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Abstract

Principal Component Analysis (PCA) is one of the well-known techniques for di-

mensionality reduction with numerous and diverse applications.Despite the popularity of

PCA, its major drawbacks are seen as low selectivity of local features and poor scalability

to high dimensional data due to large computational complexity.To address these problems,

block based PCA methods (FP-PCA) were proposed.

In this work, we study the comparative performance of various PCA approaches for di-

mensionality reduction with face recognition as the specific topic. It aims to observe how

FP-PCA approaches perform with respect to dimensionality reduction. As an objective

criterion of image quality, PSNR was used for the comparative experiments. Images were

reconstructed from a variable number of PCs and their quality using PSNR was observed.

SubXPCA is a special case of FP-PCA approach with a 2 stage approach. Different versions

of SubXPCA are experimented with by choosing components from 1st stage for finding PCs

at the second stage.
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Notations

Dimensionality /Size related

d :Pattern size or dimensionality

k :Number of blocks or sub-patterns or sub-images of a

pattern

k.r :Dimensionality of locally-reduced pattern

m,n :Number of rows and columns of an image pat-

tern(matrix)

N :Numebr of tarining patterns

r :Locally-reduced sub-pattern size

u :Block or sub-pattern size

w :Globally-reduced patterns

Pattern/Sub-pattern Data related

(Ai)m×n :ith Image pattern(matrix) of size m× n;iε1, 2, ..., N

A = A1, A2, ..., AN :Set of N training iamge patterns

(Aj
i )m×u :jth sub-image pattern of ith image pattern,Ai

(Bi)m×kr :Locally-reduced iamge pattern of(Ai)m×n

B=B1, B2, ..., BN :Set of locally-reduced image patterns of a

(Di)m×w :ith Globally-reduced image pattern of (Bi)m×kr

D=D1, D2, ..., DN :Set of globally-reduced image patterns of B

x1, x2, ..., xd :d random feature variables of feature vector X

X :Feature vector of d random feature variables

x1, x2, ..., xd

y :transformed feature vector of X

(Xi)d×1 :ith Pattern;iε1, 2, ..., N

ix



X=X1, X2, .., XN :Set of N tarining patterns(or objects)

Xr=Xr
1 , X

r
2 , ..., X

r
N :Set of N reduced training patterns by classical PCA

(Xj
i )u×1 :jth sub-pattern or Block of ith pattern,(Xi)d×1

(Yi)k.r×1 :ith Locally-reduced pattern of (Xi)d×1

(Y j
i )r×1 :Locally-reduced sub-pattern of (Xj

i )u×1

Y=Y1, Y2, ..., YN :Set of locally-reduced patterns of X

(Zi)w×1 :ith Globally-reduced patterns of (Yi)k.r×1

Z=Z1, Z2, ..., ZN :Set of globally-reduced patterns of Y

(C)d×d :Covariance matrix of patterns,X

(Cg)(k.r)×(k.r) :(Inter-block)Covariance matrix of Y

Cg
q,t :Matrix of inter-block covariances of Rq and Rt

(cj)(u×u)or (Cij)u×u :(Intra-block) sub-covariance matrix of jth sub-

patterns,P j

(M)n×n :Image covariance matrix of original iamges,A

(E)d×r :Set of first r(¡d) global eigenvectors of C

(E)n×r :Set of first r(¡n) global eigenvectors of M

G :Set of all eigenvectors of Cg

V :Combined matrix of local eigenvectors of all the blocks
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Abbreviations

PCA :Principal Component Analysis

2DPCA :Two-Dimensional Principal Component Analysis

FP-PCA :Feature Partitioning based PCA

FLPCA :Flexible image Principal Component Analysis

IMPCA :Image Principal Component Analysis

modPCA :Modular PCA

MSE :Mean Squared Error

PSNR :Peak signal to noise ratio

PC :Principal Component

SubPCA :Sub-pattern based PCA

SSS :Small Sample Size

SubXPCA :Cross-Sub-pattern correlation based PCA

PV :Projection Vector(Eigenvector selected for projection)

PR :Pattern Recognition

xi



Chapter 1

Introdiuction

In this chapter, we present a brief review of feature extraction(dimensionality reduction)

and Principal Component Analysis.

