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Abstract Itimproves the display appearance and recognition accuracy.

Chou et al. proposed a flexible matching method between
For a practical pattern recognition system, noisy pattem@mplate images and unknown character images [2]. A vec-
recognition is necessary and important. There are sevetsl field, called character deformation field, is used for repre-
basic ideas of recognizing noisy patterns, for example, cogenting deformation. Rodjlez et al. exploited a two-stage
structing a dictionary with noisy patterns, applying differentlassifier [3]. First, a multifont classifier is applied. Then,
classifiers, or using filters to delete noise. In most conven specialized classifier rerecognizes the ambiguous patterns
tional statistical pattern recognition methods, a feature vectasing the patterns whose certainty of correct classification is
is extracted from an object. The distribution of feature vechigh.

tors is estimated for each category to select a candidate forsih the spread of digital cameras, some studies on recog-

an unknown input pattern. As it is known, the distribution of,;ing hoor quality characters included in the images taken
feature vectors will change if noise occurs. Itis impossible t

. ) _ : - By digital cameras have been done [4], [5], [6]. Sawa et al.
predict all kinds of noise that happen accidentally and irreq;se Gaussian Laplacian filter to emphasize the image [4].

ularly. In this paper, an attempt to deal with noisy patterns igpen character segmentation and recognition are done with

examined, and a new discriminant function is proposed. Byynamic programming. The moving subtraction method is
introducing arevision matrixcalculated from an unknown in- proposed by Kosai et al. [5]. It uses plural images by

put pattern, the new function can be defined as a revised foréﬂ/inging a camera vertically and horizontally, and supple-

of traditional function with the degree of detected noise Ofents the bad influence caused by the lowness of resolution.
faach individual pattern. The ab|I|ty of Fhe_ prqposed functioRrhe method developed by Sawaki et al. prepares a multiple-
is evaluated by experiments on discrimination of two Cal€gictionary to deal with the images under any conditions [6].

gories. Experimental results not only show the classlflcatlo\"-lhe environment condition of an image is estimated, and a

effectiveness of the proposed function, but also confirm th@t|e\ant dictionary reflecting the condition is used for recog-
it is enormously important to detect the noise and to revisSition.

the discriminant function for noisy pattern recognition. . .
yPp ¢ Although the above approaches have obtained effects, it is

thought there is a limit to apply multiple classifiers or dic-
1 Introduction tionaries because noise is intricate and volatile. Since types
of noise are always quite different from each other, no one

Significant achievements are made by statistical pattef@n Predict what kind of noise an unknown input pattern
recognition methods considering distribution of sample patVill carry. Because noise may change the appearance of an
terns in feature space. In most conventional pattern recogiibknown input pattern, the feature vector extracted from a
tion methods, the first step is to extract features from objectd0isy pattern will be very different from clear ones. As an
These features are always expressed in form of feature védnpirical result, in the case that the distribution is estimated
tors. Then, the distribution of feature vectors is estimated fo¥ith only noiseless samples, whereas the unknown input pat-
each category using training data. Finally, the category witig" is noisy, the recognition result is always unsatisfactory.
the maximum probability is selected to be the candidate &N the other hand, even if the distribution is estimated with
an unknown input pattern. noisy samples, there is no guarantee that the type of noise
Because noisy pattern recognition is necessary and imp&tan unknown input pattern is included in training samples.
tant for a practical pattern recognition system, it has latel}yloreover, using a dictionary constructed by noisy patterns
attracted considerable attention. For example, in the field F @lS0 inappropriate to recognize clear patterns. Therefore,
character recognition, several methods for recognizing poBPW to select training samples is not the most essential ele-
quality characters have been proposed. Hobby et al. [1] dB1€nt o_f constructing a dictionary for recognizing both clear
veloped a method to enhance degraded document imagesa{fl Noisy patterns.
finding and averaging bitmaps of the same kind of symbols. The aim of our study is to develop a discriminant function



