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Abstract

In this paper, we present a new approach for fingerprint ifiegson based on
Discrete Fourier Transform (DFT) and nonlinear discriminanalysis. Utilizing the
Discrete Fourier Transform and directional filters, a takaand efficient directional
image is constructed from each fingerprint image, and thetimear discriminant
analysis is applied to the constructed directional imagghjcing the dimension dra-
matically and extracting the discriminant features. Theppsed method explores the
capability of DFT and directional filtering in dealing witbw quality images and the
effectiveness of nonlinear feature extraction method igdiprint classification. Ex-
perimental results demonstrates competitive performaoogpared with other pub-
lished results.
Keywords Discrete Fourier Transform, Fingerprint classificatioen@ralized singu-

lar value decomposition, Nonlinear discriminant analylsernel methods.
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1 Introduction

Fingerprints have long been used as a reliable biometriafedor personal identification.
Fingerprint classification refers to the problem of assignfingerprints to one of sev-
eral prespecified classes. Automatic classification caruked as a preprocessing step
for fingerprint matching, reducing matching time and coextly by narrowing the search
space to a subset of a typically huge database [1, 2]. Fing&s@re graphical images of
flow-like ridges, and they are classified as left loop (Lghtiloop (R), whorl (W), arch (A)
and tented arch (T) according to Henry’s classificatioreseé [3] as shown in Fig. 1.
Classification performance highly depends on the premsing steps where various
ways to extract and represent distinguishable featuremgroasses can be applied. The
features generated after the preprocessing steps aretéedassifiers such as neural net-
works [4], hidden Markov model [5], probabilistic neuraltwerks [6], support vector ma-
chines [7]. Jain et al. extracted features from Gaborréliemages which were centered on
a core point and used two-stage classifiers of K-neareghber and neural networks [2].
Since the fingerprints are flow-like images, many approaeine based on directional struc-
tures explicitly or implicitly. Local orientational flowsra estimated from a fingerprint
image and desired features are computed from the estimatadation field. The fea-
tures can be singular points and the classification is basgtie number and locations of
detected singular points [8]. In [9], a directional imageastitioned into homogeneous re-
gions and the relative relations of segmented regions & fos classification. In order to
overcome the possible ill-posed problem of the directiqgraatitioning task, Cappelli et al.
performed guided segmentation using directional maskgastatype of each class [10].
In this paper, we propose an approach for fingerprint di@ssion based on the Dis-
crete Fourier Transform (DFT) and nonlinear discriminamdlgsis. In order to obtain

reliable and efficient representations of fingerprint gas, we utilize the Discrete Fourier



Transform (DFT) and directional filters. The DFT is a usefaimputational tool that pro-
vides an efficient means for detecting directionality origeicity in the frequency domain
and removing noise by deleting high frequency coeffici¢hid. In order to estimate lo-
cal ridge orientations in a fingerprint image, we apply dii@nal filters in the frequency
domain after the image has been transformed by the DFT. fired images are then
constructed in order to capture the distinguishing origonal structure among classes.
By deleting high frequency coefficients in the frequencyndin, our method utilizing the
DFT and directional filters can deal with noise in fingentimages effectively, and there-
fore tolerate low quality fingerprint images. Kernel distinant analysis (KDA/GSVD)
is a nonlinear discriminant analysis based on kernel meathod the generalized singular
value decomposition (GSVD) [12]. It performs Linear Disamant Analysis after trans-
forming the original data to a linearly separable strucusmg a kernel-based nonlinear
mapping. KDA/GSVD is capable of handling high dimensionatladand extracting most
discriminant features for classification automaticaMye apply KDA/GSVD to the con-
structed directional images extracting nonlinear discrant features, which are used for
very effective fingerprint classification.

The paper is organized as follows. In Section 2, we give alddtaxplanation of how
to construct directional images using the DFT and direetiditters. A nonlinear discrimi-
nant analysis, KDA/GSVD, based on kernel methods and thellESyresented in Section
3. Experimental results using the NIST database 4 [13] deimates the comparable per-

formance of our proposed method over previously proposdbaus.

2 Construction of Directional Images

Fingerprints vary in size, are positioned randomly in @thimages, and the backgrounds

can contain noise such as scratches, lines or blur. In thred&éesFourier Transform (DFT),



thresholding the high frequency coefficients correspotadseducing the noise effects,
while the low frequency coefficients provide a trigononeinterpolation via a finite linear
combination of sines and cosines of the various frequeftigs The DFT has been widely
used in signal and image processing [11]. We apply the Fasidtorransform (FFT), the
fast algorithm for computing the DFT, to construct a direcél image.