1.1 Feature Extraction(Dimensionality Reduction)

Feature Extraction is an important stage of pattern recognition. Extraction of features is

an important step and strongly influences classifier design. That is, if extracted features

show significant differences from one class to another, the classifier can be designed more

easily with better performance.Therefore, the extraction of features is a key issue in pattern

recognition.

It is well known that often patterns contain a large number of features (e.g. a face image

of 300 × 400 size consists of 12000 features). These patterns may contain features which

are redundant or irrelevant to the classification task. Moreover, the pattern generating

mechanism and the feature extraction techniques(transducers) are likely to introduce some

distortion and noise, in addition to natural pattern variability. Therefore the fundamental

task of feature extraction technoque is to extract most useful information from the original

pattern and present it in a form of lower dimensionality vector, whose components represent

the most significant features of input pattern.The goal of feature extraction technique is

not merely dimensionality reduction, but to remove any redundant and irrelevant features
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which may reduce the classifier performance. Further role of the feature extraction process

is to establish whether it is necessary to seek additional features which would contain dis-

criminatory information allowing the improvement of classifier performance.

Most feature extraction techniques compress the observed information into a lower dimen-

sion space to facilitate its transmission or storage or classification. Here the elimination

of the irrelevant information and redundancy(using feature extraction techniques) is an

integral part of the transformation which maps original pattern vector X into Y, the tran-

formed vector, a new lower dimensional feature space which is given by

Y = f(X)

The mapping f(...) is obtained by optimizing a criterion function J(...).

As the number of dimensions increases the generalization ability is likely to come down for

finite training data. Feature extraction may be seen as the one which improves generaliza-

tion ability of recognition system by keeping number of dimensions minimum.

Some commonly used feature extraction techniques include Principal Component Analy-

sis(PCA), Linear Discriminnat Analysis, Independent Componet Analysis, Projection Pur-

suit, Random Projections.

Here we shall focus on PCA henceforth in this work.

1.2 Classical Principal Component Analysis(PCA)

Principal Component Analysis(PCA) is one of the widely used techniques for dimensionality

reduction with widespread applications to data reduction, image processing, visualization,

pattern recognition, exploratory data analysis, etc.

PCA concerned with explaining the variance-covariance structure through a few linear

combinations of the original features. Although d components are required to reproduce

the total system variability, often much of this variability can be accounted for by a small

number, r(< d) of the Principal Components (PCs) from the original d features. The N

Measurements with r PCs are used to replace original N Measurements with d features.

2



1.2.1 How to Perform PCA on Given Set of Patterns ?

Consider X = X1, X2, ...., XN , the set of N training patterns of dimensionality d.

The steps of classical PCA are given as follows

1. Perform a mean subtraction operation upon the training data patterns

2. Calculate the Covariance Matrix.

(C)d×d =
1

N
.

N∑
i=1

[Xi − X̄].[Xi − X̄]T (1.1)

Where X̄ is the mean of tarining patterns , X.

3. Determine eigenvalues, λ and eigenvectors, e of the covariance matrix, C such that

(C)d×d.(e)d×1 = (e)d×1.(λ)1×1 (1.2)

If the rank of C is d then one can find d eigenvalues.

4. Sort the eigenvalues and the corresponding eigenvectors in non-increasing order.

5. Choose first r(< d) column eigenvectors, (denoted by Ed×r ) and project the data set

X on Ed×r to get the reduced data Xr .

Xr
N×r = Xn×d.Ed×r (1.3)

The original data can be reconstructed with most of the variance(information) from

compressed or reduced data X̂N×d is given by

Xr
N×r = Xr

N×r.E
T
r×d (1.4)

Where X̂N×d is reconstructed data.
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1.2.2 Why is PCA so Popular in Dimensionality Reduction ?

It is observed that the use of PCA is widespread for dimensionality reduction.

Here we enumerate some reasons.

• PCA is a global scheme because it considers covariances (correlations) between every

pair of original d variables (features). Therefore it is highly effective in dimensionality

reduction when global variations are prominent.

