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Abstract. We present a two-stage dimensional reduction approach to
low-dimensional representation. When facial feature data need to be
stored in low capacity storing devices, low-dimensional representation
of facial images is very important. Our approach is composed of two
consecutive mappings of the input data. The first mapping is concerned
with best separation of the input data into classes and the second focuses
on the mapping that the distance relationship between data points before
and after the map is kept as closely as possible. We claim that if data is
well-clustered into classes, features extracted from a topology-preserving
map of the data are appropriate for recognition when low-dimensional
features are to be used. We have presented two novel methods: FLD
(Fisher’s Linear Discriminant) combined with SOFM (Self-Organizing
Feature Map) method and FLD combined with MDS (Multi-Dimensional
Scaling) method. Experimental results using Yale, AT&T and FERET
facial image databases show that the recognition performance of our
methods degrades gracefully when low-dimensional features are used.

1 Introduction

The problem on extremely low-dimensional image representation for face recog-
nition has little been investigated while many researchers study on face recogni-
tion robust to illumination, posture and facial expression changes. In practical
biometric user authentication systems, low-dimensional feature extraction is one
of the most important problem. When facial feature data need to be stored in
low capacity storing devices such as bar codes and smart cards, extremely low-
dimensional image representation of facial data is very important. It can also be
used for data transmission in the internet or mobile environments. Moreover, it
is applicable to real-time identification in the case of a large database.

The algorithms like PCA (Principal Components Analysis) [1], FLD (Fisher’s
Linear Discriminant) [2] and ICA (Independent Components Analysis) [3] can
be used for reduction of the dimension of the input data but are not appro-
priate for low-dimensional representation of high dimensional data because their
recognition performance degrade significantly. Although SOFM (Self-Organizing
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Feature Map) [4], PP (Projection Pursuit) [5] and MDS (Multi-Dimensional Scal-
ing) [6] can be employed for low-dimensional data representation, these tech-
niques are suitable for data representation in low-dimensions, usually two or
three dimensions. They try to represent the data points in a such way that the
distances between points in low-dimensional space correspond to the dissimi-
larities between points in the original high dimensional space. However, these
techniques do not yield high recognition rates mainly because they do not con-
sider class specific information. Our idea is that these methods incorporated with
class specific information can provide high recognition rates.

In this research, we present a two-stage dimensional reduction approach
to low-dimensional data representation of which the recognition performance
degrades gracefully. The proposed approach reduces the dimension of high-
dimensional input data as much as possible, while preserving the information
necessary for the pattern classification. Our idea is that if data is well-clustered
into classes, features extracted from a topology-preserving map of the data are
appropriate for recognition when low-dimensional features are to be used. Based
on this idea, we apply a mapping to the input data to achieve the most sepa-
ration of classes, followed by another mapping to preserve the topology of the
data that the first map produces. By “topology-preserving map”, we mean that
vectors in the neighborhood in the input space are projected in the neighborhood
in the output space [4].

To experimentally prove our claim, we have presented two novel methods
for extremely low-dimensional representation of data with graceful degradation
of recognition performance. It is composed of two consecutive mappings of the
input data. The first mapping is concerned with best separation of the input
data into classes and the second focuses on the mapping in the sense that the
distance relationship between data points is kept. Our methods are implemented
as the following. The first method employs FLD and SOFM. SOFM preserves
the distance relationship before and after the data is transformed. This way, it
is possible to represent data in low-dimensions without serious degradation of
recognition performance. The second method uses FLD and MDS. The MDS
preserves the distance relationship before and after the data is transformed as
closely as possible.

The following section gives a brief overview of the feature extraction and
dimensional reduction methods that have preciously been used for object recog-
nition. In section 3, we describe the proposed methods: FLD combined with
SOFM method and the FLD combined with MDS method. Let us call them
‘FLD+SOFM’ and ‘FLD+MDS’ methods, respectively. We report the experi-
mental results on the recognition performance of FLD+SOFM and FLD+MDS
methods in section 4.

2 Dimensional Reduction and Topology-Preserving Map

There have been reported many algorithms for dimensional reduction and fea-
ture extraction. One group of dimensional reduction methods can be referred
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to as topology-preserving mapping and another group as well-clustered mapping.
Among the former group are SOFM, MDS and GTM (Generative Topographic
Mapping) [7] and these methods are used mainly for data visualization or data
compression. FLD, Kernel FLD [8] and multi-layer neural networks are examples
of the latter group and are mostly used for pattern classification [9].

