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This paper proposes a novel method to estimate the head yaw rotation using the symmetry of regions.
We argue that the symmetry of 2D regions located in the same horizontal row is more intrinsically
relevant to the yaw rotation of head than the symmetry of 1D signals, while at the same time insensitive
to the identity of the face. Specifically, the proposed method relies on the effective combination of Gabor
filters and covariance descriptors. We first extract the multi-scale and multi-orientation Gabor
representations of the input face image, and then use covariance descriptors to compute the symmetry
between two regions in terms of Gabor representations under the same scale and orientation. Since the
covariance matrix can alleviate the influence caused by rotations and illumination, the proposed method
is robust to such variations. In addition, the proposed method is further improved by combining it with
a metric learning method named aa KISS MEtric learning (KISSME). Experiments on four challenging

Symmetry

databases demonstrated that the proposed method outperformed the state of the art.

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

During the last decades, there has been a significant progress in
the face recognition research. However, robust and accurate face
recognition is still a challenging problem especially because of
pose variations. To achieve robustness to pose variations, one
might have to process face images differently according to their
poses. Therefore, head pose estimation has been an active research
topic for many years. In this paper, we focus on the challenging
problem of estimating the head yaw pose from the input face
images.

Head pose estimation from images is a challenging problem
due to large variations because of pose, illumination, facial
expressions, and subject variability. A generic (i.e. person-inde-
pendent) algorithm for head pose estimation has to be robust to
such intrinsic variations and extrinsic variations such as occlusion,
noise, illumination and perspective distortion. The different meth-
ods about head pose estimation are introduced in Section 2. The
survey on the topic of head pose estimation can be found in [1].

Recently, Ma et al. have proposed the GaFour method which
estimates the head yaw pose by using the symmetry of the facial
appearance [2] and shows great improvement in head pose
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estimation. They argue that the symmetry of the intensities in
each row of the face image is closely relevant to the yaw rotation
of head. Their motivation comes from the observation that with
the pose varying from the front to the half-profile, the symmetry
of the face image decreases gradually. Since this decrease of the
symmetry is insensitive to the identity of the input face, it can be
explored to estimate the head pose. Specifically, in GaFour, taking
the intensities of each row of the face image as a 1D signal, 1D
Gabor filters are first convolved with the row signals to reduce
noise and extract the local information, and then Fourier analysis
is applied to compute the symmetry features of the head, i.e., to
represent the pose.

Although the symmetry based on the 1D signal is related to the
head pose, it is easily affected by other factors, such as the
misalignment. For example, when there is a rotation in the plane
for a frontal face image, the pixels in the same row are no longer
symmetrical. In fact, the problem of misalignment happens
inevitably since the input images in the head pose estimation
problem often come from the output of automatic face detectors.
Generally speaking, many automatic face detectors only care about
whether there are faces in the image but not their orientations. In
this scenario, the robustness to misalignment is one of the draw-
backs of the methods based on the 1D signals.

In this paper, we propose a novel method to improve the
accuracy of head pose estimation using the symmetry of 2D
regions of the input face image. In the proposed method, 2D
Gabor filters are first convolved with the input face image to
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alleviate the influence of noise and illumination and extract the
local information. The Gabor feature at each scale and orientation
is then divided into many regions with the same size. Covariance
descriptor is used to extract the similarity of the symmetrical
regions in the same horizontal row. The similarities of all the
scales and orientations are concatenated to form the symmetry
representation of the face image. To further enhance the discrimi-
native ability and reduce the dimension of the proposed repre-
sentation, metric learning methods, specifically, KISS MEtric
learning (KISSME) [3], are applied to extract features. To gain the
final pose, the Nearest Centroid (NC) classifier is exploited finally.

Compared with the symmetry of the 1D signals in GaFour, the
symmetry of the 2D regions in the proposed representation is
more relevant to pose variations. On the one hand, when the in-
plane rotation happens, even if a point and its symmetric point in
the face are not in the same row of the image, they are most
probably still in the symmetrical regions. By using the symmetry
of regions, the influence of misalignment can be reduced greatly.
On the other hand, the symmetry features of GaFour are extracted
by Fourier transform, which means that even though the features
include the information of symmetry, they are not a direct
symmetry measure. On the contrary, in the proposed method,
the similarity of 2D regions is computed by the distance between
covariance descriptors. The similarity is taken as the symmetry
measure of regions. So, we conjecture that the proposed descriptor
can outperform GaFour.

The remaining part of this paper is organized as follows: in
Section 2 we introduce the related methods for head pose
estimation; in Section 3, we show the advantage of the symmetry
of 2D regions compared with 1D signals and the motivation of
using the symmetry of 2D regions to improve the performance of
head pose estimation. In Section 4, the proposed method is
introduced in detail. Experiments on four challenging databases
are shown in Section 5 to demonstrate the effectiveness of the
proposed method. Conclusions are drawn in Section 6 with some
discussions on the future work.

2. Related work

During the last decades, more and more researches put their
attentions on the task of head pose estimation. There exists a large
amount of literature on the topic of head pose estimation, see [1]
for a review. Broadly speaking, most previous work can be
categorized into three main groups: algorithms based on facial
features [4-6], model-based algorithms [7,8], and appearance-
based algorithms [9,10].

