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Abstract—Subspace-based face representation can be looked as
a regression problem. From this viewpoint, we first revisited the
problem of recognizing faces across pose differences, which is a
bottleneck in face recognition. Then, we propose a new approach
for cross-pose face recognition using a regressor with a coupled
bias–variance tradeoff. We found that striking a coupled balance
between bias and variance in regression for different poses could
improve the regressor-based cross-pose face representation, i.e.,
the regressor can be more stable against a pose difference. With
the basic idea, ridge regression and lasso regression are explored.
Experimental results on CMU PIE, the FERET, and the Multi-PIE
face databases show that the proposed bias–variance tradeoff can
achieve considerable reinforcement in recognition performance.

Index Terms—Bias–variance tradeoff, face recognition, LASSO
regression, pose differences, ridge regression.

I. INTRODUCTION

F ACE recognition is a classical research topic in the com-
puter vision and pattern recognition community. High ac-

curacy can now be achieved under a controlled imaging condi-
tion, which means frontal faces with indoor lightings and normal
expressions. However, these requirements are not always sat-
isfied in most real-world applications. Because the variations
of pose, illumination, and expression are very common and un-
controllable, when these variations are present, the performance
of current face systems may drop significantly [1]. Thus, the
problem of face recognition is far from being solved.

Pose variation is one of the bottlenecks in automatic face
recognition. The major difficulty of the pose problem is that
the variations in facial appearance induced by a pose are as
large as or even larger than that caused by differences due to
identity. It leads to a special phenomenon that the distance be-
tween two faces of different persons under a similar viewpoint is
smaller than that of the same person under different viewpoints
(see Fig. 1). This phenomenon explains why many popular face
recognition methods such as the eigenface [2] and fisherface [3]
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Fig. 1. Pose variations lead to a special phenomenon that (a) two faces of dif-
ferent persons undera similar viewpoint are smaller than (b) that of the same
person under different viewpoints.

fail when confronted with a large pose variation. Because the
pose variations divide a face into several linear subspaces, it
is not surprising that directly comparing two vectors from dif-
ferent subspaces in such methods will lead to poor performance.
Viewed from this point, the key problem for cross-pose face
recognition is how to measure the similarity between two dif-
ferent linear subspaces.

Directly matching two faces of different poses is quite diffi-
cult since a pose varies in 3-D space, but there is only the in-
formation of 2-D appearances in the face images. One way to
recognizing a face across poses is to reconstruct the 3-D shape
of an input face. However, reconstructing the 3-D shape from a
single 2-D image is a difficult ill-posed problem. An alternative
approach to recognize faces across pose differences is to match
faces indirectly using the coupled face data as the bridge to con-
nect different poses. In the multipose databases, such as the PIE
[4], FERET [5], and Multi-PIE [6], face images are captured
under different viewpoints for each person. Thus, face images
can be coupled by identity across different poses.

The basis of linear subspace-based approaches for face recog-
nition is that a face image can be represented as a linear combi-
nation of images in the training set. Thus, the representation can
be formulated as a regression problem. Therefore, if two pose-
specific subspaces are coupled by identity, the joint face repre-
sentation across two subspaces can be formulated as a coupled
regression problem. From this viewpoint, we revisited the cross-
pose face recognition. We found that, if the bias and variance in
two coupled linear subspaces are balanced simultaneously, the
regressors can be more effective for pose-invariant face repre-
sentation. Based on this observation, a regressor-based approach
is proposed for recognizing faces across different poses. The ex-
perimental results show that the proposed method is simple but
very effective, and if further enhanced with coarse alignment
and local Gabor features, the recognition accuracy can be even
close to that of the state-of-the-art method.

The remaining parts of this paper are organized as follows:
Section II gives a brief review of pose-robust face recognition
methods. Section III describes the regressor-based recognition
methods in detail. Subsequently, Section IV presents the exper-
imental results. Lastly, the conclusion is drawn in Section V.

