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Abstract. By using support vector machine (SVM), this paper presents a
novel face retrieval scheme in face database based on lifting wavelets fea-
tures. The relevance feedback mechanism is also performed. The scheme can
be described in three stages as follows. First, lifting wavelets decomposition
technique is employed because it not only can extract the optimal intrinsic
features for representing a face image, but also can accelerate the speed of the
wavelets transform. Second, Linear Discriminant Analysis (LDA) is adopted
to reduce the feature dimensionality and enhance the class discriminability.
Third, relevance feedback using SVM is applied to learn on user’s feedback to
refine the retrieval performance. The experimental evaluation has been con-
ducted on ORL dataset in which the results show that our proposed approach
is effective and promising.
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1. Introduction

Face retrieval can be considered as a problem of similar face searching in the feature
space by integrating content-based image retrieval (CBIR) [1] and face recognition
[2] techniques. Among many approaches for facial representations, wavelets decom-
position technique [3, 4] is a powerful method that is used to extract the intrinsic
features for face recognition and image retrieval. However, due to the semantic gap
existing between low-level features and high-level concepts [5], it is often difficult
to achieve satisfactory retrieval performance by using rigid similarity measure on
low-level features in a larger face database. One of the feasible ways to bridge the
gap is to utilize relevance feedback to refine the retrieval results [5].
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In this paper, we study the problem of face retrieval with SVM-based rele-
vance feedback. We propose to use lifting wavelets features extraction algorithm
because it can find the optimal bases for the representation of a face image [13].
Moreover, lifting scheme provides wavelets transform to be performed in spatial
space and maps integers to integers, which accelerates the speed of the wavelets
transform [6]. As the dimension of the feature vectors extracted by LFWT is still
high, this is not proper for the retrieval task. To tackle this problem, Linear Dis-
criminant Analysis (LDA) [8] is utilized to further reduce the feature dimesionality
and enhance the class discriminability. Because LDA directly applied to feature
vectors may cause the singularity problem at the within-class scatter matrix, Prin-
cipal Component Analysis (PCA) [7] is commonly pre-performed for dimension
reduction [8]. While the discriminant and lower-dimensional feature vectors are
extracted, the remaining key element of face retrieval is to design a robust clas-
sifier. Previously, the face classifier based on the nearest feature line (NFL) [10]
and nearest feature space (NFS) was exploited [3]. However, in the case of small
training samples in databases, the ability of these classifiers for making confident
decisions under different class boundaries is still needed to be explored. It is well-
known that SVM [9] classifier has a good generalization performance in tacking
small sample size in pattern recognition. When incorporated with relevance feed-
back, SVM classifier can be learned from training data of relevance face images
and irrelevance face images marked by the users. Then the model can be used to
find more relevance face images in the whole database [11, 12].

The rest of the paper is organized as follows. In Section 2, detailed description
of lifting wavelets transform is presented. Subspace analysis methods, such as
PCA and LDA, will be studied in Section 3. Section 4 briefly introduces relevance
feedback technique. SVM classification method is reviewed in Section 5. Section 6
discusses the experimental results. Conclusions are drawn in Section 7.

2. Lifting Wavelets Transform

Any discrete wavelets transform (DWT) or two subband filtering with finite fil-
ters can be decomposed into a finite sequence of simple filtering steps, which are
called the lifting steps. This decomposition corresponding to a factorization of
the polyphase matrix of wavelet or subband filters into elementary matrices is
described as follows.

The polyphase representation of a discrete-time filter h(z) is defined as

h(z) = he(z
2) + z−1ho(z2) (2.1)

where he denotes the even coefficients, and ho denotes the odd coefficients:

he(z) =
k

h2kz
−k, and ho(z) =

k

h2k+1z
−k (2.2)
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The synthesis filters h(z) and g(z) (low-pass and high-pass filters respectively) can

thus be represented by their polyphase matrix P (z) =
he(z) ge(z)
ho(z) go(z)

and P̃ (z)

can be also defined for the analysis filters analogously. The filters he(z),ho(z),ge(z)
and go(z), along with their analysis counterparts, are Laurent polynomials. As the
set of all Laurent polynomials exhibits a commutative ring structure, within which
polynomial division with remainder is possible, long division between Laurent
polynomials is not a unique operation [6].

