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ABSTRACT

At the heart of many pattern recognition and computer vision applications is the question of
how to represent and recover data. Representing data in a manner which highlights its key
properties can significantly affect the performance of pattern recognition and computer vision
applications. Many approaches have been proposed for representing and recovering the high-
dimensional data which tend to reside in low-dimensional intrinsic subspaces. Recently, there
has been much research in optimally selecting informative samples from high-dimensional data
via sensing matrix using compressed sensing. Compressed sensing allows us to exploit the
sparse structure of the underlying phenomena for capturing incoherent measurements using
a sensing matrix and then recovering the high-dimensional data. However, the sparse signal
structure is not the only key aspect of compressed sensing; a robust incoherent frame structure

to be used for the measurements is equally important.

In this thesis, we address the problem of reconstructing high-dimensional data (such as
images) in the presence of noise using measurements via incoherent sensing matrix for data
compression. We propose an incoherent and robust sensing matrix design based on an equian-
gular tight frame to ensure reduced pairwise correlation among the frame vectors and tightness
of the frame. Experiments are performed on synthetic data as well as real images. The perfor-
mance evaluation is carried out in terms of mutual coherence, signal reconstruction accuracy,
and peak signal-to-noise ratio. In addition, it is observed that the high dimensional data sam-
ples widely used in computer vision and pattern recognition tasks may contain irrelevant and
redundant features. This can result in increased computational complexity, memory require-
ments, as well as the possibility of overfitting which can greatly weaken the inherent structural
relationship between features degrading the overall performance. Thus, finding compact low-
dimensional representation and features with good generalization and discriminative abilities

is very important.

In this thesis we address these issues to develop feature extraction models for image classi-

il



fication. Firstly, we present a representation-based supervised feature extraction model explor-
ing the underlying global and local structure of the high-dimensional data. Next, we propose
a regression-based feature extraction model to address the problem of insufficient inter-class
margin and loss of the manifold structure of the data. To ensure the relative significance of
the extracted features, an ¢, ;-norm based regularization is employed. Performance of the pro-
posed models is evaluated on various data sets for face, scene, and object recognition. The
results achieved are compared with state-of-the-art methods to validate the effectiveness of the

proposed models.
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NOTATION

x scalar

x vector

A Matrix

AT Matrix Transpose

Al Matrix Inverse

tr(4) trace of matrix A

A* Conjugate transpose of A

a; (a’) i" column (row) of matrix A

A;; Element at the intersection of i row and ;™ column of matrix A
A®B Hadamard product of two matrices A and B

|All 7 \/Zj |la;||3 (Frobenius norm)

| All2,1 > \/ Zj |A; ;|? ({3,1-norm)

[V] set {1,2,...,N}
card(P) Cardinality of the set P
Ap Sub-matrix of A containing the columns indexed by P.

supp(x) Support of & € RV, i.e. supp(xz) = {j € [N] : z; # 0}
the index set of its non-zero elements.
diag[x| Diagonal matrix with the vector x as its diagonal elements
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