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Abstract Recently, local discriminant embedding (LDE) was proposed as a means of
addressing manifold learning and pattern classification. In the LDE framework, the neigh-
bor and class of data points are used to construct the graph embedding for classification
problems. From a high dimensional to a low dimensional subspace, data points of the same
class maintain their intrinsic neighbor relations, whereas neighboring data points of different
classes no longer stick to one another. But, neighboring data points of different classes are
not deemphasized efficiently by LDE and it may degrade the performance of classification.
In this paper, we investigate its extension, called class mean embedding (CME), using class
mean of data points to enhance its discriminant power in their mapping into a low dimen-
sional space. After joined class mean data points, (1) CME may cause each class of data
points to be more compact in the high dimension space; (2) CME may increase the quantity
of data points, and solves the small sample size (SSS) problem; (3) CME may preserve well
the local geometry of the data manifolds in the embedding space. Experimental results on
ORL, Yale, AR, and FERET face databases show the effectiveness of the proposed method.
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1 Introduction

Face recognition has attracted wide attention of the researchers in biometric authentication.
In face recognition, 2D face images are usually transformed into 1D vector through column
by column or row by row concatenation. The resulting image vectors of faces usually lead to
a high dimensional image vector space, where it is difficult to evaluate the covariance matrix
accurately due to its large size and the relatively small number of training samples. Two of
the most fundamental dimensionality reduction methods are principal component analysis
(PCA) (Turk and Pentland 1991) and linear discriminant analysis (LDA) (Belhumeur et al.
1997.)

PCA is a classical feature extraction and data repesentation technique widely used in the
areas of pattern recognition and computer vision. PCA aims to find a linear mapping, which
preserves total variance by maximizing the trace of feature variance. The optimal mapping is
the leading eigenvectors of the data’s total variance matrix associated with the leading eigen-
values. Thus, PCA preserve the total variance by maximizing the trace of feature variance,
but PCA cannot preserve local information due to pursuing maximal variance.

LDA is used to find the optimal set of projection vectors that maximize the determinant
of the between-class scatter matrix and at the same time minimize the determinant of the
within-class scatter matrix (Belhumeur et al. 1997). But, the dimension of vectors is high and
the number of observations is small, usually tens or hundreds of samples. An intrinsic limi-
tation of traditional LDA is that it fails to work when the within-class scatter matrix becomes
singular. This is known as the small sample size (SSS), the undersampled or singularity
problem. Furthermore, class discrimination in LDA is based upon interclass and intraclass
scatters, which is optimal only in cases where the data of each class is approximately Gaussian
distributed, a property that cannot always be satisfied in real-world applications.

Recently, Yan et al. (2007) proposed a newly general framework called graph embedding
for dimensionality reduction, from which many algorithms, such as PCA, LDA, LPP (He and
Niyogi 2003), ISOMAP (Tenenbaum et al. 2000), LLE (Roweis and Saul 2000), Laplacian
Eigenmap (Belkin and Niyogi 2003), MFA (Yan et al. 2007), LDE (Chen et al. 2005) can
all be reformulated. Using the graph embedding framework as a platform, they developed a
novel dimensionality reduction algorithm, They all utilize local neighborhood information
to construct a global embedding of the manifold. Locality Preserving Projections (LPP) has
been proposed for dimensionality reduction that can preserve local relationships within the
data set that lies on a lower dimensional manifold. Other nonlinear methods, such as isomet-
ric feature mapping (ISOMAP), local linear embedding (LLE), and Laplacian Eigenmap,
have been proposed to find the intrinsic low-dimensional nonlinear data structures hidden in
observation space. However, Current manifold learning algorithms might be unsuitable for
pattern recognition tasks in that they concentrate on representing the high-dimensional data
with low-dimensional data instead of classification or that they only considered the locality
and couldn’t give a clear nonlinear map when applied to a new sample, such as ISOMAP
and LLE. More recently, Local discriminant embedding (LDE) and marginal fisher analysis
(MFA) were proposed to overcome the drawbacks of LPP. LDE and MFA were developed
by different researchers, but the underlying ideas of which are almost the same: the neighbor
and class relations of data are utilized to construct the face space (subspace of the image
space). Compared with LDA, MFA and LDE do not depend on the assumption that the data
of each class is Gaussian distributed.