• PCA is an optimal linear scheme (in terms of maen squared error) for compressing a

set of high dimension vectors into a set of low dimension vectors and for reconstructing

the original vectors

• The model parameters (eigenvectors and eigenvalues) can be computed directly from

the data i.e. by diagonalizing the sample covariance.

• Compression and Decompression are easy operations and they require only matrix

multiplications.

• Further, PCA minimizes representation entropy and it makes output variables (PCs)

mutually uncorrelated.

1.2.3 Fundamental Problems /Issues with Classical PCA

Although PCA is popular in its application, there are several issues which inhibit an analyst.

Here we describe a few of them based upon our study.

1. High computational complexity. The classical PCA methods are not suitable for

high dimensional data (d) or large number of data points (N), because PCA needs

high computational requirements for such data in particular for huge image data.

Computing the sample covariance matrix or correlation matrix itself is expressive

(O(N.d2)).

2. Poor performance(that is less generalization ability) with data of prominent local vari-

ations. PCA is global feature extraction technique which may perform well when

global variations among patterns are dominant, however it may not perform well

when local variations among patterns are dominant.
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3. Small sample size(SSS) problem. PCA may not be good to reduce dimensions in the

case of a Small Smaple Size (SSS) problem. That is when number of training samples

are less as compared to number of features or dimensions, PCA may not effectively

perform dimensionality reduction or feature extraction

4. Not good for non-linear data. Further, Classical PCA is suitable in applications

where the underlying structure is linear. The linear PCA either needs more principal

components or unsuitable for the data sets where nonlinear structure is present.

5. choosing right number of principal components. Right choice of principal components

influence classifier performance as well as the total amount of variance (structure)

in the reduced data. Now the question arises as to how to choose right number of

Principal components ?

In the next chapter, we discuss the other PCA methods to address the problems faced

by classical PCA.
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Chapter 2

Principal Component Analysis

Methods: A Literature Survey

2.1 Introduction

In this chapter we review the literature related to Principal Componet Analysis (PCA)

methods in brief. For better understanding we classify the literature into catagories like,

Feature Partitioning or Block based PCA (FP-PCA) methods, 2D structure based PCA

methods.

2.2 2DPCA

2DPCA[6] is based on 2D image matrices where as PCA is based on 1D vectors, so the image

matrix does not need to be transformed into a vector prior to featue extraction. Instead,

an image covariance matrix is constructed directly using the original image matrices, and

its eigenvectors are derived for image feature extraction.
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Algorithm

1. Let X denote an n-dimensional unitary column vector. Our idea is to project image

A, an m× n random matrix, onto X by the following linear transformation:

Y = AX. (2.1)

Thus, we obtain an m-dimensional projected vector Y, which is called the projected

feature vector of image A. How do we determine a good projection vector X? In

fact, the total scatter of the projected samples can be introduced to measure the

discriminatory power of the projection vector X. The total scatter of the projected

samples can be characterized by the trace of the covariance matrix of the projected

feature vectors. From this point of view, we adopt the following criterion:

J(X) =tr (C), (2.2)

where C denotes the covariance matrix of the projected feature vectors of the training

samples and tr(C) denotes the trace of C. The physical significance of maximizing

the criterion in 2.2 is to find a projection direction X, onto which all samples are

projected, so that the total scatter of the resulting projected samples is maximized.

2. Compute covarince matrix: The covarince matrix C can be denoted by,

C = E(Y − EY )(Y − EY )T (2.3)

= E[AX − E(AX)][AX − E(AX)]T (2.4)

= E[(A− EA)X][(A− EA)X]T (2.5)

so,

tr(C) = XT [E(A− EA)T (A− EA)]X (2.6)

Gt = E[(A− EA)T (A− EA)] (2.7)

Suppose that there are M training image samples in total, the jth training image is

denoted by an m×n matrix Aj(j = 1, 2, ....,M), and the averageimage of all training
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samples is denoted by Ā. Then ,Gt can be evaluated by

Gt =
1

M

M∑
j=1

(Aj − Ā)T (Aj − Ā). (2.8)

so,the criterion is

J(X) = XT GtX (2.9)

the optimal projection axis Xopt is the unitary vector that maximizes J(X), i.e., the

eigenvector of Gt corresponding to the largest eigenvalue.

