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Abstract. The locality preserving projection (LPP), known as Lapla-
cianfaces, was recently proposed as a transformation technique of
mapping which optimally preserves the neighborhood structure of the
dataset. In this paper, an efficient method for face recognition called
mixture-of-Laplacianfaces (or LPP mixture model) is proposed, which
obtains several sets of Laplacianfaces through Expectation-Maximization
(EM) learning of Gaussian Mixture Models (GMM). Experiments carried
out by using this on ORL, FERET and COIL-20 indicate superior per-
formance as compared with method based on Laplacianfaces and other
contemporary subspace methods.

1 Introduction

The goal of dimensionality reduction algorithm is to map data points X =
x1, x2, . . . , xm in �N to a subspace �l,where l � N . The LPP [9] is a subspace
method which also incorporates the neighborhood information while mapping
the data points to a subspace. Since it preserves the neighborhood information,
its classification performance is much better than other subspace approaches
like PCA [6] and FLD [7]. Here, we briefly outline the LPP model [9]. The main
objective of LPP is to preserve the local structure of the input vector space by
explicitly considering the manifold structure. The first step of this algorithm is
to construct the adjacency graph G of m nodes, such that node i and j are linked
if xi and xj are close w.r.t each other in any of the following two conditions:

1. k-nearest neighbors: Nodes i and j are linked by an edge, if i is among
k-nearest neighbors of j or vice-versa.

2. ε-neighbors: Nodes i and j are linked by an edge if ‖xi − xj‖2
< ε, where

‖·‖ is the usual Euclidean norm.

Next step is to construct the weight matrix W, which is a sparse symmetric
m × m matrix with weights wij if there is an edge between nodes i and j, and
0 if there is no edge. Two alternative criterion to construct the weight matrix:
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1. Heat-Kernel: wij = e
−‖xi−xj‖2

t , if i and j are linked.
2. wij = 1, iff nodes i and j are linked by an edge.

The objective function of LPP model is to solve the following generalized eigen-
vector problem:

XLXTa = λXDXT a (1)

Where D is the diagonal matrix with entries as Dii =
∑

j wji and L = D − W
is the laplacian matrix.

The transformation matrix A is formed by arranging the eigenvectors of
Eq.(1) ordered according to their eigenvalues, λ1 < λ2, . . . , < λl. Thus, the
feature vector yi of input xi is obtained as follows:

xi → yi = AT · xi ∀i = 1, 2, . . . , m (2)

Note: The XDXT matrix is always singular because of high-dimensional nature
of the image space. To alleviate this problem, PCA is used as the preprocessing
step to reduce the dimensionality of the input vector space.

2 Mixture-of-Laplacianfaces Using GMM

Here, mixture-of-Laplacianfaces obtained through EM learning of the GMM is
presented. To implement this, we first explain the concepts of GMM [1]1.

2.1 PCA Mixture Model

The goal of this model is to partition set of all classes into several clusters
and to obtain PCA transformation matrix for each cluster. Here, a class and
its density function of the N -dimensional data x is represented as P (x) =
∑K

k=1 P (x/k, θk)P (k). Where P (x/k, θk) and P (k) represent the conditional
density and apriori probability of the kth cluster respectively, and θk is the
unknown model parameters which is to be calculated through EM learning. The
multivariate Gaussian distribution function to model P (x/k, θk) is as follows:

η(x/μk, Σk) =
1

(2π)D/2 |Σ|1/2 e−
1
2 (x−μk)T Σ−1

k (x−μk) (3)

Where μk and Σk are the mean and covariance matrix of kth cluster respectively.
A distribution can be written as a linear superposition of Gaussian2 in the form
P (x) =

∑K
k=1 πkη(x/μk, Σk). Where πk is called the mixing coefficient that is set

to the fractions of data points assigned to kth cluster. Now log of the likelihood
function is given by:

ln P (X/π, μ, Σ) =
N∑

n=1

ln
K∑

k=1

πk η(xn/μk, Σk) (4)