Focusing on manifold learning and pattern classification, LDE achieves good discrimi-
nation performance by integrating the information of neighbor and class relations between
data points. LDE incorporates the class information into the construction of embedding and

123



Class mean embedding for face recognition

derives the embedding for nearest-neighbor classification in a low-dimensional space, which
learns the embedding for the submanifold of each class by solving an optimization problem.
Nevertheless, distant points are not deemphasized efficiently by LDE and it may degrade the
performance of classification. In this paper, we investigate its extension, called class mean
embedding (CME), using class mean of data points to enhance its discriminant power in
their mapping into a low dimensional space. The crux of our approach is to learn CME by
taking account of the respective submanifold of each class. While maintaining the original
neighbor relations for neighboring data points of the same class is important, it is also cru-
cial to differentiate and to keep away neighboring data points of different classes after the
CME. With that, the class of a new test point can be more reliably predicted by the nearest
neighbor criterion, owing to the locally discriminating nature. The structure of CME can be
characterized by three key ideas: After joined class mean data points, (1) CME may cause
each class of data points to be more compact in the high dimension space; (2) CME may
make data points quantity to increase, and solves the small sample size (SSS) problem; (3)
CME may preserve well the local geometry of the data manifolds in the embedding space.

The rest of the paper is structured as follows: In Sect. 2 we introduce PCA, LDA and
LDE. In Sect. 3, we propose the idea and describe CME in detail. In Sect. 4, experiments on
ORL, Yale, AR, and FERET face database are presented to demonstrate the effectiveness of
CME. Finally, we give concluding remarks and a discussion of future work in Sect. 5.

2 Outline of PCA, LDA and LDE

Let us consider a set of m sample {x1, x2, . . . , xm} taking values in an n-dimensional image
space, and assume that each image belongs to one of c classes. Let us also consider a lin-
ear transformation mapping the original n-dimensional space into an d-dimensional feature
space, where n > d . The new feature vectors yk ∈ Rd are defined by the following linear
transformation:

yk = U T xk, k = 1, . . . , m (1)

where U ∈ Rn×d is a transformation matrix.

2.1 Principal component analysis (PCA)

A fundamental unsupervised dimensionality reduction method is principal component anal-
ysis (PCA). Let ST be the total scatter matrix:

ST =
N∑

i=1

(xi − x)(xi − x)T (2)

where x̄ is the mean of all the training samples. The PCA transformation matrix is defined as

Uopt = arg max
u

[
tr

(
U T ST U

)]
= [u1, u2, . . . , ud ] (3)

where ui (i = 1, 2, . . . , d) is the eigenvector corresponding to the largest eigenvalue of ST .
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2.2 Linear discriminant analysis (LDA)

LDA is a supervised learning algorithm. Let l denote the total class number and li denote the
number of training samples in the i th class. Let x j

i , denote the j th sample in i th class, x be
the mean of all the training samples, xi be the mean of the i th class. The between-class and
within-class scatter matrices can be evaluated by:

Sb =
l∑

i=1

li (xi − x)(xi − x)T (4)

Sw =
l∑

i=1

li∑

j=1

(
x j

i − xi

) (
x j

i − xi

)T
(5)

LDA aims to find an optimal projection Uopt such that the ratios of the between-class scatter
to within-class scatter is maximized, i.e.

Uopt = arg max
U

∣∣U T SbU
∣∣

∣∣U T ST
wU

∣∣ = [u1, u2, . . . , ud ] (6)

where {ui |i = 1, 2, . . . , d} is the set of generalized eigenvectors of Sb and Sw corresponding
to the d largest generalized eigenvalues {λi |i = 1, 2, . . . , d}, i.e.

Sbu = λi Swu, i = 1, 2, . . . , d. (7)

Note that there are at most c − 1 non-zero generalized eigenvalues.

2.3 Local discriminant embedding (LDE)

LDE is a supervised subspace learning algorithm. Therefore, class label li of xi (i = 1, . . . , m)

are used in LDE to determine a linear transformation matrix U such that:

yi = U T xi (8)

The column vectors of U = [u1, u2, . . . , ud ] span a d -imensional subspace. The aim of
LDE is, in the low subspace, to keep neighboring points close if they have the same class
label, whereas to prevent points of other classes from entering the neighborhood.

