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Abstract Recently, many dimensionality reduction algorithms, including local methods
and global methods, have been presented. The representative local linear methods are locally
linear embedding (LLE) and linear preserving projections (LPP), which seek to find an
embedding space that preserves local information to explore the intrinsic characteristics of
high dimensional data. However, both of them still fail to nicely deal with the sparsely
sampled or noise contaminated datasets, where the local neighborhood structure is criti-
cally distorted. On the contrary, principal component analysis (PCA), the most frequently
used global method, preserves the total variance by maximizing the trace of feature variance
matrix. But PCA cannot preserve local information due to pursuing maximal variance. In
order to integrate the locality and globality together and avoid the drawback in LLE and
PCA, in this paper, inspired by the dimensionality reduction methods of LLE and PCA, we
propose a new dimensionality reduction method for face recognition, namely, unsupervised
linear difference projection (ULDP). This approach can be regarded as the integration of a
local approach (LLE) and a global approach (PCA), so that it has better performance and
robustness in applications. Experimental results on the ORL, YALE and AR face databases
show the effectiveness of the proposed method on face recognition.
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1 Introduction

Techniques for dimensionality reduction in linear and nonlinear learning tasks have attracted
much attention in the areas of pattern recognition and computer vision. Linear dimensionality
reduction seeks to find a meaningful lower-dimensional subspace in a higher-dimensional
input space. The subspace can provide a compact representation of the input data when the
structure of data embedded in the input space is linear. Two of the most fundamental linear
dimensionality reduction methods are principal component analysis (PCA) [1–3] and linear
discriminant analysis (LDA) [3–5].

PCA aims to find a linear mapping, which preserves the total variance by maximizing
the trace of the feature covariance matrix. The optimal projection of PCA is corresponding
to the first d-largest eigenvalues of the data’s total covariance matrix. LDA is used to find
the optimal set of projection vectors by maximizing the ratio between the interclass and
intraclass scatters. However in applications, the dimension of vectors is high and the number
of samples is small. An intrinsic limitation of traditional LDA is that it fails to work when
the within-class scatter matrix becomes singular, which is known as the small sample size
(SSS) problem. To avoid the singularity problem of LDA, Li et al. [6] used the difference of
both between-class scatter and within-class scatter as discriminant criterion, called maximum
margin criterion (MMC), to find the optimal projections. Since the inverse matrix is not nec-
essary to compute in MMC, the SSS problem in traditional LDA is alleviated. So far many
effective and efficient methods [7–17] have been explored to solve the SSS problem. Both
PCA and LDA and their extensions have been successfully applied to linear data. However,
they may fail to explore the essential structure of the data with nonlinear distribution.

In the real world applications, nonlinear data include non-Gaussian and manifold-value
data. We usually deal with non-Gaussian data from local patches because it can be viewed
locally Gaussian, and the curved manifold-value data can be viewed locally Euclidean
[18,19]. In order to deal with nonlinear data, many nonlinear feature extraction methods
have been developed such as kernel-based techniques and manifold learning based tech-
niques. Kernel-based technique is implicitly mapping the observed patterns into potentially
much higher-dimensional feature space by a kernel trick such that the nonlinear structure data
will be linearly separable in the kernel space. The widely used kernel techniques are kernel
principal component analysis (KPCA) [20] and kernel Fisher discriminant analysis (KFDA)
[21], which can be viewed as the kernel versions of PCA and LDA. KPCA and KFDA have
been proved to be effective in some real world applications. However, the kernel based meth-
ods can improve the linear discriminability at the cost of high computational requirements
with increasing number of dimensions. Furthermore, due to introducing the kernel trick, how
to select the effective kernels and how to assign the optimal parameters in kernel techniques
remain unclear.

