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Abstract

Dimensionality reduction is a crucial step for pattern recognition. Recently, a new kind of dimensionality
reduction method, manifold learning, has attracted much attention.Among them, Neighborhood Preserving
Projections (NPP) is one of the most promising techniques. In this paper, a novel manifold learning
method called Discriminant Uncorrelated Neighborhood Preserving Projections (DUNPP), is proposed.
Based on NPP, DUNPP takes into account the between-class information and designs a new difference-
based optimization objective function with uncorrelated constraint. DUNPP not only preserves the
within-class neighboring geometry, but also maximizes the between-class distance. Moreover, the features
extracted via DUNPP are statistically uncorrelated with minimum redundancy, which is desirable for
many pattern analysis applications. Thus it can obtain the stronger discriminant power. Experimental
results on standard face database demonstrate the effectiveness of the proposed algorithm.
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1 Introduction

In the past few years, manifold learning algorithms, based on local geometry analysis, have drawn
much attention. Unlike Principal Component Analysis (PCA) [1] and Linear Discriminant Anal-
ysis (LDA) [2], which aim to preserve the global Euclidean structure of the data space, manifold
learning algorithms aim to preserve the inherent manifold structure. The most representative
algorithms include Isomap [3], Local Linear Embedding (LLE)[4], Laplacian Eigenmap [5], Lo-
cal Tagent Space Alignment (LTSA) [6], Local Coordinates Alignment (LCA) [7], Local Spline
Embedding (LSE) [8], and so on. Real performances on many data sets show that they are
effective methods to discover the underlying structure hidden in the high-dimensional data set
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[4, 5, 6, 7, 8]. Nevertheless, the mappings derived from these methods are defined on the training
set and how to evaluate a novel test data remains unclear. Therefore, these methods can not be
applied directly to pattern classification problem.
In order to overcome the drawback, linear manifold embedding methods are proposed, such as

Neighborhood Preserving Projections (NPP) [9, 10], and Locality Preserving Projections (LPP)
[11, 12], which can find the mapping on the whole data space, not just on training data. However,
these manifold learning methods do not consider the class label information, which will inevitably
lead to a heavy weakening of their performance on pattern recognition. To take advantage of
the class separability, some discriminant manifold learning methods which integrate the locally
geometric information and class label information have been proposed, such as Marginal Fisher
Analysis (MFA) [13] and Locality sensitive discriminant analysis (LSDA) [14]. All the methods
mentioned above are statistically correlated, and so the extracted features contain redundancy,
which may distort the distribution of the features and even dramatically degrade recognition
performance.
Although LPP holds the same locality preserving characteristic as NPP, Unlike LPP, which sets

the weights between points simply 0,1, or the value of a function, NPP obtains the reconstruc-
tion weights by solving a square optimal problem, and thus the weights can be always optimal
and better characterize neighboring geometry relation. In this paper, based on NPP, We pro-
pose a Discriminant Uncorrelated Neighborhood Preserving Projections (DUNPP) method by
designing a new difference-based optimization objective function with uncorrelated constraint for
face recognition. This method achieves good discrimination ability by preserving within-class
neighboring geometry structure, while maximizing the between-class distance. In addition, this
method obtains statistically uncorrelated features with minimum redundancy. The effectiveness
of the proposed method is verified by experiments on ORL face database.

2 A Brief Review of NPP

The generic problem of linear dimensionality reduction is as follows: GiveN pointsX = [x1, x2, . . . , xN ]
in D dimensional space, find the transformation matrix V to map these points to new points
Y = [y1, y2, . . . , yN ] in d dimensional space (d <<D) such that yi represents xi, where yi = V Txi.
Neighborhood Preserving Projections (NPP) is a linear approximation of the original nonlinear

Local Linear Embedding (LLE). NPP aims to find the optimal transformation V that can preserve
the locality manifold structure of the data X by minimizing the following cost function:

J1(V ) =
N∑
i=1

∥∥∥∥∥yi −
N∑
j=1

yiWij

∥∥∥∥∥
2

= ‖Y (I −W )‖2

= tr{Y (I −W )(I −W )TY T} (1)
= tr{(V TX)(I −W )(I −W )T (V TX)T}
= tr{V TXMXTV }

with the constraint(1/N)Y Y T = (1/N)V TXXTV = I. where tr denotes the operation of trace,
M = (I −W )T (I −W ), I is an identity matrix. The basis idea behind NPP is that the same
weights Wij that reconstruct the ith point xi in D dimensional space should also reconstruct
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its embedded counterpart yi in d dimensional space, the weight matrix W can be computed by
minimizing the reconstruction error:

ε(W ) =
N∑
i=1

∥∥∥∥∥xi −
K∑
j−1

Wijxj

∥∥∥∥∥
2

(2)

where
∑

jWij = 1, and Wij = 0, if xj is not one of the K nearest neighbors of xi.
Finally, the minimization problem can be converted to solving a generalized eigenvalue problem

as follows:
XMXTV = λXXTV (3)

Let the column vectors v0, v1, . . . , vd−1 be the solutions of Eq. (3), ordered according to their
eigenvalues λ0 ≤ λ1 ≤ . . . ≤ λd−1, and V = [v0, v1, . . . , vd−1]. Thus, the embedding is as follows:

xi → yi = V Txi (4)

For more detailed information about NPP, please refer to [9], [10].

