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Abstract and Japanese character recognition, very high dimensional
feature vectors are used. But unfortunately, compared with

For statistical pattern recognition, in order to obtain highhe number of dimensions, there are always not enough train-

recognition accuracy, it is very important to estimate distring samples. For this reason, the mixed normal distribution

bution precisely. In many cases, the distribution of featurestimation is rarely used in the recognition problems using

vectors which are extracted from recognition objects is asigh dimensional vectors, like character recognition.

sumed to be normal, however it is more intricate and volatile Clustering problem is a common topic in pattern recog-

in practice. It is thought to be more feasible to assume ey, field. In Chinese and Japanese character recognition
distribution as mixed normal distribution. To estimate thgagearch various clustering methods are used to construct
mixed distribution precisely, a great number of training saMy,, i1jtemplate dictionaries for multi-font printed characters
ples are required, espeually in the case that the number of %Ir- handwritten characters [1], [2], [3]. Although these multi-
mensions of feature vector is large. But unfortunately, comgmnjate dictionaries have effects for recognizing, there are
pared with the number of dimensions, there are always gl era| problems that should be concerned. Considering the
enough training samples. For this reason, the mixed Nogpaacteristic of distribution of category, it is thought unnec-
mal distribution estimation is rarely used in recognition prObéssary to increase all categories with a fixed number. Divid-

lems using high dimensional vectors, for example, charactgyy 5 category without necessity will only increase the risk of
recognition. In this paper, by introducing Simplified Maha-i5_c|assification and enlarge the size of dictionary. There-

lanobis distance to the maximum likelihood estimates, thgy o ‘it is extremely important to select only categories that
mixed normal distribution estimation algorithm for high d"may be recognized incorrectly and limit the size of dictio-
mensional vectors is proposed. As a practical application, tr}%ry as small as possible. The other problem is as a category
estimation algorithm is adopted to character recognition. '%eing partitioned into more classes, the number of training
multi-template dictionary is constructed with consideratior%amp|eS in one class becomes less and less. As a result, pa-

of the distribution of each category. The effectiveness of thg, jyeters are estimated with inadequate training samples, and
proposed method is examined by experiments using Japanﬁgy will be unreliable.

characters. ) ] S ) )
In this paper, the mixed normal distribution estimation al-

gorithm for high dimensional vectors is proposed. This algo-
1 Introduction rithm is based on the maximum likelihood estimates [4]. In
the case that high dimensional vectors are used, the covari-

Significant achievements are made by statistical pattef'c€ matrix usually cannot be estimated accurately. To avoid
recognition methods considering distributions of sample pat’® bad influence caused by this problem, a new probability
terns in a feature space. For statistical pattern recognition, #¢nSity function using Simplified Mahalanobis distance [5],
order to obtain high recognition accuracy, it is very importan®” SMD, is adopted instead of that of multivariate normal
to estimate distribution precisely. In many cases, the distflistribution. The SMD is a discriminant function originally
bution of feature vectors which are extracted from recognR"oPosed for character recognition.

tion objects is assumed to be normal, however, they are muchAs a practical application, the estimation algorithm is ap-
more intricate and volatile in practice. It is thought more feaplied to character recognition. A hew method of construct-
sible to assume the distribution as mixed normal distributioing a multi-template dictionary based on the estimated mix-
and then estimate the shape of it. To estimate the mixed diswe distribution is proposed. First, by examining the rela-
tribution precisely, a large number of training samples is nedionship between two categories, the category with high mis-
essary, especially for treating high dimensional feature vectassification possibility is selected and clustered. Then the
tors. For some pattern recognition problems, such as Chinedistributions of all classes that belong to the partitioned cat-



egory are estimated by the proposed estimation algorithm.

