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Abstract—In contrast to holistic methods, local matching
methods extract facial features from different levels of locality and
quantify them precisely. To determine how they can be best used
for face recognition, we conducted a comprehensive comparative
study at each step of the local matching process. The conclusions
from our experiments include: 1) additional evidence that Gabor
features are effective local feature representations and are robust
to illumination changes; 2) discrimination based only on a small
portion of the face area is surprisingly good; 3) the configuration
of facial components does contain rich discriminating informa-
tion and comparing corresponding local regions utilizes shape
features more effectively than comparing corresponding facial
components; 4) spatial multiresolution analysis leads to better
classification performance; 5) combining local regions with Borda
count classifier combination method alleviates the curse of dimen-
sionality. We implemented a complete face recognition system
by integrating the best option of each step. Without training,
illumination compensation and without any parameter tuning, it
achieves superior performance on every category of the FERET
test: near perfect classification accuracy (99.5%) on pictures taken
on the same day regardless of indoor illumination variations,
and significantly better than any other reported performance on
pictures taken several days to more than a year apart. The most
significant experiments were repeated on the AR database, with
similar results.

Index Terms—AR database, face recognition, FERET database,
local matching method.

I. INTRODUCTION

OVER the last decade, face recognition has become one
of the most active applications of visual pattern recog-

nition due to its potential value for law enforcement, surveil-
lance, and human-computer interaction. Although face recogni-
tion systems show striking improvement in successive competi-
tions [35], [36], the face recognition problem is still considered
unsolved. Modern face recognition methods can be generally di-
vided into two categories: holistic matching methods and local
matching methods.
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After the introduction of Eigenfaces [21], [44], holistic
matching approaches, that use the whole face region as the
input to a recognition system, were extensively studied. The
principle of holistic methods is to construct a subspace using
principal component analysis (PCA) [21], [44], [46], linear
discriminant analysis (LDA) [4], [13], [26], [41], [48], or in-
dependent component analysis (ICA) [3]. The face images are
then projected and compared in a low-dimensional subspace in
order to avoid the curse of dimensionality.

Recently, local matching approaches have shown promising
results not only in face recognition [2], [15], [16], [20], [29],
[33], [42], [47], [53] but also in other visual recognition tasks
[45]. The general idea of local matching methods is to first locate
several facial features (components), and then classify the faces
by comparing and combining the corresponding local statistics.

Heisele et al. compared component (local) and global
(holistic) approaches and observed that “the component system
outperformed the global systems for recognition rates larger
than 60%” [18]. Due to increasing interest, in recent surveys
stand-alone sections were specifically devoted to local matching
methods [43], [54].

Careful comparative studies of different options in a holistic
recognition system have been reported in the literature [38]. We
believe that a similar comparative study on the options at each
step in the local matching process will benefit face recognition
through localized matching. Although several stand-alone local
matching methods have been proposed, we have not found any
studies on comparing different options. The aim of this paper
is to fill this blank by presenting a general framework for the
local matching approach, and then reviewing, comparing and
extending the current methods for face recognition through lo-
calized matching.

Illumination compensation is an important issue in face
recognition. The most common approach is to use illumination
insensitive features, such as Gabor features and local binary
pattern features. However, as pointed out by Adini et al.,
illumination insensitive features are insufficient to overcome
large illumination variations [1]. Prompted by the work of
Belhumeur and Kriegman [5], the second approach, modeling
illumination variations, has received increasing attention [17],
[24]. We consider illumination compensation as an independent
preprocessing step. Better illumination compensation methods
will help every classification method. In this comparative study,
we concentrate on classification. Modeling illumination is
beyond the scope of this paper.

We adopt FERET frontal face images [34], [35], the most
widely adopted benchmark, to conduct this comparative study.
Even though impressive progress has been made on frontal face
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Fig. 1. Diagram of local matching face recognition.

recognition, the best reported recognition accuracy of FERET
Dup1 and Dup2 probes is still below 75%, far from adequate
for many practical applications. This relatively low recognition
accuracy allows us to compare the performances of different
options in the local matching process. Most of the important
experiments are also duplicated on the AR face database [28].
Results from these two databases agree with each other.