Let I(z,y) denote the gray level &t, y) inan N x N image. The imagé in the spatial

domain is transformed to the frequency domain by the 2-dgioeral FFT,

N—-1N-1

Z ZI m, n) exp{— \/_ km} exp{— F—ln} 1)

m=0 n=0

for0 < k,I < N — 1. By translating the imagé’ by (%, %) and wrapping it around at the
edges, the zero frequency (DC point - DC stands for Directey is moved to the point
E 71 5 &) in the frequency domain and the absolute magnitude imageeifieéquency domain
becomes symmetric around the DC point. In the rest of therpagewill assume that FFT
has been applied and we proceed in the shifted frequencyidorAlsolute magnitudes
along the line passing through the DC point in the frequermyain can be viewed as
responses of sine and cosine waves of the same orientatiat arious frequencies in
the space domain. FFT transformed images in the frequenoyiticare shown in Fig. 2.
The first FFT image in Fig. 2 shows a high response along treedf aboutl 35° passing
through the DC point, indicating the strong ridge oriemtatof 45° in the corresponding
square image of the fingerprint. By using directional fitewe can find the dominant
direction and its directionality.

The main steps for constructing a directional image are:

(1) Segment the fingerprint from the background by applyirgFFT in a local neigh-
borhood and computing the directionality.

(2) On a segmented fingerprint, compute the directionaioredy computing the dom-

inant directions in a local neighborhood.



(3) Find thecore point, to be defined later, which can be used as a landmanknified
centering of fingerprints belonging to the same class, amdtruct the directional image
centered on the core point.

As we explain the three steps in the next sections, the sp@afameter values used
in our experiments are given. The parameter values werendieied by applying the three
steps to fingerprint images of the training data set and @amthe produced directional

images.

2.1 Fingerprint Segmentation

Given an input image of sizgl2 x 512, its rows and columns are divided into 16 pixels,
giving 31 x 31 inner grid points. The FFT is applied on tB2 x 32 pixels centered at each
inner grid point(m.,n), 1 < m,n < 31. See the square regions in the fingerprint image
and the corresponding FFT images in Fig. 2. In order to detexidominant direction
of orientational flow in eacl32 x 32 sized local neighborhood, we devise a filter, called
a directional filter, which will be used in the FFT image. Ttieectional filter D, for

orientationd € [0, 180) is given as follows:

for 7p§27] Sp, (2)

2 2 . 2 2
. . ex 7u_7v_7 |fu—+v_§]-,
Do(i+p,j+p) = { Pt [(L)z ) 0%261"1222'86

v =1 % cost + j x sinf
where . .

u = /1% + j? — v?,
2 x a and2 x b are the lengths of the short and the long axes of the eIIipgoieI Z—z =1,
respectively. An example of directional filters is illusted in Fig. 3. By using directional
filters that emphasize the low frequency coefficients abthe DC point and disregard the
high frequency coefficients, the noise effects in fingerpimages can be reduced effec-
tively. In our algorithm, we used = 16, a = 1.5, b = 32/3 andf = 0, 10, - - - , 170.

At each grid point(m,n), 1 < m,n < 31, directionalityD,, ,, and local dominant



directiond,, ,, = 6,,., are calculated as

f(emaa:) — f(e)

Dmm = 3
2p  2p

where f(g) = DG(ZaJ) X |F(Z/.7)‘7 gma:v = argmaa:gf(@). (4)
i=0 §=0

The valuef(0) is the weighted sum of FFT coefficients by the directionkfiD, along
the directiond, andD,, ,, measures how strong the directi@g,, stands out. After com-
puting {(Dyn, Omn) | 1 < m < 31,1 < n < 31}, by thresholding out the elements with
low directionalityD,,, ,, or horizontal or vertical directio#,, ,, and then choosing the out-
ermost rows and columns that have the remaining elemerttamagnitude greater than 1,
the boundaries for segmentation of foreground fingergromh the background plane are

determined. We used the mean valué€xf,,, 1 < m,n < 31 as a threshold.