1 It is also referred as probabilistic PCA or PCA mixtures in Refs.[5] and [1].
2 Note that mixture of Gaussian need not be Gaussian but Fourier of Gaussian is still

a Gaussian.
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Fig. 1. Illustration of Gaussian Mixture Models

An elegant and powerful method for finding the maximum likelihood solution
for GMM is called the EM algorithm [1]. To find a suitable initialization for a
GMM, the means μk, covariances Σk and mixing coefficients πk are initialized by
running K-means clustering algorithm, which are then subsequently estimated
using EM. We now alternate between the following two steps which are called
Expectation(E) step and the Maximization(M) step. In the E-step, current values
of the parameters are used to evaluate the posteriori probabilities given by:

ξ(znk) =
πk η(x/μk, Σk)

∑K
j=1 πj η(u/μj , Σj)

(5)

In the M-step, we use these probabilities to re-estimate the means μnew
k , covari-

ance matrix Σnew
k and mixing coefficient πnew

k respectively as follows:

μnew
k =

1
Nk

N∑

n=1

ξ(znk)xn (6)

Σnew
k =

1
Nk

N∑

n=1

ξ(znk) (xn − μnew
k )(xn − μnew

k )T (7)

πnew
k =

Nk

N
(8)

Each update of the parameters resulting from the E-step followed by an M-
step is guaranteed to increase the log likelihood function and the algorithm is
deemed to converge when the change in the log likelihood function falls below
some threshold. Fig.1 illustrates the mixture of four and five Gaussians for a
data of 600 random points, where the + mark indicates the cluster means.
Now, kth eigen value and eigen vector parameters are obtained using eigenvalue
analysis ΣkWkj = λkj Wkj ∀k = 1, . . . , K. The PCA transformation matrix Wk

is obtained by selecting l dominant eigen vectors of kth cluster.
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2.2 LPP Mixture Model

Since we obtained K number of PCA transformation matrices using PCA mix-
ture model, a feature set for each mixture is obtained in the LPP mixture model.
The objective function of the proposed method now becomes as follows:

XkLXT
k ak = XkDXT

k ak ∀k = 1, 2, . . . , K (9)

Where Xk represents l × n feature matrix of training samples obtained af-
ter the transformation through kth PCA mixture. The D and L matrix are
obtained as mentioned previously in section 1. The transformation matri-
ces Ak = (ak

1 , ak
2 , . . . , a

k
l ) of LPP mixture model are formed by arranging l

eigenvectors of kth LPP mixture in Eq.(9) according to l largest eigenvalues
λk

1 < λk
2 < . . . , < λk

l ∀k = 1, 2, . . . , K. Using the Aks, features for a training
sample x can be obtained as follows:

fk
i = AT

k xi ∀i = 1, 2, . . . , m and ∀k = 1, 2, . . . , K (10)

Since there are K mixtures, K number of features are obtained for a unknown
sample I. To combine K classification results of I from all the mixtures, a dis-
tance matrix is constructed and denoted by D(I) = (dij)m×K where dij is set
to 1 if I is matched to ith training sample after transformation through jth mix-
ture, else it is set to 0. Consequently, the total confidence value that the sample I
belongs to the ith class is TCI(i) =

∑K
j=1 dij . Finally, identity of the test sample

I is computed as follows:

Identity(I) = argmaxi(TCI(i)) 1 ≤ i ≤ m (11)

3 Experiments

The performance of the proposed method is evaluated using three standard data-
bases namely ORL3, FERET and COIL-204. The nearest neighbor classifier
(Euclidean distance) is used for classification and experiments are carried out
on a P4 3GHz PC with 1GB RAM memory and Matlab 7.0 environment.