3. Feature extraction: The optimal projection vectors of 2DPCA, Ek = (e1, e2, ...ed),

are used for feature extraction.For a given image sample A, let

Yk = AEk, k = 1, 2, ..., d (2.10)

Then,we obtain a family of projected feature vectors, Y1, ..., Yd, which are called the

Principal Componet(vectors) of the sample image A. // The principal component

vectors obtained are used to form an m × d matrix B = [Y1, ..., Yd], which is called

the feature matrix or featue image of the image sample A. This feature image is used

for classification process

2.2.1 Comparison and Properties of 2DPCA

2DPCA[6] has many advantages over conventional PCA (Eigenfaces). In the first place,

since 2DPCA is based on the image matrix, it is simpler and more straightforward to use

for image feature extraction. Second, 2DPCA is better than PCA in terms of recogni-

tion accuracy in all experiments. Although this trend seems to be consistent for different

databases and conditions, in some experiments the differences in performance were not

statistically significant. Third, 2DPCA is computationally more efficient thanPCA and

it can improve the speed of image feature extraction significantly. However, it should be

pointed out that 2DPCA-based image representation was not as efficient as PCA in terms

of storage requirements, since 2DPCA requires more coefficients for image representation

than PCA.
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2.3 Feature Partitioning or Block based PCA (FP-

PCA) Methods

It is now known that classical PCA suffers from the drawbacks of not coping well with high

dimensional data scaling up to large data set due to its prohibitive computational complex-

ity (O(N.d2)). Another shortcoming is that classical PCA may not perform well in terms

of recognition for applications where local region based features have discriminant infor-

mation (e.g.facial expressions, pose, illuminations, etc and change detection applications).

To overcome these problems, Block-based PCA methods were emerged.

2.3.1 modPCA

In modPCA[5] technique, the face images are divided into smaller sub-images and the PCA

approach is applied to each of these sub-images.

Algorithm

1. Each image in the training set is divided into N smaller images. Hence the size of

each sub-image will be L2

N
.

Figure 2.1: A Face image divide into N smaller images, where N=4

These sub images can be mathematically represented as

I ij(m, n)i = Ii(
L√
N

(j − 1) + m,
L√
N

(j − 1) + n) ∀i, j (2.11)

where i varies from 1 to M, M being the number of images in the training set, j varies

from 1 to N, N being the number of sub-images and m and n vary from 1 to L√
N

9



2. The average image of all the training sub-images is computed as

A =
1

M.N

M∑
i=1

N∑
j=1

I ij (2.12)

3. Normalize each training sub-image by subtracting it from the mean as

Y ij = I ij − A∀i, j (2.13)

4. From the normalized sub-images the covariance matrix is computed as

C =
1

M.N

M∑
i=1

N∑
j=1

Y ij.Y i
T
j (2.14)

5. Next we find the eigenvectors of C that are asso- ciated with the k largest eigenvalues.

We repre- sent the eigenvectors as e1, e2, ..., eu . The weights are computed from the

eigenvectors as shown below

WpnjK = ET
K(IPnj − A)∀p, n, j, K (2.15)

6. Where K takes the values 1,2,...,u, n varies from 1 to Γ, Γ being the number of images

per individual, and p varies from 1 to P, P being the number of individuals in the

training set. Weights are also computed for the test sub-images using the eigenvectors

as shown in the next equation:

Wtest.jK = ET
K(Itest.jK − A) ∀j, K (2.16)

7. Mean weight set of each class in the training set is computed from the weight sets of

the class as shown below:

TpjK =
1

Γ

u∑
K=1

Γ∑
n=1

WpnjK∀p, j (2.17)

8. Next the minimum distance is computed as shown below:

Dpj =
1

u

u∑
K=1

|Wtest.jK − TpjK | (2.18)

Dp =
1

N

N∑
j=1

Dpj (2.19)

min(Dp < Θi) for a particular value of p, the corresponding face class in the training

set is the closest one to the test image. Hence the test image is recognized as belonging

to the pth face class.

10



Comparison and properties of modPCA

A modular PCA method, which is an extension of the PCA method for face recognition.