The Euclidean algorithm [6] can be used to decompose P (z)and P̃ (z)as

P (z) =

m

i=1

1 si(z)
0 1

1 0
ti(z) 1

K 0
0 1/K

(2.3)

P̃ (z) =

m

i=1

1 0
−si(z−1) 1

1 −ti(z−1)
0 1

1/K 0
0 K

(2.4)

As this factorization is not unique, several pairs of {si(z)} and {ti(z)} filters are
admissible; however, in case of DWT implementation, all possible choices are equiv-
alent.

Due to the computational complexity, it has been shown in [6] that using the
lifting scheme instead of the standard filter bank algorithm, can asymptotically
lead to a relative speed-up to 64% for Daubechies 9/7 filter which is implemented
by the scheme shown in Figure 1.

Figure 1. Block diagram of the forward wavelet trans-
form using lifting scheme: the implementation of Daubechies
9/7 filter α=-1.586134342; β=-0.05298011854; γ=0.8829110762;
δ=0.4435068522; K=1.149604398)

The best selection of wavelet filter and transform basis has been proposed
for face recognition [13]. Similar to [13], we always select the low frequency subim-
age for further decomposition as it is less sensitive to vary images. The two-level
wavelet lowest frequency subimage is used for PCA training in this paper. For
example, an original image resolution of 128x128, size of the sub-image is reduced
by 16 times. Figure 2 shows that a two-level decomposition using Daubechies 9/7
filter, the length of feature vector is 128× 128/22×2 = 1024.
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Figure 2. An original image with resolution 128× 128, and the
two-level wavelet decomposition

3. Subspace Analysis

3.1. Principle Component Analysis (PCA)

The Principle Component Analysis (PCA) is a popular and powerful tool to reduce
the dimensionality of the given data under unsupervised settings [7]. Consider a
set of L feature vectors {g1, g2, · · · , gL} taking values in an n dimensional feature
space. Σg ∈ Rnxn is defined as the covariance matrix of the feature vector g :
Σg = {[g− ε(g)][g− ε(g)]T }, where ε is the expectation operator. Then PCA of a
random vector g factorizes its covariance matrix Σg into the following form:

Σg = ΦΛΦ with Φ = [ϕ1, ϕ2, · · · , ϕn] (3.1)

Λ = diag{λ1, λ2, · · · , λn} (3.2)

where Φ ∈ Rnxn is an orthogonal eigenvector matrix and Λ ∈ Rnxn is a diagonal
eigenvalues matrix with diagonal elements in decreasing order (λ1 ≥ λ2 ≥ · · ·λn).
The projection can be obtained via y = TTpca[g − ε(g)], where eigenvectors Tpca =
[ϕ1, ϕ2, · · · , ϕp], p < n and T ∈ Rnxp. The lower dimensional vector captures the
most expressive features of the original data.

3.2. Linear Discriminant Analysis (LDA)

Different from the unsupervised learning of PCA, LDA seeks to find a linear trans-
formation that maximizes the between-class scatter and minimizes the within-class
scatter on the given data and class labels. Empirically, LDA has shown better per-
formance than PCA for dimension reduction [14].

LDA training is carried out via scatter matrix analysis. Assume each face
image belongs to c-class, the within-and between-class scatter matrices Σω ∈
Rpxp,Σb ∈ Rpxp are computed as follows:

Σω =

c

i=1

Pr(ωi)ε{(y −mi)(y −mi)T |ω = ωi} (3.3)
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Σb =

c

i=1

Pr(ωi)(mi −m0)(mi −m0)T (3.4)

where Pr(ωi) is the priori class probability and usually is replaced by 1/c, and
mi is mean vector, m0 overall mean vector. Various measures are available for
quantifying the discriminatory power. One commonly used is:

J(A) = argmax
A

AΣbA
T

AΣωAT
(3.5)

where A is an m×n matrix with (m ≤ n). The advantage of using this ratio is that
it has been proven that if Σω is a non-singular matrix then this ratio is maximized
when ΣbA

∗ = ΣωA∗ΛA and A∗ is the eigenvector matrix of Σ−1ω Σb, ΛA is a diagonal
matrix. There are at most c− 1 nonzero generalized eigenvectors. Let Tfld denote
the reduction matrix of A∗, the reduced feature vectors for classification can then
be derived as u = TTfldy.