that can cope with different qualities of patterns and different e,
kinds of noise. For this purpose, a discriminant function is
proposed that can dynamically quantify noise and formulate P
the relationship between noise and the change in distribution.
Experiments are done to compare the proposed function with
other attempts. X
The organization of the rest of the paper is as follows. In
Section 2, a new discriminant function that includes revision
matrix is proposed. In Section 3, experimental methods are
described and the experimental results are discussed. Finally, H
Section 4 shows that the proposed revision matrix can be in-
troduced to various discriminant functions, and those func-
tions can be applied to the case of treating high dimensional @)
feature vectors.

2 A New Discriminant Function

In the course of observation, it is very difficult to avoid the
addition of noise. In the case that noise is mingled in some
elements of a feature vector, while the other elements are
noiseless, the standard deviation of the noisy element will
become larger according to the degree of noise. In this sec-
tion, a discriminant function reflecting change in distribution
according to the noise is defined.

2.1 Definition

Here, the Mahalanobis distance is considered. /LandX.
be the mean vector and thex n covariance matrix, respec- (b) Changed distribution.

tively. The squared Mahalanobis distance frapnto x is
defined as Figure 1: Change in distribution.

€

& =(z—p)'s(z—p). (1)
The squared Mahalanobis distance is abbreviated as the M&Y7J: 7o) = 1. .
halanobis distance below. Let z; be a noiseless sample, apd be a sample with

For simplicity, the case of two-dimensional normal distriiS€ ¢ = 1,2,..., N). The mean vectop and unbiased
bution is discussed first. As shown in Fig. 1(@)ande, are covariance matri¥_ of noiseless samples are calculated as

the axes of the original coordinate. Lt be the eigenvec- OllOWS.

which is called the revision matrix. For noiseless elements,

tor that corresponds to the first principal component. When 1 N

degrees of noise is added to theelement while:,-element k=N Z i, 3

is noiseless, we can observe that only the standard deviation i=1

of e;-element becomes, times larger. Then the change in 1 N

the distribution can be illustrated as Fig. 1(b). X = 51 D (@i — p)(@i — p). 4)
In general, leb(;j) be the degree of noise added to e =1

element ofn-dimensional feature vectar. Then we can ob- The observation on the change of deviation by noise may be
serve that the mean vector is not changed and the standard gescribed as the following. Let
viation of jth element ofc becomes, ;) times larger where ,
ry(;) is determined depending on the vahg). A diagonal T, = p+ ()
matrix K is defined as andy, be the corresponding noisy data such that
Tb(1) 0 Y, =p+y; (6)

Ty(2) )

; (2)  Ifthe jth element ofy/ is changed from/, as

0 Tp(n) Yij = Th(j)Tij» (7)



then the standard deviatior) of ygj iS5y times larger than
that ofz;;, since
G; =

(a) Normalized (b) 3times erased (c) 6 times erased (d) Skeletonized

(A) Blurred image.

=i
o TRTCKTR TS

(e) Normalized  (f) 1time erased (g) 2 times eras¢h) Skeletonized

From Eqg. 7y’ can be written as .
q- 1Y (B) Clear image.

y; = Ka;. © _ - . .
Figure 2: Thinning process of blurred image and clearimage.

The covariance matrix of noisy sampl&sis calculated
using Egs. 5, 6 and 9.

v o= — Z(yt —p)(y; —p)'

= N1 Z(K$§)(Kﬂ3§)t

i=1

N
1 i .
= ¥ 1 § K(z; — p)(z; — p)'K Figure 3: Detected blurred area.
i=1

= KYK. (10)

In order to reflect the change in distribution, the followingblack pixels of character image. By scanning neighbor pix-
discriminant function that includes the revision matfixis els around each black pixel, stroke width of character image

proposed. is finally erased to one-pixel [8], [9]. Figs. 2(a) and 2(e) are
R examples of a normalized blurred image and a clear image,
@ = (z—p)'S(z—p) respectively. Thinning process of these images are shown
= (z—p)"(KXK) Nz — p) by Figs. 2(b}»2(d) and Figs. 2(f-2(h), respectively. In or-