Unlike kernel-based methods, manifold learning-based methods are straightforward in
finding the inherent nonlinear structure hidden in the observe space. Recently, many mani-
fold learning-based algorithms with locality preserving abilities have been presented. Among
them, isometric feature mapping (ISOMAP) [22], locally linear embedding (LLE) [23,24],
Laplacian eigenmap (LE) [25,26] and local tangent space alignment (LTSA) [27] are widely
used. He et al. [28,29] proposed locality preserving projections (LPP), which is a linear
subspace learning method derived from Laplacian eigenmap. LPP preserved local informa-
tion and best detected the essential face manifold structure. The optimal projection axes of
LPP preserves the local structure of the underlying distribution in the L2 Euclidean space.
LPP finds an embedding space that preserves local information, and it is an unsupervised
method. Many modified LPP algorithms have been put forward to consider the discriminant
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information of recognition task in recent years [30–33]. LPP is modeled based on the char-
acterization of “locality”. However, this modeling has no direct connection to classification.
The objective function of LPP is to minimize the local quantity, i.e., the local scatter of the
projected data. This criterion cannot guarantee to yield a good projection for classification
in some cases where the “nonlocality” provides dominant information for discrimination.
So, Yang et al. [34] proposed an unsupervised discriminant projection (UDP) algorithm con-
sidering the nonlocal and local quantities at the same time, which could be viewed as a
simplified or regularized version of LPP. In contrast with LPP, UDP has intuitive relations to
classification since it utilizes the information of the “nonlocality”. Provided that each cluster
of samples in the observation space is exactly within a local neighborhood, UDP can yield
an optimal projection for clustering in the projected space, while LPP cannot.

Recently, He et al. [35] proposed another linear dimensionality reduction technique neigh-
borhood preserving embedding (NPE), which is the linearization of the LLE algorithm and
aims at finding a low-dimensional embedding that optimally preserves the local neighbor-
hood reconstruction relationships on the original data manifold. Some extension methods of
NPE [36,37] were introduced to feature extraction. However, locality preserving methods
fail to nicely deal with the sparsely sampled or noise contaminated datasets, particularly,
when the local neighborhood structure is critically distorted.

In order to integrate the locality preserving (LLE) and globality preserving (PCA) together
and avoid the drawbacks in LLE and PCA, in this paper, we propose a new subspace learning
algorithm, named unsupervised linear difference projection (ULDP) for face recognition.
LLE is an efficient dimensional reduction algorithm for nonlinear data, and the low dimen-
sional data can maintain topological relations in the original space. On the contrary, PCA is
a global linear method which preserves the total variance by maximizing the trace of fea-
ture variance matrix. In addition, LLE as well as PCA are unsupervised learning methods,
so ULDP is an unsupervised method. So, ULDP is a linear difference projection algorithm
that aims at preserving both local and global information by capturing both local and global
geometry of the manifold.

The rest of this paper is organized as follows: We review the ideas of linear methods in
Sect. 2. In Sect. 3, we propose the idea of ULDP algorithm in detail. In Sect. 4, we introduce
the connections between LLE, NPE and ULDP. Experiments are presented to demonstrate
the effectiveness of ULDP on face recognition in Sect. 5. Finally, we give concluding remarks
and a discussion of future work in Sect. 6.

2 Outline of Linear Methods

Let us consider a set of N data vectors X = {x1, x2, . . . , xN }, xi ∈ Rn taking values in
an n-dimensional image space. Let us also consider a linear transformation mapping the
original n-dimensional space into an d-dimensional feature space Y = {y1, y2, . . . , yN },
where yi ∈ Rd and n > d . The new feature vectors yi ∈ Rd are defined by the following
linear transformation:

yi = U T xi , i = 1, . . . , N (1)

where U ∈ Rn×d is a transformation matrix. In this section, we briefly review how the LDA,
LPP and UDP algorithms realize subspace learning.
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2.1 Linear Discriminant Analysis

Linear discriminant analysis [2] is a supervised learning algorithm. Let c denote the total
number of classes 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, x̄ be the mean of all the training samples, x̄i be the mean of the
i th class. The between-class and within-class scatter matrices can be evaluated by:

Sb =
c∑

i=1

li (x̄i − x̄)(x̄i − x̄)T (2)

Sw =
c∑

i=1

li∑

j=1

(
x j

i − x̄i

) (
x j

i − x̄i

)T
(3)

Linear discriminant analysis aims to find an optimal projection U such that the ratios of
the between-class scatter to within-class scatter is maximized, i.e.