Its objective is to maximize the function

JL DE (U ) =
∑

i, j

∥∥∥U T xi − U T x j

∥∥∥
2
w′

i j (9)

subject to
∑

i, j

∥∥∥U T xi − U T x j

∥∥∥
2
wi j = 1 (10)

where

w′
i j =

{
exp

(
− ∥∥xi − x j

∥∥2
/t

)
, if li �= l j and i ∈ N+

K ( j) or j ∈ N+
K (i)

0, else
(11)

wi j =
{

exp
(
− ∥∥xi − x j

∥∥2
/t

)
, i f li = l j and i ∈ N+

K ( j) or j ∈ N+
K (i)

0, else
(12)
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Fig. 1 The adjacency relationships of the intrinsic and penalty graphs for the local disriminant embedding
algorithm (LDE)

where N+
K ( j) or N+

K (i)indicates the index set of the K nearest neighbors of the sample Xi

or X j .
The optimization can be reduced to the following generalized eigenvalue problem:

X (D′ − W ′) X T u = λX (D − W ) X T u (13)

where the elements of the matrix W ′ arew′
i j , the elements of the matrix W are wi j . The

elements of diagonal matrices D and D′ are defined as dii = ∑
j wi j and d ′

i i = ∑
j wi j

′
respectively.

3 The proposed class mean embedding (CME)

Suppose there are c known pattern classes, w1, w2, . . . , wc, where m is the total number
of training samples, and mi is the number of training samples in class i . In class i , the j th
training sample is denoted by x j

i , the mean vector of training samples in class i is denoted
by mi .

First, we describe the steps of the CME algorithm, and then justify them in detail. Recall
that the data points {xi }m+c

i=1 are in �n , and each xi is labeled by some class label yi . We
also write the data matrix as X = [

x1x2 · · · xn · · · xm+c
] ∈ Rn . Figures 1 and 2 show the

adjacency relationships of the intrinsic and penalty graphs, which respectively represent the
local discriminant embedding algorithm and the class mean embedding algorithm. Studying
the comparison embedding of LDE graphs and CME graphs, we discover CME graphs to be
joined class mean based LDE graphs. In CME graphs, two each kind of data points revolves
around the respective class mean, which causes between each kind of data points the distance
more compact in the high dimension space and solves the small sample size problems. After
joined a kind of class mean, with each kind of data points increases, and the data points
is more compact in the high dimensional space, which causes the sampled data to tend the
manifold distribution in the high dimensional space.

Then, the proposed CME can be realized by the following three steps.
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Fig. 2 The adjacency relationships of the intrinsic and penalty graphs for the class mean embedding algorithm
(CME)

1. Construct neighborhood graphs. Let G and G ′ denote two (undirected) graphs both over
all data points. To construct

G, G : if

⎧
⎨

⎩

yi = y j

(i, j) ∈ mi

i ∈ N+
K ( j) or j ∈ N+

K (i)

⎫
⎬

⎭ (14)

For G ′,

G ′ : if

⎧
⎨

⎩

yi �= y j

(i, j) ∈ mi

i ∈ N+
K ( j) or j ∈ N+

K (i)

⎫
⎬

⎭ (15)

where N+
K ( j) or N+

K (i) indicates the index set of the K nearest neighbors of the sample Xi

in the same class,

2. Compute affinity weights. Specify the affinity matrix W of G,

wG
i j

=
{

exp
(
− ∥∥xi − x j

∥∥2
/t

)
, i ∈ N+

K ( j) or j ∈ N+
K (i)

0, else
(16)

The other affinity matrix W G ′
of G ′ can be computed in the same way. Of note, the affinity

weights defined in (16) are derived from the heat kernel.
Another possible choice called “simple-minded” is also suggested in:

wG
i j

=
{

1, i ∈ N+
K ( j) or j ∈ N+

K (i)
0, else

(17)

3. Complete the embedding. Find the generalized eigenvectors u1, u2, . . . , ud that correspond
to the d largest eigenvalues in:

X (DG ′ − W G ′
) X T u = λX (DG − W G) X T u (18)

where DG and DG ′
are diagonal matrices with diagonal elements

{
dG

ii
= ∑

j wG
i j

dG ′
i i

= ∑
j wG ′

i j
(19)
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Fig. 3 Sample images of one person in the ORL face database

The embedding of xi is accomplished by

zi = U T xi , (i = 1, 2, . . . , m) (20)

where U = [u1, u2, . . . , ud ]
Once we have learned the projection matrix U using the CME algorithm, nearest neighbor

classifications become straightforward.
After the training by CME, feature matrix of each image and a transformation matrix is

obtained. Then a nearest-neighbor classifier can be used for classification.
Given two images x1, x2 represented by FCME feature vectors y1 = (y1