(K Mz — p) 'S YK Yz —p). (11) der to get completely _thinned image of Fig. 2_(d), t_en times
are needed to erase pixels on boundaries, while Fig. 2(h) re-
Eqg. 11 is calledddaptive Mahalanobis distanc&he inverse quires only six times. If the repeating times in thinning pro-
matrix of K can easily be calculated siné¢ is a diagonal cess is limited to the number that a clear image is completely
matrix. Hence the computation time for recognition usinghinned, obviously it will not be enough for a blurred one
Eqg. 11 is not so large compared with recognition using Eq. &nd blurred area will remain. The pre-experimental result
has shown usually six is the optimum number of times for
thinning a clear image. An area can be regarded as a blurred
one if any line width in the area is more than one-pixel af-
In this section, the method of how to decide the revision maer being thinned six times. Black region of Fig. 3 displays
trix K in a practical application is described. As the applicathe detected blurred region of Fig. 2(c). After detecting the
tion, we consider the case of character recognition. blurred part of input image, theegree of bluiof each area is
The authors have proposed an algorithm that detectxamined. Then, the standard deviation of the feature vectors
blurred parts of character image and modify the discrimief the areas witth degrees of blur and that of the areas with
nant function according to the detected blur [7]. Blurred pat® degree is calculated. The ratio of these standard deviations
detection is done in the thinning process. Thinning is a rds denoted as;. By the ratior;,, the revision matrixk is
peating process of erasing a black pixel from boundaries oebnstructed.

2.2 K in Character Recognition



3 Experiments Ep are classified by Eq. 1. The rates of misclassification is
0%.
We assume that revising a discriminant function according to After producing E/, and E; under the condition that
detected noise is much more important than gathering noigy= 4 andr = 10.0, elements of’, and E’; are projected
training samples for dictionary. In order to verify this as-onto the line that discriminates these categories optimally.
sumption, four kinds of experiments are done to comparehe histogram on this line is illustrated in Fig. 4(b). Further-
the effectiveness of two different dictionaries that are conmore, Fig. 4(c) shows the terrible case of noise when 12
structed with clear data and noisy data, and also, to confirandr = 20.0. In these two case4’, andE’, cannot be dis-
the ability of the proposed discriminant function of Eq. 11criminated linearly. Error rates of (b) and (c) are estimated
and the Mahalanobis distance of Eq. 1. using Eq. 1 by resubstitution method, which are 7.51% and
Here, two appropriate categories, called Category A areil.4%. These results show th&f, and E/; cannot be dis-
Category B, which have-dimensional normal distribution criminated by the Mahalanobis distance either.
are given. Their distributions are assumed ta\bge 4, > 4)

andN (g, Ep). 3.2 Training Data

31 Testing Data Training data is similarly generated as thg tesFing da_ta. By
producing random numbersyr vectors with distribution
By generating random numbers;dimensionalNg vectors N(p 4,2 4) and Ny vectors with distributionV (p 5, X5)
whose distribution igV (s 4, ¥ 4 ) are obtained, and this set of are obtained. These sets are different frBppand £z, and
vectors is called” 4. Another sefi is produced in the same these are denoted d%, andTs. Here, Ny = 10000. T
way that includesi-dimensionalVg vectors whose distribu- and7’; are obtained by adding noise to each vectofin
tionis N(up,X5). Here,n = 196 and N = 10000. The and7p in the same way a&’, and £, respectively. The
value ofn is selected from the number of dimensions of gair of noiseless setd'(, 75) and the pair of noisy setd’(,
feature vector, called the Improved Directional Element FedFy;) are adopted as training data. Here, a set of mean vector
ture [10], that is proposed for Chinese character recognitioand covariance matrix calculated from training data is called
Using sample character images,, ¥ 4, uz andXp are cal-  dictionary. The dictionaries of the noiseless sEisand7’s
culated. Moreover, a set of vectdt, is obtained by adding are @r,, ¥r,) and @1, ¥r;). The dictionaries of noisy
noise to each vector if4 as the following way. Let the setsT’, andT; are @, STA) and (@, , iTé)_
mean vector of sel 4 be