The modular PCA method performs better than the PCA method under the conditions

of large variations in expression and illumination.For large variations in pose there is no

significant improvement in the performance of modular PCA. For face recognition, the

modular PCA method can be used as an alternative to the PCA method. In particular,

the modular PCA method will be useful for identification systems subjected to large on

Computer Vision and Pattern Recognition.

2.3.2 SubPCA

The sub-pattern based PCA (SubPCA[9]) technique which divides each pattern into equally-

sized sub-patterns and groups sililar sub-patterns from all patterns into corresponding sub-

pattern set. Local features are extracted from each sub-pattern set and are concatenated

to form reduced patterns.

Algorithm

Partition the given mean-corrected data(X)n×d and apply classical PCA

1. Partition datum, Xi into (k ≥ 2) equally-sized sub-patterns. Each sub-pattern of size

dl, Where dl =
⌊

d
k

⌋
, SPj is the set of jth sub-patterns of Xi, ∀i = 1, .., N .

2. For every sub-pattern set, SPj , Where j=1,..,k, repeat the following steps

(i)Compute covariance matrix, (Cj)dl×dl
.

(ii)Compute eigenvalues (λj
p) and corresponding eigenvectors (ej

p), where p=1,..,dl.

(iii)Select r(< dl) eigenvectors corresponding to the first r largest eigenvalues obtained

in step(ii). Let Ej be the set of r eigenvectors(column vectors) selected in this step.

(iv)Extract r local features (PCs) from SPj by projecting SPj onto (Ej)dl×r as follows.

Let Yj be the reduced data in this step and is given as

(Yj)N×r = (SPj)N×dl
(Ej)dl×r

3. Concatenate Yj,∀j = 1, .., k, as shown below. Let Z denote such combined data.Zi is

the ith row of (Z)N×kr, which corresponds to Xi and is given as

11



Zi = [y1(i, 1), y1(i, 2), ..., y1(i, r),...and so on ..,

yk(i, 1), ..., yk(i, r)] and (yj(i, 1), yj(i, 2), ..., yj(i, r)) is the ith row of Yj.

Here Z is given for the classification.

Figure 2.2: SubPCA Algorithm

12



Comparison and properties of SubPCA

SubPCA does not consider correlations across different sub-patterns which may result in

poor summarization of variance (and hence low dimensionality reduction) in comparison

to PCA(since PCA considers entire correlation structure of the data). Noisy and less

expressive features contain less variance. Such noisy features may reduce classification

rate as well. In SubPCA, there is possibility of relatively more(possibly correlated) noisy

or less-expressive features which are spread across different sub-patterns, and there is no

mechanism to retain them. Thus classification accuracies of SubPCA may not be encour-

aging, then global variations are predominant in the data. Since PCA exploits the entire

correlation structure in the data(hence it is global scheme), it shows better summariztion

of variance (which implies high dimensionality reduction) and may lead to better classifiac-

tion rates in comparison to SubPCA, when global variations and prominent. Interestingly,

SubPCA performs better than PCA in terms of classification when the local structure (local

features) has good discrimination information. Another advantage of SubPCA is, it shows

much lesser time complexity as compared to PCA.

2.3.3 SubXPCA

In this section, we take a vital issue loss of inter-block correlations, which is crucial for

dimensionality reduction and classification. SubXPCA[10] overcomes the problems faced

by global and local feature extraction methods to PCA, keeping the merits of both intact.

SubXPCA does so, (i) by extracting local features from sub-patterns(blocks) (local feature

extraction) and (ii) by exploiting inter-sub-pattern correlations (cross-sub-pattern correla-

tions) among those locally extracted features (global extraction). SubXPCA balances the

global PC computation of classical PCA against the local viewpoint of SubPCA and similar

methods.
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SubXPCA Algorithm

1. Partitioning step(Step-1 in Fig 3.1):

Divide every d-dimensional pattern Xi, ∀i = 1, 2, ...., N into k(≥ 2) equally-sized sub-

patterns X1
i , X2

i , ..., Xk
i . Each sub-pattern is of size u, where u =

⌊
d
k

⌋
.we consider

equally-sized sub-pattern option for simplicity.Sub-pattern size is chosen to minimize

the loss of last features. However ,it is not mandatory to consider equally-sized sub-

patterns.Sub-patterns are formed by choosing features contiguously as they appear

in the pattern. In other words, for a given pattern,Xi = (xi1, xi2, ..., xid)
T , first sub-

pattern X1
i contains features, xi1, xi2, ..., xiu and jth sub-pattern, Xj

i contains features

given by

(Xj
i )u×1 = (xil, xi(l+1), ...., xi(l+u1))