U = arg max
U

∣∣U T SbU
∣∣

∣∣U T SwU
∣∣ (4)

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

Sbui = λi Swui , i = 1, 2, . . . , d. (5)

2.2 Linear Preserving Projection

The matrix W of linear preserving projection (LPP) [25,26] is a similarity matrix, which
can be Gaussian weight or uniform weight of Euclidean distance using k-neighborhood or
ε-neighborhood. W is defined as:

Wi j =
{

1,
∥∥xi − x j

∥∥2
< ε

0, otherwise
(6)

Hence, the objective function of LPP is defined as:

min
∑

i, j

∥∥yi − y j
∥∥Wi j

s.t. U T X DX T U = 1 (7)

where ‖·‖ means the L2 norm. In order to avoid the trivial solution, we have added a con-
straint which can make yi �= 0;. After some matrix analysis steps, the minimization problem
becomes

arg min
U

U T X L X T U

s.t. U T X DX T U = 1 (8)

where X = [x1, x2, . . . , xN ] is the training space of size n × N , and D is a diagonal matrix
whose entries are column or row sums of S. L = D − S is the Laplacian matrix.

The optimal d projection vectors that minimizes the objective function can be computed
by the minimum eigenvalues solutions to the generalized eigenvalues problem

X L X T ui = λi X DX T ui (9)
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2.3 Unsupervised Discriminant Projection

In UDP [31] algorithm, the local k-neighbor adjacency matrix W l is defined as:

W l
i j =

{
1, xi ∈ N+

kw
(x j ) or x j ∈ N+

kw
(xi )

0, otherwise
(10)

where xi ∈ N+
kw

(x j ) or x j ∈ N+
kw

(xi ) indicates the index set of the k nearest neighbors of
the sample xi or x j .

The local scatter matrix is defined as:

Sl = 1

2

1

N N

∑

i, j

W l
i j

∥∥xi − x j
∥∥2 = 1

N N
X (Dl − W l)X T = 1

N N
X Ll X T (11)

where Dl is a diagonal matrix whose elements on diagonal are column sum of W l , i.e.
Dl

ii = ∑
i �= j W l

i j , Ll = Dl − W l .
The nonlocal scatter matrix is defined as:

Sn = 1

2

1

N N

∑

i, j

(
1 − W l

i j

) ∥∥xi − x j
∥∥2 = ST − Sl (12)

ST is the total scatter matrix:

ST = 1

2N N

∑

i, j

(xi − x j )(xi − x j )
T

= 1

2N N

⎡

⎣N
∑

i

xi xT
i −

(
∑

i

xi

)⎛

⎝
∑

j

xT
i

⎞

⎠

⎤

⎦

= 1

N

∑

i

(xi − x̄) (xi − x̄)T (13)

where x̄ = 1
N

∑
i x j is the mean vector.

We can obtain just a projection matrix U by maximizing the following criterion:

U = arg max
U

∣∣U T SnU
∣∣

∣∣U T SlU
∣∣ (14)

The optimal d projection vectors that maximizes the objective function can be computed by
the maximum eigenvalues solutions of the generalized eigenvalues problem

Snui = λi Slui (15)

3 Unsupervised Linear Difference Projection

3.1 The Idea of ULDP

Principal component analysis is essentially a global technique which cannot discover the local
structure of the data, whereas LLE is local relation of the data in embedding space which
cannot preserve the global structure of the dataset. To take advantages of LLE and PCA, a
new technique, called ULDP based on preserving local embedding and global variance is
proposed, which is able to do nonlinear dimensionality reduction in an unsupervised way.
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To gain more discriminative power, it is desirable to minimize the locality and maximize the
globality simultaneously.

