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Abstract: Face retrieval has received much attention in recent years.
This paper comparatively studied five feature description methods for
face representation, including Local Binary Pattern (LBP), Gabor feature,
Gray Level Co-occurrence Matrices (GLCM), Pyramid Histogram of
Oriented Gradient (PHOG) and Curvelet Transform (CT). The problem
of large dimensionalities of the extracted features was addressed by
employing a manifold learning method called Spectral Regression (SR).
A fusion scheme was proposed by aggregating the distance metrics.
Experiments illustrated that dimension reduced features are more efficient
and the fusion scheme can offer much enhanced performance. A 98%
rank 1 accuracy was obtained for the AR faces and 92% for the FERET
faces.
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1 Introduction

Content-Based Image Retrieval (CBIR) has been an active research area with many
market demands from such areas as medical and forensic applications (Datta et al.,
2008; El-Naqa et al., 2004; Verma et al., 2011). In a CBIR system, a set of features,
such as colour, texture and shape, is used to represent a digital image. Retrieval
is then performed by comparing the feature vector of the query image against
those of the database images using a matching algorithm. Despite over a decade
of CBIR research, the task of finding a desired image in a large collection remains
problematic. In areas like medical image retrieval where CBIR has been extensively
studied, current technology fails to meet user needs. This dilemma can also be partly
reflected by the fact that most commercial internet search engines still rely on text
information to index web images. The reasons of limited successful applications
of CBIR systems can be explained by the difficulties of image representation and
similarity quantification (Lee, 2008).

As a special field of CBIR, facial image retrieval has drawn much attention
in recent years owing to its specialities and various applications, such as
photomanagement or visual surveillance (Gao and Qi, 2005; Ahmed et al., 2007;
Yang et al., 2004; Shih and Liu, 2005; Liu and Wechsler, 2000). For example, it
is significant to identify a suspect through searching a wanted list image database.
To effectively retrieve face images, which have appearance similarity to the query
face, many impeding factors have to be taken into account, for example, the facial
appearance variations from the changes of expressions, aging or make-up styles.
Environment changes such as pose, illumination and partial occlusion (Zhong and
Defee, 2008), also add to the load. Facial image retrieval is different with face
recognition, which has witnessed much progresses in recent years. Though some of
the research efforts have been made by borrowing the face recognition strategies
to index the face images, the primary concern in face image retrieval is about the
comparison of features extracted from images. While face recognition relies on
classification algorithms, the core of face image retrieval is the designing of face
matching schemes, where accuracy, robustness to scale and environment changes,
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and computational efficiency are the important issues to be addressed (Gao and Qi,
2005).

To find efficient image representation for facial image retrieval, many kinds
of features can be considered. In recent years, facial feature descriptions based
on extracting and pooling local structural information from images has been
proposed. Among them, the LBP has become influential (Ojala et al., 2002;
Ahonen et al., 2006; Wolf et al., 2008), which has important properties of being
tolerant against monotonic illumination changes and computationally efficient.
Gabor filter is another widely adopted operator for describing texture properties,
and has been shown to be efficient in many applications (Manjunath and Ma,
1996). Several other feature extraction methods can also be applied to describe
facial images. In this paper, we will show that the GLCM (Haralick, 1979), the
PHOG (Bosch et al., 2007) and the CT (Starck et al., 2002) all perform well
in facial image retrieval. The GLCM or Haralick features (Haralick, 1979) has
been proven effective for extracting texture information based on second-order
statistics. The PHOG feature information is based on the recently proposed local
edge extraction method, called Histogram of Oriented Gradients (HOG) (Dalal
and Triggs, 2005; Lazebnik et al., 2006), which has been successfully applied to
a number of different object detection tasks such as human detection. On the
basis of the latest research progresses on multiresolution analysis for image, CT
(Starck et al., 2002; Gebäck and Koumoutsakos, 2009) can more accurately capture
edge information by taking the form of basis elements, which exhibit very high
directional sensitivity and are highly anisotropic. Recently, promising results of
CT have also been reported for face recognition (Majumdar and Ward, 2008;
Mandal et al., 2009), image retrieval (Sumana et al., 2008; Ni and Leng, 2003) and
bioinformatics (Zhang and Pham, 2010).

Different features characterise certain different aspect of image content. The
joint exploitation of them is intuitively necessary to provide comprehensive
descriptions for a better CBIR system. In recent years, multiple features fusion
has frequently been discussed for image retrieval (Kushki et al., 2004; Zhang and
Izquierdo, 2006; Fu et al., 2008; Kludas et al., 2008), which can be categorised
by feature fusion or decision fusion. The objective of feature fusion is to combine
multiple features at an early stage to construct a single decision. Some efforts have
been reported for decision fusion to provide working solutions (Gavrilova and
Maruf Monwar, 2008). In Qi and Han (2005), a fuzzy region matching scheme
was proposed for the colour/edge descriptors. On the basis of the fuzzy theory, a
decision fusion framework was presented with a combination of colour and texture
features (Kushki et al., 2004).

