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AbstractDimension reduction can be seen as the transformation from a high orderdimension to a low order dimension. An example is the reduction of a cubein 3D (xyz) to a square in 2D (xy), to a point in 1D (x). The main goalof dimension reduction is to concentrate on vital information while redun-dant information can be discarded. Various ways are developed to reducedimensions. Reduction methods can be distinguished into linear and nonlinear dimension reduction. In this thesis we shall present a linear and somenon linear dimension reduction strategies which are mainly based on neuralnetworks. A reduced representation of data makes the data easier to han-dle. With this in mind, we have developed some applications that make useof reduced representation of data. The main application is face recognitionwhich uses a non linear dimension reduction strategy to reduce a face imageinto no more than say one to �ve vital values. These values are then used toclassify the face image.
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Chapter 1IntroductionIn this master thesis research on dimension reduction of images will be de-scribed.Generating a good data representation is of great importance before anyfurther processing can be done. Most applications su�er from high dimen-sional input data; reduction of the data to a lower dimension makes the dataeasier to handle. Thus it is important to extract the principal features ofthe data and remove redundant information in such a way that structuralrelationships of the data distribution are preserved. This so-called "map-ping method" is also known as dimension reduction. There exists a varietyof ways to accomplish dimension reduction. We can classify dimension re-duction methods in linear and non-linear methods. Principal ComponentsAnalysis (PCA) is a well known method for linear dimension reduction. Vec-tor Quantization (VQ) and �ve layer auto-associative Neural Networks (5LN)are examples of non-linear dimension reduction.We apply the dimension reduction on face images, which are to be con-sidered as non-linear. We use face images because one can then compute andvisualize the performance di�erence between linear and non-linear methods.Another advantage of using face images is that face recognition can be car-ried out. This recognition of faces is accomplished in the reduced dimensionobtained by dimension reduction.Suppose a face image has dimension 10 � 10, then one can see this faceimage as one vector of length 100 (concatenate the rows of the face image).This vector of length 100 is also one point in dimension hundred. The PCAmethod adjusts the origin in dimension 100 and places the new origin at thecenter of all the face image points. Then the axes are realigned in such a waythat the distances between all face image points and the axes are minimized.The VQ method is based on a neural network, which is a system that iscapable of learning patterns. The VQ tries to �nd correlations among the1



2face images. The correlated face images found by the VQ are gathered inclusters. When these clusters are found, one can apply the PCA methodwithin each cluster. The 5LN method is based on another type of neuralnetwork. This type of network tries to learn all of the individual face images.The network system must internally store relevant (correlated) informationon all of the face imagesIn this research we have the following objectives 1:� Compare performance di�erences computed for the following dimensionreduction methods- PCA based on the Karhunen-Lo�eve transform- Vector quantization with Euclidean partitioning- Vector quantization with gradient partitioning This is an own de-veloped method that uses more information when clustering theface images- Five layer feed-forward neural network� Real time face recognition using a reduced dimension� Morphing� Gender recognitionWe reduce the image dimension (our images are of dimension 92 � 112 =10304) to the �fth dimension. The morph as well as gender recognition alsouse this reduced �fth dimension. The use of only 5 values in representing animage is explained in the chapter 'Five layer networks'.This thesis is structured as follows. In Chapter 2 it is explained how theKarhunen-Lo�eve transform can be applied to reduce the face images. InChapter 3 an overview is given of neural networks and all related aspectssuch as the learning of a network. In the next Chapter 4 it is describedhow to use �ve layered networks to reduce the face images. In Chapter 5 anintroduction to vector quantization neural networks is given. In Chapter 6the use of the vector quantisizer which is based on the Euclidean distance isdescribed and Chapter 7 is also dedicated to a vector quantisizer, but thistime to a quantisizer using more information on the images when reducingthe dimension. The obtained results with the various dimension reductionmethods are handled in Chapter 8. The applications morphing, face recogni-tion and gender recognition which are all based on dimension reduction are1The research is mainly inspired by the paper by Kambhatla & Leen [1]



3described in respectively Chapter 9, 10 and 11. Finally, the conclusions andrecommendations for future research are given in the last Chapter 12.An overview of the handled dimension reduction methods and applicationsin this thesis is shown in Figure 1.1.
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Figure 1.1: Dimension reduction tree and applications
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Chapter 2Karhunen-Lo�eve transformThe KLT (this transform also is commonly referred to as the eigenvector,principal component or Hotelling transform) is a well known linear methodfor dimension reduction. We use the KLT based on the description by Turk& Pentland [2, 3, 4, 5, 6, 7, 8] and Gonzalez & Woods [9]. The goal of theKLT is to create a feature space that spans the signi�cant variations amongthe face images. The signi�cant features are known as "eigenfaces," becausethey are the eigenvectors (principal components) of the set of face images.The eigenvectors are ordered, such that the �rst eigenvector accounts for thelargest variance and the last eigenvector for the smallest variance among theface images. Each N �N face image can be regarded as one point in the N2dimensional space.Let the set of face images be �1;�2;�3; : : : ;�M . The average image of theset is de�ned by 	 = 1M PMn=1 �n. Each face image di�ers from the averageby the vector �i = �i�	. The covariance matrix C of the face image set isde�ned as C = 1M MXn=1�n�Tn (1)Because C is real and symmetric, �nding theM orthonormal vectors un whichdescribe the face images best is possible. Element cii is the variance of �i andelement cij is the covariance between elements �i and �j. If elements �i and�j are non-correlated, their covariance will be 0 and,therefore cij = cji = 0.The kth vector uk is chosen such that�k = 1M MXn=1 (uTk�n)2 (2)is maximum, subject to uTl uk = � 1; if l = k0; otherwise (3)5



6in which the eigenvectors are uk, and the eigenvalues are �k of the covariancematrix C in (1).The eigenvectors vi of C are used to create the eigenfaces ul of our faceimages set: ul = MXk=1 vlk�k l = 1 : : :M (4)A face image � is transformed into its eigenface components (projected into"face space") by a simple operation,!k = uTk (�� 	) (5)for k = 1; : : : ;M 0. The eigenfaces span an M 0-dimensional subspace ofthe original N2 image space. See Figures 2.1 and 2.2 for examples of atransformation from points to eigen/face-space. The weights form a vector
T = [!1; !2 : : : !M 0] which describes the contribution of the eigenfaces informing the face-space projection of the input face image. So each image hasit's own weight vector of length M 0 which describes it's contribution to eacheigenface. The "inverse projection" or reconstruction, from M 0 to M can bereconstructed from (5) which results in� = uTkwk +	 for k = 1 : : :M 0 (6)

-1

0

1

2

3

4

5

6

7

8

-1 0 1 2 3 4 5 6

y

x

original space

e0

e1

0

1

2

3

4

5

6

Figure 2.1: Original points
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Figure 2.2: The points of Figure 2.1 in eigen/face-space
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