In the algorithms based on facial features, the 3D face structure
is exploited along with a priori anthropometric information in
order to define the head pose. Representative geometric features
used to estimate the head pose include the elliptic shape of the
face, the mouth-nose region geometry, the line connecting the eye
centers, the line connecting the mouth corners and the face
symmetry. This category of algorithms has a major disadvantage:
they are sensitive to the misalignment of the facial feature points,
while the accurate and robust localization of facial landmarks
remains as an open problem, especially for the non-frontal faces.

Using the 3D structure of human head, the model-based
algorithms build a priori known 3D models for human faces and
attempt to match the facial features such as the face contour and
the facial components of the 3D face model with their 2D
projections. Once the correspondences from 3D to 2D are found
between the input data and the face model, conventional pose
estimation techniques are exploited to provide the head pose. The
main problem for these algorithms is that it is difficult to precisely

build the head model for different persons and to define the best
mapping of the 3D model to the 2D face images.

The appearance-based algorithms typically assume that there
exists a certain relationship between the 3D face pose and some
properties of the 2D facial image and infer the relationship by
using a large number of training images and statistical learning
techniques. Intuitively, these appearance-based algorithms can
naturally avoid the drawbacks of the model-based methods.
Therefore, they have attracted more and more attentions. In these
algorithms, instead of using facial landmarks or face models, the
whole image of the face is used for pose classification.

Specially, Gong et al. studied the trajectories of multi-view
faces in linear Principal component analysis (PCA) feature space
[11,12]. They use two Sobel operators (horizontal and vertical) to
filter the training images. PCA is then performed to reduce the
dimensionality of the training examples. Finally, SVM regression is
utilized to construct two pose estimators, for the tilt and yaw
angles. Darrell et al. compute a separate eigen-space for each face
under each possible pose [13]. The head pose is determined by
projecting the input image onto each eigen-space and selecting
the one with the lowest residual error. In some sense, this method
can be formulated as an MAP estimation problem. Li et al. exploit
Independent Component Analysis (ICA) and its variants, subspace
analysis and topographic ICA for pose estimation [14]. ICA takes
into account higher order statistics required to characterize the
view of objects and suitable for the learning of view subspaces.
Wei et al. propose that the optimal orientation of the Gabor filters
can be selected for each pose to enhance pose information and
eliminate other distractive information like variable facial appear-
ance or changing environmental illumination [10]. In their
method, a distribution-based pose model is used to model each
pose cluster in Gabor eigen-space.

Since the set of the facial images with various poses intrinsically
forms a 3D manifold in image space, manifold learning [15-17] for
head pose estimation is getting popular recently [18-23]. In [18], by
thinking globally and fitting locally, Fu and Huang propose to use
the graph embedded analysis method for head pose estimation.
They first construct the neighborhood weighted graph in the sense
of supervised locally linear embedding [15]. The unified projection
is calculated in a closed-form solution based on the graph embed-
ding linearization, and then project new data into the embedded
low-dimensional subspace with the identical projection. To over-
come the disadvantage that most embedding based methods are
unsupervised in nature and do not extract features that incorporate
class information, in [24], Huang et. al. present the method
Supervised Local Subspace Learning (SL?), which learns a local
linear model from a sparse and non-uniformly sampled training
set. The authors argue that SL? is robust to under-sampled regions,
over-fitting and image noise.

After extracting the representation of the face image, neural
networks, Bayesian approaches and Boosting are also applied to get
the final angle of the input image. In [25], a neural network-based
approach is presented, in which a multilayer perception is trained for
each pose angle (pan and tilt) by feeding it with preprocessed facial
images captured by a panoramic camera. In [26,27], based on a
Bayesian formulation, Ba et al. propose an algorithm that couples
head tracking and pose estimation in a mixed state particle filter
framework. In [28], the authors use boosting regression and simple
Haar-type features to estimate the head pose.

With the recent development and availability of 3D sensing
technologies are becoming ever more afford able and reliable,
more and more researchers use the additional depth information
to over come some problems inherent of methods based on 2D
data [29,30].

In our case, the proposed method belongs to the appearance-
based methods. The features used by all the above methods are
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extracted from the entire face. On the one hand, the features are
generally vectorized as 1D vectors which lose the face structure in
some sense; on the other hand, these features contain not only
pose information, but also information about identity, lighting,
expression, etc. Different with the above methods, the proposed
method is based on a commonly accepted assumption that human
head is bilaterally symmetrical and the symmetry in the 2D image
is decreased gradually when the face rotates from the front to the
profile. Motivated by this assumption, our feature is based on the
similarity of face regions. In other words, our feature is indeed
closely related to the pose variations and at the same time
independent of other facial variations, especially the identity.

3. Relationship between pose variations and symmetry
of regions

In [2], the authors illustrate their motivation of using the
symmetry of 1D row signals to estimate the head pose. They
introduce the relationship between the center line of the images
and the symmetry plane of heads. In Fig. 1, the dash line denotes
the center line of the 2D images while the solid line denotes the
symmetry line of 3D faces. In the front-view image, the two lines
are overlapping. With the head pose varying from the front to the
half-profile, the deviation between two lines increases gradually.
This deviation is related to pose variations and the symmetry of
the images at the same time. Finally, the authors conclude that the
symmetry is closely relevant to pose variations.