Ha = (MAl?MAQ?"'?/’I/ATL)? 33 MethOdS
, The noisy testing data sefs’, and E’, are discriminated
2 2 2 A B
and the diagonal components®f beo’y,, o4y, 04, A by the traditional and Adaptive Mahalanobis distance. Two

vectorv in £, is denoted as kinds of functions are used as the discriminant functions for

each of the dictionaries of noiseless and noisy training data.
Therefore, four kinds of experiments are done in total. In
these experiments, various valueskodndr are examined.
The revision matrixK' can be defined by the parameter
which actually is the level of added noise. The revision ma-
trix K is defined for each category and B, and its effec-
tiveness of discriminating noisy patterns is determined.

Table 1 shows the combination of mean vectors, covari-
ance matrices, and discriminant functions for each experi-
mental method. Qualitative meaning of each method is de-
scribed as follows.

v = (v1,V2,...,0n) € Eg4.

Selectk elements randomly from elements ofv. Denote
these selected elements &g, vq,, ..., va,. The element
ve; (1 < i < k) is replaced by a value whose distribution
is one-dimensional norma¥ (4., (roaq,)?) and obtained
by random numbers. Hererepresents theatio of standard
deviations mentioned in Section 2.14s In the same way
as makingE’,, noise is added to each vector i, and a
new setE’; is generated.

In the following, how distribution changes if different lev-
e_Is of noise |s_adde_d to ?er_tam ele_me_nt§ of veetayinves- C-TM: Clear data — Traditional Mahalanobis.
tigated. By using Fisher’s linear discriminant [11], elements
of E4 and E are projected onto the line that discriminates ~ Dictionaries are made with noiseless data, and the tradi-
these categories optimally. The histogram on this line is ex-  tional Mahalanobis distance (Eq. 1) is used for discrim-
pressed in Fig. 4(a). This figure shows ti#&at and E can ination.
be discriminated by linear discriminant function. Moreover ) . )
error rate using Eq. 1 is estimated by resubstitution methd¥ TM: Noisy data — Traditional Mahalanobis.
[12], which gives the lower bound of the true error rate. Dictionaries are made with noisy data, and the tradi-
Mean vectors and covariance matrices are calculated from tional Mahalanobis distance (Eq. 1) is used for discrim-
the setsF4 and E'g, then samples in the same sétg and ination.
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Table 1: Four kinds of experiments.

Dictionary of | Dictionary of
Category A | Category B

C-T™M EQ.1 | (Bg,. 21) | (B, S1p)
N-TM Eq.1 | (&g, Sry) (g, Sry)
C-AM | Eq.11 | (fr,, 51.) | (B, S1p)
N-AM | Eq.11 | (ar,, Srr) (iry Sry)

Method | Function

C-AM: Clear data — Adaptive Mahalanobis.

Dictionaries are made with noiseless data, and proposed
discriminant function (Eq. 11) is used for discrimina-
tion.

N-AM: Noisy data — Adaptive Mahalanobis.

Dictionaries are made with noisy data, and proposed
discriminant function (Eq. 11) is used for discrimina-
tion.

3.4 Experimental Results

Fig. 5 shows the error rates of classification. Fig. 5(a) repre-
sents the results that the number of noisy elements is fixed to
four and various values ofare adopted. Fig. 5(b) illustrates
the results that the ratiois fixed to 10.0 and various values
of k are used.

