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Abstract

Handprinted character recognition technique gives a human-

friendly man-machine interface. In Japan, many kinds of
characters, Kanji, Hiragana, Katakana, alphabet, numer-
als, are commonly used. The most important subject in
handprinted character recognition is the ability to compen-
sate for shape variations of handprinted characters. To
solve this problem, several normalization methods have been
proposed. Linear normalization methods have been gener-
ally applied, but also some non-linear normalization meth-
ods have been proposed for handprinted Kanji character
recognition and their effectivenesses were shown.

In this paper, a novel non-linear normalization method
is proposed. Two types of eztended image planes and three
types of line density are newly defined. Ezperiments for
handprinted Kanji character recognition by the background
feature pattern matching method are performed in order to
demonstrate its ability for siz combinations and results are
compared each other. A high recognition rate of 97.8%
was achieved on handprinted character recognition ezper-
iments for more than 19,000 character tmages included in
the handprinted Kanji character database, ETLSB.

1 Introduction

Character recognition methods are roughly classified into
the pattern matching method ( correlation method ) and
the structural analysis method. In the pattern matching
method, it is important to normalize the size and posi-
tion of the unknown pattern with those of the dictionary
pattern prior to the matching process. As a technique for
normalization of handprinted characters, linear normaliza-
tion is insufficient because the balance of the character
shape varies each time even if they are printed by the same
person. For this reason, several non-linear normalization
methods have been proposed.

Two non-linear normalization methods!!! are proposed
by Yamada et al.. One is the following way. The number
of lines in both the X-axis and Y-axis directions and the
cumulative function with the number of lines is calculated,
and then the image is shaped by sampling pitch where the
line density is a certain constant in both ‘the X-axis and
Y-axis directions. Accordingly, the portion where lines are
dense is expanded and the portion where lines are sparse
is contracted. In a case of the character ”i& (michi)”, a
human has a tendency to lengthen the last stroke ( low-
est part ) rightward. In this method, the right-lower line is
naturally shrunk. But in a case of the character " & (gen)”,
the part [ (kuchi)” is constracted vertically so that the
upper part may become small. This result looks unnatural
to human eyes. Therefore, another is proposed. The line

interval in both the X-axis and Y-axis directions is mea-
sured and the cumulative function with maximum value of
the inverse values of the line intervals at each point is cal-
culated. In a case of the character " by this method,
interval of vertical lines is almost equalized, and transfor-
mation becomes more natural. Here, the important point
is that the feature is defined by the value integrated X-axis
direction and Y-axis direction.

With the non-linear normalization method(? proposed
by Tsukumo, line interval is measured in both the X-axis
and Y-axis directions. The cumulative function is calcu-
lated using the inverse of the measured line interval. In
a case of the character ”"H (ta)”, the sizes of four inner-
spaces are equalized. However, in this method, the X-axis
direction and the Y-axis direction are independent.

In these methods using line interval, however, because
of the definition of line interval, the line interval is a cer-
tain constant on the outside of character. In this paper,
two types of extended image planes are defined so that the
line interval in the character’s peripheral area are defined.
Furthermore, three types of line density are defined as func-
tions of line interval in the X-axis and Y-axis directions as
the feature of each point, and a normalization is made so
that the sum of the feature in the sampling pitch is equal-
ized. The comparison of conventional methods is shown in
Table 1.

Table 1 Comparison of conventional methods

[ Method I Feature [ XY dependence ]
reference(1]-1 Number of lines Independent
reference[2] || Inverse number of line interval Independent
reference[1]-2 || Inverse number of line interval Integrated
This method Function of line interval Integrated

Experiments are performed for six combinations and re-
sults are compared each other. The details of these exper-
iments are reported below.

2 Definition of line density

2.1 Definition of extended image plane

Let us define the two types of extended image planes, Ry,
and R¢, on which input character patterns f(z,y) are con-
figured as adjacent to each other.

[Definition 1] Mirror image plane Ry :

On plane Ry , the input character pattern f(z,y) isin
a line symmetrical relation with the upper, lower, left and
right patterns fi(z,y) ~ fs(z,v). This relation is shown in
Fig. 1.