Though the symmetry is relevant to pose variations, the
symmetry defined in [2] is based on the 1D row signals, which
is easily affected by other factors. For example, when there is a
rotation in the plane for a frontal face image, the pixels in the same
row are not symmetrical. In this section, we argue that compared
with the symmetry of 1D row signals, the symmetry of 2D regions
is more relevant to the pose variations. To demonstrate this, we
conduct the following two experiments using the images from
CAS-PEAL face database [31].

First, we define the symmetry measure of 1D signals and 2D
regions and show their measures on the CAS-PEAL database. We
define the symmetry measure E;p of 1D signals for a face image as
follows:

1 h w
Eo=ypn £ X 01’ 1)

i=1j=

where ;; is the image intensity at position (i,j), w and h are the
width and the height of the input image, respectively. The image |
is flipped horizontally and we can gain a new face image I". In
Fig. 2, we show the image I and its correlative I". In fact, image I
has the same information with image I” because the pixel (x, y) of I
is the same with the pixel (w+1—x,y) of I". By using I', the regions
with the same position of two images are much easier to be
accepted by human brain than the different positions of one
image. Obviously, the lower the value of Eip, the greater the
amount of symmetry and vice versa. For all the images in the CAS-
PEAL database, we compute their symmetry measure E;p and
show the means and the standard deviations of E;p under different
poses in Fig. 3(a). In the figure, the horizontal axis represents the
pose while the vertical axis shows the measure of symmetry. From

the figure, we can know that Ep is increased with pose varying
from the front to the half-profile, which means that the symmetry
is decreased.

We also define the symmetry measure E,p of 2D regions. First,
we divide a face image into many regions. We name a region using
the position of the left-upper pixel. Then the symmetry measure
E>p of the input face image is defined by

1
Ezp = T sym(Ry. Ry) )
ij

where sym(-) is the similarity function of two regions, R; is the
region in the original input image I and R}, is the region in image I".
In the experiment, we take the covariance descriptor as the

T Tt

Fig. 2. A face image and its symmetric image.
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Fig. 3. The symmetry measures of the different poses on the CAS-PEAL database.
The horizontal axes represent the poses and the vertical axes represent the
measures. (a) The symmetry measure of the 1D signals. (b) The symmetry measure
of 2D regions. This figure shows that the symmetry of 2D regions is more related to
the pose variations than that of 1D signals. The values in the figures are normalized.

Fig. 1. The relationship between the symmetry plane of the head and the center lines of the images.
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function of sym(-), which is used in the proposed method and is
introduced in the following section. Obviously, the lower the value
of E,p, the greater the amount of symmetry and vice versa. We
repeat the experiment in Fig. 3(a) and show the means and the
standard deviations of the symmetry measure E,p of different
poses in Fig. 3(b). From Fig. 3(b), we can also clearly see that the
symmetry measures decrease when the pose varies from the front
to the half-profile, which means that the symmetry of 2D regions
is also related to the pose variations and can be applied in head
pose estimation. Compared with the means of E;p in Fig. 3(a), the
means of E;p are more close to a straight line while the standard
deviations of E,p are much smaller than those of E;p when pose
varies from the front to the half-profile. From the comparison, we

-45 -30 -15 0 15 30 45

Fig. 4. The symmetry measures of the different poses on the CAS-PEAL database.
The images are rotated in the plane about 25°. (a) The symmetry of 1D signals.
(b) The symmetry of 2D regions. This figure shows that compared with the
symmetry of 1D signals, the symmetry of 2D regions is more robust to the in-
plane rotation. The values in the figures are normalized.

Band 1 (Scale 1&2)G
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features operation

can conclude that the symmetry of 2D regions is more relevant to
the pose variations than the symmetry of 1D row signals.

We conduct the second experiment to show that the symmetry
of 2D regions is more robust to the rotation in the plane than that
of 1D signals. For all the images in the CAS-PEAL database, we first
rotate them in the plane about 25° and then compute the
symmetry measures of 1D signals and 2D regions again. The
means and the standard deviations of E;p and E,p under different
poses are shown in Fig. 4(a) and (b), respectively. From Fig. 4, we
can see that when the image is rotated in the plane, the symmetry
of 1D signals is destroyed. But the symmetry measures of 2D
regions are still near a straight line when the poses varies from the
front to the right half profile and from —15° to the left half profile.
From this scene, we can conclude that compared with the
symmetry of 1D signals, the symmetry of 2D region is more robust
to the rotation in the plane.

On the whole, compared with the symmetry of 1D row signals,
the symmetry of 2D regions is more related to the pose variants
and robust to the rotation in the plane. Considering the advantage
of the symmetry of 2D regions, in this paper, we try to propose
a novel method which use the symmetry of 2D regions to improve
the accuracy of head pose estimation.