One of the difficulties of multiple feature fusion lies in the high dimensionalities
of the features involved. Psychological findings indicate, however, that “perceptual
tasks such as similarity judgement tend to be performed on a low-dimensional
representation of the sensory data” (Edelman and Intrator, 1990). In most of
the situations, there may exist high correlation for those features extracted from
a same image and some feature fusion methods like simple normalisation or
weighting cannot be sufficiently helpful to make the fused feature effective for the
retrieval purpose (Fu et al., 2008). A possible way for improving feature fusion is
to perform joint dimensionality reduction or subspace learning by preserving the
correlation between different feature pairs (Huang et al., 2008; Deselaers et al.,
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2008). In Zhu et al. (2008), a dimension reduction technique called Optimal Factor
Analysis was developed, which seeks to find a linear mapping that reduces the
dimension of feature space and optimises the discriminative ability of the k-Nearest
Neighbour (kNN) classifier with respect to the Euclidean metric, as measured by
the performance on training data.

In this paper, we propose an efficient face image retrieval strategy by applying
the non-linear dimension reduction SR (Cai et al., 2007) to the different features
and then making a decision fusion from the aggregation of the distance metrics
from the respective dimension-reduced feature spaces. SR is a manifold learning
method for non-linear dimensionality reduction, which has been extensively studied
in recent years (Tenenbaum et al., 2000; Roweis and Saul, 2000; Belkin and Niyogi,
2001), Comparing many other manifold learning methods, SR has the advantages
that it can provide a functional mapping between the high- and low-dimensional
spaces that are valid both on and off the training data (Cai et al., 2007, 2008).
The dimension-reduced features, including LBP, Gabor, PHOG, GLCM and
CT coefficients, are all more efficient and the fusion scheme can offer much
enhanced performance. A 92% rank 1 accuracy was achieved on the benchmark
FERET face image database while 98% rank 1 retrieval accuracy obtained for the
AR faces.

The paper is organised as follows. In the next section, we first briefly review
the five feature extraction methods, including LBP, Gabor filtering, GLCM,
PHOG and CT, followed by the discussion of SR technique for non-linear
dimension reduction in Section 3. Section 4 considers similarity measurements
and decision fusion scheme based on the combination of distance metrics
defined in dimension-reduced feature spaces. Section 5 describes the experiments
with two different benchmarking face datasets. Conclusions are summarised
in Section 6.

2 Feature extraction

Many types of features have been proposed to compute statistics of the primitives
present in images using a variety of different techniques, for instance, colour and
grey-level histograms, Gabor filters, different transforms (Gonzalez and Woods,
2004; Nixon and Aguado, 2006). In the following, we briefly introduce five methods,
which have been applied in many image-processing tasks and then investigate their
performance in facial image retrieval.

2.1 Local Binary Patterns

Local Binary Pattern (LBP) operator was introduced as a texture descriptor for
summarising local grey-level structure (Ojala et al., 2002). LBP labels the pixels of
an image by thresholding the pixels of a small neighbourhood (e.g., 3 × 3) at the
value of the central pixel. In other words, the operator assigns a binary code of 0
and 1 to each neighbour of the neighbourhoods. As an example shown in Figure 1,
the binary code of each pixel in the case of 3 × 3 neighbourhoods would be a binary
code of 8 bits and by a single scan through the image for each pixel the LBP codes
of the entire image can be calculated.
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Figure 1 Illustration of the basic LBP operator (see online version for colours)

Formally, the LBP operator takes the form

LBP (xc, yc) =
8∑

n=0

2ns(in − ic), (1)

where in this case n runs over the 8 neighbours of the central pixel c, ic and in are
the grey-level values at c and n, and s(u) is 1 if u ≥ 0 and 0 otherwise. A common
practice to apply the LBP coding over the image is by using the histogram of the
labels, where a 256-bin histogram represents the texture description of the image
and each bin can be regarded as a micro-pattern.

A useful extension to the original LBP operator is the so-called uniform
patterns (Ojala et al., 2002). An LBP is ‘uniform’ if it contains at most two
bitwise transitions from 0 to 1 or vice versa when the binary string is considered
circular. For example, 11100001 (with 2 transitions) is a uniform pattern, whereas
11110101 (with 4 transitions) is a non-uniform pattern. The uniform LBP describes
those structures that contain at most two bitwise (0 to 1 or 1 to 0) transitions,
representing important structural features such as edges, spots and corners.
We use the notation LBPu

P,R for the uniform LBP operator, which means using
the LBP operator in a neighbourhood of P sampling points on a circle of radius
R. The superscript u stands for using uniform patterns and labelling all remaining
patterns with a single label. The number of patterns in an LBP histogram can
be reduced by only using uniform patterns without losing much information: The
number of labels for a neighbourhood of 8 pixels is 256 for standard LBP and 59
for LBPu

8,1.
LBP-based face representation scheme (Ojala et al., 2002; Ahonen et al., 2006)

is usually carried out as follows. First, a face image is divided into M small
no-overlapping rectangular blocks R0, R1, . . . , RM−1. On each block, the histogram
of local binary patterns is calculated. The LBP histograms extracted from each
block fl(x, y) are then concatenated into a single, spatially enhanced feature
histogram defined as:

Hij =
∑
x,y

I(fl(x, y) = i)I((x, y) ∈ Rj), (2)

where i = 0, . . . , L − 1, j = 0, . . . , M − 1, L is the number of different labels
produced by the LBP operator, and I(A) is 1 if A is true and 0 otherwise. The
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performance of LBP representation is not sensitive to the block divisions, which
do not need to be with the same size or cover the whole image. It is also robust
with respect to the selection of parameters when looking for the optimal block
size. Changes in the size may cause big differences in the length of the feature
vector, but the overall performance is not necessarily affected significantly. The final
concatenated histogram describes the local texture and global shape of face images.
LBP has been successfully applied in many image classification tasks (Ahonen et al.,
2006; Shan et al., 2005).