3 Discriminant Uncorrelated Neighborhood Preserving
Projections

NPP is an unsupervised manifold learning method. As mentioned above, discriminant information
is very important for recognition problem. Here, we modify NPP with class label information and
yield Discriminant Uncorrelated Neighborhood Preserving Projections (UDNPP). For DUNPP,
the goal is to preserve the within-class neighborhood geometry structure, while maximizing the
between-class distance.
Since DUNPP attempts to solve a classification problem, it must take into account class label

information to make the projection vectors from different classes far from each other. So, we
propose to maximize the between-class distance:

J2(V ) =
C∑

i,j=1

‖mi −mj‖2

=
C∑

i,j=1

∥∥∥∥∥∥(1/ni)
∑
x∈Xi

V Tx− (1/nj)
∑
x∈Xj

V Tx

∥∥∥∥∥∥
2

=
C∑

i,j=1

∥∥V T (µi − µj)
∥∥2 (5)

= tr

{
C∑

i,j=1

V T (µi − µj)(µi − µj)
TV

}
= tr{V TSbV }

where mi = (1/ni)
∑

y∈Xi
y, µi = (1/ni)

∑
x∈Xi

x, and Sb is the between-class scatter matrix.
According to [12], the total scatter matrix St, within-class scatter matrix Sw, and between-class
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scatter matrix Sb can be formulated, respectively, as follows:

St = (1/N)
N∑
i=1

(xi − µ)(xi − µ)T = (1/N)X(I − (1−N)eeT )XT = XGXT (6)

Sw =
C∑
i=1

∑
x∈Xi

(x− µi)(x− µi)
T = X(I − E)XT = XLXT (7)

Sb = St − Sw = X(G− L)XT = XBXT (8)

where G = I − (1−N)eeT , I is an identity matrix, e = (1, 1, . . . , 1)T , L = I − E, Eij = 1/Nc, if
xi and xj belong to class Xc; otherwise, Eij = 0, and B = G−L. Thus, Eq. (3) can be rewritten
as:

J2(V ) = tr{V TXBXTV } (9)

When class labels are available, each data point is reconstructed by linear combination of other
points which belong to the same class. The weight Wij can be computed by minimizing Eq. (2)
with constraints

∑
j Wij = 1, andWij = 0 if xj and xi are from different classes. Thus, the weight

matrix not only reflects geometric relation but also carries discriminant information. As a result,
the within-class geometry structure in DUNPP can be preserved. Combining Eq. (1) and Eq.(9),
the objective function of DUNPP can be defined as follows:

J(V ) = tr
{
V TXBXTV − V TXMXTV

}
(10)

Next, the statistically uncorrelated constraint is considered. Assuming that any two different
components yi and yj(i 6= j) of the extracted feature y = V Tx are statistically uncorrelated, this
means that:

E[(yi − E(yi))(yj − E(yj))T ] = vi
TStvj = 0 (11)

where vi and vj are two different columns of the matrix V , and St is the total scatter matrix of
the training set. Besides, vi should be normalized. Let vi satisfy:

vi
TStvi = 1 (12)

Eq. (11) and Eq. (12) can be summarized as:

V TStV = I (13)

As a result, DUNPP can be formulated as the following constrained maximization problem

maxJ(V ) = max
V TStV=I

tr(V TX(B −M)XTV )

= max
V TXGXTV=I

tr(V TX(B −M)XTV ) (14)

Finally, the constrained maximization problem is reduced to a generalized eigenvalue problem

X(B −M)XTv = λXGXTv (15)

The transformation matrix V is computed by the d eigenvectors corresponding to the first d
largest eigenvalues ordered of Eq. (15). Once V is obtained, for any data point x in the input
space, the feature is given as y = V Tx.
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4 Experimental Results

To demonstrate the effectiveness of our proposed method for face analysis (face representation,
face distribution and face recognition), experiments were done on the ORL face database. The
ORL face database contains 40 different subjects, and each subject has ten different images. The
images include variation in face expression (smile or not, open/closed eyes) and pose. The size of
each cropped image in all the experiments is 32×32 pixels, with 256 gray levels per pixel. Fig.1
illustrates one sample subjects of the ORL database along with variations in facial expression
and pose. In this experiment, we compare our proposed algorithm with representative algorithms
such as PCA, LDA, NPP, and LPP.

