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Abstract. We describe the design of on-line handwrit-
ten Japanese character pattern databases, software tools
for pattern collection and verification, and analyses of
collected patterns. Two databases containing over 3 mil-
lion patterns were compiled: one with 120 people con-
tributing 12,000 patterns each and another with 163
participants contributing 10,000 patterns each. Patterns
were collected mostly in their sentential contexts and
verified by machine and human inspection. Their analy-
ses reveal greater variations in stroke count for characters
having many strokes, with people generally using fewer
strokes; they additionally reveal that stroke order varia-
tions are generally caused by common habits and added
strokes.

Keywords: Database – On-line patterns – Character
patterns – Japanese characters – Data analysis

1 Introduction

Although many approaches to on-line recognition of
handwritten Japanese characters have been presented
until now [5,12], each of them has been evaluated with
different data and so it is not clear which method is su-
perior and how. Under these conditions steady progress
cannot be made. On the other hand, the technology
for off-line recognition has made significant progress
in Japan since the ETL (Electrotechnical Laboratory)
database (especially ETL-9 [9]) was made available as a
common benchmark.

In the field of pattern recognition, large volumes of
patterns are as important as recognition methods [10].
In fact, publications on pattern databases are increas-
ing and attracting more and more attention [1,2,14]. For
on-line recognition of handwritten Japanese characters,
however, no large and reliable database is available.

To fill this void, we spent 4 years compiling two
databases of on-line handwritten character patterns
called “TUAT Nakagawa Lab. HANDS-kuchibue d-97-
06” (hereafter Kuchibue d) [8] and “TUAT Nakagawa

Lab. HANDS-nakayosi t-98-09” (hereafter Nakayosi t)
[4].

As for on-line handwritten character pattern
databases, the UNIPEN project is well known [1], but
it does not include oriental characters. Our database
project started independently of the UNIPEN project
and now provides the UNIPEN format versions of the
databases as well [3].

In this paper we summarize these efforts by present-
ing the design of the databases in Sect. 2, a description
of character categories in Sect. 3, and software tools for
script collection and verification in Sect. 4. Section 5
provides actual data collection and distribution, Sects. 6
and 7 give analyses of pattern deformations and varia-
tions stored in the databases in terms of stroke-number
variations and stroke-order variations, and Sect. 8 of-
fers suggestions for making robust recognition systems
against those deformations and variations. Section 9 con-
cludes the paper.

2 Design of the databases

2.1 Computer-supported data collection

In order to collect on-line handwritten patterns, i.e., se-
quences of coordinate values sampled from pen tip move-
ments, tablets and computers are needed at the time of
writing, unlike off-line pattern collection for which col-
lecting pattern samples on ordinary paper is sufficient.

This has been one of the obstacles to collecting a
large amount of on-line handwritten patterns from many
people. With the advent of Pen PCs or ordinary PCs
with common tablet interfaces, however, this problem
can be resolved. By employing pattern collection tools,
we can gain the cooperation of multiple organizations
for script collection and even take advantage of software
tools available on such PCs.

2.2 DIT as writing environment

With the advent of LCD-based display integrated tablets
(DIT), writing on display surfaces has become as natural
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as writing on paper. Although there are still some defi-
ciencies in DITs compared with paper, they may provide
additional electronic features of editing and handwriting
recognition that are unavailable on paper. We use this
environment to collect handwritten patterns rather than
plain tablets since writing on PDAs and on Pen or Tablet
PCs is becoming increasinlgy popular, and the demand
for handwriting recognition on DITs is increasing.

2.3 No data like more data

First, it is generally accepted that collecting a large
amount of sample patterns is as important as elaborating
recognition methods. Second, we need to collect charac-
ter patterns written naturally or casually without any
writing constraints so that the collected patterns can be
used to train and evaluate recognition systems for real
applications. Third, in the trend of personalization of in-
formation processing devices and systems, there is a need
to collect a considerable amount of patterns from each
individual so that the user customization and adaptation
capabilities [7,15] can be tested reliably.

With these in mind, we have set the following policies
for on-line handwritten character pattern collection.

2.4 Policies for pattern collection

2.4.1 Writing in boxes but recording within the page.
In order to collect on-line handwritten character pat-
terns, we display sequences of square boxes similar to a
Japanese writing pad on a DIT so that the user writes
characters one by one into each box. This type of user
interface has been used in many commercial products to
avoid character segmentation problems. Moreover, it is
not as restrictive as for English since the Japanese are
accustomed to this style of writing pad.