Consequently, only the categories that are considered neces- Z bf(‘”?’ 9; )"c?
sary to be partitioned into more classes are divided. More- g+ — jzl—, (6)
over, no matter how many classes a category is divided into, M ek
the parameters of each class are estimated with the whole Zbi (x5,6;)
training samples in that category. This evaluation process im- 7=1
proves the reliabili_ty of parameters. Th(_a effective_ness of the M Sk ke ARk ko sk
proposed method is examined by experiments using Japanese Z b (x5, 0; ) (@} — fu;) (25 — 1)
characters. pOLI . (7)
The organization of the rest of the paper is as follows. In M Y
Section 2, the method of traditional maximum likelihood es- Z bi (2, 0;)
timates of parameters of mixture normal distribution is de- =1
scribed. Then a new algorithm for estimating mixture diswhere .
tribution is proposed. In Section 3, a method to construct cr Ak pi(xh(0; )b}
a multi-template dictionary based on the estimated mixture bi(zj,0;) = Nk (8)
distribution is proposed. Finally, in Section 4, experiments Z pt(:zcﬂ@f)éf
are carried out to confirm the effectiveness of the proposed
method.
2.2 Proposed Estimation Algorithm
2 MixtureDistribution Estimation In the case of using high dimensional feature vectors, com-
paring with the number of dimensions, the training samples
2.1 Maximum Likelihood Estimates are always not enough, hence covariance matrix usually can-

not be estimated accurately [6], [7], [8]. Especially, the
terms that correspond to the smaller eigenvalues in Eq. 4
r\/\nll include much more error [7]. For this reason, the SMD
is used instead of the Mahalanobis distance, and the term
(27)"/2|xk|1/2 is considered as a constant. The SMD re-

First, the traditional maximum likelihood estlmates of Pa;

brief. Assume that the distribution of categdrys defined
as the following mixture normal distribution 8f (k) classes.

N (k) places)\;; (t > L) of the Mahalanobis distance with the
pF(x) = Z bEpk (a|0F), (1) meanvalueoh; (t =L+ 1,...,n),and itis given as,
=t dg(z, 0’?)

where 8" is the ith parameter vector that includgd and

>* andb¥ is the mixing parameterp® (x|0%) is the com- = Z )\k p)ieh)?
ponent densny function that is normal(p”, 32¥), which is

described as

X X + Z (2 — ) 1)’ (9)
k _ = k t= L+1
al6}) = s e { (.00} @ S
_ - _ k2
Here,dy; (x, 0%) is the Mahalanobis distance, and the defi- ; hYA (@ — i)' ir)

nition is as follows.

1 L
du (., 07) (x — p) (=) e —pb) @) + e = wil? - ((w—uf)tqbi“t)Q},
n t=1
= S r(@-ubrehr @ (10
t=1 "4t where
wheren is the number of dimensions of feature vectdy,is
thetth eigenvalue oE* sorted by descending order, a A= (11)
is the eigenvector that corresponds\te. t=L+1
Denote the number of sample vectors of catedoag M , 1 ) L )
and letz” be thejth sample vectofl < j < M). Inthe tra- = o\t PIEVES (12)
ditional maximum likelihood estimates, parameters are esti- =
mated iteratively by the following equations. Here,tr>¥ denotes the trace afF.
As it is shown in Eq. 10, the SMD only uses the larger
W= % Z gf(xf, @f)’ (5) eigenvalues. That means the smaller eigenvalues that the er-

= ror mostly included in will not bring any influence to the



SMD. The SMD also makes the maximum likelihood esti- e
mates of parameters possible even in the case that the num- l l E]]

ber of samples is less than the number of dimensions. More- » »
over, the SMD has the same statistical properties as the Ma- =
halanobis distance. Replacing the Mahalanobis distance by
the SMD,

(a) Input (b) Normalized image  (c) Contour image

aloh) = Comp {~Jas(e.0b)}. @3 ¢

| 64 dots }

is used as the estimated component density function instea ‘ =

of Eq. 2. Here('is a constant.

How to decide the initial parameter vect#f is another
problem for estimating the mixture distribution. Itis very im-
portant to choose appropriate initial parameter vectors since,
the result of estimation depends on the vectors. In our ap-S

proach, initial parameters are given by the result of cluster-2 . T
ing. First, source mean vectors p® (i = 1,...,N'(k)) are 1 -] Y- -] .
given. Then all the training vectors are clustered iNek) "E_ 5
classes bys-means algorithm [9]. Finally, mean vector and ais N I N T |
covariance matrix for each class are calculated and they arg |- N O l

used as the initial parameters. (d) Oriented-dot image (e) One sub-area

Figure 1: Improved Directional Element Feature.
3 Application to Character Recogni-

tion 3.2 FeatureRegion

In this section, a new method to construct a multi-templatfere, the concept dieature region [12] is explained. As-
dictionary for accurate and efficient recognition of handwritsyme the sample vectors of categbrgre classified into sev-
ten characters is proposed. By considering the relation bgra| classes. Thih feature region of categotyis a region
tween distributions of different categories, the possible ogyhere the sample vectors of classf categoryk distribute,
currence of incorrect recognition is assumed. Based on thg it is defined as follows.