1057-7149/$26.00 © 2011 IEEE
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II. RELATED STUDIES

The pose variance is a big challenge in face recognition re-
search. A related-literature survey can be found in [7] and [8].
For pose-robust face recognition based on 2-D images, most of
the approaches fall into two categories, i.e., holistic and local ap-
proaches, respectively. The former builds pose-invariant models
on a whole face, whereas the latter represents a face with local
patches. In the holistic approaches, the 3-D morphable model
(3-DMM) proposed in [9] is considered state of the art. The
3-DMM is built using principal component analysis on 3-D fa-
cial shapes and textures that are obtained from a laser scanner.
The 3-D face is reconstructed by fitting the model to the input
2-D image. The 3-DMM can be incorporated in recognition in
two different approaches [10]: transforming nonfrontal face im-
ages to a frontal view or directly performing recognition by
using the coefficients of a morphable model. In addition to the
3-D models, coupled 2-D face images are also used for repre-
senting face across poses. In the eigen light-field method pro-
posed in [11], a complete appearance model including all avail-
able pose variations is built on 2-D images. Faces in each pose
can be represented by the corresponding part of the complete
model. The coefficients of the complete appearance model are
estimated from a partial model. Face recognition is performed
by matching the coefficients. Recently, Prince et al. [12] have
represented faces across pose differences using factor analysis.
Factors in different poses are tied to construct a hidden “iden-
tity subspace” invariant to pose variations. Recognition is per-
formed with probabilistic distance metric modeling based on the
tied factors. In the above approaches, recognition is performed
using the coefficients of the model. Similar to the 3-D geometric
transformation in [10], faces can also be transformed into dif-
ferent poses via regression based on the 2-D appearance models.
For instance, in [13], a frontal face model is transformed into
nonfrontal for extending the gallery set.

In addition, the holistic approaches modeling faces on a
patch level is another popular way to recognizing faces across
poses since local patches on a face are considered more robust
to pose changes than the holistic models. To our knowledge,
the first work of patch-based cross-pose face recognition was
proposed by Kanade and Yamada [14]. They divided a face
into a patch grid and performed probabilistic modeling on each
corresponding patch pair across poses. Cross-pose face recog-
nition is performed by directly summing up the similarities
of all the patch pairs. Lucey and Chen [15] improved Kanade
and Yamada’s approach by modeling the joint appearance of
frontal patches and holistic nonfrontal images. Although local
patches are robust to pose variations, dividing faces into local
patches brings the problem of cross-pose patch alignment. To
tackle this problem, some studies have been proposed in recent
years. Liu and Chen [16] aligned the patches by a simple 3-D
ellipsoid model. In [17], a better alignment is learned through
a Lucas–Kanade-like optimizing process [18]. Li et al. [19]
aligned the patches by a generic 3-D face model and measure
the similarity between corresponding patches by canonical
correlation analysis. Different from the above patch-based
recognition methods, Chai et al. [20] transform nonfrontal
patches into frontal ones for virtual frontal-view synthesis,

Fig. 2. Faces can be well represented by a linear subspace in a 3-D space. 2-D
images are given by the 3-D face via geometric mapping.

which can be regarded as a preprocessing step for recognition.
Recently, some elastic matching-based approaches [21]–[23]
have been proposed to tackle the problem of real-world face
recognition. Attributing to the densely sampled features on
overlapped local patches and Hausdorff-like elastic matching
[21], [23] or random forest [22], these approaches have some
tolerance to pose variations under near frontal viewpoints.
However, these approaches failed to deal with large pose dif-
ferences. It is worth pointing out that all the aforementioned
holistic models can be extended to a series of separated local
models. For example, Blanz and Vetter [9] divide the 3-DMM
of a whole face into several local models, and Prince et al. [12]
also extend their method to local Gabor features on several
facial feature points. In addition to using holistic facial fea-
tures, we also extended the proposed method with local feature
representation in this paper. Therefore, the proposed method
can be also viewed as a local approach.

III. CROSS-POSE FACE RECOGNITION BASED ON COUPLED

AND BIAS–VARIANCE BALANCED REGRESSORS

In this section, we describe in detail the proposed cross-pose
face recognition method based on a bias–variance balanced re-
gressor. To evaluate the proposed method under relatively fair
experimental conditions, an enhanced method with coarse align-
ment and local Gabor features is also proposed in this section.