Fig. 1: Sample face images from the ORL database

4.1 Face representation using DUNPP

Affected by many complex factors such as expression, illumination and pose, the original image
space might not be an optimal space for visual representation, distribution and recognition. In
term of different theoretical analysis, PCA, LDA, NPP, LPP and DUNPP will generate different
projected subspace. The images in the training set are used to learn such a face subspace spanned
by the basis vectors of the corresponding algorithm. Thus, any other images in the projected
subspace can be represented as a linear combination of these basis vector images. For PCA, LDA
and LPP, these xbasis vector images are usually called Eigenfaces, Fisherfaces and Laplacianfaces
since they are face-like. Using the randomly selected five image samples of each person from the
ORL database as the training set, we present the first five basis vector images of DUNPP in Fig.2,
together with Eigenfaces, Fisherfaces, those basis vector images of NPP and Laplacianfaces. It
can be seen from Fig.2 that the basis vector images computed by DUNPP is different from those
of NPP.

Fig. 2: The row images corresponding to the first five basis vectors of PCA, LDA, NPP, LPP and DUNPP
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4.2 Distribution of face patterns

The distribution of face patterns is highly non-convex and complex, especially when the patterns
are subject to large variations in viewpoints as is the case with the ORL database. Here, the
experiment aims to provide insights on how the DUNPP algorithm simplifies the face pattern
distribution.
For the sake of simplicity in visualization, we only use a subset of the database, which contains

120 images with randomly selected 3 images per individual. Five types of feature bases are
generalized from the ORL subset by utilizing the PCA, LDA, NPP, LPP and DUNPP algorithms
respectively. Then, the rest images of seven person randomly selected from database are projected
onto the five subspaces. For each image, its projections in the first two most significant feature
bases of each subspace are visualized in Fig.3, where the images from the same class are specified
respectively by ′◦′,′�′,′ ♦′,′×′,′+′,′O′and′?′.
It can be seen from Fig.3(a) that the faces are not separable in the PCA subsapce, the reason is

that the PCA-based features are optimized with focus on object reconstruction. LDA optimizes
the low-dimensional representation of the objects based on separability criteria. As show in
Fig.3(b), the two classes are separable. Unlike PCA and LDA which are global method, NPP and
LPP possess locality preserving property. From Fig.3(c) and Fig.3(d) we observe that separability
of NPP and LPP is much obvious better compared to that using PCA and LDA. In contrast to
other four algorithms, we can see the linearization property of the DUNPP-based subspace, as
depicted in Fig.3(d), where all of classes are almost separable, and there is small amount of
overlapping.

Fig. 3: Distribution of seven subjects in different subspace

4.3 Face recognition using DUNPP

In this section, we investigate the use of DUNPP for face recognition. In this experiment, the
training and testing set are selected randomly for each subject on ORL face database. The
number of training samples per subject, n, increases from 3 to 6 on ORL face database. In each
round, the training samples are selected randomly and the remaining samples are used for testing.
This procedure was repeated 10 times by randomly choosing different training and testing sets.
Finally, a nearest neighbor classifier is employed for classification.
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To evaluate the efficiency of the DUNPP algorithm, we compare the accurate recognition rate
of DUNPP algorithm with that of other algorithms such as PCA, LDA, NPP, and LPP. Fig.4
gives comparison of the average recognition rates of five algorithms under different reduced di-
mensions. Table 1 contains comparative analysis of the obtained top average recognition rate
and the corresponding standard deviation with reduced dimensionality on the ORL database. As
can be seen, the DUNPP algorithm outperforms the other algorithms. It demonstrates that the
performance is improved because DUNPP algorithm takes into account more geometric structure
and more discriminant information; in addition, the extracted features are statically uncorrelated.

Fig. 4: Recognition rate vs. dimensionality reduction on ORL face database. (a) Three samples for
training. (b) Four samples for training. (c) Five samples for training. (d) Six samples for training

Table 1: Recognition accuracy (%) comparison on ORL face database

Method 3Train 4Train 5Train 6Train

PCA 79.00± 1.76(119) 84.21± 1.65(159) 89.75 ± 1.84(199) 90.25 ± 1.39(239)
LDA 86.14± 1.38(39) 90.75±1.73(38) 93.55±1.48(39) 94.50±2.16(39)
NPP 87.21±1.41(39) 91.12±1.69(39) 93.85±1.27(39) 94.50±2.22(42)
LPP 87.03±1.43(39) 91.33±1.36(39) 93.55±1.01(38) 94.87±1.76(39)

DUNPP 90.78±2.15(39) 93.66±1.48(39) 96.65±1.00(39) 97.06±1.25(39)
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5 Conclusion and Future Work

A new manifold learning algorithm called Discriminant Uncorrelated Neighborhood Preserving
Projections (DUNPP) is proposed. DUNPP takes both class label information and structure of
manifold into account, thus it can preserve the within-class neighborhood geometry structure
and maximize the distance between difference classes simultaneously. Moreover, an uncorrelated
constraint is introduced to make the extracted features statistically uncorrelated. Experimental
results on face database show DUNPP is indeed effective and efficient. But DUNPP algorithm is
still linear. In future work, we will extend DUNPP to nonlinear form by kernel trick.
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