2.2 Pyramid Histogram of Oriented Gradients

For images containing rich shape information, many types of shape and perceptual
grouping features have been proposed (Gonzalez and Woods, 2004; Gao and Qi,
2005). The local geometrical shape within an image can be characterised by the
distribution of edge directions, called Histograms of Oriented Gradients (HOG)
(Dalal and Triggs, 2005). HOG can be calculated by evaluating a dense grid of
well-normalised local histograms of image gradient orientations over the image
windows. Specifically, an image is first divided into non-overlapping pixel regions,
or cells. For each cell, a 1D histogram of gradient orientations over pixels in
that cell is accumulated. The gradient at each pixel is discretised into one of nine
orientation bins, and each pixel ‘votes’ for the orientation of its gradient, with a
strength that depends on the gradient magnitude. Finally, the histogram of each
cell is normalised with respect to the gradient energy in a neighbourhood around
it. HOG has some important advantages over other local shape descriptors, for
example, it is invariant to small deformations and robust in terms of outliers and
noise.

The HOG feature encodes the gradient orientation of one image patch without
considering where this orientation is from in this patch. Therefore, it is not
discriminative enough when the spatial property of the underlying structure of the
image patch is important. The objective of a newly proposed improved descriptor
PHOG (Bosch et al., 2007) is to take the spatial property of the local shape
into account while representing an image by HOG. The spatial information is
represented by tiling the image into regions at multiple resolutions, based on spatial
pyramid matching (Lazebnik et al., 2006). Each image is divided into a sequence
of increasingly finer spatial grids by repeatedly doubling the number of divisions in
each axis direction. The number of points in each grid cell is then recorded. The
number of points in a cell at one level is simply the sum over those contained in the
four cells it is divided into at the next level, thus forming a pyramid representation.
The cell counts at each level of resolution are the bin counts for the histogram
representing that level. The soft correspondence between the two point sets can
then be computed as a weighted sum over the histogram intersections at each level.
More specifically, for each grid cell at each pyramid resolution level, a HOG vector
is computed. The final PHOG descriptor for the image is then a concatenation of
all the HOG vectors. In the implementation, we follow the practice in Bosch et al.
(2007) by limiting the number of levels to L = 3 to prevent over-fitting. The PHOG
is normalised to sum to unity.

As a spatial shape descriptor, PHOG descriptor represents an image by its
local shape and the spatial layout of the shape. PHOG descriptor has been
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applied to solve a number of practical tasks, for example, object classification
(Bosch et al., 2007), image retrieval (Lee, 2008), gender profiling (Collins et al.,
2009) and signature verification (Zhang, 2010).

2.3 Gabor-based texture features

Gabor filters have been used extensively to extract texture features in object
recognition since they capture a number of salient visual properties including
spatial localisation, orientation selectivity and spatial frequency selectivity quite
well (Manjunath and Ma, 1996). Image representation using Gabor filter responses
minimises the joint space-frequency uncertainty. The filters are orientation- and
scale-tunable edge and line detectors. Statistics of these local features in a region
relate to the underlying texture information. The convolution kernel of Gabor filter
is a product of a Gaussian and a cosine function, which can be characterised by a
preferred orientation and a preferred spatial frequency:

gλ,θ,ϕ(x, y) = exp
(

− (x′2 + γy′2)
2σ2

)
cos

(
2π

x′

λ
+ ϕ

)
, (3)

where

x′ = x cos θ + y sin θ,

y′ = −x sin θ + y cos θ.

The standard deviation σ determines the effective size of the Gaussian signal. The
eccentricity of the convolution kernel g is determined by the parameter λ, called
the spatial aspect ratio. λ determines the frequency (wavelength) of the cosine. θ
determines the direction of the cosine function and, finally, ϕ is the phase offset.

The local information regarding the texture elements is described by the
orientations and frequencies of the sinusoidal grating and the global properties
are captured by the Gaussian envelope of the Gabor function. Hence, the local
and global properties of the texture regions can be simultaneously represented
by making use of the Gabor filters. Typically, an image is filtered with a set of
Gabor filters of different preferred orientations and spatial frequencies that cover
appropriately the spatial frequency domain. Given an image I(x, y), its Gabor
wavelet transform is defined as

Wmn(x, y) =
∫

I(x1, y1)g∗
mn(x − x1, y − y1)dx1dy1, (4)

where * indicates the complex conjugate. With assumption of spatially
homogeneous local texture regions, the mean µmn and standard deviation σmn

of the magnitude of transform coefficients can be used to represent the regions
(Manjunath and Ma, 1996):

µmn =
∫ ∫

|Wmn(x, y)|dxdy, (5)

σmn =

√∫ ∫
(|Wmn(x, y)| − µmn)2dxdy. (6)
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A feature vector f (texture representation) is thus created using µmn and σmn as the
feature components. For example, if five scales and 6 orientations are used as in
common implementation, the feature vector will be given by:

f = (µ00, σ00, µ01, σ01, . . . , µ45, σ45). (7)

2.3.1 Grey level co-occurrence matrices

Grey Level Co-occurrence Matrix (GLCM) proposed by (Haralick, 1979) is another
common texture analysis method, which estimates image properties related to second-
order statistics. A co-occurrence matrix C is defined over an n × m image I to be the
distribution of co-occurring values, parameterised by an offset (∆x,∆y) as

C∆x,∆y(i, j) =
n∑

p=1

m∑
q=1

{
1, if I(p, q) = i and I(p + ∆ x, q + ∆ y) = j

0, otherwise.
(8)

Note that the (∆x,∆y) parameterisation makes the co-occurrence matrix sensitive
to rotation. An offset vector can be chosen such that a rotation of the image not
equal to 180 degrees will result in a different co-occurrence distribution for the
same image.