4. Covariance descriptor of Gabor filters

In this section, we first introduce the proposed feature descrip-
tor named Covariance Descriptor of Gabor filters (CovGa). Then,
we introduce how to improve the discriminative ability of CovGa
by using the metric leaning methods, e.g., KISSME. Fig. 5 shows the
flowchart of the proposed CovGa. CovGa is a representation with
two stages: Gabor features are first extracted and then the
symmetrical regions of Gabor filters are encoded by covariance
descriptors. In the following, we introduce each stage in detail.

4.1. Gabor features in CovGa

Though we have shown the advantage of the symmetry of 2D
regions for head pose estimation, in the proposed method, we still
cannot use the symmetry measure directly to estimate the head
pose. On the one hand, it is difficult to distinguish the right pose

1 C

concatenate

D={dy; y - rdyg o
—»
Symmetry
Covariance under CovGa
descriptors Covariance features

descriptors

Fig. 5. The flowchart of the proposed CovGa.
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and the left pose only from the measure. On the other hand, the
standard deviations are too large to estimate yaw accurately.
However, considering the advantages of Gabor filters in face
recognition and the related areas, we exploit the multi-
resolution and multi-orientation Gabor filters to de-composite
the input face images for sequential feature extraction. Then, we
compute the symmetry of the regions on each Gabor
representation.

The Gabor filters are inspired by the human visual system and
their kernels are very similar to the 2D receptive field profiles of
the mammalian cortical simple cells. For an image I(x,y), we
compute its convolution with Gabor filters according to the
following equation [32]:

G(ﬂ, I/) = I(X, y)*l//;t,p(z) (3)
where
_ MR i 2122 207 iz _ o022
W2 = Vo2 ¢ [e"—e 1 4
: _ T
Ky =kpelu, k=277 = I (5)

where 4 and v are the scale and orientation parameters, respec-
tively. In our work, the number of scales is fixed to 16 while v is
quantized into 8 orientations.

In our method, two neighborhood scales (within the same
orientation) are grouped into one band (we therefore have
8 different bands). We apply MAX pooling over two consecutive
scales:

Gj =max{GQi—1,j),GRij}, ij=1,....8 (6)

where i and j represent scales and orientations, respectively. The
MAX pooling operation increases the tolerance to small scale
changes which often occurs in face images since face images are
misaligned or only roughly aligned.

4.2. Covariance descriptor in CovGa

The critical component of the proposed CovGa is how to
measure the symmetry of 2D regions. In this paper, we employ
the covariance descriptor as the metric of the symmetry of 2D
regions. Covariance descriptor was firstly proposed by Tuzel et al.
for object detection [33], and then widely used in other fields such
as pedestrian detection [34| and object tracking. Covariance
descriptor is able to capture shape, location and color information.
It is shown that the performance of the covariance features is
superior to other methods as rotation and illumination changes
are absorbed by the covariance matrix.

In the second step of CovGa, first, for each pixel of the Gabor
representation Gy, a 7-dimensional feature vector fj(x,y) is com-
puted to capture the spatial, intensity, texture and shape statistics:

fiix.y) =[xy, Gj(x.y), Gy (X.y),
Gij, (6. Y), Gij,, (%.¥), Gij, (X, Y)] )

where x and y are the pixel coordinate, G;(x, y) is the Gabor feature
at position (x, y), Gj; (x,y) and Gij, (x,y) are the gradient of image G;
at position (x, y) in direction x and y , respectively. G;_(x,y) and
Gy, (x.y) are the second-order gradient of image Gy at position
(x, y) in direction x and y, respectively, which can be computed by
the convolution between [—1 2 —1] and image Gj;.

Then, Gabor features are divided into small overlapping rec-
tangular regions. The covariance descriptor of region r is computed
as

1 — _
Cir=—75 2 E—Fpfxy—F; )" (8)
n—"Tuper

where ﬁ is the mean of all the fj;(x,y) in region r and n is the
number of the pixels in the region.

The flipped image of Gabor feature image G;; is G} and region r"
is the flipped version of region r. For regions r and 17, we take their
similarity under covariance descriptors as the symmetry of
regions. Since the covariance matrices are not in Euclidean space,
we use the distance definition proposed by [33] to compute the
similarity between regions r and r”:

P
dij,r = d(cij,r, Cij‘rT) = \/ 21 an Ap(cij,r, Cij,rT) ()]
p =

where 4,(Cjj;, Cjj,r) is the p-th generalized eigenvalues of C;;, and
Cijr.

4.3. CovGa

Besides the symmetry of regions, considering the success of
Gabor filters in many area, we also include the Gabor features of
regions in the representation of CovGa. Generally speaking, Gabor
features can be seen as the appearance-based features. As the
similarity metric of Gabor features, the symmetry of regions can
be seen as the features' feature. To a certain extent, Gabor features
and the symmetry of region are in the different level of feature
representations. In this scene, Gabor features can be the supple-
ment of the proposed symmetry features.

Since the central point of CovGa is the symmetry of 2D regions
and we just select Gabor features as the supplement of the
symmetry feature, we do not use all the Gabor features directly.
Instead, when we compute the similarity of two regions, we also
compute the means of Gabor features of these two regions. Note
that Gj;, and Gy, are the mean of Gabor features of regions r and
1T, respectively. We take the mean gijr of Gjjr and G;;,r as the Gabor
features of these two regions:
gy = Sirt Cirt (10)
This way, we need little extra computation while the Gabor
features is complemented in CovGa.