proposed estimation algorithm, a clustering method to re-

duce mis-classification is developed. Here, the ETL9B [10] k k

is used for the character recognition experiments. It is the R = {x ‘dM(ac’ 07) < dma"} (14)
largest public database in Japan and it includes both Chinese

and Japanese handwritten characters. There are 200 samplege, d,,.. is determined to mak&? include the vectors of

of each character. categoryk as much as possible. If there are enough sample

3.1 FeatureVector

vectors compared with the number of dimensions, the values
of the Mahalanobis distance will distribute according to bi-
asedF-distribution [13]. Then by deciding the percentage of
the sample vectors that distribute in the region, the value of

The Improved Directional Element Feature [11] is used agmax Can be determined theoretically. However, in character
the feature vector here. It is calculated as follows. As showrecognition process, it is difficult to prepare enough samples

in Fig. 1, first an input image is normalized@a x 64 dots,

compared with the number of dimensions of feature vector.

and contour of the image is extracted. Next, orientatiorilere,dma.x is determined to be the Mahalanobis distance be-
which is one of vertical, horizontal, and two oblique linestween the mean vector and the farthest vector in catefory
slanted at-45°, is assigned for each pixel. Then the im-Itis expressed as

age is divided into 49 sub-areasdf x 16 dots where each

sub-area overlaps eight dots with the adjacent sub-area. (For dimax = Mmax dM(a:f, 6%). (15)
example, meshed area of Fig. 1(d).) For each sub-area, a

four-dimensional vector is defined to represent the quantities

of the four orientations. Thus the total vector for one characHere,:cf is thejth sample vector of clagof categoryk. An
ter has 196 49 x 4) dimensions. illustration of a feature region is shown in Fig. 2.
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When constructing a multi-template dictionary, dividing cat- i " .
egories without necessity will only increase the risk of mis- N d>d .
classification and the computation cost. Therefore, it is ex- o
tremely important to select and cluster the categories that (b) After division

may be recognized incorrectly.

Obviously, the categories regarded with mis-classificatiop;g, re 3: Method for avoiding mis-classification (Euclidean
possibility are different according to the used classifier. ”Eiistance).
our previous work, the Euclidean distance is used to be the
classifier [14]. The brief summary is as follows. The cate-
gory considered necessary to be partitioned is selected. Fig. 3 and samples of both categories distribute in the over-
shows aniillustration. Denote the Euclidean distance between lapped area.
x andp asdg(x, p). In Fig. 3(a), a vectox that exists at the
end of the region of categofys recognized as in categoky Among these three types of relations, in the case that distri-
becausely (x, u¥) is smaller thaniz (x, p}). In this case, if butions of two categories are “Semi-overlap” or “Overlap,” a
categoryl is partitioned into two feature regions as shown irmis-classification may happen.
Fig. 3(b),dg(z, pu!) becomes smaller thaty (z, u¥). That Among the pairs of two categories, the numbers of “Non-

means, after increasing the number of classes of catégonpverlap,” “Semi-overlap,” and “Overlap” are investigated.
the vectorz can be correctly recognized as categbry The Japanese characters in the database ETL9B are used, and

As a classifier, the Mahalanobis distance or the SMD ifie number of kinds of characters is seventy-one. For each
much more effective than the Euclidean distance [15]. Igharacter, the first 180 samples are used for investigation. A
order to obtain better recognition performance, the SMD igart of the result is shown in Table 1, and this table is called
adopted to be the classifier in this study. The number of dpverlap-relationtable. In the table, “Sample” means the kind
mensions [ in Eq. 10) is 30. In the case of using the MahaOf character sample, and “Region” means the feature region.
lanobis distance, the situation of mis-classification as showthat is, (&, )th number is the number of samples of cate-
in Fig. 3(a) will not happen. Obviously, for the Mahalanobisgory & within the feature region of categoty For example,
distance, the situations of mis-classification are totally diffourteen samples % are in the feature region . These
ferent from the Euclidean distance. It is useful to know thd4 images oi® are illustrated in Fig. 5. For comparison,
relation between two distributions of categories. As showfome images ¢ are displayed in Fig. 6. Since the number
in Fig. 4, there are three considerable relations: of categories is 71, the total number of pairs of categories is
2485. The numbers of “Non-overlap,” “Semi-overlap” and
e Non-overlap: There is no overlapped area of two cate©Overlap” are 2404, 57 and 24, respectively.