To estimate the similarity between different GLCM matrices, many statistics
can be calculated from them. The most relevant features that are widely used include:

• energy, which is a measure of textural uniformity of an image and reaches its
highest value when grey-level distribution has either a constant or a periodic
form

• entropy, which measures the disorder of an image and achieves its largest
value when all elements in C matrix are equal

• contrast, which is a difference moment of the C and measures the amount of
local variations in an image.

In addition to these standard features, we also calculated the following nine
features (Haralick, 1979; Soh and Tsatsoulis, 1979; Clausi, 2002) derivable from
a normalised co-occurrence matrix: correlation, cluster prominence, cluster shade,
homogeneity, sum of squares, sum variance, sum entropy, difference variance and
inverse difference (INV). The details of these textbook materials are not included
here as they can be found in many resources, for example (Soh and Tsatsoulis,
1979; Clausi, 2002).

In our study, 16 grey co-occurrence GLCM matrices were created for each
image with an offset that specifies four orientations 0, π/4, π/2 and 3π/4 and 4
distances (1, 2, 3 and 4 pixels) for each direction. Then, for each normalised co-
occurrence matrix P (i, j), 12 different type of statistics as mentioned earlier were
estimated.

2.4 Curvelet Transform

Curvelet Transform is the state-of-the-art of non-adaptive transforms available
today, which features of being multiscale and multidirectional and exhibits highly
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anisotropic shape obeying parabolic-scaling relationship (Starck et al., 2002;
Gebäck and Koumoutsakos, 2009). A CT differs from other directional wavelet
transforms in that the degree of localisation in orientation varies with scale. In
particular, fine-scale basis functions are long ridges; the shape of the basis functions
at scale j is 2−j by 2−j/2 so the fine-scale bases are skinny ridges with a precisely
determined orientation.

The CT coefficients can be expressed by

c(j, l, k) := 〈f, ϕj,l,k〉 =
∫

R2
f(x)ϕj,l,k(x)dx, (9)

where ϕj,l,k denotes curvelet function, and j, l and k denote the variable of scale,
orientation and position, respectively. In the frequency domain, the CT can be
implemented with ϕ by means of the window function U . Defining a pair of
windows W (r) (a radial window) and V (t) (an angular window) as follows:

∞∑
j=−∞

W 2(2jr) = 1, r ∈ (3/4, 3/2), (10)

∞∑
j=−∞

V 2(t − 1) = 1, t ∈ (−1/2, 1/2), (11)

where W is a frequency domain variable and r and θ are polar coordinates in the
frequency domain. For each j ≥ j0, Uj is defined in the Fourier domain by

Uj(r, θ) = 23j/4w(2−jr)v
(

2[j/2]θ

2π

)
, (12)

where [j/2] denotes the integer part of j/2.
In the above-mentioned frequency plane partitioning into radial and angular

divisions, Uj is supported by the radial and angular windows W and V ,
respectively. The radial divisions are responsible for decomposition of the image
in multiple scales (used for bandpassing the image) and angular divisions
corresponding to different angles or orientation. Therefore, when we consider
frequency plane partition, one needs to define the scale and angle to analyse the
bandpassed image at scale j and angle θ.

There are two different digital implementations: curvelets via Unequally Spaced
Fast Fourier Transform (USFFT), and curvelets via wrapping. Curvelets via
wrapping has been used for our work as it is the fastest CT currently available
(Candès et al., 2006; Gebäck and Koumoutsakos, 2009). From the curvelet
coefficients, a common way to construct image descriptor is via some statistics
calculated from each of these curvelet sub-bands. Similar to the Gabor filtering, the
mean µ and standard deviation δ are the convenient features (Sumana et al., 2008).
If n curvelets are used for the transform, 2n features G = [Gµ, Gδ] are obtained,
where Gµ = [µ1, µ2, . . . , µn], Gδ = [δ1, δ2, . . . , δn].
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3 Dimension reduction with Spectral Regression

The dimensionalities of the image descriptors described earlier are all quite high.
The ‘curse of dimensionality’ problem not only brings high computational overhead
but also makes the scalability of a retrieval system problematic. It was pointed out
in White and Jain (1996) that most of the indexing structures do not scale well when
the dimensionality of the feature vector exceeds 20. In fact, high dimensionality
of image features is one of the key challenges of searching similar images, i.e.,
the nearest neighbours of a query, from a large database (Huang et al., 2008). In
recent years, there has been much interest from CBIR researchers in reducing the
dimensionality of the image features while preserving the topology of the original
feature space (Huang et al., 2008; Xiaofei et al., 2008). The most popular methods
include Principal Component Analysis (PCA) and Linear Discriminant Analysis
(LDA) (Duda et al., 2006), which, however, are limited by their capacities of
discovering local manifold structures hidden in the data.