A. Cross-Pose Face Recognition Based on Coupled Regressors

The success of “eigenfaces” proves that 2-D frontal faces can
be well represented by a linear subspace. That is to say that,
when the training set is fixed, new faces can be represented by
the coefficients of the linear combination. The work proposed
by Blanz and Vetter [9] further proves that 3-D faces can be
also well represented by linear subspaces. As shown in Fig. 2,
2-D face images under different viewpoints are synthesized by
the 3-D face model. If the factor of illumination was excluded,
for a specific 3-D face, the differences in its 2-D images are
only caused by the differences in viewpoints. Obviously, the
coefficients in the space of a 3-D face are pose invariant.



LI et al.: COUPLED BIAS–VARIANCE TRADEOFF FOR CROSS-POSE FACE RECOGNITION 307

Fig. 3. Illustration of the indirect matching across poses. (a) Pipeline of indirect matching. (b) Face representation based on coupled face data.

Based on the above analysis, we propose a framework of
cross-pose face recognition only using 2-D images. In a spe-
cific pose, a new face image can be represented as the linear
combination of the face images in the training set. Thus, repre-
senting faces can be regarded as a general regression problem.
Formally, let be the training set of vec-
torized faces in one pose, where is the number of the training
samples. The new face in this pose can be represented as the
linear combination of the faces in the training set . The re-
gressor, i.e., the coefficients of the linear combination, is de-
noted as . Therefore, the represen-
tation of can be written as . Similarly, denoting the
coupled faces in another pose as , a new
sample can also be reconstructed by .

The coefficients of the linear combination in 3-D space is
invariant to pose differences. In Blanz and Vetter’s work, 3-D
faces are represented and separated by shape and texture. Ob-
viously, the coefficients of 3-D shape and texture are both pose
invariant. Therefore, we can infer that coefficients representing
both shape and texture are also pose invariant. That is to say
that, if the face images in and are coupled by identity
[see Fig. 3(b)], coefficients and in 2-D space could be
viewed as the estimations of the pose-invariant coefficients in
3-D space. Therefore, the similarity of identity between and

can be measured indirectly via and . As illustrated in
Fig. 3(a), the similarity is related to two factors, i.e., the simi-
larity between and , and the representation accuracy for

and , respectively. In addition to the pose invariance, good
representation accuracy is another precondition of effectively
recognizing faces across pose differences. We simply combine
the three factors by multiplying them together. Using the corre-
lation as the metric, the similarity of identity between and
is written as

(1)

where denotes the dot product of and . In the recog-
nition, a probe face is simply classified to the gallery face with
the largest value. The process of this indirect matching
approach is shown in Fig. 3.

B. Coupled Bias–Variance Tradeoff on the Regressors

Ideally, the coefficients in 3-D space are invariant to pose dif-
ferences. Thus, coefficients and could also be assumed to

Fig. 4. Average trace of the covariance matrix under different pose differences.

be the same when the gallery and probe faces belong to the same
person. Based on this assumption, Chai et al. [20] directly con-
vert nonfrontal faces into frontal by keeping the regression co-
efficients. However, this assumption is inconsistent in practice.
2-D face images only reflect incomplete parts of the full 3-D face
model. Therefore, the and are estimations and not ideally
accurate coefficients in 3-D space. In addition, the 2-D images
in different poses correspond to different parts of the full 3-D
face model. It makes the estimation of coefficients more noisy.
The pose differences lead to high variance in coefficients.

The coefficients are multivariate random variables. Their
variance is described by the covariance matrix. To show the
connection between variance and pose differences, we illustrate
the average trace of the covariance matrix computed on the
Multi-PIE database in Fig. 4. For each subject, the variance of
coefficients is describe by the trace of the covariance matrix.
Each bar in Fig. 4 denotes the average trace of all the subjects
in the data set, which includes a frontal pose and a nonfrontal
pose. As can be seen, the larger the pose difference is, the
higher the mean trace is.

To show the variance, we also give example faces that are re-
constructed by and estimated by the original least squares
in the top row of Fig. 5. We can see that, although the face im-
ages belong to the same person, the images reconstructed by
and in the same pose are quite different. This phenomenon
shows that the variance of coefficients is correlated to the pose
differences.