Since the values of d;;, and g;; are not in the same range, before
combining them together, dj, and g;, are normalized, respec-
tively, as follows:

N d:

L (11
VI G ZE G ZR o,

N g

8ijr= = (12)

M _SK SR o2
\/Zi:O - 02— 08jir

where R is the number of regions of image G;, M and K are the
number of Gabor bands and orientations, respectively.
Finally, in CovGa, for region r, its representation Dy, is

Dy =5 3] a3)
For simplicity reason and because it is not the central part of the
paper, we have empirically set the above mixing weights, giving
more emphasis to the proposed descriptor. Learning the weights
from the data should improve the results further.

Finally, the symmetry metrics of different regions under
different bands and orientations are concatenated to form the
image representation:

D=Di11,....D11r, ....Dikr, - ... Dmk.r) (14)

In CovGa, the similarity between two face images I; and I; is
obtained by computing the Euclidian distance between their
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representations D; and D;:
d(;, Ij) = ID; - Dyl (15)

4.4. Analysis of CovGa

We argue that the advantage of CovGa resides in the following
aspects. First, since Gabor filters and covariance descriptors are
both known to be tolerant to illumination variations, the CovGa
representation is also robust to illumination variations. In fact,
illumination variations are still an open difficult problem which
affects the accuracy of head pose estimation and face recognition.

Second, CovGa is also robust to the small misalignment. In
CovGa, when computing the covariance matrix of the region, the
structure of region is destroyed. In other words, the covariance
matrix of the region is based on the pixels not their position. Once
a small misalignment happens, the covariance matrix of the region
is mostly the same because the pixels in this region are still in this
region though their positions have changed.

Finally, our descriptor makes a very different use of the
covariance descriptor. Generally, the similarity under covariance
descriptors is computed on two different images. On the contrary,
CovGa computes the similarity of covariance descriptors within
the same image. We take the similarities as the image signature,
and the difference of probe and gallery images is obtained by
computing the 2 distance between their signatures. By doing so,
we avoid the difficult of computing the similarity between one
probe image and each gallery image under covariance descriptors,
which could be extremely time-consuming when the gallery set
is large.

4.5. Enhancement of CovGa using metric learning

The dimensionality of the original CovGa representation is very
high because of the multi-scales and multi-orientations of Gabor
filters. Reducing the dimensionality makes the proposed method
more efficient. Here we show that the simple methods, such as
Principal Component Analysis (PCA) [35], can work well for the
proposed representation. PCA is a traditional linear transformation
technique, which can greatly reduce the dimensionality of fea-
tures. The projection matrix Wy, is composed of the orthogonal
eigenvectors of the covariance matrix of all the training samples.
After using PCA, we can get the low dimension representation D”
of CovGa by D” =W x D.

In addition, head pose estimation, as a classification problem,
evidently needs the features to be discriminative besides their
good representation ability. Therefore, we need to combine dis-
criminant analysis methods or metric learning methods with the
CovGa representation in order to improve the recognition perfor-
mance. Both the discriminant analysis methods or metric learning
methods improve the discriminative ability by using the informa-
tion of training sample’'s label and can be seen as the supervised
method. Specially, metric learning methods are based on the class
of Mahalanobis distance functions, which has gained considerable
interest in the computer vision area.

In this paper, considering its great success in face recognition
and person re-identification [3], we use KISSME as our choice of
metric learning methods to improve the discriminative ability of
CovGa. We propose the method Kiss Covariance Descriptor of
Gabor filters (kCovGa), which is the supervised version of CovGa.
As shown in the experiments, the performance of the supervised
method is much better than that of the unsupervised method.

KISSME is motivated by a statistical inference perspective based
on a likelihood-ratio test. It considers two independent generation
processes for observed commonalities of similar and dissimilar
pairs. The dissimilarity is defined by the plausibility of belonging

either to one or the other. Compared with other metric learning
method, KISSME do not rely on a tedious iterative optimization
procedure. Therefore, it is scalable to large datasets, as it just
involves computation of two small sized covariance matrices. In
KISSME, semi-definite matrix M is computed by the following
equation:

M=% ' -% 1, (16)

where

T o1= X Ki—x)xi—x) 17)
Yij=1

T 0= X i—x)x;i—x)" (18)
Yii=o0

yi is the label of sample x;. y; =1 means similar pairs, ie., if the
samples share the same class label (y;=y;) and y; = 0 otherwise.
More details about KISSME can be found in [3].

In kCovGa, we revise KISSME to combine it with CovGa more
naturally. Considering that the number of the negative pairs is far
more than that of the positive pairs, we introduce a weight factor A
which is set to the ratio of the number of positive pairs and
negative pairs, and Eq. (16) can be rewritten as

M:Z;Ulzl—,l}:;ijlzo 19)
where

_ Number of positive pairs
~ Number of negative pairs

(20)

By this way, we can alleviate the influence caused by the
unbalance data. In general, the Mahalanobis distance metric
measures the squared distance between two data points D and
D/ as follows:

dy (D, Df) = (DF —Df)'M(D] - D) 1)

But in head pose estimation, a projection matrix is more con-
venient than the semi-definite matrix M in computing the projec-
tion of a new sample. We then use Cholesky factorization to
produces an upper triangular matrix W,;ss which is fitted to

M= leiss X Wiiss (22)

We take Wy, as the projection matrix of the new samples. It must
be pointed out that the dimension of W, is the same as that of
W,.. In other words, KISSME do not reduce the dimension of
features.