gories. Continuously, the selection standard of division is consid-

ered. An example of “Semi-overlap” relation is shown in

e Semi-overlap: There is an overlapped area of two catéig. 7(a). Some samples of categdrare in the feature re-
gories, however samples of only one category distributgion of categoryk, but no sample of category is in the
in the overlapped area. feature region of categorly In this case, dividing category

[ does not change the situation. However, if categotig

e Overlap: There is an overlapped area of two categoriedjvided as shown in Fig.7(b), the overlapped area may dis-



y HhrHoOoH P
,%Wﬁm\ %@%%b%b

/ L]
// = // ......*pi,. - - - - -
fe =) . Figure 5: Character images & within the feature region
. " * i of &.
\ - . © o ]
Non-overl
e OPhHERHD
////./ [ ] \\\ . . .
mm J Figure 6: Character images %3.
// [ ] -/i
/ [ ] n | |
/S omomom J/,_
// Ky Lo° // <
1 C 5 o ™ P |
Sl aw. ™| =Categork
n ] e %o °
[ R /_- ", "/ *Categony
[ "a s °0 O 3 / K A /
. L ./// o ® / My °
\ - o // 2" X )‘/. . . .
N . / [ ] ° .
. e // I.. n y . :. A
(b) Semi-overlap f LL I G 4
/ - mg /O o .u ° o
[ I | /// * %
PN - l « °
/// . \‘ o L. T
"o /} (a) Before division
/om g R )
/// lk.l i ... '///.
I T LS
! n m/, e, e, Y v
AR, k'Sl
I = /// ®. ® .. O Y i. .l . 4
* LI ° ® //\§‘~l/,,/_,,;__
\ 7 . . ' \\ ! O
N~ e e y / L e °
""" ’ / . \x,_._' °
(c) Overlap O I "
Lo A
. . . . . ] . O ©
Figure 4: Three types of relations of two distributions. L N oo / e ‘e
\ 4 Teeet

Table 1: Results of investigation.

(b) After division

Region
Ml T v [ [z [ s [ 2 [ 5[5 _ _ T _

% T ol ol ol1al ol ol o gggé?sz.istgﬂféz?d for avoiding mis-classification (Maha-

A 0O|—| 0] 0] O| O O] O '

2 0| O|—)| O] O O] O] O

Z ol ol ol—1| o] ol o O are decided to be the division targets.

B 0| ol 0] O0|—| O O] O

> 0] 00 0] 0]—|44] 0 3.4 Construction of Dictionary

N 0| ol 0 0] O| O|—]| O . . I
According to the above investigation, a method for construct-

£ 0| 0| 0] 0| O| O O|— . . - . o
ing a multi-template dictionary is proposed. Training sample
patterns are prepared for each category. Assume the distri-

bution of training patterns of categokyto be the mixture
normal distribution of\ (k) classes. At first\/ (k) = 1 for
appear and mis-classification may be avoided. For these redtk, and the maximum number of mixture for one category
sons, the categories that include samples of other categori¥s.. is defined. By repeating the following three proce-



Table 2: Number of overlapped samples after constructing

dictionary.
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dures, a multi-template dictionary is constructed.

1. Make an overlap-relation table like Table 1 using the

training samples. Table 3: Results of division.

Single- | Two- | Proposed

2. Select a categorysuch that\(¢) < Nmax Whose fea- template| class | method
ture region includes the largest number of samples of Non-overlap 2404 | 2476 2476
another category. Semi-overlap 57 6 6

3. Increase the number 8f(¢) and estimate the parame- Overlap 24 3 3
ters of mixture distribution of category # of classes /1] 142 118

In our experimentsN.x = 2. For source mean vectors,
pk £ egl, are selected, whereis a small constant value the possibility of mis-classification is reduced by dividing
(see Fig. 8). categories. The fourth row in the table displays the total
number of classes. By using the proposed method, 47 out
of 71 categories are divided, and the total number of classes
is 118. In other words, 24 categories are decided unneces-
. . . ... sary to be divided. With smaller size of dictionary, the pro-
In this section, experimental results of character recognition .
posed method has obtained the same results as the two-class

using the dictionary con_structed by th? proposed met_hod ar&?ethod. It proves the proposed method is able to choose the
shown. In our study, objects of experiments are all kinds o

handwritten Japanese characters in the database ETL9B, acr%e gories that need to be divided.