The high variance degrades the representation accuracy in
cross-pose face representation. The inaccurate representation
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Fig. 5. Comparison of face representation by original least square (those in the
top row) and bias–variance balanced regression (those in the bottom row).

leads to a decline in recognition performance. In this paper,
we propose that this problem can be mitigated by trading off
bias and variance in the coupled regression process. The cou-
pled bias–variance tradeoff can be simply performed by adding
a regularization term to the regression function. It should be
noted that the regularization is performed on both sides of the
coupled poses with an equal amount of regularization. The key
difference between the proposed model and common regression
models is that the proposed model includes two coupled regres-
sion models. Common regression models only have a single re-
gression model. Therefore, the bias–variance tradeoff improves
the total regression accuracy across two poses and not the accu-
racy for each single pose.

In the bottom row of Fig. 5, we give corresponding exam-
ples of faces reconstructed by bias–variance balanced regres-
sors. We can see that the reconstructed faces lose some details in
each single pose, but they look more similar compared with their
counterparts in the top row. Sacrificing some representation ac-
curacy in each single regression model, the total accuracy of
the coupled regression models could be considerably improved.
The joint representation is a little more biased but with smaller
variance. That is to say, if we sacrifice some accuracy in the left
and right terms in (1), the accuracy of the middle term could
be improved. Therefore, the total accuracy of would be
improved. As a result, better representation accuracy leads to
better recognition performance.

It should be pointed that a smaller variance is not better for
recognition. If the variance is zero, all faces shrink to the statis-
tical center (mean face). Thus, recognition will fail, for there are
no differences between face images. There is a tradeoff between
the bias and the variance. In the following part of this paper, we
will show that there is a best point between zero variance and
the original variance for cross-pose face representation.

With the above analysis, for the input face , the object
function for estimating the regressor using the training set can
be formulated as a linear regression function with the following
regularization term [24]:

(2)
where is the th element in the th face in the training set.

is the th element in the vector of the input face. is the
length of the vector, and is a constant that controls the
size of penalty. Without the penalty term, it degenerates to the

Fig. 6. Local Gabor magnitude features of five scales and eight orientations
extracted from the local regions centered at corresponding facial landmarks.

object function of the traditional linear regression. If , the
object function is that of the ridge regression. When , it is
the lasso regression. Both ridge regression and lasso regression
are investigated in this paper for cross-pose face representation.
The solution of ridge regression is given by

(3)

Here, is a complexity parameter that has a one-to-one
correspondence between parameters in (2). If , the solu-
tion is the original least squares. As to the lasso, computing its
solution is a quadratic programming problem. In this paper, we
use the least-angle regression algorithm [24] to get the solution.

Denote two faces in different poses as and , and their cor-
responding coefficients of a linear combination are and .
The coupled bias-variance tradeoff can be simply performed by
estimating and with the same or in each single pose.

C. Enhancement With Coarse Alignment and Local Gabor
Features

In the previous subsection, we discuss the statistical models in
representing faces across poses. As we described in Section II,
pure statistical approaches are limited in cross-pose face recog-
nition. Representing the face locally is better than holistic face
representation in face recognition across a pose. To explore fur-
ther the potential of the proposed method, we extend our ap-
proach with local feature representation. For this purpose, the
local models on the face need to be aligned. In this paper, we
coarsely align these local models by using some sparse facial
landmarks. In addition to the alignment, visual feature enhance-
ment is also applied. The pixel-intensity-based feature vector
is frequently used in the face recognition literature. However,
its representation power is limited. Considering that Gabor fea-
tures have been recognized as a successful visual feature rep-
resentation method in face recognition [25], we extract Gabor
features from the aligned patches for more enhancement. As il-
lustrated in Fig. 6 the Gabor magnitude features of five scales
and eight orientations are extracted from the patches that cen-
tered at some facial landmarks. Combining the coarse geometric
alignment and the local Gabor features could considerably im-
prove the power of visual feature representation. Therefore, the
proposed method becomes a “local approach” that we described
in Section II.

Based on the local feature representation, a separate classifier
is built for each corresponding landmark pair. Consequently, we
got several classifiers. We apply the probability-based fusion
approach proposed in [14] to combine these classifiers.
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Fig. 7. Process of probabilistic modeling. (a) Similarity matrix of the correla-
tion between gallery and probe faces. (b) Histogram of correlation for same and
different identities. (c) Gaussian fit of (b).