2.2 Computation of Directional Vectors

The size of the segmented fingerprints can vary. In ordebtaion scaling invariance, we
divide the segmented fingerprint to gid@ x 31 inner grids and the FFT is applied to
32 x 32 local neighborhoods centered at each grid point. The localidant directions
are detected a&,,., given in (4). The obtained dominant directiéris represented as a
vector|cos(26), sin(26)] where0 < # < 180 to avoid the discontinuity betwednand180

asin [6]. Let
A = [€OS(200m,.1),S10(20,, )]

be the directional vectors at < m, n < 31. Smoothing of the directional elements is

done by averaging over3ax 3 neighborhood as follows.

Jm_/n = [cos(2§m7n), sin(26,, )], (5)
. 1 11
where 6,,, = Earctcm(g) and [z,y] = ot kent1-
x

k=—11=—1



2.3 Construction of Directional Image

Due to the variance in size and positions of the printed fipgets, the computed direc-
tional array{d,,, | 1 < m < 31,1 < n < 31} needs to be adjusted to increase consistency
for fingerprints belonging to the same class. It can be dgnédbecting a point which is
common in fingerprints within each class, but unique to abhtarize each class, and then
by extracting an area centered at the point, which is calleddre point.

The core point is detected by measuring the consistencyretttbnal elements over

3 x 3 neighborhood by

dm+k,n+l
k=—11=-1

(6)

at(m,n). It measures the distance from the starting point to thelinig point after adding
directional vectors within a neighborhood. The lower vahdicates inconsistency of di-
rections over a neighborhood, as in the central point oflswircircles in the fingerprints
of the class whorl (W) or a rapid turning point in orientagbfiows of ridges and valleys.

In order to find the core point, the lowest value among

0 0

Um-+k,n+l
k=—11=-1

is searched in1 < m,n < 21. This core point is used to locate the area which is most
common within classes and discriminant between classest Mdhe information about
the directional structure of a fingerprint can be found abthe core point. In our experi-
ments 21 x 21 directional vectors centered on the core point were usexmfne array of
size21 x 21 of directional vectors, a directional image is construetbere each directional

vectord~mm in (5) is drawn based oi/; of size5 x 5 as shown in Fig. 4, resulting in the



directional map of siz&é05 x 105. The formula forM, is given as

C- exp{—Z—z}, if Z—z <1,

My(i+p,j+p) =
o(i+p,j+p) 0, otherwise,

for _pgzajgpa (7)

v=1x%cosd + j*sinf and
u= 2+ 52—

where
Here we usegh = 2, a = 1.2 andC = 10. In Fig. 5, the constructed directional images
corresponding to the fingerprints in Fig. 1 are shown, whkesdetected core points are
located in the center.

In the next section, we present nonlinear discriminanty@isbased on kernel methods
and the generalized singular value decomposition (GSVélled KDA/GSVD [12]. As
Linear Discriminant Analysis (LDA) finds a linear transfoation which maximizes dis-
tances between classes and minimizes scatter within slasB#®/GSVD performs LDA
on the feature space transformed by a kernel-based nonhmegaping. A nonlinear map-

ping via a kernel function makes LDA successfully find a éinéransformation to maxi-

mally separate classes, even if the original data is noatigeseparable.

3 Kerne Discriminant Analysisbased on Generalized Sin-
gular Value Decomposition

We assume the vector space representation of a dath set
A= [ah"' aan] - [Ala"' 7Ar] S R™x"

where each data item in am-dimensional space is represented as a column vecéod A

is grouped into- classesA;, 1 < i < r. For our fingerprint classification, the constructed
directional images shown in Fig. 5 correspond to data ite3irsce the size of a directional
image isl05x 105 = 11025, the data diemensian is 11025. Each clas$; hasn; elements

and N; denotes the set of column indices in each cldssThen the between-class scatter



matrix .S, and the within-class scatter mati$y, are defined as

Sy = ni(c; —c)(c; — c)f e R™™ and

=1
T

Sw = ((lj — Ci)(a]’ — Ci)T € Rmxm,
i=1 jEN;

whereg; is the centroid of the-th class and is the global centroid.