Finally, for the input representation D of CovGa, the final
representation DX of kCovGa can be gained by the following
equation:

DK :Wkiss X Wpcu X D (23)

4.6. CovGa for head pose estimation

Since the extraction of CovGa/kCovGa can be regarded as the
preprocessing step for yaw estimation, it should be combined with
classifiers to get the yaw pose of the input image. In this paper, NC
is selected as the classifier to evaluate the performance of the
proposed features. In the NC classifier, for the training samples
with the same pose, the k-means method is applied to find the k
centroids. Then we compute the distance between the input
feature and each class centroid, and take the label of the class
with the smallest Euclidean distance as the output label. Com-
pared with the Nearest Neighbor (NN) classifier, the NC classifier
can eliminate the error caused by the identify since the image
difference between the different poses of the same person may be
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Fig. 6. The face images in the Pointing'04 database.

Table 1

".

Comparison of the proposed techniques with leading methods on the Pointing'04 database.

Method Reference Yaw error Pitch error Notes
Neural network Stiefelhagen (2004) [37] 9.5 9.7 {13, 9}
Human performance Gourier et al. [38] 11.8 9.4 {13, 9}
Associative memories Gourier et al. [38] 10.1 159 {13, 9}
High-order SVD Tu et al. [19] 129 17.97 {13, 9}
PCA Tu et al. [19] 14.11 14.98 (13,9}
Locally embedded analysis Tu (2007) [19] 15.88 17.44 {13, 9}
Random forest regression Li et al. [39] 9.6 13.9 {13, 9}
Convex regularized sparse regression Jietal. [40] 8.6 121 {13, 9}
CovGa - 727 8.69 {13, 9}
kCovGa - 6.24 7.14 {13, 9}
less than the image difference between different persons with the : .
same pose. =+ -PCA
—o— LDA
— % — Gabor
—*— GFC
5. Experiments IS - B - GaFour
? = —o— GFFF
. . . . qJ HOG
In this section, we perform experiments on four different head g SHOG
ose databases to show the effectiveness of CovGa an kCovGa. ° - B -SIFT
P 2 —<—sSIFT
8 - % - CovGa
5.1. Pointing'04 database s —%— kCovGa
g
We first evaluate the performance of our descriptors on the ©
Pointing'04 Head Pose Image Database [36] which consists of 2790 =

color face images for 15 subjects. The head pose of each person
ranges from —90 to 90° both in the horizontal and vertical
directions. The image of each subject has 93 different poses,
including 13 yaw angles and 7 pitch angles, plus two extreme
cases with pitch angle 90° and —90°. The bounding box contain-
ing the face for each image is provided. All face images are down-
scaled to 32 x 32 pixels in the gray-scale space. We estimate the
head pose of unknown faces by using a Leave One Person Out
(LOPO) strategy. In LOPO, all images are used for training, except
the images of one subject, which will be used for testing. The
person to be tested is then changed at each step. By this way, no
images of the same person are both in the training and testing
parts. The final results are the average of all the tests. Some
samples of Pointing'04 database are shown in Fig. 6.

A comparison between our methods and other state-of-the-art
methods is shown in Table 1. In our experiment, yaw estimation
and pitch estimation are handled separately. In Table 1, we show
the Mean Absolute Error (MAE) of CovGa and kCovGa when the
number of center is 10. MAE is mean absolute error between the

* %* e = = = 2= S
6 ? ? ; ; ; ; ; ;
1 2 3 4 5 6 7 8 9 10

The number of center

Fig. 7. The MAEs of head yaw estimation on the Pointing'04 database. The x-axis
represents the center number of each class and the y-axis represents the MAE.

continuous predicted pose and the ground truth pose. From the
table, we can see that our methods are the best on both yaw
estimation and pitch estimation. Compared with the advantage of
CovGa in pitch estimation, the advantage in yaw estimation is
more obviously. We attribute the advantage in yaw estimation to
the motivation of CovGa that CovGa is based on the symmetry of
the regions, which is more related to yaw variations.

Besides the results from the references, some methods by
ourself also come true and we show their results under the NC
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classifier. We compare the performance of CovGa with the
following unsupervised methods: PCA, GaFour, HOG, Gabor and
SIFT. We also compare the performance of kCovGa with the
supervised method of LDA, GFFF, sHOG, GFC and sSIFT. GFFF
(sHOG, GFC, sSIFT) is the supervised version of GaFour (HOG,
GFC and SIFT) by using LDA. As one of the baseline methods in face
recognition, PCA [35] is also the baseline method in appearance-
based pose estimation. We compare our descriptors with Gabor,
HOG and SIFT since these descriptors are the general texture
descriptor and have been applied in many areas. For all the
methods, PCA is used after feature extraction to reduce the
dimension of features and 97% of total energy of eigenvalues is
kept. For the supervised methods, we apply PCA first for dimen-
sionality reduction and then LDA for discriminant analysis. In the
experiment, the region of CovGa is set to 4 x 4 with overlapping
2 x 2. To improve the performance of CovGa, we also compute the
symmetry of regions in the same column.