T (2.20)

Where l = (j − 1).u + 1, 1 ≤ i ≤ N, 1 ≤ j ≤ k

2. Grouping step(Step -2 in fif 3.1):

We pick-up jth sub-pattern, corresponding to every pattern, Xi;i=1,2,...,N, and form

jth sub-pattern set (or jth sub-pattern group), P j is given by

(P j)N×u = [Xj
1X

j
2 ...X

j
n]T (2.21)

Here we use the option of grouping of homogeneous sub-patterns

3. Local feature extraction step(step-3 in Fig. 3.1 ).

For every sub-pattern set P j , where j=1,2,...,k, repeat the following steps(a)-(d)

(a) Compute local variance matrix, (Cj)u×u as given by

(Cj)u×u =
1

N
.

N∑
i=1

[Xj
i ]u×1.[X

j
i ]

T
1×u (2.22)

(b) Compute eigenvalues (λj
p) and corresponding eigenvectors (ej

p) . where p=1,2,...,u,

using eigen value decomposition (EVD) of Cj given by

Cj.ej
p = ej

p.λ
j
p (2.23)

(c) Select r(≤ u) eigenvectors corresponding to the first r largest eigenvalues obtained

in the preceding step. Let EJ be the set of r eigenvectors (column vectors) selected

14



in this step and is given as follows

(Ej)u×r = [ej
1e

j
2...e

j
r]u×r (2.24)

(d) Extract r local features (local PCs) by projecting P j onto Ej as follows. Let RJ

be the reduced data in this step and is given as follows

(Rj)N×r = (P j)N×u.(E
j)u×r (2.25)

(Rj)N×r =



(Y j
1 )T

(Y j
2 )T

.

.

.

(Y j
3 )T


=



yj
1(1) yj

1(2) ... yj
1(r)

yj
2(1) yj

2(2) ... yj
2(r)

. . ... .

. . ... .

. . ... .

yj
N(1) yj

N(2) ... yj
N(r)


(2.26)

where Y j
i is the locally-reduced version of Xj

i , the jth sub-pattern of Xi

4. Combining locally-extracted features step (Step-4 in Fig 3.2):

(a) Form locally-reduced pattern, Yi by concatenating locally-reduced sub-patterns

(local features), (Y j
i )r×1,∀j = 1, 2, ..., k , as shown below.

(Yi)k.r×1 = [(Y 1
i )T , (Y 2

i )T, ....., (Y K
i )T ]Tk.r×1 (2.27)

(b) Perform global feature extraction using cross(inter)-sub-pattern correlations(co-

variances) of Y = Y1, Y2, ..., YN , obtained in the preceding step as given in (i)-(iv).

(i) Compute global covariance matrix , (Cg)(k.r)×(k.r) for the data Y as follows

(Cg)(k.r)×(k.r) =
1

N
.

N∑
i=1

[Yi].[Yi]
T (2.28)

(ii) Compute eigenvalues (λs) and corresponding eigenvectors (eS) , where s=1,2,...(k.r)

using eigenvalue decomposition given by

Cg.es = es.λs (2.29)

(iii) Select w(≤ k.r) eigenvectors corresponding to first w largest eigenvalues obtained

in the preceding step. Let Eg be the set of w eigenvectors selected in this step and is

given by

(Eg)k.r×w = [e1e2...ew]k.r×w (2.30)
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Figure 2.3: SubXPCA Part-1

(iv) Extract w global features (global PCs) by projecting Y (obtained in step-4(a))

onto Eg . Let Z be the data obtained after projection in this step and is given as

(Z)N×w = (Y )N×k.r.(E
g
k.r×w) (2.31)

We finally obtained (Z)N×w which is the reduced form of (X)N×d and Z is further

used for subsequent tasks such as classification, recognition, clustering, etc.
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Figure 2.4: SubXPCA Part-2
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2.4 Summary

In This Chapter we briefly explained the Different types of PCA methods. In this chapter,

the proposed FP-PCA approach, SubXPCA technique as a solution to the issues ‘loss of

inter-sub-pattern correlations’ and ‘feature order dependency’. SubXPCA improves the

summarization of variance, reduces the dimensionality and improves the classification ac-

curacy, thus saving computational and processing costs. In the next chapter we discuss

about the Comaprison of PCA approaches for face image dimension.
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Chapter 3

Comparison of FP-PCA approaches

for Face Image

3.1 A relative comparison between SubXPCA approach

and Others

In this section, the relative performance of SubXPCA approach is analysed.