One approach to find low dimension is to assume that the data of interest
lies on an embedded non-linear manifold within the higher dimensional space.
This is directly linked to the basic question of judging similarity between images.
In high-dimensional feature space, the Euclidean distance often fails to accurately
reflect the intrinsic similarity between images if the images lie on or close
to an embedded, low-dimensional non-linear manifold. Many manifold learning
algorithms have beem proposed in recent years in the hope of discovering the
intrinsic manifold structure (Tenenbaum et al., 2000; Roweis and Saul, 2000; Belkin
and Niyogi, 2001). However, most of the methods are defined on training data only.
Without explicit mapping to testing data, a manifold learning would be difficult to
apply for image retrieval. In the following, we introduced an improved non-linear
dimensionality reduction method called Spectral Regression (Cai et al., 2007, 2008),
which is a good extension of previous manifold learning approaches to solve the
out-of-sample problem.

The start point to understand the SR and many other related dimensionality
reduction algorithms is the so-called graph embedding framework (Belkin and
Niyogi, 2001; Cai et al., 2007, 2008). The graph embedding framework typically
relies on some graphs to capture the salient geometric relations of the data in a
high-dimensional space. Such a graph is often called an affinity graph, since its edge
set conveys some information about the proximity of the data in the input space.
The eigenvectors of the corresponding affinity (i.e., item-item similarity) matrix can
reveal the low-dimensional structure in high-dimensional data. The novelty of SR is
casting the problem of learning an embedding function into a regression framework
without the eigen-decomposition of dense matrices.

Given m samples {xi}m
i=1 ⊂ Rn, a set {ai}m

i=1 ⊂ Rd is expected to produce as
an accurate representation of {xi}, but whose dimension d is much less than
the original dimension n. Then, a graph with m vertices can be used to model
the geometry inherent in the data, with each vertex representing a data point.
The Graph Laplacian is defined for this purpose, which constructs a similarity
matrix m × m matrix W by finding the k nearest neighbour points using the
Euclidean norm in Rn and weights are assigned as follows: Wij = 1 if two points
xi and xj are neighbours and Wij = 0, otherwise. Alternatively, weights can be
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assigned by using the heat kernel, Wij = exp − ||xi−xj||2
t (He and Niyogi, 2003). The

weight assignment can be supervised if the class labels for these points are given.
Therefore, a symmetric m × m matrix W is defined with Wij having the weight of
the edge joining vertices i and j if and only if xi and xj belong to the same class.
In this paper, we used the supervised method to calculate W .

With the similarity matrix W defined earlier, graph embedding can be
elaborated as in the following. Let y = [y1, y2, . . . , ym]T be the map from the graph
to the real line. The optimal y tries to minimise the following graph-preserving
criterion:

y = argminyTDy=1

∑
ij

(yi − yj)2Wij = argminy yTLy, (13)

where L = D − W is called Laplacian matrix (Belkin and Niyogi, 2001) and D is
a diagonal matrix whose entries are column (or row, since W is symmetric) sums
of W , Dii =

∑
j Wji. In the above-mentioned optimisation, a high penalty will

exert on the similar vertices xi and xj when they are mapped far apart. Therefore,
it tries to preserve the neighbourhood structure of the original data points in
the low-dimension embedding. The optimisation problem can be solved efficiently
by calculating the eigenvectors of the generalised eigen problem Wy = λDy. The
solution can be expressed as

y∗ = argmaxy
yTWy
yTDy

. (14)

The solution y can be obtained by solving the generalised eigen-problem
corresponding to the maximum eigenvalue,

Wy = λDy. (15)

Graph Laplacian provides one of the most common and useful tools for
dimensionality reduction and can be combined with regression technique. For
supervised learning, a mapping for all samples, including new test samples, is
required. If we choose a linear function, i.e., yi = f(xi) = aTxi, the following
regularised least squares problem needs to be solved to find c − 1 vectors a1, a2,
. . . , ac−1 ∈ Rn:

ak = argmina

{
m∑

i=1

(aTxi − yk
i )2 + α||a||2

}
, (16)

where yk
i is the ith element of yk. The regularisation term guarantees that the least

squares problem is well posed and has a unique solution. It is easy to check that
ak is the solution of the linear equations system

(XXT + αI)ak = Xyk, (17)

where I is a n × n identity matrix.
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The above-mentioned technique is called Spectral Regression since it performs
spectral analysis on the Laplacian graph followed by least squares regression. Once
the relationship is learned from training data, it can be extended to out-of-sample
data. In summary, the linear embedding functions can be acquired through the
following two steps (Cai et al., 2007):

• solve the eigen-problem Wy = λDy from equation (16) to get y

• find a from equation (18).

Some applications of SP dimension reduction have been reported recenly (Cadavid
et al., 2009).

4 Similarities combination in dimension reduced feature spaces

A CBIR system often works in two phases: indexing and retrieving. In the indexing
phase, each image of the database is represented by a set of attribute or features.
In retrieving phase, from a query image given by a user, a query feature vector is
first computed, which will be compared with all the feature vectors in the database
and retrieve to the user the images that are most similar to the query image.
Facial image retrieval can be implemented based on the features as introduced in
Section 2. By defining similarity measures in the respective feature spaces, retrieval
system will return to the user top K images from similarity ranking in the order
of closeness to the query. The performance of a similarity measure may largely
depend on different feature spaces. Several similarity measures can be used based
on distance metrics, ranging from the simplest one such as the Euclidean distance,
to more complex techniques such as Mahalanobis, Haussdorff or Minkowski
distances. For histogram-type features like LBP and PHOG, the common distance
functions include Histogram Intersection Distance or χ2 distance (Swain and
Ballard, 1991; Lazebnik et al., 2006; Bosch et al., 2007). In the dimensionality
reduced feature subspaces, similarity can be simply defined by Euclidean distance.

