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ABSTRACT

The thesis presents methodologies to address some of the limitations of a face recognition
system due to changes in face caused by makeup, variations in pose, changing lighting
conditions and expressions. It also presents the development of methods for identifying the

age group of a person through facial image.

Automated age group estimation based on texture classification using Gaussian non-
additive entropy feature has been proposed. The method is primarily founded upon the
features representing the information from texture changes occurring in the face of a person

as age progresses.

The extraction of the above features is followed by a classifier which is based on the
minimization of error between the training and test features by emphasizing a margin
between them. The feature error is based on the triangular norms or the t-norms such that an
aggregate of the training set of features and their subsequent fusion of errors produces the

classifying margin between the categories.

A variant of Features from Accelerated Segment Test is created using Gaussian non-
additive entropy in ID3 algorithm to maintain the invariance of interest points and also the

discriminatory power of the algorithms using the same.



In order to design a robust face recognition system, Kernel Entropy Component Analysis
based on Gaussian non-additive entropy is examined for dealing with various changes in face
due to variations in illumination, pose and expressions. The approach is combined with
Gabor Wavelet Transform for achieving illumination invariance with some degree of
expression and pose invariance, and Discrete Cosine Transform for significant robustness

towards illumination changes in the face.

To accomplish makeup invariance in face recognition, a methodology developed using
Gaussian non-additive entropy based Features from Accelerated Segment Test and Eigen
Vectors is discussed. For pose invariant face recognition, a method based on Gabor Jets
combined with Inner Product Classifier is suggested. Illumination invariance issue can also
be addressed by using Features from Accelerated Segment Test based on Gaussian non-
additive entropy and the aforementioned classifier based on t-norms. To achieve invariance to
expressions, robust clustering methods like partitioning around medoids and possibilistic
fuzzy c-medoids are used. Another technique examined for expression invariant face
recognition uses Topographic ICA to extract features from the face followed by the Inner
Product Classifier for the subsequent classification. The proposed techniques are also
computationally more efficient than the other methods compared and they also address the

speed-accuracy trade-off.

The techniques presented in this thesis have been evaluated on the standard databases
such as JAFFE, Yale, VMU, FERET databases etc. and their effectiveness has been

ascertained using the proposed features and the classifier.
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