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ABSTRACT

On the subject of optimal subspaces for appearance-based
abject recognition, it is generally believed that algorithms
-based on LDA (Linear Discriminant Analysis) are superior
to those based on PCA (Principal Components Analysis),
provided that relatively large training data sets are available
[3, 5]. In this paper, We show that while this is generally
true for classification with the nearest-neighbor classifier, it
is not always the case with a maximum-likelihood classifier.
We support our claim by presenting both intuitively plausi-
ble arguments and actual results on a large data set of human
chromosomes. Our conjecture is that perhaps only when the
underlying object classes are linearly separable would LDA
be truly superior to other known subspaces of equal dimen-
sionality.

1. INTRODUCTION

Appearance-based object recognition technology has become
one of the relatively papular paradigms used in computer vi-
sion systems lately. Most of the research on automated hu-

:man face recognition, for example, is based upon appearance-
‘based object recognition and has reportedly achieved no-
rtable but limited success [5]. One obvious advantage of
-appearance-based methods is that the representations of ob-
jects are all embodied in the sample images, thus avoiding
the need to define explicit features or models for the abjects.
As image arrays, rather than feature vectors, are used
in the appearance-based methods, projecting data from the
original image space into a subspace for dimensionality re-
duction becomes necessary for practical reasons. Among
various subspace approaches, PCA (Principal Components
Analysis) [2] and LDA (Linear Discriminant Analysis) (3]
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have received considerable attention because of their well-
defined optimal properties for representing the data and suc-
cessful applications in face recognition [1-5], robetics [5],
human-made object recognition [5], and image retrieval [6].

Since LDA is about a subspace optimized over discrim-
ination between classes, while PCA is about a subspace op-
timized over representing the data in its entirety with least
MSE (mean square error), it is generally believed that al-
gorithms based on LDA are superior than those based on
PCA [3, 4]. Only recently however, the issue of limitations
of LDA has been addressed, and a study that indicates PCA
can outperform LDA when the training data set is small has
been reported [5].

In this paper, we point out an observation that there is
yet another important limitation of LDA which we believe
was previously unknown. We notice that while the supe-
riority of LDA generally holds for classification with the
nearest-neighbor classifier used in most previous LDA stud-
ies, it is not always the case with a maximum-likelihood
classifier. Our claim can be accounted for by the following
intuitively plausible arguments:

(1) The criterion function in LDA maximizes the ratio
of the between-class scatter to within-class scatter. The di-
mensionality reduction transformation will result in a linear
subspace with optimal linear discriminant functions, but not
necessarily with optimal quadratic discriminant functions as
used in the maximum likelihood classifier. This means that
if the data are not linearly separable, LDA is not warranted
to outperform PCA with the latter classifier.

{2) Fig.1 shows an example of a linearly nonsepara-
ble case with two classes of sample distributions. Clearly
the classification decision will be different for the unknown
object with the maximum-likelihood classifier versus the
nearest-neighbor classifier.

In the following sections, we first review the representa-
tions of image data in PCA and LDA subspaces, along with
their optimization criteria. We then review the principles
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Fig. 1. Different decision boundaries of the nearest-
neighbor and maximum-likelihood classifiers .

of the nearest neighbor and maximum likelihood classifiers.
This is followed by our experimental results on a large data
set of human chromosomes, to substantiate the claim in this

paper.

2. PCA AND LDA SUBSPACES

2.1. The PCA Subspace

Suppose x is a zero-mean N-dimensional random vector
representation of an input image, and X is a N-by-M data
matrix whose columns are made of sample image vectors
{x;}.{ = 1,..., M. PCA aims at projecting the data into a
subspace whose basis vectors correspond to the maximum-

variance directions in the original N-dimensional image space.

If we denote by W the linear transformation that projects
the data from the original image space into a Q-dimensional
subspace, the projected data vector in the subspace isy =
Wx. The PCA transformation corresponds to the matrix W
that is constructed so that its column vectors are the eigen-
vectors w; of the covariance matrix C = XXT arranged
in the order of decreasing magnitude of the corresponding
eigenvalues A;

CWJ' = Ain, (l)

where A; is the eigenvalue associated with the eigenvector

wj, 7 =1,...,Q, Q equals the smaller of N and M.
Because of the maximum-variance projection, PCA pro-

vides an optimal transformation for reconstructing the orig-

inal image data from a lower-dimensional space with least
MSE [10].

2.2. The LDA Subspace

Unlike PCA, LDA seeks a linear subspace that best discrim-
inates among object classes rather than best resembles the
original data. Specifically, LDA selects the transformation
matrix W in such a way that the ratio of the between-class
scatter and within-class scatter is maximized.