As different features describe different characteristics of image, it would be
beneficial to apply them in an integrative way. Some methods have been suggested
to combine the information derived from multiple image descriptors (Kushki et al.,
2004; Qi and Han, 2005), among them the simplest one is the direct concatenation
of features into a new, hybrid descriptor. But, this scheme performs poorly in most
of the situations. Another methodology to integrate different image descriptors into
a new one is by estimating a metric in the multiple feature space, which, however, is
not a trivial task. Direct comparison of distance functions in different feature space
is often groundless. A simple transform for compensating this incomparability was
suggested in Zhang and Izquierdo (2006) by a simple Min-Max normalisation:

d′ =
d − min

(max − min)
. (18)

Then, a similarity measure 1.0 will represent the highest similarity and 0.0 represent
no similarity.

Intuitively, the fusion of redundant information from different features can
reduce overall uncertainty and thus increase the accuracy or robustness of the
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system (Aarabi and Dasarathy, 2004; Kludas et al., 2008). The overall image
similarity can be established as some weighted schemes for the distance metrics
(Kushki et al., 2004; Qi and Han, 2005). Since different features may be highly
correlated and the dimensionality of a feature space is often high, the systems
that adopt the feature fusion may still not perform better (or even worse) or
more robust than using single features owing to the ‘curse of dimensionality’ as
discussed in the last section. Dimensionality reduction is a promising approach
to alleviate this problem by mapping the original data onto a low-dimensional
subspace. In the following, we will concentrate on how to combine different
contributions from multiple features in their dimension-reduced subspaces to find a
global image similarity. There are two ways to work with multiple features in their
low-dimensional subspaces. The first way is to concatenate the original features to
make a longer vector for each image and then apply the SR technique to get new
overall descriptor. The second way is to apply Spectral Regression technique to
each of the original features individually, and then a separate index is built and
maintained accordingly for each dimensionality-reduced feature. At query step, the
decisions for retrieved images from each index will be fused to obtain a single global
rank. This can be realised by the combination of multiple similarity measures, which
is expected to produce better results than using the individual measures.

Intuitively, the distances in the dimension-reduced feature subspaces can be
combined in a straightforward way via the linear combination:

dnew = α1d1 + α2d2 + · · · + αkdk. (19)

Here α1, α2, . . . , αk is the set of weighting factors corresponding to k different
features. This simple scheme has been used as a decision fusion for image
retrieval without dimension reduction by several recent works (Qi and Han,
2005). The problem of finding the optimal set of weighting factors has been
addressed in Deselaers et al. (2008) and Zhang and Izquierdo (2006). In this
paper, we heuristically chosen the weighting factor αi,

∑
i αi = 1 according to the

performance of each feature, borrowing the concept of Cross Category Feature
Importance scheme (Wettschereck et al., 1997; Caicedo et al., 2008), which uses
the probability distribution of metafeatures to calculate a weight for each similarity
measure. Conceptually, since there are subject labels accompanying a face image
database, we can calculate the weight of each feature as the probability of
class distribution of features from classifications. The new features are with low
dimensions (= subjects number −1) after SR, we simply apply the Multiple Layer
Perceptron (MLP) (Duda et al., 2006) method for the classification.

5 Experimental results

To demonstrate the efficiency and effectiveness of the proposed method, we created
a prototype system with Matlab 7.0 in an ongoing project and preliminarily
experimented with several benchmarking face image database. The procedure and
results on two of the most well-known ones, i.e., FERET (Jonathon et al., 1998;
Phillips et al., 2000) and AR (Martinez and Benavente, 1998), are reported later. To
avoid confusions in the comparisons, we abbreviated the first fusion scheme from
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simple concatenation to Hybrid while simply naming the fusion scheme based on
equation (19) as Fusion.

5.1 Experiments with FERET database

We first experimented with FERET face image database maintained
by the National Institute of Standard and Technology (NIST)
(http://www.itl.nist.gov/iad/humanid/feret/feret_master.html). We tested the
proposed approach by using the FERET2, the second release of the FERET,
which consists of 14,051 8-bit greyscale images of human heads with views ranging
from frontal to left and right profile. The database design took into account of
many common factors such as different expressions, eyewear/hairstyles and varied
illuminations. Our experimental data consists of a subset of FERET images with
100 persons and 1779 images, with more than 5 images for each subject. Figure 2
shows some sample images for a subject from the FERET dataset.

Figure 2 Samples from the FERET dataset

As elaborated in Section 2, we compared five different types of features and
then attempted to fuse them in dimension-reduced space after the features being
projected to the subspaces formed by SR. The procedure for feature extraction
is detailed as follows. Regarding the LBP feature, a 59-label LBPu

8,1 operator
was used. Specifically, LBPu

8,1 operator is applied to non-overlapping blocks to
form a concatenated histogram. We fixed a block size 128 × 128 for each image
(384 × 256), thus obtaining 3 × 2 = 6 blocks. So the LBP feature vector is then
the histogram of dimensionality 6 × 59 = 354. For Gabor feature, we found that a
filter bank with six orientations and four scales gave the best retrieval performance,
which means 24 × 2 component features will be extracted for a given image patch.
Thersefore, the figuration is applied to 4 × 3 non-overlapping image subregions,
yielding overall feature vector with length 4 × 3 × 48 = 576 for each image. For the
PHOG algorithm, we chosen three levels of pyramids and 8 bins in each level.
In forming the pyramid, the grid at level l has 2l cells along each dimension.
Consequently, level 0 is represented by a 8-vector corresponding to the 8 bins of
the histogram, level 1 by a 4 × 8-vector. Therefore, the three-level PHOG descriptor
of an image is a vector with dimensionality 8