Formally, we denote similarity in (1) for the th clas-
sifier as . Its conditional probability densities that it belongs to
the same and different identities are denoted as same and

dif , respectively. Their distributions are approximated by
a Gaussian distribution. Accordingly

same

dif (4)

where and , and and are the means and
standard deviations, respectively. This probabilistic modeling
process is shown in Fig. 7. Deriving from the Bayes rule, the a
posteriori probability that two faces belong to the same identity
based on the th classifier is given by the following equation:

same
same same

same same dif dif
(5)

Here, same is the a priori probability of the same identity
appeared, whereas dif denotes that of the different identity.
Since there is no prior knowledge, we assume that the proba-
bility is equal, i.e., same dif . For each local
classifier, we can get a probability. The total similarity between
two faces is measured by the sum of the probability values.

same (6)

where is the total number of classifiers (i.e., the number of
landmarks). In the recognition process, a probe face is classified
to the gallery face with the largest value. In this fusion
approach, the parameters of the Gaussian distribution for each
classifier can be estimated by performing cross-validation on the
training set.

IV. EXPERIMENTS

For evaluating the proposed methods, we conducted face
recognition experiments by recognizing an individual across
pose differences with a single enrolled image. We use the frontal
faces as the gallery and the nonfrontal faces as the probe. A total
of five sets of experiments are conducted and described in the
following five subsections. In the first set of experiments, we
tested the regressor-based recognition approaches by comparing

Fig. 8. Illustration of face image normalization. Face images under all view-
points are normalized using two eye centers and (black cross) the center of
mouth. The face region for extracting holistic intensity feature is shown as the
rectangle in brighter intensity. The local Gabor features are extracted on the
landmarks illustrated in white crosses.

the ridge regression and lasso regression. In the second set of
experiments, the ridge regression-based recognition method is
evaluated with a different feature representation method and
compared with the state-of-the-art methods in pose-robust face
recognition. For the rest three sets of experiments, we evaluate
the robustness of the ridge regression-based cross-pose face
recognition method to inaccurate pose estimation, aging, and
illumination, respectively.

In our experiments, five facial landmarks, as shown in Fig. 8,
are manually labeled on each face image. The images are ge-
ometrically aligned according to three key points, i.e., the two
eye centers and the mouth center.

Experiments are performed on three data sets, i.e., the CMU
PIE [4], FERET [5] and the Multi-PIE [6]. In the PIE database,
there are 68 persons whose face images are captured in 13 poses
with yaw- and pitch-angle differences. The yaw-angle differ-
ence of the neighbor pose is about 22.5 . For the FERET pose
database, we use subsets , , , , , , , , and ,
which roughly refer to the yaw angle of 0 , 60 , 40 , 25 , 15 ,

, , , and , respectively. There are 200 sub-
jects in this database, with one image per person in each subset.
Face images in the Multi-PIE database are captured in four ses-
sions; we use sessions 1 and 2 in the experiments. There are 15
different poses in Multi-PIE. The yaw-angle difference of the
neighbor pose is about 15 . Session 1 contains the face images
of 249 subjects. In session 2, there are 203 subjects.

A. Comparison Between Ridge Regression and Lasso
Regression

As mentioned in Section III, for the proposed regressor-based
recognition approach, we have two alternative methods to
trade-off bias and variance, i.e., ridge regression and lasso
regression. To compare them, we conducted experiments using
holistic intensity feature on the session 1 of Multi-PIE. The
holistic intensity feature vector is directly reshaped from the
rectangle face region in the images (see Fig. 8). As illustrated
by examples in Fig. 9, the face region is normalized to 45
56. In the experiments, the images of 100 subjects are used for
training, and those of the remaining 149 subjects are used for
testing. We only use face images with frontal illumination and
natural expressions. Thus, in both training and testing, only one
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Fig. 9. Examples of normalized faces in (top row) Multi-PIE, (middle row) FERET, and (bottom row) PIE databases.

image is used of each pose per subject. In the experiments, the
pose angles of the gallery and probe faces are known.