3.1.1 SubXPCA Versus SubPCA

PCA is able to retain meaningful information (variance) in the major axes (eigenvectors

corresponding to largest eigenvalues), where as variance associated to experimental error,

measurement inaccuracy, and/or rounding (i.e.noise) is summarized in minor axes (eigen-

vectors corresponding to smaller eigenvalues). SubPCA considers all k.r local features (ex-

tracting r(¡u) from each of k sub-patterns), which may also include less-expressive, noisy

or correlated features. SubPCA ignores correlations among these local features which may

result in low dimensionality reduction due to poor summarization of variance. SubXPCA

exploits these correlations to summarize the variance among those k.r local features and

select a few salient features, w(< k.r), thus results in better summarization of variance and

high dimensionality reduction. Those w features may increase the classification accuracy

as well.
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SubXPCA is relatively more feature order independent as compared to SubPCA and SubX-

PCA shows better performance as compared to SubPCA with overlapping sub-patterns. An

interesting characteristic of SubXPCA is that, it is able to do well, when global variations

are prominent, in which case SubPCA does not perform well.

3.1.2 SubXPCA Versus PCA

As in the Step-3 of SubXPCA , PCA can be derived as a special case of subXPCA, where r,

u are eigenvectors chosen from each sub-pattern set and sub-pattern size respectively. This

as the number of local eigenvectors(r) in each sub-pattern increases, SubXPCA very closely

approaches PCA in terms of summarization of variance. An interesting characteristic of

SubXPCA is that, SubXPCA is able to show better performance when local variations are

prominent, in which case PCA does not perform well.

3.2 Discussion : About the Performance of SubXPCA

method with eigenvectors corresponding to lowest

and random eigenvalues

In SubXPCA Algorithm, described in section 2.3.3, a question was raised. Can the fea-

tures found in the stage 1st affect the overall performance of the SubXPCA

approach?

Accordingly we made two experiments where we may choose eigenvectors (a) at random

or (b) from those associated with small eigenvalues (minor components), while the second

stage is meant to ensure overall PCA property at global level. Here our approach might

remove detail at local level (i.e. first level). Select r(≤ u) eigenvectors corresponding to the

first r lowest eigenvalues or r random eigenvalues obtained in the step-3-b of SubXPCA

algorithm. Let EJ be the set of r eigenvectors (column vectors) selected in this step and

is given as follows.

(Ej)u×r = [ej
1e

j
2...e

j
r]u×r (3.1)
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Therefore here we have these new configuration of SubXPCA experimentally by two ap-

proaches.

(a) By testing classification accuracy using nearest neighbor approach

(b) By observing differences in PSNR value

These approaches are tested and reported in the following. For the experiments, we con-

sider eight subjects each has eight images as training data and one subject which has six

images as testing data from Yale Database.

3.2.1 Eigenvectors corresponding to lowest eigenvalues

The following chart shows classification accuracy for SubXPCA method for eigenvectors

associated to small eigenvalues. The accuracy is very less if we take eigenvectors corre-

sponding to small eigenvalues.

Figure 3.1: Accuracy graph when chosen eigenvectors associated with small eigenvalues

3.2.2 Eigenvectors corresponding to random eigenvalues

The following chart shows classification accuracy for SubXPCA method for eigenvectors

associated to random eigenvalues. We can not assure good accuracy rating for random

eigenvectors.
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Figure 3.2: Accuracy graph when chosen eigenvectors associated with random eigenvalues

3.3 Summary

We presented brief comparison of FP based PCA approaches, and experimented SubXPCA

method with small and random eigenvalues.
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Chapter 4

Experiments and Results

In this chapter we discuss about how to reconstruct a image, what is PSNR and information

preservation by each PCA method through PSNR values.