3.1 Results on the ORL Database

Two types of experiments, i.e. performance under clean and noise conditions,
are carried out on this database. Our preliminary experiments suggest that the
classification performance of the proposed method is impacted by the number
of mixtures learned. Hence, to study the effect of number of mixtures on clas-
sification performance, we conduct an experiment by varying both number of
training samples and mixtures. This result is depicted in Table 15. It is apparent
3 www.uk.research.att.com/facedatabase.html
4 www1.cs.columbia.edu/CAVE/research/softlib/coil-20.html
5 Last row shows the results of conventional LPP method.
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Table 1. Recognition Accuracy(%) for varying number of mixtures (40 dimensions)

Number of Mixtures Number of Training Samples
2 3 4 6 7 8

2 86.50 91.25 93.75 98.00 98.75 99.50
3 88.50 91.50 94,25 98.50 99.00 99.50
4 90.00 93.00 94.50 98.00 99.00 99.50
5 90.50 93.00 94.00 98.00 98.75 99.50

LPP method[9] 82.00 82.25 89.75 95.00 96.50 98.25

from table that, mixture of four Gaussians could be a optimal choice for compet-
itive results and reasonable computational burden. Hence in all our subsequent
experiments, we use four mixtures. Now, for comparative analysis, an experi-
ment is conducted by training first five samples of each class. Table 2 presents
the comparison of different subspace methods on recognition accuracy and run-
ning time(s). From the table it is clear that the proposed method significantly

Table 2. Comparison of different subspace methods for 40 dimensions

Parameters Methods
PCA[6] PCA+DCT[2] PCA+Wavelet[3] LDA[7] LPP[9] PCA Mixture[5] Proposed Method

Accuracy(%) 93.25 93.50 92.50 92.25 94.50 95.50 97.00
Time(s) 15.89 13.10 14.44 17.78 16.39 189.44 201.22

outperformed other methods in terms of recognition accuracy. Nevertheless, the
drawback of our method is the computational burden involved while EM learning
of the GMM. This appears to be the case for mixture models in general.

The issue of noise modeling is crucial to check the robustness of the algorithm
under real time pattern recognition and computer vision tasks. In our work, we
have modeled five noise environments by using different continuous distributions
in their discretized version. Using first image from each class, we generated 10

Table 3. Average recognition accuracy for different noise conditions for 25 dimensions

Noise Conditions Methods
PCA PCA+DCT PCA+Wavelet LDA LPP PCA Mixture Proposed Method

Gaussian 81.50 82.00 68.25 88.00 87.00 93.50 95.25
Salt-and-Pepper 56.50 57.00 46.25 59.50 61.25 63.50 67.50
Exponential 31.50 30.50 78.50 43.00 51.50 71.00 73.50
Weibull 34.50 34.50 68.00 39.50 43.50 55.50 60.25
Beta 86.50 85.25 79.00 87.75 93.50 99.50 100.0
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Table 4. Comparing different methods under SSPP condition for 20 dimensions

Database Size PCA PCA+DCT PCA+Wavelet Sampled-FLDA PCA Mixture LPP P C2A Proposed

20 100 100 100 100 100 100 100 100
40 87.50 87.50 90.00 90.00 90.00 87.50 87.50 90.00
60 85.00 90.00 86.66 88.33 88.33 84.00 88.33 88.33
80 87.50 90.00 88.75 86.25 88.75 85.40 88.75 85.00
100 85.00 88.00 91.00 89.00 83.33 76.00 87.00 83.33
120 88.33 87.50 87.50 90.00 90.00 86.66 89.16 91.00
140 87.14 89.28 86.42 88.57 89.28 86.42 87.14 89.28
160 87.50 86.25 86.25 83.75 86.25 83.50 88.12 90.00
180 86.11 87.22 88.88 82.22 86.66 78.88 86.66 88.88
200 89.00 88.00 87.50 81.00 81.00 80.50 88.50 89.50

noise images by varying the noise density from 0.1, 0.2, . . . , 1.0. Likewise, 50 noise
images are created for each class corresponding to 5 different distributions. The
2000 noisy images (40×50) thus created are used as test samples. First five clean
samples from each class of ORL are used as training samples. Table 3 presents the
average recognition accuracy (average of ten different noise densities) obtained
by various algorithm. Some analysis from this experiment are:

1. The PCA+Wavelet method is the only robust algorithm under exponential
and weibull noise conditions. Since wavelet has the advantage of both space
and scale orientation, it is able to represent these noise disturbance in few
scales across space and/or few space points across scales.