As aforementioned, in ridge regression, parameter in (3)
controls the amount of shrinkage. Similarly, parameter in (2)
controls the shrinkage in lasso. One difference is that the bigger

is, the smaller the variance is, whereas, a smaller corre-
sponds to a smaller variance. To validate this point, experiments
are conducted to show the influence of these two parameters,
and the results on three probe poses are shown in Fig. 10. The
three probe pose angles are 30 , 45 , and 60 . In Fig. 10, we
can see that the peak recognition rate of both ridge regression
and lasso regression can considerably outperform the original
least squares. The peak performance of ridge/lasso regression
by tuning parameter or for all the probe poses is shown in
Fig. 11. These experimental results demonstrate the effective-
ness of the coupled bias–variance tradeoff in improving the per-
formance of recognizing faces across poses.

In Figs. 10 and 11, we can also see an interesting phenom-
enon that the maximum performance reinforcement is positively
correlated to the pose difference between the gallery and probe
faces. The larger the pose differences are, the higher the perfor-
mance reinforcement is. These experimental results show a spe-
cial statistical property in cross-pose face recognition, which is
overlooked in previous research work. The pose difference leads
to high variance in cross-pose face representation. It is impres-
sive that simply controlling the variance leads to such perfor-
mance improvement.

In Fig. 11, it is clear that ridge regression consistently out-
performs lasso regression on all the probe sets of this evalua-
tion. The reason may be the insufficiency of training samples
for lasso regression; since compared with the dimension of fea-
ture vectors, the number of samples is relatively small in our
experiment. In comparison with ridge regression, lasso imposes
stronger shrinkage on the regressor, and many of the coeffi-
cients of the linear combination are set to zero. Therefore, when
the training samples are insufficient, lasso may not make full
use of the relative inadequate information. Thus, it is not sur-
prising that ridge regression outperforms the lasso. However,
when the training samples become adequate, this difference may
be smaller.

Fig. 10. Influence of (a) parameter � in ridge regression and (b) parameter �
in lasso regression. The corresponding accuracy values of original least squares
are shown in dashed lines.

B. Comparison Between Holistic Features and Local Gabor
Features

The pixel-intensity-based holistic feature is widely used in
face recognition. However, its visual representation power is
limited. To evaluate the potentiality of the proposed method, we
enhanced the ridge regression-based recognition approach with
coarse alignment and local Gabor features. We use five facial
landmarks for the local Gabor feature extraction, i.e., two eye
centers, two mouth corners, and the tip of the nose, respectively
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Fig. 11. Performance comparison on the Multi-PIE database.

Fig. 12. Performance comparison of recognition on the PIE database.

Fig. 13. Performance comparison of typical cross-pose face recognition
methods on the FERET database.

(see Fig. 8). Face images are normalized to 204 256. The
Gabor features of five scales and eight orientations are sampled
from a 31 31 window centered at each landmark. To reduce
the dimension, each window is downsampled to 7 7. Thus,
the total length of Gabor feature vector is 1960.

The experiments are performed on PIE, FERET, and the ses-
sion 1 of Multi-PIE. In the experiments on PIE and FERET, one
half of the data are used for training, whereas the remaining part
is used for testing. In the experiments on the Multi-PIE, the im-
ages of 100 subjects are used for training, and those of the re-
maining 149 subjects are used for testing. Only one image is
used of each pose per subject in both training and testing. The

TABLE I
PERFORMANCE COMPARISON ON THE CMU PIE DATABASE

TABLE II
PERFORMANCE COMPARISON ON THE FERET DATABASE

pose of gallery faces is frontal, and the pose of probe faces is
nonfrontal. All the pose angles are assumed to be known in the
experiments.

These local models are combined together by the method de-
scribed in the previous section. The values in (3) for each
local classifier are obtained via a twofold cross-validation on
the training set. Then, another twofold cross-validation is per-
formed to estimate the parameters of Gaussian distributions of
the same and different identities.

