalized images
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matrix can be formed by using eigenvectors which normalized to unit matrix T . The
projection of X i into the N-dimensional subspace can be expressed as

α = {α1 ,L , α N } = X iT ⋅ T

(1)

The shape feature is shown in Fig. 3. The feature points represent geometric
characteristic. AB and A' B ' are the distance between two eyes when pose angle is 0
and β degree respectively. Set radius as 1.
A' E ' = A' B ' = sin(θ + β ) + sin(θ − β ) = 2sin θ cos β

(2)

Since distance AB = 2sin θ , then pose angle

β = arccos(

A' E '
)
AB

(3)

Set weights of two weight parameters α and β after two groups of features are
gained. The new eigenvector ξ is

ξ = p ⋅ α + q ⋅ β , where p + q = 1

(4)

SVM (support vector machine) is used to find the optimal linear hyperplane by
which the expected classification error for unseen test samples is minimized [8].
According to the structural risk minimization principle, a function that classifies the
training data accurately will generalize best regardless of the dimensionality of the
input space.
Each training sample xi is associated with coefficient ai .Those samples whose
coefficient ai is nonzero are Support Vectors (SV) of the optimal hyperplane. f ( x) is
an optimal SVM classified function. yi ∈ (+1, −1) .
f ( x) =

∑ y a K ( x , x) + b
i i

i

(5)

vector

Where K is a kernel function. Here we use linear kernel, φ ( xi ) = xi , then
K ( xi , x j ) = xi ⋅ x j = xiT x j .

Fig. 3. Shape feature points and the configuration of pose variance

952

C. Li et al.

The PCA projection values of samples to eigenspace are used as SVM input
parameters and the optimal hyperplane that correctly separates data points is found.
Combining the PCA and SVM classifier, we can draw better classification results,
thus more accurate pose angle estimation.

4 Face Alignment
An improved ASM (active shape models) method is chosen to extract the face feature
points in this paper. It is hard for the conventional ASM to get accurate result on each
feature point; what’s more, the performance depends heavily on the initial positions of
the landmarks. According to the facial structure, the edge information and facial part
information are introduced to the matching process of ASM, which improved the
performance of ASM [9, 10].
The face images are first normalized and totally 105 feature points extracted by the
improved ASM algorithm are selected to represent the face shape feature, as shown in
Fig. 4.

Fig. 4. Feature points extracted by the improved ASM algorithm

Although the improved ASM algorithm provides fine alignment, the accuracy of
points can still be ameliorated. For images with different left-right poses, feature
points with the same definition in different images should have the same y-coordinate
value. However, we found the ASM results did not always meet this principle,
although they together can always well descript contours of facial parts.
Therefore, to ensure the corresponding relation between feature points in different
images, feature points of some facical parts like face contour are connected and fitted
by polynomial curve. As shown in Fig. 5, half of the contour is fitted at two stages. At
the first stage shown in the left, feature points are roughly fitted and the point parallel
to the corner of mouth is considered to be a subsection point. Then the contour is
fitted separated by two curves as shown in the right. Then the contour feature points
are adjusted on the curves in well-proportioned distribution. Besides fitting the
contour, similar operations are also carried onto the other facial parts. The alignment
of the face feature points provides an important basis for shape reconstruction of
frontal face, which will be mentioned in the next section.
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Fig. 5. A two-stage fitting to the contour with polynomial curves

5 Face Synthesis
A face image can be separated into shape information and texture information. If we
have these two kinds of information, we can reconstruct a facial image.
5.1 Shape Reconstruction

The shape of the novel frontal facial image is reconstructed based on the aligned
feature points extracted from the source images. Two-view stereoscopy is introduced
into the shape reconstruction, as shown in the Fig. 6 below.

Fig. 6. Demonstration of the stereoscopy of shape reconstruction

For those feature points that are occluded in the source image with large rotation,
we utilize a mean 3D model generated by 30 training subjects to reproduce their
positions. We assume the shape of a human face is symmetric in horizontal direction.
So we can generate positions of feature points in the occluded part from the viewable
part in the same image with the help of this model. Although the model-based
generated feature point positions are only approximations to their actual positions, the
accuracy of these positions can be improved by a series of detailed iterative measures.
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Fig. 7. A mean 3D model in our experiment

5.2 Texture Synthesis

For each source image and the reconstructed image, after feature points are
positioned, triangularization is introduced to depart the face into multiple triangles.
The triangularization follows the same principle and is realized by applying Delaunay
triangularization [11] to a standard frontal shape. The standard frontal image can be a
mean shape from a series of training images. Then the triangle based affine transform
is used to span the source face images to fit the destination shape. Equation (6)
describes this affine transform process. Here ( x ', y ') is the corresponding coordinate
in the destination image of a point ( x , y ) in the source image. Since the coordinates
of vertexes of the corresponding triangles in the source and destination images are
known, the affine transform in Equation (6) can be solved.