Suppose we define the between-class scatter matrix as

Sp = zni(ﬂi - ﬂx)(nui - .ux)T (2)

i=1
and the within-class scatter matrix as
c T

Su=_3 (X;—m)(X; — )T &)

i=1 j=1

where n; is the number of samples in class 7, ¢ is the number
of object classes, p; is the mean of class ¢, and p; is the
mean of all classes. It has been proven in [7] that if S,, is
nonsingular, the determinant ratio ]‘g—:“[ is maximized when
the column vectors of the transformation matrix W are the
generalized eigenvectors of S, corresponding to

Sbw,- = A,‘S,_,_.Wi,'l: = 1, e TR, (4)

where A;, ¢ = 1, ..., m are the generalized eigenvalues, and
m is the number of nonzero generalized eigenvectors, m <
¢—1. It has been suggested in [5] that at least N 4 C' samples
are needed to ensure that 5, does not become singular.

3. NEAREST-NEIGHBOR AND
MAXIMUM-LIKELIHOOD CLASSIFIERS

3.1. The Nearest-Neighbor Classifier

In pattern recognition, the nearest-neighbor and maximum-
likelihood classifiers are among the most popular designs.
The nearest-neighbor classifier is popular because it is a
deterministic and non-parametric method that requires no
knowledge of underlying probability density distributions
of the object features, and it is based on a straightforward
decision rule. For any test object feature vector y, if we
use ; to represent the trained prototype of each class i, and
D(y,¥:) = |y — %i| to denote the distance between the
test object and each prototype, the nearest neighbor deci-
sion rule simply states that y is assigned to the class j if it
is the nearest neighbor among all the prototypes, i.e.,

if Dy, ¢;) < Diy,¥i)i=1,.,ci# J'(- )

5
The upper bound of the nearest-neighbor classifier error is
known to be less than twice the Bayes error [10].

Y —

3.2. The Maximum-Likelihood Classifier

In contrast, the maximum-likelihood classifier is a prob-
abilistic and parametric method. It is designed based on
Bayes decision theory. This particular classifier commonly
assumes that the object features have a multivariate normal
distribution. During the classifier training phase, one char-
acterizes the classes by first computing the @-element mean
vector u; for each class 7, whose element is given by
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Hij = _quk (6)

Lt

where Q is the number of features in use, n; is the number of
class i objects in the training set and x; ; & is the measure-
ment value for the jth feature of the kth object in class .
Cne then computes the Q-by-Q covariance matrix for each
class. The covariance between the 7ith and joth feature is
given, for class ¢, by

i
— (Y T g1 ki g2 k
k=1

Since the ohject features are assumed to be multivari-
ate normal distributed, the joint probability density function
(pdf) for class 1 is given by

Cijiga = = Miphi gy i ge)  (7)

(x — )]
(8

If x is the feature vector of an unknown object, the like-
lihood of it belonging to class : is given by Bayes rule

D (X) Z i (X (9)

Ly =P——=
2 1 p(x)
where F; is the a priori probability of occurrence of class i,
and ¢ is the number of classes. Under the maximum likeli-
hood criteria, this unknown object is assigned into the class
for which the likelihood is the highest.

1 1 T —1
ilX) = —r—e : —gX— ) L
pi(x) L 1.le.’.l:p[ (x—p)' C

where p{x} =

4, EXPERIMENTAL RESULTS

In this section, we present our experimental results on a data
set of human chromosomes. Automated chromosome clas-
sification has been an outstanding cbject recognition prob-
lem for decades [8]. The goal is to automate the laborious
and expensive visual recognition of the chromosome im-
ages. Typically, the procedure starts from a metaphase cell
image acquired through microscope imaging, to perform in-
dividual chromosome segmentation, rotation and straight-
ening, feature measurement, and classification in sequence.
The result is a so-called karyotype image in which all chro-
mosomes in a cell are classified and copied onto the labelled
slots corresponding to their 24 classes. Fig.4 shows images
of a G-band metaphase cell and a karyotype of all the chro-
mosomes in that cell.

The data set used in our experiments contains 15781
chromosomes from 342 normal cells. These images were
collected from a data archive at the DynaGene Cytogenetics
Laboratory in Houston, Texas, and are fairly representative
of routine sample quality. All the chromosomes were seg-
mented, rotated, and straightened using commercially avail-
able software {9]. They were then all resized to 10-by-100
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Fig. 2. {a) A G-band metaphase cell image and (b) A kary-
otype of all the chromosomes in (a).

Fig. 3. The images of first 10 eigenvectors from the PCA
(top) and LDA (bottomn) subspaces.

image arrays by cubic spline interpolation, and normalized
to have zero-mean and unit-variance, before being column-
stacked to form 1-D data vectors as required by the PCA and
LDA approaches. We used the common cross-validation
method for classifier testing. Under this method the whole
data set is split into two subsets, A and B, each containing
approximately half of the data. The test results are aver-
aged over using subset A for training and subset B for test-
ing, and vice versa. During the training phase, the PCA
and LDA subspaces described in section 2.1 and 2.2 are
generated, and the projections of the training chromosome
images onto the nonzero eigenvectors of each subspace are
computed and gathered as the training feature vectors. For
the testing phase, the same projections of the test chromo-
some images are carried out to obtain the test feature vec-
tors. Fig.3 shows the images of first ten eigenvectors from
the PCA (top) and LDA (bottom) subspaces.