∑2
l=0 4l = 168. The GLCM feature is

with dimension 192.
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For the Curvelet feature extraction process, fast discrete CT via wedge
wrapping was applied to each of the images in the database using the CurveLab
Toolbox (http://www.curvelet.org). Five scales were chosen, which include the
coarsest wavelet level. At the 2nd coarsest level, 16 angles were used. With five
levels analysis, 82(= 1 + 16 + 32 + 32 + 1) subbands of curvelet coefficients are
computed. Therefore, a 164 dimension feature vector is generated for each image
in the database. Each of the above-mentioned feature is scaled to have a mean of
zero and a standard deviation of one across the data set.

In the first set of experiments, we compared the rank 1 accuracies for
each of the five features together with two different fusion schemes, with and
without dimension reduction, respectively. The first fusion method is the simple
concatenation of LBP, Gabor, PHOG, GLCM and Curvelet features into a longer
vector, with dimension 1454. The second fusion method is by forming a combined
distance from the five distances according to equation (19), as elaborated in the last
section. The weighting factor αi ,

∑
i αi = 1 in the distance combination was chosen

according to the their classification performance. For the original features, due to
their high dimensionality, we applied MLP, which has the number of inputs same
as the number of a given feature, one hidden layer with 20 units and linear units
representing the class labels (100 for FERET dataset). The networks are trained
using the Conjugate Gradient learning algorithm for 500 epochs. When applying
SR method, the dimensions of all of the features become to 99. Table 1 illustrates
the comparison of classification accuracies on the FERET faces from each of the
five features. It is obvious that their accuracies are similar for the different features
and SR dimension reduction improves the performance except for the Curvelet and
GLCM features.

Table 1 Classification accuracies for the FERET faces by MLP for original features
and SR dimension-reduced features

LBP Curvelet PHOG Gabor GLCM
(%) (%) (%) (%) (%)

Original features 80.53 82.6 72.27 72.57 87.61
Dimension-reduced features 84.96 83.1 76.70 84.37 87.72

On the basis of the classification performance, the weighting factors in the second
fusion method equation (19) were chosen as αk = Ratek∑5

i Ratei
, where Ratei stands

for the classification rate for feature i. Specifically, for the original features, αlbp =
0.204, αcurvelet = 0.209, αphog = 0.183, αgabor = 0.184 and αglcm = 0.222. Similarly,
for all of the dimension-reduced features, αlbp = 0.204, αcurvelet = 0.199, αphog =
0.184, αgabor = 0.202 and αglcm = 0.210. We compared the retrieval performance
using rank 1 accuracy based on the Cumulative Match Score (CMS) elaborated
in the following. Given a query image k, let Sk be the image in the database
corresponding to the same subject and dkl be the distance between query image and
image l in the database. Query image k is correctly retrieved if dkl is the smallest of
the calculated distances. For a set of queries, the total number of correctly retrieved
images is denoted as m1 and rank 1 accuracy is the ratio of m1 over the total
number of queries. We randomly split the data set into query set and indexing set
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Figure 3 Comparison of the retrieval performance for the FERET faces with and without
SR-based dimension reduction

with equal size. The retrieval results reported are the average accuracies of 100 runs
as summarised in Table 2 and Figure 3. It is obvious that without dimension
reduction, the hybrid features from directly concatenating the five features gives
80.9% rank 1 score, only lightly better than the individual performances. The
decision fusion based on equation (19) gives an improved one 82.8%. With SR
dimension reduction, the five features all perform better, and second fusion scheme
reaches yields the highest rank 1 score 92.4%, which compares sharply with the
individual scores from the dimension-reduced features.

Table 2 Rank 1 retrieval accuracies for the FERET faces

LBP Curvelet PHOG Gabor GLCM Hybrid Fusion
(%) (%) (%) (%) (%) (%) (%)

Original features 78.8 77.7 75.9 72.1 66.8 80.9 82.8
Dimension reduced 80.4 81.4 85.1 73.7 87.5 81.1 92.4
features

As mentioned earlier, the comprehensive performance measurement for facial image
retrieval is the standardised CMS (Phillips et al., 2000). CMS can be plotted on a
graph where the horizontal axis of the graph is the retrieval rank and the vertical
axis is the percentage of correct matches. On the CMS plot, higher curve reflects
better performance. This lets one to know how many images have to be examined
to get a desired level of performance since the question is not always “is the
top match correct” but “is the correct answer in the top n matches?” Figure 4
demonstrates the details of CMSs for the five dimension-reduced features together
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Figure 4 The retrieval performance of Cumulative Match Scores (CMSs) for the FERET
faces when the dimension of features are reduced with Spectral Regression
method: (a) LBP; (b) PHOG; (c) Curvelet; (d) Gabor; (e) GLCM; (f) Direct
concatenation of the dimension-reduced features and (g) decision fusion by
distance combination equation (19) (see online version for colours)
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with the corresponding two fusion schemes. The rank is plotted along the horizontal
axis, and the vertical axis is the percentage of correct matches.