Based on the results of the comparative experiments, we im-
plement a complete local matching face recognition system by
integrating the best option in each step of the local matching
process. The resulting face recognition system achieves supe-
rior performance on the FERET test.

The rest of the paper is organized as follows. In Section II, we
review the existing local matching face recognition methods. In
Section III, the general framework of the local matching process
is divided into three steps: alignment and partition, local fea-
ture extraction, and classification and combination. We list and
discuss different options in each step. A set of hypotheses is
also raised. They are empirically justified in Section V. In Sec-
tion IV, we briefly describe the FERET and the AR databases.
Section V is the detailed comparative experimental study, which
answers the questions raised in Section III. Discussion and con-
clusions constitute Section VI.

II. LITERATURE REVIEW OF LOCAL MATCHING
FOR FACE RECOGNITION

In the mid 1990s, researchers began to pay attention to local
facial features and proposed several local matching approaches
to face recognition. Pentland et al. extended the eigenface
technique to a layered representation by combining eigenfaces
and other eigenmodules, such as eigeneyes, eigennoses, and
eigenmouths [33]. This modular eigenface approach was also
studied and extended by several other researchers. Gottumukkal
and Asari argued that some of the local facial features did not
vary with pose, direction of lighting and facial expression
and, therefore, suggested dividing the face region into smaller
subimages [16]. A similar approach, named subpattern PCA
or SpPCA, was studied by Chen and Zhu [8]. Tan and Chen
realized that different parts of the human face may contribute
differently to recognition and, therefore, extended SpPCA to
adaptively weighted subpattern PCA [42]. Geng and Zhou
made a similar observation, but chose to select several regions
from all possible candidates instead of weighting them [15].

Wiskott et al. achieved good performance with the elastic
bunch graph matching (EBGM) method [47] in the FERET test
[35]. The elastic bunch graph is a graph-based face model with a
set of jets (Gabor wavelet components) attached to each node of
the graph. The algorithm recognizes new faces by first locating

a set of facial features (graph nodes) to build a graph, which is
then used to compute the similarity of both jets and topography.

Martinez warped the face into a “standard” (shape free) face,
and divided it into six local regions. Within each local region,
a probabilistic method was used to determine how “good” the
match was. The final classification was based on the linear com-
bination of the probabilities of the six local regions [29].

Local binary pattern (LBP) was originally designed for tex-
ture classification [31], and was introduced in face recognition
in [2]. The face area was divided into 49 small (7 7) win-
dows. Several LBP operators were compared and the
operator in 18 21 pixel windows was selected because it was
a good tradeoff between recognition performance and feature
vector length. The chi square statistic and the weighted chi
square statistic were adopted to compare local binary pattern
histograms.

Zhang et al. proposed local Gabor binary pattern histogram
sequence (LGBPHS) by combining Gabor filters and the local
binary operator [53]. The face image was first filtered with
Gabor filters at five scales and eight orientations. The local
binary operator was then applied to all 40 Gabor magnitude pic-
tures (Gabor filtering results) to generate the local gabor binary
pattern histogram sequence. The LGBPHS of the unknown face
was compared with the LGBPHS of the reference faces using
histogram intersection and weighted histogram intersection.

III. GENERAL FRAMEWORK FOR FACE RECOGNITION
WITH LOCAL MATCHING

As shown in Fig. 1, the local matching process can be di-
vided into three major steps: alignment and partitioning, feature
extraction, and classification and combination. Existing local
matching systems adopt different methods in each of these three
steps. Besides comparing overall system performance, we com-
pare the different options in each step, so that their advantages
and disadvantages can be analyzed in detail.

A. Alignment and Partitioning
As in the holistic approaches, the first step of most local

matching methods is to align the face images. The aligned faces
are then partitioned into local blocks. The alignment and parti-
tion steps are usually related, so we discuss them together.

The alignment and partition methods can be divided into three
categories. The methods in the first category locate a few local
facial components, such as eyes, nose, mouth, and so on. The
face is partitioned into these facial components and in the subse-
quent recognition process the corresponding facial components
are compared. This category of methods abandons the shape in-
formation (the geometric configuration of facial components),
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