[Definition 2] Cyclic plane R :
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On plane R¢ , the input character pattern f(z,y)isina
parallel positional relation with the upper, lower, left and
right patterns fi(z,y) ~ fi(z,y). This relation is shown in

Fig. 2. it
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Fig. 1 Mirror image plane Rps
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Fig. 2 Cyclic plane R¢

2.2 Definition of line interval

Assuming that input character patterns f(z,y) are con-
figured on plane R as shown in Fig. 1 or Fig. 2, the line
interval at each point in the circumscribed rectangle of the
character pattern f(z,y) is calculated. The width of the
circumscribed rectangle is W,, and the height of that is
w,.

First, the rising edge positions, X¥(z,y) and X¥(z,y),
where the image changes from white ”0” to black ”1”, and
falling edge positions, X%(z,y) and X®(z,y), where the
image changes from black ”1” to white ”0” as shown in
Fig. 3 are calculated for four directions by egs. (1) ~ (4).
Hatched areas represent black areas, the white areas rep-
resent background areas.

X{(z,y) = max{z|z' <z, f(z' — 1,9) * f(z',9) =1} (1)
X¥(z,y) = min{z'|2’ > z, f(2' - 1,9) * f(=',9) =1} (2)
XX(z,y) = max{z'|z’ < 2, f(z' - 1,9) * f(z',9) =1} (3)
X2(2,y) = min{a'|2’ > z, f(z' - 1,9) * f(=',4) =1} (4)

where; f(z,y) is logical NOT of f(z,y).

Next, line interval L.(z,y) in the X-direction is calcu-
lated by the following equation.

Lle, ) =(XE - Xt + X2~ X5 /2 (5)

The calculation can be made by eq. (5) in the case of

Fig. 3 (a) and (b). In the case where four values, i.e.,

(2) A is on the background (white area)

&y
(b) A is on the stroke (black area)

(c) Stroke doesn’t exist
A 4W,

(€8]
Fig. 3 Definition of line interval L,

X®(z,y), X%(z,y), X%(z,y) and XL(z,y), are uncertain
as shown in Fig. 3 (c), however, L.(z,y) is changed to 4W,.

The line interval, L.(z,y) is calculated as described
above. The Y-direction, the line interval, L,(z,y) is iden-
tically calculated by the following equations.

Yi(z,y) = max{y'|ly' < v, f(=' — L,9) * f(z',9) = 1} (6)
YE(z,y) = min{y'ly’ > v, f(z' = 1,9) * f(=",9) = 1} ()
Yi(z,y) = max{y'ly' < v, f(z' = 1,9) * f(z',9) = 1} (8)
Y®(z,y) = min{y'ly' > v, f(2' - 1,9) * f(2',¥) =1} (9)

Ly(z,y) = (Y§ - YY + Y2 -YD)/2 L

'In the case where four values, i.e., Y¥(z,9), YE(z,9),
Y%(z,y) and Y*(z,y), ate uncertain, L,(z,y) is changed
to 4W,. 2

2.3 Definition of line density

Function A which describes the size of ellipse associated
from the background area of the character pattern is de-
fined in three ways as shown in Fig. 4. The inverse num-
ber of this descriptive function is defined as line density p.
Three types of line density, pg, pp and py, are conducted
from corresponding Ag, Ap and A4. Line density p(z,y) is
defined as a function of line intervals L.(z,y) and Ly(z,y).

L./¥, Lo alie
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Fig. 4 Definition of function A
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[Definition (a)] Area of ellipse Az :
Line density pg(z,y) is calculated as the product of the
inverse numbers of line intervals in the X- and Y-directions.

(11)

[Definition (b)] Peripheral length of ellipse Ap :
Line density pp(z,y) is calculated as the inverse number
of the sum of line intervals in the X- and Y-directions.

; g B L,
pr(z,y) = e (—VV, 5z —W—v) (12)
[Definition (c)} Mean depth of ellipse ) :
Line density pa(z,y) is calculated as the sum of the
inverse numbers of line intervals in the X- and Y-directions.

pa(e,y) = :\1: = (;V—: + %) (13)

3 Non-linear normalization

Projection functions h.(z) and hy(y) in the X-direction
and Y-direction of p;(z,y)(: = 4, P, E) are calculated by
the following expressions, respectively.