Two series of experiments were conducted to evaluate
the performances of both subspaces for chromosomes recog-
nition with the two different classifiers. Fig.4 (a) and (b)
plot the recognition curves of the PCA and LDA subspaces,
with the NN (nearest-neighbor) and ML (maximum likeli-
hood) classifiers respectively. The LDA dimensionality is
limited by the number of chromosome classes, while the
PCA dimensionality is limited by the lesser of image size
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Fig. 4. (a) Performance of PCA and LDA subspaces with the nearest neighbor classifier. (b) Performance of PCA and LDA

subspaces with the maximum likelihood classifier.

and number of training samples used. Without loss of gen-
erality, we only plot the curves within the indicated dimen-
sionality interval (10~30) including the maximum LDA di-
mensionality (23}, which suffices to establish our claim in
this paper. These curves clearly show that with a relatively
large data set and the same dimensionality, even though
LDA performs consistently better than PCA with the NN
classifier, it is not the case with the ML classifier, especially
when the dimensionality goes higher. Table 1 shows the
recognition results of both subspaces with the NN and ML
classifiers, at the maximum LDA dimensionality. The con-
fidence intervals are given to indicate the statistical signifi-
cance of the results [10].

Table 1. Test results of recognition rate and confidence in-
terval at the maximum LDA dimensionality.

Recognition Rate(%) PCA LDA
ML Classifier (%) 75.14 7175
95% Conf. Int.(%) | -0.96 ~ +0.94 | -1.00 ~ +0.98
NN Classifier (%) 61.23 64.91
95% Conf, Int. (%) | -1.08 ~ +1.07 | 1.06 ~ +1.04

5. CONCLUSIONS

PCA and LDA are widely used subspace methods for

appearance-based object recognition. Since LDA optimizes
over class separation, while PCA optimizes over represen-
tation with least MSE, the general perception is that LDA
should always outperform PCA, and most previous studies
support that with resuits obtained with the nearest neighbor
classifier. In this paper, we show by both intuitively plau-
sible arguments and experimental evidence that assuming
the superiority of LDA is not warranted, especially with the
maximum likelihood classifier, which outperforms the near-
est neighbor classifier in both subspaces in the tests. Our

conjecture is that perhaps only when the underlying object
classes are linearly separable, would LDA become truly su-
perior to other known subspaces of equal dimensionality,
since under that scenario both classifiers will yield the same
results.

6. REFERENCES

[1] M. Kirby and L. Sirovich, “Application of the karhunen-
loeve procedure for the characterization of human faces,”
IEEE Trans, Pattern Anal. and Machine Intell., vol. 12, no.
1, pp. 103-108, Jan 1990.

[2

Matthew Turk and Alex Pentland, “Eigenfaces for recogni-
tion,” Journal of Cognitive Neuroscience, val. 3, no. 1, pp.
71-86, 1994.

3

Peter N. Belhumeur, Joao P. Hespanha, and David J. Krieg-
man, “Eigenfaces vs. fisherfaces: recognition using class
specific linear projection,” IEEE Trans. Pattern Anal, and
Machine Intell., vol. 19, no. 7, pp. 711-720, July 1997.

[4] Kamran Etemad and Rama Cheltappa, “Discriminant analy-
sis for recognition of human face images,” J. Optical Society
of America, vol. 14, pp. 1724-1733, August 1997,

[5] Aleix M.Martinez and Avinash C.Kak, “PCA versus LDA,”
IEEE Trans, Pattern Anal, and Machine Inteil., vol. 23, no.
2, pp. 228-233, Feburary 2001.

[6] Daniel L.Swets and John Weng, “Using discriminant eigen-
features for image retrieval,” JEEE Trans. Pattern Anal. and
Machine Intell., vol. 18, no. 8, pp. 831-836. August 1996.

[71 R.A Fisher, “The statistical utilization of muitiple measure-
ments,” Annals of Eugenics, vol. 8, pp. 376-386, 1938.

[8] Jim Graham and Jim Piper, “Automatic Karyotype Analy-
sis,” Methods in Molecular Biclogy, 29:141-185, 1994,

9] MacKnype: a software product of Applied Imaging Corpo-
ration, 2000.

[10] R.C. Duda, P.E. Hart, and D.G. Stork, “Pattern Classifica-
tion,” John Wiley & Sons, 2001.

III - 888



	Index: 
	CCC: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	ccc: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	cce: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	index: 
	INDEX: 
	ind: 
	Intentional blank: This page is intentionally blank