4. Relevance Feedback

Relevance feedback [5] is a technique that takes advantage of human-computer
interaction to refine high level queries represented by low level features. It is used
to incorporate user’s concept with the learning process [15, 16] for CBIR.

In our face retrieval system, after a user submits a query by a given sample,
the system will return a set of similar images to the user. The returned images may
be relevant (positive) or irrelevant (negative) to the user’s target. Thus, relevance
feedback is engaged as a query refinement technique for helping the retrieval task.
The relevance feedback mechanism solicits the user to mark the relevance on the
retrieved images and then refines the results by learning the feedbacks by the user.

In order to learn the user’s feedback effectively, we employ a popular yet
powerful machine learning technique, i.e., Support Vector Machine, to attack the
problem. SVM is a state-of-the-art classification technique with excellent general-
ization performance. It has been shown with successful applications in relevance
feedback [11, 17, 18].

5. Support Vector Machine

Support Vector Machine (SVM) [9] is a popular technique for classification. The
basic idea of SVM is to look for the optimal separating hyperplane (OSH) which
best separates the data points into two classes with a maximum margin in a
projected feature space based on the Structure Risk Minimization principle.

Consider the problem of separating the set of training vectors into two sepa-
rated classes, (x1, y1), ...(xN, yN), where xi ∈ Rd,yi ∈ {−1,+1} with a hyperplane
w · x + b = 0. The set of vectors is said to be optimally separated by the hyper-
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plane if it is separated without error and the margin is maximal. For all xi, if the
following constraints are satisfied,

yi(w · xi + b) ≥ 1, i = 1, · · · , N (5.1)

the distance from the closest point to the hyperplane is 1/ w . Hence, the hyper-
plane that optimally separates the data is the one that minimizes the objective
function:

Φ(w) =
1

2
w
2
=
1

2
(w · w) (5.2)

The solution to the optimization problem of (5.2) under the constraints of
(5.1) is given by the saddle point of the Lagrange functional:

L (w, b, α) =
1

2
w
2 −

N

i=1

αi {yi [(w · xi) + b]− 1} (5.3)

where αi are the Lagrange multipliers. The parameters can be found by solving
the following quadratic programming problem:

maxL (α) =

N

i−1
αi − 1

2

N

i=1

N

j=1

αiαjyiyjxi · xj (5.4)

subject to:
N

i=1

αiyi = 0 and αi ≥ 0 (5.5)

The solution to w can be expressed w = i αiyixi in terms of a subset of
training patterns, called support vectors, which lie on the margin. The decision
function can thus be written as

f(x) = sign(
i
αiyixi · x+ b) (5.6)

So far the discussion has been restricted to the case where the training data
is linearly separable. To generalize the OSH to the non-separable case, SVM in-
troduces slack variables and a penalty factor such that the objective function can
be modified as

Φ(w, ξ) =
1

2
(w · w) + C(

N

i=1

ξi) (5.7)

The input data can also be mapped through some nonlinear mapping into
a high-dimensional feature space in which the OSH is constructed. Thus the dot
production can be represented by k(xi, x) when the kernel k satisfy Mercer’s con-
dition [19]. Table 1 shows three typical kernel functions [20]. Finally, we obtain
the decision function
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Table 1. Types of kernel functions

Kernel function k (xi, x) , i = 1, 2, · · ·N
Polynomial γxTi x+ r

d
, γ > 0

Radial basis function (RBF) exp −γ xi − x 2 , γ > 0
Sigmoid tanh γxTi x+ r

γ, d and r are kernel parameters.

f(x) = sign(
i
αiyi · k(xi · x) + b (5.8)

Because SVM enjoys solid theoretical foundations from the perspective of
statistical learning theory, it has shown many advantages when applied to problems
with limited training samples. Consequently, it can achieve excellent empirical
performance when applied to real-world problems.