3.2 Locally Minimizing Embedding

To begin with, we propose to minimize the local scatter compactness of each data point
by linear coefficients that reconstruct the data point from other points. The technique of
local representation is the same as LLE [20,21]. LLE regards each data point and its nearest
neighbors as the locality. The algorithm can be described in three steps.

The first step of LLE is to select k-nearest neighbors of each data points xi using Euclidean
distances.

The second step of LLE is to calculate the reconstructing weight matrix W = [
wi j

]
N×N ,

which reconstructs each point xi from its k-nearest neighbors. We can obtain the coefficient
matrix W by minimizing the reconstruction error:

min JL(W ) =
N∑

i=1

∥∥∥∥∥∥
xi −

N∑

j=1

wi j x j

∥∥∥∥∥∥

2

(16)

where wi j = 0 if xi and x j are not neighbors, and the rows of W sum to 1:
∑N

j=1 wi j = 1.
The reconstruction error for xi can be converted to this form:

ξi =
∥∥∥∥∥∥

xi −
N∑

j=1

wi j x j

∥∥∥∥∥∥

2

=
∥∥∥∥∥∥

N∑

j=1

wi j
(
xi − x j

)
∥∥∥∥∥∥

2

=
N∑

j=1

wi j
(
xi − x j

) N∑

t=1

wi t (xi − xt ) =
N∑

j=1

N∑

t=1

wi jwi t G
i
j t (17)

where Gi
jt = (

xi − x j
)T

(xi − xt ), called the local Gram matrix. By solving the least-squares

problem with the constraint
∑N

j=1 wi j = 1, the optimal coefficients are given:

wi j =
∑N

t=1

(
Gi

)−1
j t

∑N
p=1

∑N
q=1

(
Gi

)−1
pq

(18)

After repeating the first step and the second step are performed on all the N data points,
we can calculate the reconstruction weights to construct a weight matrix W = [

wi j
]

N×N .
The third step of LLE is to reconstruct represented yi by the weight matrix W . To maintain

the intrinsic geometrical feature of the data after the embedding process, the reconstruction
error function must be minimized:

min JL(Y ) =
N∑

i=1

∥∥∥∥∥∥
yi −

N∑

j=1

wi j y j

∥∥∥∥∥∥

2

(19)

where yi is the mapping output of xi , y j is a neighbor of yi .
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Considering the map in Eq. 1, the objective function reduces to

JL(U ) =
N∑

i=1

∥∥∥∥∥∥
yi −

N∑

j=1

wi j y j

∥∥∥∥∥∥

2

=
N∑

i=1

tr

⎧
⎪⎨

⎪⎩

⎛

⎝yi −
N∑

j=1

wi j y j

⎞

⎠

⎛

⎝yi −
N∑

j=1

wi j y j

⎞

⎠
T
⎫
⎪⎬

⎪⎭

= tr

⎧
⎪⎨

⎪⎩

N∑

i=1

⎛

⎝yi −
N∑

j=1

wi j y j

⎞

⎠

⎛

⎝yi −
N∑

j=1

wi j y j

⎞

⎠
T
⎫
⎪⎬

⎪⎭

= tr

{
Y
(

I − W T
) (

I − W T
)T

Y T
}

= tr
{

Y (I − W )T (I − W ) Y T
}

= tr
{

U T X M X T U
}

(20)

where M = (I − W )T (I − W ).

3.3 Globally Maximizing Variance

On the second hand, we propose to maximize the sum of pairwise squared distances between
outputs, where PCA [1] preserves the global geometric structure of data in a transformed
low-dimensional space. So, maximizing the global scatter of samples is considered:

max JG(Y ) =
N∑

i=1

‖yi − ȳ‖2 (21)

Considering the map equation (1), the objective function reduces to

JG(U ) =
N∑

i=1

‖yi − ȳ‖2 =
N∑

i=1

∥∥∥U T (xi − x̄)

∥∥∥
2

=
N∑

i=1

tr
{

U T (xi − x̄)(xi − x̄)T U
}

= tr
{

U T ST U
}

(22)

where ȳ = 1
N

∑N
i=1 yi , x̄ = 1

N

∑N
i=1 xi , and ST is the total scatter matrix in Eq. 13.