1 , y2
1 , . . . yd

1 ) and
y2 = (y1

2 , y2
2 , . . . yd

2 ), then the dissimilarity d(y1, y2) is defined as:

d(y1, y2) =
d∑

k=1

∥∥∥yk
1 − yk

2

∥∥∥ (21)

If the feature matrices of training images are y1, y2, . . . , ym , and each image is assigned
to a class Ci . Then for a given test image y, if d(y, yl) = min j d(y, y j ) and yl ∈ Ci , the
resulting decision is y ∈ Ci .

4 Experiments and results

To evaluate the proposed CME algorithm, we systematically compare it with the PCA, LDA
and LDE algorithm in real-work face databases: ORL, Yale, AR, and FERET. The ORL
database was used to evaluate the performance of CME under conditions where the pose
and sample size are varied. The Yale database was used to examine the system performance
when both facial expressions and illumination are varied. The AR database was employed to
test the performance of the system under conditions where there is a variation over time, in
facial expressions, and in lighting conditions. The FERET face databases involves variations
in facial expression, illumination and pose. When the projection matrix was computed from
the training part, all the images including the training part and the test part were projected
to feature space. Euclidean distance and nearest neighborhood classifier are used in all the
experiments.

4.1 Experiment on the ORL database

The ORL database is used to evaluate the performance of CME under conditions where the
pose, face expression and sample size vary. The ORL face database contains images from
40 individuals, each providing 10 different images. The facial expressions and facial details
(glasses or no glasses) also vary. The images were taken with a tolerance for some tilting and
rotation of the face of up to 20 degrees. Moreover, there is also some variation in the scale
of up to about 10 percent. All images normalized to a resolution of 56×46. Figure 3 shows
sample images of one person from ORL face database.
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Table 1 The maximal average recognition rates (%) of PCA, LDA, LDE, CME on the ORL database and the
corresponding dimensions (shown in parentheses) when the 3, 4, 5, 6 samples per class are randomly selected
for training and the remaining for testing

Training sample PCA LDA LDE CME
number

6 87.39 (46) 89.38 (38) 98.31 (36) 99.18 (40)

5 86.71 (46) 87.23 (38) 96.52 (46) 98.80 (30)

4 84.98 (46) 86.17 (38) 93.66 (36) 96.76 (34)

3 82.27 (46) 85.09 (38) 89.56 (36) 94.39 (26)

Fig. 4 The average recognition rates (%) of PCA, LDA, LDE and CME versus the dimensions when the 4
images per class were randomly selected for training on the ORL face database

Now, we test the recognition performances of the four methods: PCA, LDA, LDE and
CME. In the experiments, l images (l varies from 3 to 6) are randomly selected from the image
gallery of each individual to form the training sample set. The remaining 10 − l images are
used for testing. For each l, we independently run the system 50 times. The maximal average
recognition rates (percent) of PCA, LDA, LDE, CME on the ORL database and the corre-
sponding dimensions (shown in parentheses) when the 3, 4, 5, 6 samples per class are used for
training and the remaining for testing. The results are show in Table 1. From this experiment,
we find that CME can achieve higher recognition rate on ORL face database when the train-
ing sample number is small. Table 1 presents the top average recognition accuracy of the
methods, which corresponds to different number of images per person used for training. The
performance of CME is better than PCA, LDA and LDE. The values in parentheses denote
the number of eigenvectors for the best recognition accuracy. In the PCA phase of LDA,
LDE and CME, we keep 90 percent image energy.

Figure 4 showed the variation of accuracy along different number of eigenvectors used
and the recognition accuracy when the four images per class are randomly selected for train-
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Fig. 5 Sample images of one person in the Yale database

Table 2 The maximal average recognition rates (%) of PCA, LDA, LDE, CME on the Yale database and the
corresponding dimensions when the 3, 4, 5, 6 samples per class are randomly selected for training and the
remaining for testing

Training sample PCA LDA LDE CME
number

6 87.01 (46) 89.36 (14) 93.95 (24) 97.76 (24)
5 85.96 (40) 88.84 (14) 92.89 (20) 96.69 (20)

4 85.37 (36) 88.30 (14) 90.48 (18) 95.68 (18)

3 81.47 (40) 85.61 (14) 87.25 (16) 94.37 (16)

ing. From Fig. 4 we can see that CME performs always better than the other three methods.
The figures also demonstrate that the performance of the proposed method outperforms the
other methods under the same conditions, and it further shows that the proposed method can
extract more discriminative features than the other methods.