Linear Discriminant Analysis (LDA) searches for a lineartsformation which max-
imizes the between-class scatter and minimizes the wdlaiss scatter. It is known [15]
that the optimal solution for LDA is obtained by the eigerees« corresponding to the

r — 1 largest eigenvalues of
S 1Syx = Az (8)

However, when the data dimensiom is larger than the number of data the within-
class scatter matrig,, becomes singular anj,* is not defined. Recently, a method called
LDA/GSVD has been developed which is a generalization of lid8ed on the generalized
singular value decomposition (GSVD) [16, 17]. By using tlemeralized singular value
decomposition (GSVD), LDA/GSVD solves a generalized ewgdure problem

S[,CL' = )\SU,CL' (9)

regardless of the singularity of scatter matrices. Note $handsS,, can be expressed as

Sy = HyH/, S, = H,H!. where (10)
Hy = [Vl — o), V(e — )] € R™,
Hw = [A] — C1€1, " " ,Ar — Crer] S R’mxn’

e =1, ,1] € R™.
The GSVD is applied to the paft?, HI), diagonalizingH andH! as

UTHIX =[%,00 and VT'HLX =1[%,,0] (11)



whereU andV are orthogonal X is nonsingular, and:, and,, are diagonal matrices.
The matrixX, has nonincreasing diagonal elements aidhas nondecreasing diagonal

elements. From (10) and (11), we have

7%, 0

0 0 (12)

XTS,X = {

T
} and X7S,X = [ Mo2w 0 } ,

0 0
obtaining the leftmost — 1 columns ofX for the LDA solution. The algorithm to compute
X by the GSVD can be found in [16].

Although the LDA can find the optimal transformation to pFege the cluster structure,
it can not overcome the limitation due to non-linearly saepé data. In order to make
LDA applicable to nonlinearly separable data, a kernektasnlinear extension of LDA
has been proposed [18, 19, 20, 21, 12]. The main idea of keassd methods is to map the
input data to a feature space by a nonlinear mapping throkghn&l function, where inner
products in the feature space can be computed by a kerndldongithout knowing the
nonlinear mapping explicitly. When the input space is tfamsed by a kernel-based non-
linear mapping, the dimension of the feature space becoruek rarger (possibly infinite)
than that of the input space, and as a result, the scatteicesatvecome singular in the
feature space. For our fingerprint classification, we us@minear Discriminat Analysis
algorithm, called KDA/GSVD, which conducts LDA using the @3 in the transformed
feature space.

Given a kernel functior(z, y) satisfying Mercer’s condition [22], there exists a nonlin-
ear mappingb from the original data spacéto a feature spac# such that inner products

of ®(z) and®(y) in the feature spac& can be computed by
< ®(x), B(y) >= r(z.y). (13)

LetS, andS,, be the between-class and within-class scatter matricés irhen the optimal
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Algorithm 1 KDA/GSVD
Given a data matrid = [aq,--- ,a,] € R™*"™ with r classes and a kernel functien it
computes the — 1 dimensional representatignof any input vectorr € R™*!,

1. ComputeC, € R**" and/C,, € R™*™ according to Eqns. in (16).
2. Apply the GSVD to the paifC]’, £T) to obtain

U'KEx = [I,,0) and V'KLX = [T, 0].

3. Assign the first — 1 columns ofX to G: G = [, .-, alr~V] e R,

4. For any input vector € R™*!, a dimension reduced representatipis computed
as
k(ay, )
y=6"
K(an, 1)

transformation for LDA can be found by solving
Sb¢ = )‘Squ¢' (14)
As in (10),S, andS,, can be expressed with, andH,,,

Sy = HoH., S, =H,HE, where (15)

Hb — [M(C? - Cq:‘)a T a\/n_T(C? - Cq))]a
%w = [(I)(Al) - Ccll)elv e ﬂCI)(AT) o C?GT]’

andc® andc? are the global centroid and thieh class centroid in the feature spage
respectively. Note that Eqns. in (15) can not be computediatlyp since the nonlinear
mapping® is not known explicitly. However, as long as the problem isrfalated in terms

of inner products, we can work on the feature spadey (13).
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Representing = >_""_, a;®(a;), we can derive the following equations

HIY = Kia, HIp=KIa wherea = [a, -, a]",
Ko = | 7 Sacw, plawas) X nlona) | (16)
Ko = [ w(ai,a;) — ni >ien, flar, a;) ](1gign,1§jgn)'
The problem is now to solve the generalized eigenvalue probl
KoK a = MC,KLa. a7)

By applying the GSVD to the pai’/', KZ), we can find the desired — 1 eigenvectors
aW, ... a1 of (17) which give the solutiongy, - -- ,1,_; of (14). The algorithm
KDA/GSVD is summarized in Algorithm 1. See [12] for a detdildiscussion for the

KDA/GSVD method.