3.4 Optimization Criterion of ULDP

At last, when local minimizing embedding and global maximizing variance have been con-
structed, an intuitive motivation is to find a common projection that minimizes local scatter
JL(W ) and maximizes global scatter JG(U ) at the same time. Actually, we can obtain such
a projection by the following multi-object optimized problem, that is:

{
min tr

{
U T X M X T U

}

max tr
{
U T ST U

}

s.t. U T X DX T U = I (23)
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where D is a diagonal matrix in Eq. 11. The solution to the constrained multi-object opti-
mized problem is to find a subspace which preserve the locality property and maximize the
global scatter variance simultaneously. Motivated by the idea of MMC [3], ULDP seeks to
minimize the difference, rather than the ratio, between the local minimizing embedding and
the global maximizing variance. So it can be changed into the following constrained problem:

min tr
{

U T
(
(1 − α) X M X T − αST

)
U
}

(24)

s.t. U T X DX T U = I

where α (0 ≤ α < 1) is an adjustable parameter to balance the locality and globality.
Equation 24 can be solved by Lagrangian multiplier method:

∂

∂ui
tr
{

uT
i

(
(1 − α) X M X T − αST

)
ui − λi

(
uT

i X DX T ui − I
)}

= 0 (25)

where λi is the Lagrangian multiplier. Thus we get:
[
(1 − α) X M X T − αST

]
ui = λi X DX T ui (26)

where ui is generalized eigenvector correspondingly to generalized eigenvalue λi .
After the transformation matrix of ULDP is obtained, the samples can be projection to this

low-dimensional subspace. Then a nearest-neighbor classifier can be used for classification.
Given two images x1, x2 represented by ULDP feature vectors y1 and y2, then the distance

d(y1, y2) is defined as:

d(y1, y2) = ‖y1 − y2‖2 (27)

If the feature matrices of training images are y1, y2, . . . , yN (N is the total number of
training images), and each image is assigned to a class πl(l = 1, . . . , c). Then for a given
test image y, if d(y, y1) = min

j
d(y, y j ) and y1 ∈ πl , the resulting decision is y ∈ πl .

3.5 The Outline of ULDP

Based on the above descriptions, ULDP algorithm can be described as follows:

Step1: (PCA): PCA transformation is implemented on original image spaces using Eq. 22.
Step2: (ULDP): Calculate preserving local minimizing embedding using Eqs. 16–20 and

preserving global maximizing variance using Eqs. 21–24 in PCA subspace.
Step3: (Feature extracting): Extract the sample feature using Eq. 26.
Step4: (Dimension reduction): Project all samples onto the obtained optimal discriminant

vectors and yield the projected eigenvectors using Eq. 1.
Step5: (Recognition): Classify the projected eigenvectors with a classifier using Eq. 27.

4 Connection Between LLE, NPE and ULDP

In this section, ULDP will be shown to be formally similar to LLE and NPE [32]. However,
ULDP is also obviously different from them. In order to investigate the similarity and the
difference, we discuss the connections between LLE, NPE and ULDP.

LLE and NPE aim to discover the local structure of the data manifold. LLE is defined
only on the training samples, and there are no natural maps of the testing sample. Instead,
NPE is defined on both the training and test samples. NPE is a linear approximation to LLE.
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In NPE, the matrix X M X T is symmetric and semi-positive definite. In order to remove
an arbitrary scaling factor in the projection, we impose a constraint as follows:

Y Y T = I ⇒ U T X X T U = I (28)

Finally, the minimization problem reduces to finding U :

min
U T X X T U=I

tr
{

U T X M X T U
}

(29)

The transformation matrix U that minimizes the objective function is given by the mini-
mum eigenvalue solution to the following generalized eigenvector problem:

X M X T ui = λi X X T ui (30)

ULDP preserves local embedding and global variance. The total scatter matrix ST in
Eq. 13 can be written as:

ST = 1

2N N

∑

i, j

(xi − x j )(xi − x j )
T

= 1

N
X

(
I − 1

N
eeT

)
X T (31)

where I is the identity matrix and e is a column vector taking 1 at each entry.
As a result, ULDP is formulated as the following constrained minimization problem:

min
U T X DX T U=I

tr

{
U T X

(
(1 − α) M + α

(
1

N 2 eeT − 1

N
I

))
X T U

}
(32)

Thus we have:

X M̂ X T ui = λi X X T ui (33)

where M̂ = (1 − α) M + αM̃, M̃ = 1
N 2 eeT − 1

N I . It is easy to see that NPE is a special
case of ULDP (i.e. when α = 0, D = I ).

From above discussed, NPE and ULDP yield mappings that are defined not only on the
training data points but also on novel testing points. The essence of NPE is the linear approx-
imation to LLE and the essence of ULDP is weighted NPE integrating globality-based PCA.
As we know, the graph construction of LLE and NPE fails to use the global discriminative
information while the graph construction of PCA fails to utilize the locality information.
However, we can see from M̂ first that ULDP preserves the locality characteristic since M
still exists and second that it adds the global information through M̃ . From what has been
discussed above, it can be concluded that ULDP builds a new graph with different edge
weight assignment method, integrating both local information and global information. Thus,
by integrating the globality into the objective function, ULDP will be more robust than LLE
and NPE.

5 Experiments and Results

To evaluate the proposed ULDP algorithm, we systematically compare it with the PCA [1],
LDA [2], LLE [20,21], NPE [32], LPP [25,26] and UDP [31] algorithm in three face dat-
abases: ORL, YALE and AR. 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.
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Euclidean distance and nearest neighborhood classifier are used in all the experiments. The
experiments were carried out on the same PC (CPU: P4 2.8 GHz, RAM: 1024 MB).

5.1 Database

The ORL face database (http://www.uk.research.att.com/facedatabase.html) contains images
from 40 individuals, each providing 10 different images where the pose, face expression and
sample size vary. 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 this scale of up to about 10%. All
images normalized to a resolution of 56 × 46. We test the recognition performances of the
seven methods: PCA, LDA, LLE, NPE, LPP, UDP and ULDP. In the experiments, l images
(l varies from 2 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 50 times. In the PCA phase of LDA, LLE, NPE, LPP, UDP and ULDP,
we keep 95% image energy.

The YALE face database (http://www.cvc.yale.edu/projects/yalefaces/yalefaces.html)
contains 165 gray scale images of 15 individuals, each individual has 11 images. The images
demonstrate variations in lighting condition, facial expression (normal, happy, sad, sleepy,
surprised, and wink). In this experiment, each image in Yale database was manually cropped
and resized to 50×40. In the PCA phase of LDA, LLE, NPE, LPP, UDP and ULDP, we keep
95% image energy. In the experiments, l images (l varies from 2 to 6) are randomly selected
from the image gallery of each individual to form the training sample set. The remaining
11 − l images are used for testing. For each l, we independently run 50 times.

The AR face database (http://cobweb.ecn.purdue.edu/~aleix/aleix_face_DB.html) con-
tains over 4,000 color face images of 126 people (70 men and 56 women), including frontal
views of faces with different facial expressions, lighting conditions, and occlusions. The
pictures of 120 individuals (65 men and 55 women) were taken in two sessions (separated
by 2 weeks) and each session contains 13 color images. The face portion of each image is
manually cropped and then normalized to 50 × 40 pixels. These images vary as follows: (1)
neutral expression, (2) smiling, (3) angry, (4) screaming, (5) left light on, (6) right light on,
(7) all sides light on, (8) wearing sum glasses, (9) wearing sun glasses and left light on, and
(10) wearing sun glasses and right light on. In this experiment, l images (l varies from 2 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 10
times. In the PCA phase of LDA, LLE, NPE, LPP, UDP and ULDP, the number of princi-
pal components is set as 150. The dimension steps are set to be 5 in final low-dimensional
subspaces obtained by the seven methods.