We can achieve very low-dimensional data representation with graceful degra-
dation of performance by using a topology-preserving map when the data is well
clustered into classes. However, the typical facial image data in real environ-
ments do not have well-clustered distribution and it is not guaranteed to achieve
high classification performance by a topology-preserving map although we can
get a low-dimensional data set. Accordingly, we have to focus more on the dis-
criminant power rather than dimensional reduction in the case.

3 Two-Stage Dimensional Reduction

We present a two-stage dimensional reduction approach to low-dimensional
data representation by applying two different maps in a row. The first stage
is only concerned with best separation of classes. Once the data is rendered
well-separated into classes by the first stage map, the second stage map only
focuses on preservation of topological continuity before and after the map of the
data. As previously described, the idea is based on the fact that if data is well-
clustered into classes, features extracted from a topology-preserving map of the
data are appropriate for recognition when extremely low-dimensional features
are to be used.

3.1 Method I: FLD+SOFM

Let us xk ∈ R
N , k = 1, · · · , M be a set of training data. FLD produces a linear

discriminant function f(x) = WTx which maps the input data onto the classifi-
cation space. FLD finds a matrix W that maximizes

J(W) =
|WT SbW|
|WTSwW| (1)

where Sb and Sw are between- and within-class scatter matrices, respectively.
W is computed by maximizing J(W). That is, we find a subspace where, for
the data projected onto the subspace, between-class variance is maximized while
minimizing within-class variance. As a result of the first map, we obtain z =
WTx.

After the stage of FLD, the next stage maps z onto a low-dimensional feature
space f = G(z) by SOFM. SOFM is a kind of competitive network. SOFM first
determines the winning neuron using a competitive layer. Next, weight vectors
for all neurons within a certain neighborhood of the winning neuron are up-
dated using the Kohonen rule [4]. When a vector is presented, the weights of the
winning neuron and its neighbors move toward the input pattern. After learn-
ing, the neurons of the output layer will be a feature map revealing a distance
relationship within input patterns.
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3.2 Method II: FLD+MDS

Let us xk ∈ R
N , k = 1, · · · , M be a set of observations and D be a dissimi-

larity matrix. Classical MDS is an algebraic method to find a set of points in
low-dimensional space so that the dissimilarity are well-approximated by the
interpoint distances.

In summary, the inner product matrix of raw data B = XTX can be com-
puted by B = − 1

2HDH, where X is the data matrix X = [x1, · · · ,xM ] ∈ R
N×M

and H is a centering matrix H = I − 1
M1T1. B is real, symmetric and positive

semi-definite. Let the eigendecomposition of B be B = VΛVT, where Λ is a di-
agonal matrix and V is a matrix whose columns are the eigenvectors of B. The
matrix X̂ for low-dimensional feature vectors can be obtained as X̂ = Λ1/2

k VT
k

where Λ1/2
k is a diagonal matrix of k largest eigenvalues and Vk is its corre-

sponding eigenvectors matrix. Thus, we can compute a set of feature vectors, X̂,
for a low-dimensional representation. See [10] for a detailed description.

We could not map new input vectors to features by using the classical MDS
because the map is not explicitly defined in the method [11]. We used a method
that achieves mapping onto an MDS subspace via PCA based on the relationship
between MDS and PCA. Let YMDS be a set of feature vectors in an MDS
subspace and YPCA be a set of feature vectors in a PCA subspace. Let ΛMDS

denotes the diagonal matrix of eigenvalues of inner product matrix B. Then, the
relationship between PCA and MDS is

YPCA = ΛMDS
1/2YMDS. (2)

For the purpose of low-dimensional feature extraction, we need to compute pro-
jections onto FLD and MDS subspaces. Let p be an input pattern, then the
feature vector in FLD+MDS space becomes

fFLD+MDS = (Λ−1/2
PCA)WT

PCAWT
FLD p. (3)

See [12] for a detailed description.

4 Experimental Results

We have evaluated the recognition performance of the proposed FLD+SOFM
and FLD+MDS methods as follows.

4.1 Experiment I: FLD+SOFM with Yale and AT&T Databases

We have used Yale [13] and AT&T [14] databases. Yale database contains 165
images of 15 persons and AT&T database contains 400 images of 40 persons.
We tightly cropped and normalized all the facial images.