The accuracies of yaw estimation and pitch estimation with the
center number ranging from one to ten are shown in Figs. 7 and 8,
respectively. The x-axis represents the center number of each
poses and the y-axis represents MAE.

As the figure shows, the MAEs of kCovGa are the lowest under
all the center number k for yaw estimation and pitch estimation,
which show the good performance of the proposed descriptor. We
also can find that the performance of GFC is much better than the

- + = PCA
—6— LDA
— % — Gabor
—»— GFC
= B - GaFour
—O— GFFF
HOG
sHOG
- P -SIFT
—<—sSIFT
- % - CovGa
—%— kCovGa

The mean absolute error

— p
= = \*—____t_—__ e

1 2 3 4 5 6 7 8 9 10
The number of center

Fig. 8. The MAEs of head pitch estimation on the Pointing'04 database. The x-axis
represents the center number of each class and the y-axis represents the MAE.

other two texture descriptors sHOG and sSIFT, which shows the
advantage of Gabor features in head pose estimation. These results
validate that extracting the symmetry of regions on the Gabor
features but not the intensities is reasonable.

5.2. MultiPIE database

The second database is the CMU Multi-PIE face database [41].
There are four sessions in Multi-PIE database. In our experiment,
we only use the images in the first session. This session contains
3735 images from different subjects. The head angles varies from
—90° to 90° with an interval of 15°.

For all the images, a face detection method [42] is first applied
to locate the face region from the input images, and all the face
regions are then normalized to the same size of 32 x 32. Finally,
histogram equalization is used to reduce the influence of lighting
variations. In Fig. 9, we show some face images in the MultiPIE
database. From the figure, we can see that the faces in the MultiPIE
database are misaligned. Therefore, from the results of this
experiment, we can investigate the robustness of different meth-
ods to misalignment.

In this experiment, 3-fold cross-validation is used to avoid
over-training. Specifically, we rank all the images by subjects and
divide them into three subsets. Two subsets are taken as the
training set and the other is taken as the testing set. In this way,
the persons for training and testing are totally different, thus
avoiding the over-fitting in identity. Testing is repeated three
times, by taking each subset as the testing set. The reported
results are the average of all the tests.

Different from MAE on the Pointing'04 database, we show the
accuracies of different methods on the MultiPIE database in Fig. 10.
From the above figure, we can see that on the MultiPIE database,
the results of CovGa are obviously better than those of other
unsupervised methods. After using the metric learning method,
the results of kCovGa are the best of all methods. For the
unsupervised methods, it can also be seen that the accuracy
increases with the increase of the number of centers k when k is
small. However, for the supervised methods, such as kCovGa, the
accuracies are nearly equal for different k, which actually implies
the excellent compactness of each class in the feature space
obtained by metric learning. Especially, for different numbers of
centers, the accuracies of kCovGa are constantly 98.5% while the
results of GFFF are 96.8%. The robustness of kCovGa to the number
of centers shows the good discriminative-ability of kCovGa. In the
real system, we can just use 5 or 6 centers for each pose, which can
decrease the computing cost of matching the gallery samples and
the probe sample.

Fig. 9. The face images in the MultiPIE database.
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5.3. Experiments on the CAS-PEAL database

We also evaluate the performances of different methods on the
public CAS-PEAL database [31]. The CAS-PEAL database contains
21 poses combining seven yaw poses [ —45°, 45°] with intervals of
15° and three pitch poses (30°, 0° and —30°). We use a subset
containing totally 4200 images of 200 subjects whose IDs range
from 401 through 600. Considering the cross-validation, there are
totally about 400(=600/3 x 2) samples for each pose in the
training set. The experimental setting is the same as that of
MultiPIE database. Some images in the CAS-PEAL database are
shown in Fig. 11.

In Fig. 12, we show the accuracies of different methods on the
CAS-PEAL database. From the figure, we can see that for different
center numbers, the accuracies of kCovGa are about 94.2% while
the accuracies of GFFF are about 90.7%. This proves again that the
symmetry of 2D regions is much better than the symmetry of 1D
signals. It must be pointed out that the accuracies of Gabor
features are better than those of CovGa. But after combining with
the metric learning method, the accuracies of kCovGa are just
a little higher than those of GFC, which means that the CovGa
features contain more information of pose and are suitable to be
combined with KISSME.
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5.4. Experiments on the Multi-Pose database

The fourth experiment is performed on the private Multi-Poses
database, which consists of 3030 images of 102 subjects taken under
normal indoor lighting conditions and fixed background. The yaw
poses and the pitch poses range within [ —50°, +50°] with intervals
of 1°. The sample number is 30 for each class (i.e. yaw pose). Some
images of the results of face detection are shown in Fig. 13.
Considering that the sample number is about 40(=60/3 x 2) for
each class (pose) in the training set, the maximal centroid number
for each pose is limited to 7, which is different from that in the
experiment on the other databases. The MAEs when the center
number varies from 1 to 7 are shown in Fig. 14.

