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Abstract

In this paper we present an empirical study of facial
components classification by integrating dimensionality
reduction and unsupervised clustering. The proposed
framework contains two iterative steps: 1) Fixing clus-
ter labels, the facial samples are projected onto lower
dimensional subspace through dimensionality reduction
method; 2) Fixing the subspace, the clustering algo-
rithm is performed to generate cluster labels. Through
iterative steps, clusters are discovered in the lower di-
mensional subspaces to avoid the curse of dimensional-
ity, while the subspaces are adaptively re-adjusted for
global optimality. In order to achieve an effective and
robust system, we compare the PCA with the LLE for
dimensionality reduction, and compare K-means with
LDA-guided K-means(LDA-Km) for unsupervised clus-
tering. The quantitative experimental results prove the
LLE and LDA-Km are superior for facial data on public
Lotus Hill Institute(LHI) dataset. We also apply the pre-
sented study to improve the portrait sketching results.

1. Introduction

Facial components are very important to face detec-
tion, recognition, and portrait. Martinez used a local
feature based method and the weighting of local areas
to overcome problems with facial expression variations
and partially occluded faces[1]. Min et al[2] developed
a portrait sketching system by matching the best can-
didate for each facial component. Facial components
classification is necessary for these applications.

To our knowledge, there is no effective method to
classify facial components due to three reasons. 1) The
essence of classification is an unsupervised clustering
problem, many supervised learning algorithms are in-
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valid; 2) The inter-class distance of facial components
is too small to distinguish; 3) The dimension of facial
components space is high, clustering such high dimen-
sional data is a challenging problem due to the curse of
dimensionality.

There are many approaches to address clustering
issues. One straightforward approach is to project
the data onto a lower dimensional subspace through
dimensionality reduction method, such as Princi-
pal Component Analysis(PCA)[3], Multi-Dimensional
Scaling(MDS)[4], Locally Linear Embedding(LLE)[5].
However, the projection may not really improve the ef-
fect of clustering owing to the separation between di-
mensionality reduction and clustering.

Inspired by recent development in machine
learning[6, 7, 8], we present an empirical study of
facial components classification by integrating dimen-
sionality reduction and clustering. We incorporate
dimensionality reduction such as Linear Discriminant
Analysis(LDA)[9] into the clustering framework. We
project facial components data sets onto lower dimen-
sional subspaces, then we use K-means[10] clustering
in these subspaces to generate cluster labels and use
LDA to do subspaces selection. K-means clustering
and LDA are performed in an iterative fashion until
convergence. Through iterative steps, clusters are
discovered in the lower dimensional subspaces to avoid
the curse of dimensionality, while the subspaces are
adaptively re-adjusted for global optimality.

The rest of this paper is organized as follows. Tow
dimensionality reduction methods PCA and LLE are in-
troduced in Section 2. Two Clustering algorithms K-
means and LDA-guided K-means(LDA-Km)[8] are in-
troduced in section 3. Experiments with comparison
and some results are shown in Section 4. The paper is
concluded in Section 5 with a discussion of future work.
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Figure 1. Nose images are mapped into
the embedding space described by the
first two coordinates of LLE and PCA. The
left plot is LLE, and the right plot is PCA.

Figure 2. Using LBP and gradient feature,
nose images are mapped into the embed-
ding space described by the first two co-
ordinates of LLE. The left plot is LBP, and
the right plot is gradient.

images discovered by PCA and LLE with K = 8 near-
est neighbors. These components appear to capture the
complex nonlinear feature associated with illumination.
The nose images with similar illumination are clustered
together, the distances of nose images are farther when
their variances of illumination are greater. In addition,
the clustering effect of LLE is better than PCA. It is
convenient to clustering on the result of LLE.

4.2. Gradient vs. LBP

Figure 1 shows illumination has a key factor on clus-
tering result. We expect nose images with similar shape
get together. So we adopt image gradient and Local
Binary Patterns(LBP)[12] to eliminate the effect of il-
lumination. The gradient image is the derivative of the
local image values. LBP is a feature extraction method
which is not affected by chances in mean illumination
because it is invariant against gray-scale shifts. Figure
2 shows using image gradient and LBP value, nose im-
ages are mapped into the embedding space described
by the first two coordinates of LLE with K = 8 near-
est neighbors. The nose images with similar shape and
nostril are clustered together and the clustering effect of
gradient is better than LBP.

(©) (d)
Figure 3. Stepwise results of LDA-Km al-
gorithm. (a) shows K-means clustering in
LLE subspace, and (b), (c), (d) show itera-
tions of LDA-Km algorithm.
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Figure 4. Some clustering results of facial
components. There are three classes for
each facial component and each row rep-

resents one class.

4.3. K-means vs. LDA-Km

we apply K-means and LDA-Km to the subspace of
nose images. Starting with LLE subspace, the result of
K-means clustering is shown in Figure 3.(a), the itera-
tions of LDA-Km algorithm are shown in Figure 3.(b),
(c), (d). There are three classes represented by colors.
With the iterations of LDA-Km algorithm, three classes
gradually separate until convergence. Thus LDA-Km is
prior to K-means.

4.4. Clustering results
The experimental results of other facial components

are similar to nose. Empirical results show LLE is prior
to PCA for dimensionality reduction, gradient is bet-



(e)
Figure 5. (a) are input images; (c), (b) are
the portrait sketching results with the fa-
cial components selection; (e), (d) are the
improved results with the proposed facial
classification.

ter than LBP for illumination elimination, and LDA-
Km is prior to K-means for clustering. So we project
facial components images gradient values onto lower
dimensional subspaces through LLE, then we perform
LDA-Km for clustering. Some clustering results of fa-
cial components are shown in Figure 4. We only show
three classes for each facial component and each row
represents one class.

4.5. Application

One recent work[2] for portrait sketching system is
achieved by matching the best candidate for each fa-
cial component and it is limited by the exhaustive facial
components selection, which leads to low efficiency and
accuracy with large examples. Using the proposed fa-
cial components classification, the matching can be nar-
rowed in the sub-class with less examples. The typical
results with comparisons are showed in Figure 5.

5. Conclusions and Discussion

In this paper, an empirical study of facial compo-
nents classification is proposed. In order to avoid the
curse of dimensionality, the facial samples are projected
onto lower dimensional subspaces through LLE. Then
K-means clustering is used to generate class labels and
LDA is utilized to do subspaces selection. K-means
clustering and LDA are performed in an iterative fash-
ion until convergence. Our approach avoids local min-
imum, removes undesirable noise, and improves com-
putational efficiency. Encouraging experimental results
prove the LLE and LDA-Km are superior for facial data
on public LHI dataset. We also apply the presented
study to improve the portrait sketching results.

However, several issues still need to be extensively
studied. It still remains unclear how to select the op-
timal number of clusters; how to select the optimal
feature to eliminate the effect of illumination; how to
choose the optimal initialization of LDA-Km. In future
work, we will enlarge facial components data sets and
test more features for clustering.
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