In the SOFM stage, the entire training patterns are represented by the indices
of neurons corresponding to two-dimensional map. In testing, only the node
that is the most similar to the given input pattern is activated. As a result,
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Table 1. Correct Recognition Rates (%) (C: number of class)

Yale AT&T
Dimension Methods (C=15) (C=40)

2 PCA 16.4 11.9
FLD 41.8 11.9

SOFM 64.3 71.3
FLD+SOFM 96.4 86.2
FLD+MDS 65.5 42.5

C-1 PCA 87.3 94.0
FLD 98.2 94.8

FLD+MDS 100.0 91.8

input patterns are classified into classes of the activated nodes. In the proposed
method, the number of input neurons in SOFM is the same as the dimension of
feature vectors obtained from the FLD stage. The output layer represents a two
dimensional square map.

We have applied cross validation because the performance of the SOFM al-
gorithm varies depending on the initial parameters. First, we change the number
of grids. After learning using multiple SOFMs, we evaluate the performance us-
ing the validation set. We have decided the number of neurons as the number
of grids that have the highest average recognition performance. Secondly, after
the number of neurons is settled, multiple SOFMs with various initial param-
eters are learned by the learning set. Then we select the SOFM that has high
performance corresponding to the upper 10% in the validation set.

As shown in Table 1, FLD+SOFM method performs better than the others
in the case of very low-dimensional representation. The recognition rate of FLD
is high (98.2%) when a sufficient number, C-1, of features are used. However,
the recognition rate degraded significantly to 41.8% when only two dimensional
representation of the data is used. The recognition rate of SOFM is higher than
that of FLD when two dimensional representation is employed.

4.2 Experiment II: FLD+MDS with FERET Database

We have compared the recognition performance of FLD [2] and the proposed
FLD+MDS method using a part of FERET database [15]. The whole set of
images, U, consists of three subsets named ‘ba’, ‘bj’ and ‘bk’. Basically, the
whole set U contains images of 200 persons and each person in the U has three
different images within the ‘ba’, ‘bj’ and ‘bk’ sets. The ‘ba’ set is a subset of ‘fa’
which has images with normal frontal facial expression. The ‘bj’ set is a subset
of ‘fb’. The images of ‘fb’ have some other frontal facial expressions. The ‘ba’
and ‘bj’ set contain 200 images of 200 persons, respectively. The ‘bk’ set is equal
to the ‘fc’ of which images were taken with different cameras and under different
lighting conditions. The ‘bk’ set contains 194 images of 194 persons.

For the experiment, we have divided the whole set U into training set (T),
gallery set (G) and probe set (P). No one within the training set (T) is included in
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Fig. 1. Comparison of recognition rates: (a) and (b) represent recognition rates for
‘ba’-‘bj’ set and ‘ba’-‘bk’ set, respectively. (c) and (d) represent recognition rates for
various distance measures in the case of ‘ba’-‘bj’ set and ‘ba’-‘bk’ set, respectively

the gallery and the probe sets. The experiment consists of two sub-experiments;
The first experiment is concerned with evaluation regarding normal facial expres-
sion changes. We use the ‘ba’ set as the gallery and the ‘bj’ set as the probe. The
second experiment is to evaluate the performance under illumination changes.
We have assigned the ‘ba’ set to the gallery and the ‘bk’ set to the probe. In
addition, we randomly selected 50% of the whole set in each sub-experiment in
order to reduce the influence of a particular training set because a facial recogni-
tion algorithm based on statistical learning depends on the selection of training
images. Thus, a training set contains 100 persons in each sub-experiment.

As shown in Figure 1, FLD+MDS method performs better than the others in
the case of low-dimensional representation. The experimental results show that
low-dimensional data representation with graceful degradation of recognition
performance can be achieved by using an inter-distance preserving map after the
input data is rendered well clustered into classes. The recognition rate for a given
number of features in these figures was obtained by averaging thirty experiments.
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We can see that there is no significant performance difference between the three
distance measures (L1, L2 and cosine).

5 Conclusion

This research features a novel approach to low dimensional reduction of fa-
cial data that do not give significant degradation of the recognition rate. We
have proposed two methods. The FLD+SOFM method achieves very accurate
recognition rates although only two dimensional features are used for recogni-
tion. The FLD+MDS method also outperforms FLD method when represented
in a low-dimensional space. These results experimentally prove that if data is
tightly clustered and well separated into classes, a few features extracted from
a topology-preserving map of the data are appropriate low dimensional features
for recognition without significant degradation of recognition performance.

Our methods are practically useful for face recognition, especially when facial
feature data need to be stored in low capacity storing devices such as bar codes
and smart cards. It is also readily applicable to real-time face recognition in the
case of a large database.
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