5.2 Experiments with AR database

The AR database (Martinez and Benavente, 1998) is another commonly used
benchmarking data for face recognition and retrieval, which consists of over 3200
frontal face images of 126 subjects (70 men and 56 women). There are 26 different
images for each subject. For each subject, the images were recorded in two different
sessions separated by two weeks, each session consisting of 13 images. For each
session, the first one is of neutral expression, the second to the fourth are of facial
expression variations, the fifth to the seventh of illumination variations, the eighth
to the tenth wearing glasses and the 11th to the 13th wearing scarf. For illustration,
some images from one of the subjects are shown in Figure 5. In our experiments,
we used a low-resolution (104 × 85) version of the database.

Figure 5 Sample images from the AR database (see online version for colours)

Experiments were carried out for the AR images in the similar way as for
the FERET faces to evaluate the performance of our proposed method. For
the LBP features, a subregion (window) size 52 × 45 for each image is fixed,
thus obtaining 2 × 2 = 4 small blocks and an LBP feature vector with length
4 × 59 = 236. For Gabor filtering, a filter bank with six orientations and four
scales is applied to each of 3 × 2 = 6 image subregions, yielding overall feature
vector with length 3 × 2 × 48 = 288 for each image. For the PHOG algorithm,
three levels of pyramids and 8 bins in each level were chosen, with overall PHOG
descriptor with dimensionality 168. The Curvelet feature is similarly obtained with
164 components for the mean and standard deviation from the subband coefficients.
The GLCM feature is with dimension 236. For Gabor filtering, a filter bank with six
orientations and four scales is applied to each of 3 × 3 = 9 image blocks, yielding
overall feature vector with length 3 × 2 × 48 = 288 for each image. For the PHOG
algorithm, three levels of pyramids and 8 bins in each level were chosen, with
overall PHOG descriptor with dimensionality 168. The Curvelet feature is similarly
obtained with 164 components for the mean and standard deviation from the
subband coefficients.

The comparison of the classification accuracies using MLP from applying the
five features, with and without the SR dimension reduction, is summarised in
Table 3, which shows again that dimension reduction improved the accuracies.
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Table 3 Classification accuracies for the AR faces by MLP for original features
and SR dimension-reduced features

LBP Curvelet PHOG Gabor GLCM
(%) (%) (%) (%) (%)

Original features 76.92 75.80 76.28 74.04 75.00
Dimension-reduced 77.08 87.18 82.05 77.72 80.13
features

The rank 1 accuracies from the five features together with two fusion schemes
were compared and recorded in Figure 6 and Table 4. For the AR faces,
Curvelet feature performs among the five compared, for original features and
dimension reduced features. And again, the second fusion scheme based the
distance combination (equation (19)) is better than the first simple concatenation
method. The weighting factors in equation (19) were chosen according to their
individual classification performance. Without dimension reduction, αlbp = 0.204,
αcurvelet = 0.198, αphog = 0.202, αglcm = 0.198, and αgabor = 0.201. With SR
dimension reduction, αlbp = 0.191, αcurvelet = 0.198, αphog = 0.203, αglcm = 0.192,
and αgabor = 0.216. For the original features without dimension reduction, the
curvelet feature shows the best rank 1 score 90.4%. With Spectral-Regression-based
dimension reduction, all of the five features improve dramatically and the distance
combination-based fusion again gives the highest rank 1 score, which is 98.3%. The
boxplots in Figure 7 gives the details of CMSs from the same experiment where
the horizontal axis is the ranking while the vertical axis the percentage of correct
matches.

Figure 6 Comparison of the retrieval performance for the AR faces with and without
SR-based dimension reduction
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Figure 7 The retrieval performance of Cumulative Match Scores (CMS) for the AR faces
when the dimension of features are reduced with Spectral Regression method:
(a) LBP; (b) PHOG; (c) Curvelet; (d) Gabor; (e) GLCM; (f) direct
concatenation of the dimension-reduced features and (g) decision fusion by
distance combination equation (19) (see online version for colours)
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Table 4 Rank 1 retrieval accuracies for the AR faces

LBP Curvelet PHOG Gabor GLCM Hybrid Fusion
(%) (%) (%) (%) (%) (%) (%)

Original features 70.1 90.4 83.4 76.3 70.1 88.1 90.0
Dimension-reduced 84.3 93.4 93.2 97.7 84.3 88.2 98.3
features

6 Conclusion

Content-based image retrieval (CBIR) is still attracting much research attention
after two decades of endeavour. In many applications, we need to query a
given face image from a large database to judge its identity for security
reason. Comparing with other CBIR tasks, there are many special requirements
and difficulties regarding the facial appearance variations due to pose change,
illumination variation, and partial occlusion and so on. To create an efficient
and effective facial image retrieval, an appropriate information fusion of the
different features is important for the improvement of retrieval accuracy. In this
paper, we presented a new facial image retrieval scheme based on multiple
features fusion, including LBP, Gabor feature, CT, GLCM and PHOG. Then, the
significance of applying a novel Graph-Laplacian-based dimensionality reduction
method, called Spectral Regression (SR), is emphasised. A decision-level fusion
scheme was proposed by combining the distance metrics from the respective
SR reduced feature spaces. Experiment evaluations on FERET and AR face
databases demonstrate that dimension-reduced features are much more efficient
for facial retrieval and the fusion scheme can offer much enhanced performance.
A 98% rank 1 retrieval accuracy is obtained for the AR faces and 92% for
the FERET faces, showing that the method is robust against different variations
like pose and occlusion. There are several ongoing research issues, including the
retrieval with single model database (one image per subject), the optimisation
of the weighting factors in the distance combination, and alternative decision
fusion schemes.
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