2. Performances of PCA and LPP mixture models are truly robust and next
best performing under weibull and exponential noise because these methods
are backed with Gaussian mixture models, which is known to be robust.

3. The LPP algorithm is the next best performing algorithm under all noise
conditions. This we believe could be due to the utilization of the neighbor-
hood information in this algorithm.

4. Beta noise model has had very little influence on the performance of algo-
rithms. However, it would be interesting to see their behavior for varying
values of control parameters in Beta distribution.

5. Overall the best under all conditions is the proposed method.

3.2 Results on the FERET Database

We have selected a partial FERET database [8] to evaluate the performance
of the algorithm under single-sample-per-person (SSPP) problem. This subset
database contains 400 images of 200 persons. Each person has two images (fa
and fb) with different facial expressions. The fa are used as gallery for training
and fb images are used as probes for testing. Some interesting studies have been
proposed exclusively to tackle this situation [8,10]. We compare the recognition
performance when number of training images is increased gradually from 20 to
200 in steps of 20.
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Table 4 suggests that the proposed method can effectively be adapted for
SSPP conditions. This is apparent when number of images in the database is
increased (from 40 onwards it is as good or better than all other methods). In
addition, the proposed model outperformed LPP method in all the cases by
a significant margin. However, when images in the database are less(20-100),
PCA+DCT and PCA+Wavelet methods outperformed other methods. This is
because, for less number of training samples, the possibility of scattering of data
is high (as can be seen in Fig.1). Thus GMM models work well under dense data
(more number of data points), which is also the type of data where DCT/wavelets
could work less better.

3.3 Results on the COIL-20 Object Database

This database contains 1440 gray scale images of 20 different objects, where
each object contains 72 different views of varying pose angles. Initially, an ex-

Fig. 2. Recognition accuracy for varying dimensions

periment was conducted by training first 36 samples of each object for varying
dimensions. This result is depicted in Fig.2. It is quite evident that the proposed
method outperformed the LPP model for all dimensions. Best recognition accu-
racy obtained by LPP and proposed method are 95.48% and 98.31% respectively.
To make full use of the available data, another experiment was conducted by
varying the number of training samples and best recognition accuracy for each
case is determined. This result is shown in Table 5. It reveals that the proposed
method outperformed other two methods in all the cases. This result endorses
the applicability of the proposed method for object recognition.

4 Conclusions and Future Scope

The mixture-of-Laplacianfaces has been proposed in this paper. Unlike the con-
ventional Laplacianface method, the proposed method obtains several sets of
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Table 5. Best Recognition accuracy(%) on COIL-20 object database

Methods Number of Training Samples
12 18 24 36

PCA[4] 78.89 81.67 88.13 93.69
LPP 80.84 83.43 92.73 95.48

Proposed 81.25 84.51 94.56 98.31

features learned through EM algorithm of GMM. The performance of the algo-
rithm was compared with several contemporary subspace methods under both
clean and noise conditions. Besides these, we have also conducted experiments to
study the performance of the proposed method under SSPP conditions and also
for object images. The proposed algorithm outperformed other subspace meth-
ods under these test conditions. However, the main demerit of this algorithm is
that it is computationally intensive.

Nevertheless, selecting optimal number of mixtures to yield better perfor-
mance is highly subjective in nature, which deserves further study. Performance
of the proposed algorithm would further improve if wavelet or DCT coefficients
are used instead of raw pixel values. Performance for varying percentage of DCT
coefficients or different basis of wavelets makes the study a lot more interesting.
This gives lot of scope for further study and investigation.
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