Figures 1, 2 and 3 show the sample images from the three databases.

5.2 Experimental Results and Analysis

Except PCA and LDA, the local methods involved in the experiments are manifold learning
based approaches, where k nearest neighborhood search is employed. Thus how to select
parameter k is an important problem in feature extraction. If the value of k is too small,
it is very difficult to preserve the topologic structure in the low-dimensional space. On the
contrary, if the value of k is too large, it is very difficult to depict the assumption of local lin-
earity in the high dimensional space. So it will affect the dimensionality manifold reduction
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Fig. 1 Images of one person on the ORL database

Fig. 2 Images of one person on the YALE database

Fig. 3 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)

result by the value of k. In the first experiment, we investigate the performance of the ULDP
algorithm over the reduced dimensions versus the varied the value of the k. To find how k
affects the recognition performance, we change k from 1 to 20 with step 1. Figure 4 displays
the average recognition rate of LPP, UDP and ULDP with varied the value of k by carrying
out ULDP when only six images per class were randomly selected for training on the ORL,
YALE and AR face databases.

From Fig. 4 we can get the following conclusions:

(1) The average recognition rates of ULDP algorithm is not sensitive to parameter k when
only six images per class were randomly selected for training on the ORL, YALE and
AR face databases.

(2) The k-nearest neighborhood parameter in LPP and UDP [31] is chosen as k = l − 1
where they can get best recognition rates.

(3) Why LPP and UDP are affected and ULDP is not by the parameter k? Because of the
essence of LPP and UDP are locality-based methods, where ULDP can preserve local
and global information by capturing the local and global geometry of the manifold.

In the second experiment, we also test the impact of α on the performance when only six
images per class were randomly selected for training on the YALE face database, which can
be found in Fig. 5. We varied α from 0 to 0.9 with step 0.1. Figure 5 displays the maximal
average recognition rates with varied parameter α by carrying out ULDP. From Fig. 5, it can
be found that the effectiveness of the ULDP algorithm is sensitive to the value of the param-
eter α. ULDP obtains the best average recognition rate 95.09% when α = 0.5. This indicates
that the locality and the globality are with the same importance. In the next experiment, the
value of adjustable parameter α is taken to be 0.5.
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Fig. 4 The average recognition rate (%) of LPP, UDP and ULDP versus the varied the value of k when only
six images per class were randomly selected for training on the ORL, YALE and AR face databases

Fig. 5 The maximal average
recognition rates (%) of ULDP
versus the varied the value of α

when only six images per class
were randomly selected for
training on the YALE face
database

In the third experiment, we randomly select l images (l varies from 2 to 6) of each individ-
ual for training, and the remaining ones are used for testing. We compare the performances of
different algorithms. The maximal average recognition rates obtained by different algorithms
as well as the corresponding dimensionality of reduced subspace (the numbers in parentheses)
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Table 1 The maximal average recognition rates (%) of the seven methods on the ORL face database versus
the variation of the training sample sizes

Methods Number of training samples of each class

2 3 4 5 6

PCA 74.91 82.23 84.53 86.71 87.40

(50) (46) (34) (46) (42)

LDA 77.40 85.09 86.17 87.23 87.73

(39) (39) (39) (35) (38)

LLE 70.60 73.39 77.46 80.00 89.99

(43) (36) (50) (27) (50)

NPE 82.53 90.26 93.62 95.86 97.30

(26) (25) (24) (2) (26)

LPP 72.05 81.78 87.42 90.82 93.21

(48) (46) (36) (34) (32)

UDP 70.53 85.71 92.51 95.45 97.26

(50) (50) (47) (50) (49)

ULDP 83.66 91.31 94.63 96.77 98.06

(26) (25) (25) (25) (24)

The bold values denote the best results

Table 2 The maximal average recognition rates (%) of the seven methods on the YALE face database versus
the variation of the training sample sizes