From the above figure, we can see that on the MultiPoses
database the advantage of the proposed method is more obvious.
The results of CovGa are the best of all the unsupervised methods
and the results of kCovGa are the best of all the methods.
Especially, for different numbers of centers, the MAEs of kCovGa
are close to 3.8°. The MAEs of CovGa are close to 4.5° which are
even better than those of the supervised methods. The good
performance of the proposed method again shows that the
proposed method can improve the performance of head pose
estimation by using the symmetry of regions.
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Fig. 10. The accuracies on the MultiPIE database. The x-axis represents the center
number of each class and the y-axis represents the accuracy.

Fig. 12. The accuracies on the CAS-PEAL database. The x-axis represents the center
number of each class and the y-axis represents the accuracy.

Fig. 11. The face images of one subject in the CAS-PEAL database.
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Fig. 13. The face images of one subject in the Multi-Pose database.
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Fig. 14. The MAEs on the Multi-Poses database. The x-axis represents the center
number of each class and the y-axis represents the MAE.

5.5. Experimental results with different region sizes on the CAS-PEAL
database

In CovGa, one important parameter is the size of the region.
To show the impact of the region size, we also repeat the
experiments with the different region sizes. In Fig. 15, we show
the accuracies of kCovGa on the CAS-PEAL database while the
region sizes are 4 x 4, 8 x 8,12 x 12 and 16 x 16. The overlapping is
set to a half of the region size. To show the effectiveness of
symmetry, we only use the symmetry feature d;;, and discard the
Gabor feature g;;, in Eq. (13).

From Fig. 15, it is easy to see that on the one hand, the larger
the region sizes, the higher the accuracies of head pose estimation.

945

—— 4x4
—o— 8x8
—*— 12x12
—8— 16x16

The accuracy
©
N
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92t

91

90.5 i i i i i i i i i i
2 4 6 8 10 12 14 16 18 20

The number of center

Fig. 15. The accuracies of kCovGa under different region sizes on the CAS-PEAL
database. The x-axis represents the center number of each class and the y-axis
represents the accuracy.

On the other hand, the accuracies under larger region sizes are
much more robust to the center numbers of the NC classifier. Both
scenes show that the discriminative ability of CovGa is improved
when the region size decreases. We attribute the improvement of
the discriminate ability to that using smaller region sizes keeping
the detail of the image better. In Table 2, we also show the
dimension of CovGa (before using PCA) under different region
sizes. From Table 2, we can know that the dimension of CovGa is
also increased when we use the smaller region sizes, which means
that it increases the computation complexity and storage require-
ment. Fortunately, compared with the accuracies of GFFF in Fig. 12,
we can know that the accuracies of CovGa when the region size is
16 are close to the accuracies of GFFF and its dimension is only 576.
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Table 2
The dimensions of kCovGa under different region sizes.

Region size 4x4 8x8 12 x 12 16 x 16

Dim 14 440 3136 1024 576
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Fig.16. Accuracy vs. dimension. The x-axis represents the dimension and the y-axis
represents the accuracy.
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Fig. 17. The MAE under different poses on the Pointing'04 database. The x-axis
represents the head poses and the y-axis represents the MAE.

This encourages us to use relatively bigger region sizes in the
scenario where the speed of system is of more concern.

5.6. Experimental results with different dimensions on the CAS-PEAL
database

Fig. 16 shows the performance of the proposed method with
respect to a varying subspace dimension. Since the number of the
training samples is 2800 = (4200/3%2) and there is the limitation
that the dimension is smaller than the number of training samples,
the max dimension is set to 2500. From the figure, we can see that
with the increase of dimension, the accuracy is also increased
when the dimension is smaller than 1200. But the accuracies
converge to about 94.2% when the dimension is larger than 1200.

In this scene, we use PCA to reduce the dimension of CovGa while
keeping the 97% data variance.

5.7. Experimental results of different poses on the Pointing'04
database

In Fig. 17, we also show the MAEs and standard deviations of
kCovGa under different poses on the Pointing'04 database. From
the figure, we can know that the performance of kCovGa is
decreased when the head varies from the frontal to the profile.
We attribute this to the higher variations in the image when the
pose is near to the profile.

6. Conclusions

Based on the relationship between the symmetry of the face
image and the head pose, we propose in this paper a novel face
representation method for head yaw estimation. Compared with
the symmetry of 1D signal from one row of the image, the
symmetry of 2D regions is much more intrinsically related to the
pose variations of head. Specially, to extract the symmetry of
regions which are located in the same horizontal position, we use
covariance descriptor on the Gabor representations. The results on
several databases show the effectiveness of the proposed method.

There are also several aspects to be studied in the future. First,
considering the necessity of the real-time system, the covariance
descriptor should be replaced by its faster variants. Second, the
dimension of CovGa is still very high. Therefore, more efforts
should be made to further reduce the dimension. For example, it is
worth studying how to set the optimal parameters of Gabor filters
so that only a few Gabor filters can be selected which will reduce
the dimension of CovGa greatly. Finally, different regions are not
equivalently important to the performance. We should probably
emphasize some regions more in the symmetry encoding process.
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