4.1 Reconstruction of a Image

Suppose the orthonormal eigenvectors corresponding to the first d largest eigenvectors of

the image covariance matrix Gt are X1, ..., Xd. After the image samples are projected onto

these axes, the resulting principal components vectors are Yk = AXk(k = 1, 2, ..., d). Let

V = [Y1, ..., Yd] and U = [X1, ..., Xd] then

V = AU (4.1)

Since X1, ..., Xd are orthonormal, from (4.1), it is easy to obtain the reconstructed image

of sample A:

Ã = V UT =
d∑

k=1

YKXT
k (4.2)

Let Ãk = YkX
T
k (k = 1, 2, ..., d), which is of the same size as image A, and represents the

reconstructed image of A.
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4.2 Peak Signal to Noise Ratio(PSNR)

4.2.1 What is PSNR

The PSNR [1]is most commonly used as a measure of quality of reconstruction of Image.

The signal in this case is the original Image, and the noise is the error introduced by

reconstruction. When comparing reconstruction it is used as an approximation to human

perception of reconstruction quality, therefore in some cases one reconstruction may appear

to be closer to the original than another, even though it has a lower PSNR (a higher PSNR

would normally indicate that the reconstruction is of higher quality).

It is most easily defined via the mean squared error (MSE) which for two m × n

monochrome images I and K where one of the images is considered a noisy approximation

of the other is defined as:

MSE =
1

mn

m−1∑
i=0

n−1∑
j=0

[I(i, j)−K(i, j)]2 (4.3)

The PSNR is defined as

PSNR = 10.log10(
MAX2

I

MSE
) (4.4)

PSNR = 20.log10(
MAX2

I

MSE
) (4.5)

Here, MAXI is the maximum possible pixel value of the image. If it is gray image the

pixel value is 255. PSNR is computed for original image against the reconstructed image.

Here we use PCA methods ClassicalPCA, SubXPCA, SubPCa, modPCA and 2DPCA to

reconstruct a image. The following are graphs drawn for PSNR values against the number

of PCs for all PCA methods applied for five different subjects each has five different images

from Yale database.
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4.3 Results

Figure 4.1: PSNR values of classical PCA for five different subjects from yale database

From the above graph it is observed that the PSNR values increase with increase in

number of Principal Components.

Figure 4.2: PSNR values of SubXPCA for five different subjects from yale database

From the above graph it is observed that the PSNR values increase with increase in

number of Principal Components.
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Figure 4.3: PSNR values of Sub PCA for five different subjects from yale database

From the above graph it is observed that the PSNR values increase with increase in

number of Principal Components.

Figure 4.4: PSNR values of ModPCA for five different subjects from yale database

From the above graph it is observed that the PSNR values increase with increase in

number of Principal Components.

From the above graph it is observed that the increasing rate of PSNR values is not

26



Figure 4.5: PSNR values of 2DPCA for five different subjects from yale database

constant.

Figure 4.6: PSNR values of PCA methods

From the above graph it is observed that 2DPCA gives highest PSNR value, when com-

pared to with other PCA approaches.

From the above graph, it is observed that the computation time for classicalPCA is

more and for 2DPCA it is less, compared to all other methods.
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Figure 4.7: Computation time Graph for reconstruction by PCA methods
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Chapter 5

Conclusions

From the experimentation the following observations are seen.

• Relative highest PSNR values: 2DPCA gives highest PSNR value, when com-

pared to with other PCA approaches. The relative PSNR value changes from image

to image and method to method.

• What happens if more PCs are added: The PSNR value is increased when more

number of PCs are added. The PSNR value is also depends on the quality of original

image.

• How many PCs are needed for good reconstruction: The image quality is

seen to be increased in number of PCs. We can increase PC number upto the size of

image, however with a loss in addition computational time that is neede and the loss

of benefit of dimensionality reduction.
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• PSNR Vs Visual Inspection:

Figure 5.1: PSNR Vs Visual inspection

The above figure showing that the PSNR value is high for a image which is visullay

not good,So the case in which image is visually good the PSNR value might be low.
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