Methods Number of training samples of each class

2 3 4 5 6

PCA 78.49 81.47 85.37 85.96 87.01

(29) (40) (36) (40) (46)

LDA 81.93 85.61 88.30 88.84 89.36

(14) (14) (14) (14) (14)

LLE 84.93 84.17 86.65 90.00 90.53

(17) (11) (9) (11) (10)

NPE 89.76 92.95 91.94 93.36 94.29

(26) (29) (49) (46) (47)

LPP 81.45 85.97 88.57 89.00 90.40

(22) (24) (21) (18) (21)

UDP 88.36 90.77 90.50 92.76 94.75

(50) (50) (50) (27) (29)

ULDP 90.64 93.40 93.18 94.20 95.09

(25) (17) (19) (20) (26)

The bold values denote the best results

on the ORL, YALE and AR face databases are given in Tables 1, 2 and 3, respectively. Fig-
ure 6 shows the average recognition rates (%) of ULDP versus the varied dimensionality
when only six images per class were randomly selected for training on the ORL, YALE and
AR face databases. We change the number of eigenvectors from 2 to 50 with step 2 on the
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Table 3 The maximal average recognition rates (%) of the seven methods on the AR face database versus
the variation of the training sample sizes

Methods Number of training samples of each class

2 3 4 5 6

PCA 67.79 71.83 78.87 79.84 82.58

(150) (150) (150) (150) (150)

LDA 72.21 76.34 83.84 87.45 88.33

(115) (115) (115) (115) (115)

LLE 71.29 75.47 84.84 86.54 87.38

(135) (120) (120) (135) (135)

NPE 72.50 82.56 91.59 94.44 95.28

(150) (145) (145) (145) (130)

LPP 72.45 76.39 84.39 88.68 89.67

(140) (130) (130) (110) (110)

UDP 73.13 82.19 90.15 91.8 95.08

(150) (150) (150) (150) (150)

ULDP 73.45 83.21 91.74 92.44 96.00

(80) (145) (145) (125) (120)

The bold values denote the best results

Fig. 6 The average recognition
rates (%) of ULDP versus the
varied dimensions when only six
images per class were randomly
selected for training on the ORL,
YALE and AR face databases

ORL, YALE face databases and the number of eigenvectors from 5 to 125 with step 5 on the
AR face database, respectively.

From Tables 1, 2 and 3, and Fig. 6, we can obtain the following conclusions:

(1) The above experiments showed that the maximal average recognition rates of all meth-
ods increase with the increase in training sample size in Tables 1, 2 and 3 respectively.
The proposed ULDP algorithm consistently performs better than other methods in all
experiments in three face databases.

(2) From Fig. 6 we can find that with the increasing number of eigenvectors on three face
databases, the average recognition rates also improved.
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(3) Local methods such as LLE, NPE, LPP and UDP retain the neighboring data points
of k nearest distances, even though they might be from different classes. This informa-
tion is inadequate to capture the locality of the real underlying data structure. Hence,
local methods may not be optimal from a discrimination standpoint. On the other hand,
ULDP seeks projection that preserves local embedding and global variance. This objec-
tive function leads to the enhancement of classification capability and this assumption
is testified by the experimental results.

6 Conclusions

In pattern recognition, feature extraction techniques are widely employed to reduce the dimen-
sionality of data and enhance the discriminatory information. In this paper, we proposed a
new method for dimensionality reduction and feature extraction in face recognition, namely
ULDP, which can be regarded as the integration of the local approaches (LLE) and the global
approaches (PCA). ULDP can be used as a new graph construction and edge weight assign-
ment method. The essence of this approach is to seek projection directions that preserve both
local and global information. The experiments conducted on the ORL, YALE and AR face
databases indicate the effectiveness of the proposed method under face recognition experi-
mental conditions. The effectiveness of ULDP algorithm is not sensitive to the parameter of
k when only six images per class were randomly selected for training on the ORL, YALE and
AR face databases. For future work, we will extend ULDP to supervised and semi-supervised
cases.
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