4.2 Experiment on the Yale database

The Yale face database contains 165 images of 15 individuals (each person providing 11
different images) under various facial expressions and lighting conditions. In our experi-
ments, each image was manually cropped and resized to 100 × 80 pixels. For computational
effectiveness, we down sample 100 × 80 to 50 × 40 in this experiment. In the PCA phase of
LDA, LDE and CME, we keep 90 percent image energy. Figure 5 shows sample images of
one person.

For feature extraction, we used, respectively, PCA (eigenface), LDA (Fisherface), LDE
and the proposed FLDE. In the experiments, l images (l varies from 3 to 6) are randomly
selected from the image gallery of each individual to form the training sample set. The remain-
ing 11 − l images are used for testing. For each l, we independently run the system 50 times.
The maximal average recognition rate of each method and the corresponding dimension are
given in Table 2 when the 3, 4, 5, 6 samples per class are randomly selected for training and
the remaining for testing. Table 2 presents the top average recognition accuracy of the four
methods, which corresponds to different number of images per person used for training. The
values in parentheses denote the number of eigenvectors for the best recognition accuracy.
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Fig. 6 The average recognition rates (%) of PCA, LDA, LDE and CME versus the dimensions when the 6
images per class were randomly selected for training on the Yale face database

Fig. 7 Sample images of one subject of the AR database. The first line and the second line images were taken
in different time (separated by 2 weeks)

Several methods are tested: PCA, LDA, LDE and the proposed CME. Figure 6 showed
average recognition rates (%) of PCA, LDA, LDE, CME versus the dimensions when the 5
images per person were used for training on the Yale face database. From Fig. 6 we can see
that CME performs always better than the other three methods.

4.3 Experiment on the AR face database

The AR face database contains over 4,000 color face images of 126 people (70 men and 56
women), including frontal views of faces with different facial expressions, lighting condi-
tions, and occlusions. The pictures of 120 individuals (65 men and 55 women) were taken
in two sessions (separated by 2 weeks) and each section contains 13 color images. The face
portion of each image is manually cropped and then normalized to 50 × 40 pixels. The
sample images of one person are shown in Fig. 7.

In this experiment, l images (l varies from 3 to 6) are randomly selected from the image
gallery of each individual to form the training sample set. The remaining 20 − l images are
used for testing. For each l, we independently run the system 10 times. In the PCA phase of
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Table 3 The maximal average recognition rates (%) of PCA, LDA, LDE, CME on the subset 1 of AR database
and the corresponding dimensions (shown in parentheses) when the 3, 4, 5, 6 samples per class are randomly
selected for training and the remaining for testing

Training sample PCA LDA LDE CME
number

6 82.58 (150) 88.33 (115) 96.07 (80) 96.96 (130)
5 79.84 (150) 87.45 (115) 91.86 (85) 95.34 (100)

4 78.87 (150) 83.84 (115) 90.47 (85) 90.78 (100)

3 71.83 (150) 76.34 (115) 82.09 (85) 87.83 (130)

Fig. 8 The average recognition rates (%) of PCA, LDA, LDE and CME versus the dimensions when the 5
images per class were randomly selected for training on the subset 1 of AR face database

LDA, LDE and CME, the number of principle components is set as 150. The dimension steps
are set to be 5 in final low-dimensional subspaces obtained by the 5 methods. The maximal
recognition rate of each method and the corresponding dimension are shown in Table 3.

From the Fig. 8, it is observed that the proposed method outperformed PCA method, LDA
and LDE methods comprehensively. It is observed from the graph that the proposed method’s
performance is far better than other three methods.