In Figs. 11–13,1 we illustrated the experimental results on
Multi-PIE, PIE, and FERET databases, respectively. We can see
that, in comparison with the holistic intensity feature, using the
local Gabor features considerably improves the recognition per-
formance. In Fig. 12, the performance comparison with some
notable methods is also given. For comparing the results re-
ported in [12], related experimental results are given in Tables I
and II. In Table I, we compare the performance of three probe
views (c05, c11, and c22) on the PIE database. Experimental
results under the pose difference of 25 and 60 on the FERET
database are shown in Table II. The corresponding performance
is given by the averaging performance of probe poses
and , respectively.

To our knowledge, the 3-DMM proposed in [9] and the
tied-factor analysis(TFA) proposed in [12] are the state of the
art in the research of face recognition across pose differences.

1In Figs. 12 and 13 and Tables I and II, we directly used the experimental
results reported in corresponding papers.
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Fig. 14. Experimental results with an unknown probe pose. The confusion matrix of the recognition rate obtained by using holistic features and local features are
shown in (a) and (b), respectively. The average performance declination with the probe pose between ��� and between ��� are given in (c) and (d).

The performance of our method is close to the 3-DMM on the
FERET database and lower but more closer to the TFA than the
other related approaches on both PIE and FERET databases.
It should be pointed out that more landmarks are used in the
experiments of 3-DMM and TFA. In our experiments, we used
only five landmarks, whereas 14 landmarks are used in the
experiments of TFA and 6–8 landmarks are used in 3-DMM.
In addition, the five landmarks used in our experiments are
the most salient ones on the face and thus are easy to detect.
In contrast, in the experiments of TFA, landmarks on the ear
are used. These landmarks are very useful in recognizing faces
with a large pose difference, but they are not always available
because of hair occlusion. In addition to these methods, we also
compare our method with some typical approaches published
in recent years on PIE [11], [14], [20] and FERET [11], [17]
databases. The experimental results show that our method could
outperform these approaches.

C. Experiments With Unknown Probe Pose

In the previous experiments, the probe pose is assumed to be
known. To evaluate the robustness to inaccurate head-pose esti-
mation, we conduct experiments with an unknown probe pose in
this subsection. The experiments were performed on the session
1 of the Multi-PIE database. We use faces captured from all the
cameras except 08_1 and 19_1. Thus, there are 12 probe poses
in total. The yaw-angle difference between neighbor poses is
about 15 . Similar to previous experiments, 100 samples are
used for training, whereas the rest of the samples is used for
testing. The gallery pose is frontal. The probe pose is nonfrontal
and unknown.

The experimental results using holistic features and local
Gabor features are plotted into 12 12 “confusion matrices”
in Fig. 14(a) and (b), respectively. In the figure, a lighter color
denotes a higher recognition rate. In each row, we give the
recognition results of all the possible real probe poses that are
arranged from 90 to 90 with a 15 interval, and in each
column, we show the results of all possible assumed poses in
the same way. As can be seen, representing faces locally is
more robust to inaccurate pose estimation.

The recognition results are influenced by two factors, i.e., the
difference between the real probe pose and the assumed probe
pose, and the difference between the real probe pose and the

Fig. 15. Example face images of sessions 1 and 2 in the Multi-PIE database.

Fig. 16. Experimental results of cross-session test on the Multi-PIE database.

Fig. 17. Example face images with different illumination in Multi-PIE (a, c)
and their corresponding SQI (b, d).

gallery pose. In Fig. 14(c), we plotted the average performance
declination with probe poses between . The results of the
probe pose between are shown in Fig. 14(d). When the
probe pose is within and the error of pose estimation is
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Fig. 18. Experimental results of recognizing faces across “pose�illumination” on the Multi-PIE database. (from left to right) Arrangement of the nonfrontal
illumination is ���� ��� � � � � ��� ��� � � � � ��	.

15 , the average declination in the recognition rate with local
Gabor features is 4.02%. We can conclude that based on local
feature representation, the propose method is robust when the
error of pose estimation is within 15 and the pose differences
is within 45 . However, when the difference between the probe
pose and the gallery pose is big, it is still very difficult to rec-
ognize faces correctly even when the head pose is correctly
estimated.

D. Experiments of Face Recognition Across Pose and
Recording Sessions

The appearance of face changes over time. It makes face
recognition more difficult. In the Multi-PIE database, face im-
ages are recorded during four sessions. We use sessions 1 and
2 to perform cross-session recognition experiments. As shown
in Fig. 15, the appearances of some faces are quite different be-
tween sessions 1 and 2. Differences in glasses and expressions
make the cross-session recognition difficult.