The figures have shown that the error rates of C-TM and
N-TM increase withk or » becoming larger. The error rate
of C-TM is relatively high even for smalt andr. Compar-
ing with the result of C-TM, the error rate of N-TM is much
smaller, that means it is rather effective to make dictionaries
with noisy patterns for recognizing image with noise.

The error rate of C-AM increases withbecoming larger,
while it is not sensitive to-. In other words, error rate in-
creases as the number of noisy elements becomes larger but
it is not sensitive to degree of noise.rliis small, the result
of N-TM is better than C-AM. However, if > 5, the error
rate of C-AM is smaller than that of N-TM.

Moreover, the error rate of N-AM is 0% under any param-
eters. As described in Section 3.1, error ratézgfand E';
using the traditional Mahalanobis distance under the condi-
tion thatk = 12 andr» = 20.0 is more than 21.4%. (Dis-
tribution of this case can be seen in Fig. 4(c).) However, the
error rate of N-AM here is 0% even if = 12 andr = 20.0.

These results confirm that it is not enough to make a dic-
tionary with noisy data for recognizing extremely noisy pat-
terns. The more important matter is to detect the noise and

Figure 4: Distribution of testing data with different degree of© revise the discriminant function. These experimental re-

noise.

sults clearly prove that the proposed method supplements the
existing statistical methods and has high ability of classifica-
tion.
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functions. Typical three are Quasi-Mahalanobis distance
[16] (QMD), Modified Mahalanobis distance [17] (MMD),
and Simplified Mahalanobis distance [18] (SMD). To explain
these functions, Eq. 1 is rewritten as

D SP (R, (12)
= > e w'e)?
P @ew'e) (03

i=m+1 """

Here,n is the number of dimensions of feature vector, and
\; is theith eigenvalue oE sorted by descending order, and
¢, is the eigenvector that corresponds\io

The QMD replaces\; of the second term in Eq. 13 with
Am+1- In the MMD, the second term in Eq. 13 is neglected,
and instead of\; in the first term\; + b is used, where is

40 ‘ ‘ ‘ a bias p = 5). The SMD replaces,; of the second term in
R Eq. 13 with the mean value of (i = m + 1,...,n). Denote
‘,.-/"' the QMD, the MMD and the SMD ad, d)s anddg, these
o are written as,
. CTM —e—
30 - // NoTM seeteees . m
’ C-AM - - 2 2
,/ N-AM i dg = Z )\_Z((w — 1) ;)
g ./. =1 1 .
2208 / 7 (@ —p)'e,)", (14)
w / )\'rn-l-l
; 1=m-+1
{ mo
2 _ t 2
ol et B = D@ we)? (15)
Pt =1
e - m 1
@ = Y @'
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Figure 5: Experimental results of traditional and Adaptive i=1""
Mahalanobis distance. 1 m
+5 {Il:v ulP = (@ - u>t¢i>2} an)
=1
4 Application to the Other Discrimi- yhere
nant Functions Lo
A= >on (18)
n—m . “ 1
Although the Mahalanobis distance is a very valid criterion, =mt
in the case of treating high dimensional vectors, e.g., recog- B 1 s — i )\ (19)
nizing character patterns, it is known that the Mahalanobis T n—m ! — v

distance has disadvantages such as the large computation

time and bad influence caused by limited samples [13], [L4Here,trY denotes the trace &f. Effectiveness of these func-
[15]. To resolve these problems, various modifications dions for character recognition has been shown [17], [18]
the Mahalanobis distance are proposed. In this section, itugith the large handwritten Japanese and Chinese character
shown that the revision matrik’ can be introduced to those database ETL9B [19]. So, the revision matfixshould be



introduced for such functions rather than the original MahaA cknowledgments

lanobis distance for practical applications.
Denote the QMD, the MMD and the SMD with' asd,
dyr anddg, respectively. These are written as follows.

e Y (K- w)'e) (@0
m+1 i=m-+1
Bo= LT e me @
Bo= Y (K @ w)'g)
i=1""

n—m _
s Il
(K u>>t¢i>2} @

=1
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