Wy

hz(z) = le;(:c,y) (1‘ S5 A)Px E) (14)
We

hy(y) = Z_: pi(z,y) (i= A, P E) (15)

Next, the cumulative density functions Co(X)and C,(Y)
in intervals (1, X] and [1,Y], respectively, are calculated.

X
Cu(X) = ¥ hul) (16)
C(¥) = 3 k) (1)

y=1

Then the following equation is realized.
S=Cy(W,) = Cy(W,) (18)

Mapping function X () and Y (j) are defined as follows
in order to obtain the normalizing pattern g(i,7) (i = 1 ~
M,j =1~ N).

X(i) = min{z]C.(e) > §- 5} (19)
V() = minfylCy(s) 2 7 3} (20)

The normalized pattern is obtained by the eq. (21). The
Process of normalization is shown in Fig. 5.

9(i,j) = f(X (i), Y(5)) (21)
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(d) Normalized pattern () Sampling map
Fig. 5 Process of normalization

3.1 Comparison of two types of extended image
plane

With Ry, the line interval on the right-hand side of the
character is determined by the shape on the same side. On
the other hand, with R , the line interval on the right-
hand side of the character is related to the shape on the
left-hand side. Therefore, the balance of the shape of the
character normalized with Ry, is differrent from that of the
character normalized with R. Typical normalization of an
image is shown in Fig. 6. It can be seen in this figure that
the position of the vertical stroke of the character YA,
different between Ry, and R after normalization.

o

Input image Ry, Re

Fig. 6 Typical normalized images

r—ﬁ PE j
# -
r
Input image pp ]
pA
H
Ry

Fig. 7 Typical normalized images
3.2 Comparison of three types of line density

When the size of background portion varies, the variation
of line density pgz is larger than those of pp and 1. Dhat
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is, the degree of the non-linear transformation is different
according to the three types of the line density. Typical
normalization of an image is shown in Fig. 7. When the
shape of "#” in kunigamae(”[]”) shown in this figure is
compared by pg, pp and py, it can be seen that a much

larger change occurs for line density pg than for line density

pp and py4.

4 Experiments and Results

Experiments for recognition of Kanji characters were per-
formed. The results are described below.

4.1 Kanji Database

The handprinted Kanji character database, ETL8B, is
used for our experiments. ETL8B is made by the Elec-
trotechnical Laboratory of MITI. It consists of Hiragana
characters of 75 categories and Kanji characters of 881 cat-
egories, 956 characters in total.

A dictionary pattern was prepared as the learning sam-
ple using odd data sets of 80 persons (952 x 80 = 76160
characters). In addition, even data sets of 20 persons (952
x 20 = 19040 characters) were used as unknown patterns,
and recognition and comparison were made.

4.2 Background feature pattern matching method

Yasuda, et al. contrive the complementary feature and
good results are obtained for recognition of handprinted
Kanji charactersl®ll®l, In this paper we use the background
feature pattern matching method that makes recognition
by using only the background feature componentPlls! out

of the complementary feature.

e
%
“

(a) Character e 5

pattern

(b) Eight background feature compornents

Fig. 8 Typical background features

The background features that are extracted from the
background portions of the character pattern are shown in
Fig. 8. This feature absorbs variation of line width and
variation of position, and is obtained as a stable feature.

Experiments are performed by the method shown in the
flow of Fig. 9. Line density measurement and feature ex-
traction from the original image are executed, and the fea-
ture image is normalized by the line density obtained from
the original image.
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Fig. 9 Flow of processing

Pattern matching is executed using components in eight
directions of background feature (16 x16x8). Furthermore,
the shift similarity method! is used. The shift similarity
is the highest value of nine correlations which are obtained
when the feature pattern is shifted in the range of +1 mesh
in X and Y direction.

4.3 Results

The results in the definition of each image plane and line
density are shown in Table 2 and Fig. 10. A comparison
of recognition rate between datasets No. 2 and No. 34 in
particular is shown in Table 3. The character quality in
dataset No. 2 is high, while the character quality in dataset
No. 34 are low. For comparison, the results by non-linear
normalization method of reference [1}-2, which had the best
recognition rate of reference (1}, [2], are shown in Table. 2,
3, and Fig. 10.

