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ABSTRACT

DISCRIMINANT CORRELATION ANALYSIS (DCA)

In this paper, we present Discriminant Correlation Analysis
(DCA), a feature level fusion technique that incorporates the class
associations in correlation analysis of the feature sets. DCA
performs an effective feature fusion by maximizing the pair-wise
correlations across the two feature sets, and at the same time,
eliminating the between-class correlations and restricting the
correlations to be within classes. Our proposed method can be used
in pattern recognition applications for fusing features extracted
from multiple modalities or combining different feature vectors
extracted from a single modality. It is noteworthy that DCA is the
first technique that considers class structure in feature fusion.
Moreover, it has a very low computational complexity and it can
be employed in real-time applications. Multiple sets of
experiments performed on various biometric databases show the
effectiveness of our proposed method, which outperforms other
state-of-the-art approaches.

In our method, we incorporate the class structure, into the
correlation analysis, which helps in highlighting the differences
between classes and at the same time maximizing the pair-wise
correlations between features across the two data sets.
Let’s assume that the samples in the data matrix are collected from
c separate classes. Accordingly, the n columns of the data matrix
are divided into c separate groups, where ni columns belong to the
ith class:
Let xij∈X denote the feature vector corresponding to the
in the ith class.

jth

sample

The between-class scatter matrix is defined as

INTRODUCTION
Unimodal biometric systems rely on the evidence of a single
source of biometrics information, e.g., single fingerprint or face.
Multimodal biometric systems, on the other hand, fuse multiple
sources of biometrics information to make a more reliable
recognition.
Fusion of the biometrics information
can occur at different stages of a
recognition system:
• Fusion at the data or feature level
• Fusion at the match score level
• Fusion at the decision level
Feature level fusion is believed to be more effective than the other
levels of fusion because the feature set contains richer
information about the input biometric data than the matching
score or the output decision of a classifier [1,2].

FEATURE-LEVEL FUSION USING CCA
Suppose that X(p×n) and Y(q×n) are two matrices, containing n
training feature vectors. CCA aims to find the linear combinations,
X∗ = Wx’ X and Y∗ = Wy’ Y , that maximize the pair-wise
correlations across the two feature sets. The transformation
matrices, Wx and Wy, are found by solving the eigenvalue equations
[3,4]:

If the classes were well-separated, ΦTΦ would be a diagonal
matrix. Since ΦTΦ is symmetric positive semi-definite, we can find
transformations that diagonalize it:
where P is the matrix of orthogonal eigenvectors. Let Q(c×r) consist
of the first r eigenvectors, which correspond to the r largest nonzero eigenvalues, from matrix P. We have:

RESEARCH POSTER PRESENTATION DESIGN © 2015

www.PosterPresentations.com

Visualization of covariance matrices. (a) Covariance between features
(X∗ X∗T). (b) Covariance between samples (X∗T X∗).

If

We present two sets of experiments to demonstrate the
performance of our proposed feature level fusion technique. First
experiment is about the fusion of fingerprint and iris modalities
from Multimodal Biometric Dataset Collection, BIOMDATA [5];
and the second experiment is on fusing information from weak
biometric modalities extracted from face images in AR face
database [6]. The performance of the proposed technique is
compared with that of several state-of-the-art methods including
the serial feature fusion [7], the parallel feature fusion [8], the
CCA-based feature fusion [4,9], and the most recently published
JSRC [10] methods.
BIOMDATA Multimodal Biometric Dataset
• 219 subjects having iris and fingerprint modalities
• two iris modalities
• four fingerprint modalities

, we have:

X’ is the projection of X in a space, where the between-class scatter
matrix is I and the classes are separated.
Similarly:
Although S’bx = S’by = I, the matrices Φ’bxT Φ’bx and Φ’byT Φ’by are
strict diagonally dominant matrices. This makes the centroids of
the classes have minimal correlation with each other, and thus, the
classes are separated.
Now that the between-class scatter matrices are unitized, we need
to make the features in one set have nonzero correlation only with
their corresponding features in the other set. Therefore, we
diagonalize the between-set covariance matrix

Feature fusion:

Unimodal and Multimodal accuracies in AR face database.

Face mask used to
crop out different
modalities.

EXPERIMENTAL RESULTS

The r most significant eigenvectors of Sbx can be obtained with the
mapping Q→ ΦbxQ :

Transformation:
Problems:
• Small Sample Size
Ø PCA + CCA
• Negligence of the
class structure
Ø LDA + CCA ?!

AR Face Database
• Fusing weak biometric modalities extracted
from face images
• Modalities: 1. left periocular, 2. right
periocular, 3. nose, 4. mouth, and 5. face
• 100 subjects

Examples of challenging samples in BIOMDATA database. The images are
corrupted with blur, occlusion, shadows, and sensor noise.

Preprocessing: (a) Original iris image. (b) Segmented iris area.
(c) 25×240 binary iris template [11].
Unimodal and Multimodal accuracies in BIOMDATA
database obtained by a minimum distance classifier.

Preprocessing: (a) Original fingerprint
image. (b) Enhanced image using the
method in [12]. (c) Core point of the
fingerprint and the ROI.

CONCLUSIONS
In this paper, we presented a feature fusion technique based on
correlation analysis of the feature sets. Our proposed method,
called Discriminant Correlation Analysis, uses the class
associations of the samples in its analysis. It aims to find
transformations that maximize the pair-wise correlations across the
two feature sets and at the same time, separate the classes within
each set. These characteristics make DCA an effective feature
fusion tool for pattern recognition applications. Moreover, DCA is
computationally efficient and can be employed in real-time
applications. Extensive experiments on various multimodal
biometric databases demonstrated the efficacy of our proposed
approach in the fusion of multimodal feature sets or different
feature sets extracted from a single modality.
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