4 Experimental Results

The NIST database 4 is a collection of 4000 fingerprint insagesize512 x 512. They
have been classified into 5 classes, left loop (L), righpldR), whorl (W), arch (A) and
tented arch (T) by human experts. Har5 % of 4000 fingerprints, two class labels have
been assigned due to a variety of ambiguities such as a scaring in the fingerprints,
the quality of the print rolling, and the print having a ridgfeucture characteristic of two
different classes [13]. Table 1 shows the distribution d@fingerprints. Each row sums
up to 800 according to the classification based on the fletsclabel, while the natural
distribution is estimated to be 0.317, 0.338, 0.279, 0.087Y@&029 for L, R, W, Aand T,
respectively. Since the prediction for class T is considem®st difficult and its natural
distribution is relatively small compared with classes LaRd W, the uniform distribu-
tion in the NIST database 4 makes the classification moréestgang. Within each row

in Table 1, the distribution of fingerprints which are cras$erenced to the second class

12



is shown. In handling the cross-referenced fingerprintg can consider only the first
class label disregrading the second class label. Howewesjdering that the classification
was difficult even by human experts, in our experiment adnpgint was considered as
belonging to both classes when it has multiple class labels.

Among the 4000 fingerprint images, 2000 fingerprints, S0@0S2000, are the second
rolling of the same people from whom fingerprints FO001 t®@GR were taken. For a fair
comparison, we set experimental conditions the same as th¢8, 7]. The training set is
formed with the first 1000 fingerprints from F labels and flrst 1000 fingerprints from
S labels, and the test set is composed of the remaining 2066rfirints. If the predicted
class label for the test data matches one of the multiplddathes prediction is considered
to be correct.

Following the procedures of Section 2, we constructed toeal images of 4000

fingerprints. In this experiment, we used a Gaussian KdoteddDA/GSVD

HfE—yH2)
202 ’

K(z,y) = exp(— o €R, (18)

where the value fos was set to be 0.5 multiplied by the average of pairwise degarn
the training data. Since there are five classes, the dimensidramatically reduced from
105 x 105 to 4 by KDA/GSVD. We applied centroid-based classificatiorthe reduced
dimensional space, where each test datum is assigned téadeeaf which the centroid
is the nearest to the test datum. Table 2 shows the prediatioaracies of our method
as well as the results from the two-stage classifiers of {&] aupport vector machines
(SVM) [7]. The prediction accuracies by other classifieusls as multilayer perceptron
(MLP), recursive neural networks (RNN) akdnearest neighbors{NN) classifiers can
be found in [7] where the best prediction accuracy among thes achieved by SVM.
Since Jain et al. made a rejection at the step of extractiamfe vectors when the center

point was detected at a corner of the image, the predictioaracy with O percent rejection
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rate for their method is not available. In our method, theatpn criterion is based on the
ratio between the distance to the nearest class centroidh@ndistance to the farthest
class centroid. The confusion matrix by our proposed methatiown in Table 3. In the
confusion matrix, when the test data is cross-referencedasaclassified, the first class
label was considered the actual class label. The propost#tbthebtained high prediction
accuracies even with a simple centroid-based classifieceShe dimension is reduced so
dramatically, in the test stage the savings of computaktiooraplexity can be achieved.

In order to verify that a nonlinear discriminant analysisrkgefficiently in fingerprint
classification, we utilized a NIST fingerprint image softie PCASYS [6]. The PCASYS
extracts a two dimensional array of si2z& x 30 of orientation vectorgcos(26), sin(26)]
from a fingerprint image after various preprocessing. ([6¢dor details.) The array of
the size28 x 30 by PCASYS corresponds to an array of fhiex 21 directional vectors of
Section 2.3 in our proposed method. From the arrays exttdte®CASYS, directional
images were constructed by usidg, in (7), and then KDA/GSVD was applied to the
constructed directional images. The prediction accusaare shown on the second line
(PCASYS + KDA/GSVD) in Table 4 which repeats the results fiable 2 for comparison.
This demonstrates that the nonlinear feature extractidcenyel discriminant analysis can
be used effectively to extract optimal features for fingerclassification.