4.4 Experiments on the FERET face database

The proposed method is evaluated on a subset of FERET database, which includes 1,400
images of 200 distinct subjects, each subject has seven images. The subset involves varia-
tions in facial expression, illumination and pose. In our experiment, the facial portion of each
original image is cropped automatically based on the location of eyes and resized to 40 × 40
pixels. Some facial portion images of one person are shown in Fig. 9

In this experiment, l images (l varies from 3 to 6) are randomly selected from the image
gallery of each individual to form the training sample set. The remaining 7 − l images are
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Fig. 9 Samples of the cropped images from FERET database

Table 4 The maximal average recognition rates (percent) of PCA LDA, LDE and CME on the FERET face
database and the corresponding dimensions (shown in parentheses) when 3, 4, 5, 6 samples per class are
selected for training and the remaining for testing

Training sample number PCA LDA LDE CME

6 61.80 (150) 85.95 (45) 87.45 (40) 99.40 (105)
5 60.38 (150) 77.60 (40) 79.78 (45) 88.85 (45)

4 56.75 (150) 72.98 (45) 74.92 (40) 76.18 (110)

3 47.73 (145) 62.31 (40) 63.56 (50) 69.56 (100)

Fig. 10 The average recognition rates (%) of PCA, LDA, LDE and CME versus the dimensions when the 6
images per class were randomly selected for training and the remaining 1 images per class for testing on the
FERET face database

used for testing. For each l, we independently rum the system 10 times, and PCA, LDA, LDE
and CME are, respectively, used for feature extraction. The number of principal components
is set to 150. The dimension step is set to be 5. After feature extraction, a nearest-neighbor
classifier is employed for classification. The maximal recognition rate of each method and
the corresponding dimension are shown in Table 4. The recognition rate curves versus the
variation of dimensions are shown in Fig. 10. Once more, we can see that CME significantly
outperforms other methods when there are Different facial expressions and lighting condi-
tions, irrespective of the variation in training sample size and dimensions. Therefore, CME
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can obtain useful information for discrimination based on modeling the embedding process
for the analysis of high-dimensional data set.

Figure 10 shows the recognition rate achieved by PC A, LDA, LDE and CME methods
respectively. It is observed that from the graph CME method has obtained good recognition
rate even for less number of training samples and less number of principal components.

5 Conclusion

In pattern recognition, feature extraction techniques are widely employed to reduce the dimen-
sionality of data and to enhance the discriminatory information. In this paper, we develop
a supervised discriminant technique, called class mean embedding (CME), and using class
mean of data points to enhance its discriminant power in their mapping into a low dimensional
space. Based on the class information, our approach achieves good accuracy by realigning
the submanifolds and rectifying the neighbor relations in the embedding space. Experimental
results on ORL, Yale, AR, and FERET face databases show the effectiveness of the proposed
method.

Acknowledgments This work is partially supported by the National Science Foundation of China under
grant no. 60632050, 90820306, 60873151, 60973098, 61005008 and 61005005.

References

Belhumeur PN, Hespanha JP, Kriengman DJ (1997) Eigenfaces vs Fisherfaces: recognition using class specific
linear projection. IEEE Trans Pattern Anal Mach Intell 19(7):711–720

Belkin M, Niyogi P (2003) Laplacian eigenmaps for dimensionality reduction and data representation. Neural
Comput 15(6):1373–1396

Chen H, Chang H, Liu T (2005) Local discriminant embedding and itsvariants. CVPR
He X, Niyogi P (2003) Locality preserving projections. In: Proc. 16th Conference neural information process-

ing systems
Roweis ST, Saul LK (2000) Nonlinear dimensionality reduction by locally linear embedding. Science

290:2323–2326
Tenenbaum JB, de Silva V, Langford JC (2000) A global geometric framework for nonlinear dimensionality

reduction. Science 290:2319–2323
Turk M, Pentland AP (1991) Face recognition using eigenfaces. In: IEEE conference on computer vision and

pattern recognition, pp 586–591
Yan S, Xu D, Zhang B, Zhang H, Yang Q, Lin S (2007) Graph embedding and extensions: a general framework

for dimensionality reduction. IEEE Trans on Pattern Anal and Mach Intell (T-PAMI) pp 40–51

123


	Class mean embedding for face recognition
	Abstract
	1 Introduction
	2 Outline of PCA, LDA and LDE
	2.1 Principal component analysis (PCA)
	2.2 Linear discriminant analysis (LDA)
	2.3 Local discriminant embedding (LDE)

	3 The proposed class mean embedding (CME)
	4 Experiments and results
	4.1 Experiment on the ORL database
	4.2 Experiment on the Yale database
	4.3 Experiment on the AR face database
	4.4 Experiments on the FERET face database

	5 Conclusion
	Acknowledgments
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