6. Experimental Result

6.1. Experimental Setup

To evaluate the performance of our face retrieval system, we perform experiment
using face dataset from ORL [21]. The ORL dataset consists of 400 frontal face
images corresponding to 40 subjects, each subject with 10 different images. The
size of each image is 92x112 pixels, with 256 grey levels per pixel, as shown in
Figure 3.

Figure 3. Example of face images used for retrieval
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6.2. Implementation Details

In our experiments, we use 20 classes each with 5 images as the training set, all
images are decomposed by LFWT, the lowest subband forms facial feature vectors
(Dimension=644). Afterwards, we process these facial feature vectors with PCA
and LDA to further reduce the dimension to 19 for retrieval task. To present face
retrieval approach, the metric of evaluation is taking average retrieval accuracy
which is defined as the average ratio of the number of relevant face images in top
N returns over the total number of relevant face images in the face dataset.

In the retrieval process, each face image is assumed as user’s query. The
system will measure it with all the remaining face images in the dataset, the
returned face images are ranked by their distances from the boundary of SVM
classifier. If the result is non-satisfactory, user is suggested to mark the returned
images as relevant face images (+1) or irrelevant face images (-1) in top N, then
perform further rounds of feedback. SVM uses both relevant (+1) and irrelevant
(-1) face images as the training data to construct a more informative classifier,
thus to predict more relevant face images from the dataset.

To implement the relevance feedback algorithm with SVM, we modify the
codes of public libsvm library [22].

6.3. Average Retrieval Accuracy

The whole process is repeated for 400 times to generate the average retrieval
accuracy. The Euclidean distance method is viewed as the baseline in this experi-
ment. From Figure 4, it can be seen that our proposed LFWT+LDA+SVM (kernel
is Radial basis function) method outperforms LFWT+LDA+Euclidean distance
method. Moreover, with only one round feedback, the accuracy can reach to 99.6%.
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Figure 4. Retrieval performance of different methods on ORL dataset

In order to demonstrate our proposed scheme is effective and robust, we
make a comparison with recent face recognition methods which use ORL dataset
for performance evaluation, as shown in Table 2.
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Table 2. Performance of different methods on ORL dataset

Methods Eigenvectors Recognition Rate

LFWT+LDA+NN 19 92.7%

PCA+NFL [10] 40 96.9%

LFWT+LDA+NFS [3] 60 96.1%

LFWT+LDA+SVM 19 98.2%

We observe that our proposed method has a lower-dimensional feature vectors
and better recognition rate. In fact, average retrieval accuracy in top 10 on ORL
dataset can be viewed as recognition rate. Furthermore, with relevance feedback
involved, the system can achieve 100% accuracy. Therefore, we can summarize
that our proposed scheme is promising for the challenging face retrieval task in a
larger face database. Our experiment is implemented in a personal computer with
Pentium 4 1.6GHz CPU with 256MB RAM.

7. Conclusions

This paper proposed a novel scheme for face retrieval using the lifting wavelets fea-
tures and presented an effective relevance feedback algorithm using support vector
machine for improving the retrieval performance. The LFWT is used to extract
facial features because it increases the discriminability meanwhile decreases the
dimensionality of the features. Moreover, it is faster than other wavelets transform
approaches as it computes the wavelets transform in real domain and others in
complex domain. In our experiment, we observed that the dimension of the fea-
ture vectors and the numbers of training samples used for SVM learning are two
important factors to impact the overall performance of our face retrieval system.
Further, we noted that the retrieval accuracy can be significantly improved through
learning user’s interaction with relevance feedback. This makes our scheme more
effective for the applications with larger face databases. Experimental results have
shown that our proposed scheme enjoys advantages in speed and retrieval perfor-
mance, which makes it promising for practical face retrieval applications.
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