In the session 1 of Multi-PIE, there are 249 subjects, and
in session 2, there are 203 subjects. We train the ridge regres-
sion-based classifiers on session 1 using 100 subjects. There are
93 subjects in the rest of session 1 that also appear in session
2. We use these subjects for testing. In testing, the gallery faces
are frontal and recorded in session 1, and the probe faces are
nonfrontal and recorded in session 2. Only face images with
frontal illumination and natural expressions are used in the ex-
periments. The pose angles of probe faces are assumed to be
known.

Similar to the experiments in Section IV-B, we use local
Gabor features sampled from the patches centered at five

landmarks. The experimental results are shown in Fig. 16. To
make comparison, experimental results using the face images
of the same subjects but recorded in session 1 are also given
in Fig. 16. We can see that “cross-pose cross-session” face
recognition is still difficult. The average performance declina-
tion is 20.73%.

E. Experiments of Face Recognition Across Pose and
Illumination

Illumination is another challenging problem in face recog-
nition. To evaluate the robustness to illumination changes, we
perform experiments on the session 1 of Multi-PIE. As shown
in Fig. 17, in the Multi-PIE, face images are captured under 20
different lighting conditions. Thus, the data of session 1 can be
divided into 20 subsets, which are denoted as “ .”
Subset “07” correspond to frontal illumination. In the experi-
ments, the ridge regression-based classifiers are trained using
subset “07.” In the testing, we use the face images under frontal
pose in subset “07” as the gallery. Face images under the non-
frontal pose in the rest of the 19 subsets are used as the probe.

In the session 1 of Multi-PIE, there are 249 subjects. We use
100 subjects for training and the remaining 149 subjects for
testing. The pose angles are assumed to be known. Local Gabor
features sampled from the patches centered at five landmarks
are used in the experiments.

The experimental results are shown in Fig. 18. The recogni-
tion results using faces under nonfrontal illumination are shown
in white bars. To make comparison, experimental results using
faces under frontal illumination (subset “07”) are also shown
in gray bars in Fig. 18. Pose and illumination are both hard
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problems in face recognition. We can see that, when pose and
illumination variations are mixed, the problem becomes more
difficult. It should be pointed out that these results are obtained
directly using the raw images without any illumination nor-
malization. The performance could be improved using some
illumination normalization techniques. In the experiments, we
also use face images normalized by self-quotient image (SQI)
method [26]. The example of illumination normalized faces are
shown in Fig. 17. Corresponding recognition results are shown
in green bars in Fig. 18. We can see that the green bars are higher
than the white bars in most cases. It shows that the performance
are improved by using illumination normalization techniques.

V. CONCLUSION AND DISCUSSIONS

In this paper, we have revisited the face recognition across
pose differences from the viewpoint of regression. Faces can
be well represented by linear subspaces. The coefficients of
linear combinations representing faces in 3-D space are pose
invariant. Based on these analysis, we propose a new approach
of cross-pose face recognition using coefficients estimated from
2-D face images. However, the 2-D face images only reflect the
incomplete parts of the 3-D face, and images in different poses
correspond to different parts of the 3-D face. The pose differ-
ences lead to high variances in the coefficients estimated from
2-D images. We find that striking a coupled balance between the
bias and the variance can considerably improve the recognition
performance.

The proposed approach is rather simple but effective. When
enhanced with Gabor features around some key facial land-
marks, the performance could be close to the state of the art.
What we have discovered is not only a cross-pose face recogni-
tion approach but a general statistical property of the cross-pose
face recognition that have been ignored in the literature.

The ridge regression and the lasso regression are very
simple and basic approaches for estimating the regressors
and bias–variance balancing. The performance of recognizing
faces across poses may be further improved by exploring more
complicated models for bias–variance balancing. For example,
the sparse representation-based face representation [27], which
is also a regressor-based approach, could be a possible choice.
Moreover, the proposed work is mainly concerned on the
representation. Thus, integrating discriminant information is
another possible way to improve the proposed work.
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