We also applied KDA/GSVD for the four-class classificatmmoblem where the classes
A and T are combined. Since the number of classes in this @molé 4, the reduced
dimension by KDA/GSVD is 3. The results by our method and ff@n/] are reported in
Table 5.
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5 Conclusion

In this paper, a novel approach was presented for fingerplassification based on Dis-
crete Fourier Transform and nonlinear discriminant analy$he directional images are
constructed from fingerprint images utilizing the Diser&ourier Transform (DFT). Ap-
plying directional filters in the frequency domain afteettransformation by the DFT
achieves effective low frequency filtering, reducing tha@se effects in fingerprint im-
ages. The constructed directional images contain the &glseinectional structure which
is common within each class and discriminates betweenedadsernel-based nonlinear
discriminant analysis performs dramatic dimension redagagiving high quality discrim-
inant information for classification by capturing globafference among classes. The fast
algorithm FFT for DFT speeds up the preprocessing to coctstiitectional images. Once
the transformation matrix by KDA/GSVD is computed, the sifisation in the reduced di-
mensional space saves computational complexites furltrer.experimental results show
that even simple classification methods such as centrase:db classification can achieve

high prediction accuracies over more complex methods pusly published.
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Figure 1. Fingerprint images

Figure 2. The fingerprint and absolute magnitude imagesmly F

Figure 3. Directional filter

Figure 4.My of p = 2,a = 1.2 andf = 45°

Figure 5. The directional images

Table 1. The distribution of fingerprints in NIST database 4

Table 2. The prediction accuracies for the five-class diaasion problem (1)
Table 3. The confusion matrix

Table 4. The prediction accuracies for the five-class diaasion problem (2)

Table 5. The prediction accuracies for the four-class tflaaton problem
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Figure 1: Fingerprint images. From the top left, class Islagk left loop (L), right loop
(R), whorl (W), arch (A), and tented arch (T).

Figure 2: The fingerprint and absolute magnitude images BY. Fhe values less than
minimum value are displayed in black, the values greaten thax/C are displayed in
white, and values in between are displayed in intermediaseles of gray. The first and
second pictures are FFT images of the top two squares inmperfirint image, respectively
(C=30). The last picture is the FFT image of below squareéfitigerprint image (C=30).
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Figure 4: My of p = 2, a = 1.2 andf = 45°
pixel points of the sizé x 5 are shown as.
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The values are displayed in gray scale and
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Figure 3: Directional filterDy of p = 16, a = 1.5, b = 32/3 andd = 0.
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Figure 5: The directional images of siz85 x 105 corresponding to the fingerprints in
Fig. 1. From the left, the class label isL, R, W, Aand T.

L R w A T
L 756 0 2 0 42
R 0 746 4 0 50
\W 2 6 792 0 0
A 0 2 0 760 38

T 166 238 0 150 246

Table 1: The distribution of fingerprints in NIST databaseEach row sums up to 800
according to the distribution based on the first class la&thin each row, the distribution

of fingerprints which are cross-referenced to the secoaskas shown along the column.

rejection ratefo) 0 1.8 8.5 20.0
The proposed method 90.7 91.3 92.8 95.3
From (Jain et al. 1999) - 90.0 91.2 93.5*
From (Yao et al, 2003) - 90.0 92.2 95.6

Table 2: The prediction accuracies for the five-class diassion problem (1). Rejection
rate19.5%*
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Assigned Class
Actual Class| L R w A T
L 361 3 2 8 14
R 1 371 0 2 28
w 9 20 366 2 2
A 6 5 0 412 19
T 12 8 1 44 304

Table 3: The confusion matrix of the classification resyllir proposed method for zero

rejection rate.

rejection ratéefo) 0 1.8 8.5 20.0
The proposed method 90.7 91.3 92.8 95.3
PCASYS + KDA/GSVD  89.7 90.5 92.8 95.6
From (Jain et al. 1999) - 90.0 91.2 93.5*
From (Yao et al, 2003) - 90.0 92.2 95.6

Table 4: The prediction accuracies for the five-class diassion problem (2). Rejection
rate19.5%*

rejection ratef;) 0 1.8 8.5 20.0
The proposed method 94.0 94.6 96.1 97.9
PCASYS + KDA/GSVD  93.3 94.2 96.1 98.2
From (Jain et al. 1999) - 94.8 95.5 96.6*
From (Yao et al, 2003) - 94.7 96.6 98.4

Table 5: The prediction accuracies for the four-class dlaaton problem. Rejection rate
19.5%*
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