the number of kinds of characters is seventy-one. For each

character, the first 180 samples are used for training data ag® Experimental Results

the rest of 20 samples are used for testing data. For compar-

ison, the dictionary without devision (called single-templat&Xperiments of recognizing testing data are carried out. The
dictionary) and the dictionary constructed by dividing all th@esults (error rates) of the three methods are shown in Table 4.

categories into two classes (called two-class dictionary) afde error rate of the proposed method is the smallest among
also used for the experiments. these three methods. These experimental results have shown

the effectiveness of the proposed method. The fact that the
proposed method is better than two-class shows that dividing
a category without necessity not only enlarges the size of
The dictionary is constructed by the algorithm described idictionary but also increases the risk of mis-classification.
Section 3.4. The overlap-relation table of this dictionary is Fig.9 shows the mistaken characters of one set of seventy-
shown in Table 2. All the pairs of eight characters in th@ne characters by three methods. The wrong selected can-
table become “Non-overlap.”

The numbers of three relations for three kinds of dictionar-
ies are summarized in Table 3. The first three rows indicate
the numbers of “Non-overlap,” “Semi-overlap” and “Over-
lap”. Comparing results of the proposed method with the
single-template, the numbers of “Semi-overlap” and “Over-
lap” decrease tremendously. These results have shown that

4 Experiments

4.1 Comparison of the Dictionaries

Table 4: Experimental results.

Single- | Two- | Proposed
template| class | method
Errorrate| 5.9% | 6.5% 5.1%




Proposed method multi-template dictionary for character recognition is pro-
posed. The proposed method is a repetitive process of
clustering and estimating mixture distribution by observ-
ing both within-class distribution and between-class infor-

mation. With this method, only the numbers of classes of

Y

W
J

” (D) h those categories determined to need much more classes are
5 (5) B ) increased. Moreover, no matter how many classes a category
& EB 5 () is divided into, the parameters of each class are estimated
' _ with the whole number of training samples in that category.
Torclass Single-template This evaluation operation improves the reliability of param-

eters. The effectiveness of the method has been affirmed by
experiments using handwritten characters. The results have
shown that low error rate is achieved with the small size dic-
tionary constructed by the proposed method. This means, the
timal number of classes for each character are prepared in
& dictionary by the proposed method. The proposed mix-

. -, ture distribution estimation algorithm makes a new approach
taken by the two-class method. The reason of failure is th?(ug g PP

i : . ) pattern recognition using high dimensional vectors, such
the two-class method clusters all categories by a fixed nurr(,%S character recognition.

ber without considering any between-class information o This method can be easily applied for recognition of digits,

distributions of samples, evenin the cases5)f7- and 1% alphabets, and all kinds of Chinese and Japanese characters.
that need not to be partitioned. In contrast, the propos

. X 0 show the effectiveness for those characters is the future
method clusters categories determined necessary to be p Gblem. The proposed estimation algorithm can be adopted
titioned, and estimates the region of each category precise, ¥ other .problems using high dimensional vectors, and it is
As shown in Fig.9, excef*, which is mis-classified by all Iso the future work ’
methods, there is no more wrong candidate selected by tﬁe '
proposed method.
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Figure 9: Mistaken characters.

didates are also shown in the parentheses. Even though
results of single-template are corre >, 72 andi¥ are mis-

5 Conclusions

(2]

In order to estimate the distribution of feature vectors in a
feature space, it is more feasible to assume the distribution as
mixed normal distribution. However, the mixed normal dis-
tribution estimation is rarely used in high dimensional recog-
nition problems, because usually there are not enough train3]
ing patterns.

In this paper, a new algorithm to estimate the parameters of
the mixed normal distribution is proposed. This algorithm is
based on the maximum likelihood estimates. By introducing[4]
the Simplified Mahalanobis distance to the estimation pro-
cess, the maximum likelihood estimates of parameters can
be done in the case of inadequate training samples. The prgs]
posed algorithm is effective in treating the high dimensional
vectors.

As a practical application, a new method to construct a
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