Table 2 Recognition rate by category

Parameter Recognition rate (%)
condition ”Hiragana” | ”"Kanji” | Total
e 93.6 6.8 | 966
Ry pp 93.4 97.6 97.3
P4 95.2 98.0 97.8
PE 93.2 97.0 96.7
B e 946 975 | 973
PA 94.9 97.5 97.3
Reference[1]-2 93.4 97.5 97.2

The highest value of total recognition rate was obtained
with plane Rjs and line density p4. It was learned that
both Rjs and R¢ are better than the method of reference
[1]-2 when the definition of line density was p4 and pp
respectively. In the case where the definition of line density
was pg, no uplift was observed regardless of the definition
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(One-dot chain lines indicate what was obtained by the
method of reference [1]-2.)

Fig. 10 Recoginition rate by category

of the plane. Furthermore, a drop in the recognition rate
was observed particularly for Kanji characters, The highest
value was obtained with both dataset No. 2 and No. 34
when the definition of plane was Ry and the definition
of line density was p,. With dataset No. 2, uplift was
observed with both Ry and R, as compared to the method
of reference [1]-2 regardless of the definition of line density.
With data set No. 34, on the contrary, the recognition rate
dropped for both Ry, and R when the definition of line
density was pg.

Table 3 Recognition rate by each data set

Parameter Recognition rate (%)
condition Dataset No.2 | Dataset No.34

PE 98.7 89.6

Bt e on 98.9 91.1

5 99.5 9.5

PE 98.8 90.2

R¢ pp 99.5 91.2

PA 99.3 91.6

Reference[1]-2 98.5 90.5

4.4 Reading errors

Japanese characters have so many kinds that many groups
of similar characters exist. For this reason, handprinted
character recognition becomes more difficult. The reason
why a character is erroneously recognized is listed below.

Case 1: Vocal variation in Hiragana such as "¢ (ba)” and
& (pa)”; and 1% (bo)” and i (po)”.

Case 2: Difference by a short stroke such as "7 (hou)”
and "7 (man)”.

Case 3: Difference in the stroke length such as ” + (tuti)”
and " (si)”,

Case 4: Reading error dependent on the quality of the
character due to batter, blur and noise. They are
shown in Fig. 12.

Case 5: Deformation of characters is excessive due to the
habits of the writer. Extremely inclined characters,

i
e

)

(a) Input image and normalized image (R, pz )

L

(b) Input image and normalized image (Ray, p5 )

.

Fig. 12 Erroneously recognized characters

In this non-linear normalization method, the balance of
the shape of character is normalized. In the cases of 1, 2,
therefore, its effctiveness cannot be expected. The process-
ing of details of a part of character pattern is needed. In
the case of 3, this non-linear normalization has a bad influ-
ence. Therefore, measuring the stroke length on the input
character- image is needed. In the cace of 4, in this non-
linear normalization method the balance of the shape of
normalized pattern is sensitive to noises. Removing noises
or smoothing image is needed before character normaliza-
tion. In the cace of 5, its effectiveness can be expected
according to the degree of the shape variation. However,
the improvement of normalization is needed.

5 Conclusion

New non-linear normalization method was proposed in this
paper. Two types of extended image plane and three types
of line density was defined. This non-linear normalization
was applied to background features extracted from the im-
age, and experiments in six combinations was conducted
by the béckground feature pattern matching method us-
ing the handprinted Kanji character database ETLSB and
results were compared each other.

In the experiments of recognition using Hiragana char-
acters and Kanji characters, 952 categories in total, and
20 data sets (19040 characters), recognition rate of 97.8%
was achieved on newly defined mirror image plane Ry, in
line density p, defined by the mean depth of ellipse, and
the effectiveness of this method was verified as compared
with the recognition rate of 97.2% achieved with the back-
ground feature pattern matching method using non-linear
normalization method(!l=? of Yamada, et al..

The following items can be considered as subjects for fu-
ture study. (1) Expansion of categories to be read, (2) anal-
ysis of reading error, (3) improvement of non-linear normal-
ization method, (4) improvement of recognition method,
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etc. We intend to lay emphasis on these subjectvs in order
to enhance the recognition rate.
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