⎡ x ' ⎤ ⎡ a b ⎤ ⎡ x ⎤ ⎡ Ox ⎤
⎢ y ' ⎥ = ⎢ c d ⎥ ⎢ y ⎥ + ⎢O ⎥
⎣ ⎦ ⎣
⎦⎣ ⎦ ⎣ y⎦

(6)

Fig.8 is an example of the texture synthesis. The left two are the source images
with feature points extracted by ASM; the middle is the destination shape and its
triangulation; the right one is the pure texture for the destination image.
For those source images with very small rotation, there is very little occluded
region. So the whole texture of each source image is used to synthesize a frontal
facial texture and then the mean of them is considered to be the texture for destination
image. However, for those source images with large rotation, the situation will
be different. For each source image, we use the non-occluded half to generate

Fig. 8. Process of texture synthesis
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respectively texture of half the destination image, and a smooth filter is applied to the
boundary in the middle.

6 Experiment Results
In this section we describe our experiment results on TH face database [7]. The
proposed synthesis method is used to generate frontal facial images based on different
sets of facial images with different poses. Then the performance of face recognition
based on the synthetic images is tested and compared with that based on the original
face-rotated images, as shown in Table 1 on the next page.
Experiments are based on an identification task. The task is completed by common
Gabor-PCA algorithm, which is trained by using another 600 frontal images from TH
face database. The recognition rate means the fraction of probes that have ranked first
in the identification task. The gallery consists of images of 2000 people with one
frontal image per person from TH face database. Probe sets include image sets of
different facial poses and the synthetic face image sets. Each probe set contains 200
face images and would be used to test recognition performance respectively.
In our experiments, the mean time cost of the proposed method is tested. The onetime completion of the whole scheme is 0.98 second averagely. This indicates that
this method can be used for real-time identification applications.
Fig. 9 and Fig. 10 show some examples of the facial synthetic results. Fig. 9 gives
two examples of face synthesis based on images with left-right rotation angles
(yawing angles). Fig. 10 gives three examples of face synthesis based on images with
up-down rotation angles (pitching angles). For each person, the first two columns are
original images with rotation; the third column is the synthetic frontal facial image
generated from the two images in the same row by our method; the fourth row is the
real frontal facial image for the same person which is presented here for comparison.

Fig. 9. Examples of face synthesis based on images with different yawing angles (left-right
rotation angles)
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Fig. 10. Examples of face synthesis based on images with different pitching angles (up-down
rotation angles)
Table 1. Recognition performance of the original image sets and the synthetic image sets

Original
Image Set
L 15

Recognitio
n Rate
71.4%

Original
Image Set
R 15

Recognitio
n Rate
70.1%

Synthetic
Image Set
L 15+R 15

Recognitio
n Rate
88.5%

L 30

58.2%

R 30

57.8%

L 30+R 30

76.5%

L 45

25.0%

R 45

25.2%

L 45+R 45

52.6%

L 15

71.4%

R 30

57.8%

L 15+R 20

85.6%

L 15

71.4%

R 45

25.2%

L 15+R 45

79.0%

L 30

58.2%

R45

25.2%

L 30+R 45

62.7%

U 10

62.5%

D 10

62.8%

U 10+D 10

79.9%

U 20

45.0%

D 20

42.3%

U 20+D 20

66.7%

U 10

64.0%

D 20

42.3%

U 10+D 20

70.9%

Table 1 shows the recognition performance of different probe sets. In Fig. 9, Fig.
10 and in Table 1, “L xx” means the images in the set has a face pose with xx
degree’s rotation to its left. Similarly, “R” means “Right”, U means “Up” and “D”
means “Down”. The name “L xx + R yy” in the fifth column means that images in the
set are synthesized through the corresponding images in “L xx” set and “R yy” set.
From Table.1, we can see that the recognition rates in the last column are much higher
than the other two in the same row, which indicates that the frontal face synthesis did
help to improve the recognition performance significantly.

7 Conclusions
In this paper, we proposed a scheme for pose-variant face recognition. In order to
overcome the difficulty brought by the non-frontal face images, a stereoscopic
synthesis method is presented to generate a frontal face image based on two
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pose-variant face images, which are captured at the same time. To ensure the accuracy
of shape reconstruction, we introduced an eigenspace analysis and SVM classification
combined method for facial pose estimation and an improved ASM method for facial
feature point extraction and alignment. With more than one input images, the whole
face texture is nearly totally covered so that the synthesized frontal face can retain the
individual texture characteristics. Although a small quantity of unavoidable
estimation and alignment errors may affect the final reconstruction accuracy,
experiment results show that most of the information important for recognition has
been retained and helps to improve the recognition performance. Without expensive
time cost, this method is suitable for real-time identification applications.
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