Character patterns extracted from each box are use-
ful for developing and evaluating character recognition
algorithms, although character patterns written without
any writing box or grid should be collected as well for
developing format-free handwriting recognition.

Although we employ writing boxes, we record pen
tip coordinates within the page (whole area of the DIT)
rather than within each box. In fact, we have been
concurrently preparing the database of format-free on-
line handwriting including text, drawing, formulas, etc.,
where we must record writing trajectories within the
whole writing area. Therefore, recording handwriting
within the page rather than within the character box
provides more consistency among our databases of on-
line handwriting. Moreover, this recording format en-
ables us to test writing-box-free recognition to some ex-
tent by discarding the box information.

2.4.2 Collecting character patterns for a common text.
One way to collect handwritten character patterns is to
let people write whatever they want and later provide
ground-truth codes to their handwriting. The merit of

this method is that we can collect natural patterns; on
the other hand, the labor to label ground-truth codes is
high and collecting patterns for the whole set of charac-
ters is not easy.

One method to overcome these problems is to ask
each participant to write characters according to a com-
mon prescribed text so that we can collect script of all
the participants for the common text without having to
label them. On the other hand, patterns thus collected
may not be as natural as those collected by the above
method. By employing a sequence of sentences as the
text, however, we expect people to write naturally as
described in the next subsection. This is a compromise
to collect samples ranging across all the necessary cate-
gories while keeping the patterns natural.

2.4.3 As many character patterns in sentences as possi-
ble. By asking people to write characters according to
a sequence of sentences, we can expect them to write
natural and casual patterns in the course of reading, un-
derstanding, and reproducing sentences. It is generally
recognized that if people write characters one by one
without any meaningful context, their character patterns
become unnaturally neat. On the other hand, they tend
to write characters casually when writing sentences.

We collect sentences from various articles in Japanese
newspapers so that they are not specific to any domain.
We also select sentences that cover as many frequently
used characters as possible. To collect scripts for all of
the commonly used 3,000 to 4,000 categories from a se-
quence of sentences, however, we must ask people to
write hundreds of thousands of characters, which is not
very practical. Therefore, we ask them to write sentences
that cover the frequently used characters and then to
write less frequently used characters one by one.

The character patterns thus sampled according to the
common sentences are also useful for evaluating recog-
nition performance where actual character appearance
probabilities, the effect of user customization, and the
effect of context processing are taken into account.

2.4.4 Displaying characters to be written by font. When
collecting script, character patterns should not be shown
in order to collect natural patterns. For this, having peo-
ple transcribe text from an audiotape would seem best.
However, there are too many characters that people can-
not write if they do not see them (this is called the
“reading a thousand characters, writing a hundred” phe-
nomenon). Furthermore, the text we want in Kanji (ideo-
graphic characters of Chinese origin) might be written
in Kana (phonetic characters made from Kanji), while
text we want in Kana might be written in Kanji due to
the multitude of ways of writing Japanese expressions.

Therefore, we display font patterns above the char-
acter writing boxes and allow the participant to enlarge
each font pattern by touching it with the pen since some
complex Kanji patterns are difficult to see without en-
largement. We understand that the participants may
mimic the font patterns in their writing, but if their



M. Nakagawa, K. Matsumoto: Analysis of on-line handwritten Japanese character pattern databases

writing flows naturally with the text, the patterns gained
can be expected to be natural. This is again a compro-
mise between collecting handwritten character patterns
for the common text and collecting natural patterns.

Another potential problem may also be the collec-
tion of handwritten character patterns for displayed font
patterns. When people are asked to write characters
that they do not normally write or cannot write, their
stroke order is often different from the standard and the
need for stroke-order-free recognition will be overempha-
sized. (In an actual environment using on-line recogni-
tion, these characters would not be written. If needed,
they could be written in Kana and then transliterated
to the actual Kanji characters).

2.4.5 No display of recognition result. If the recognition
results are shown for handwritten patterns, some people
may try to write patterns intended to be easy or difficult
to recognize. This hinders our objective of collecting nat-
ural and casual patterns. In order to avoid this problem,
no display of recognition result is made during pattern
collection.

2.4.6 No restriction on writing styles and quality of pat-
terns. Before a participant starts to write characters,
we explain the purpose of collecting natural and casual
handwritten character patterns and do not impose any
restriction on writing styles or quality of patterns ex-
cept for asking that they write characters naturally. We
pay a small and fixed amount of money (10,000 yen for
students) to each participant for the whole writing task
so that they try to finish the task as quickly as possi-
ble. We expected this to result in handwritten patterns
that are more casual rather than neater. The total time
required per person for writing all the patterns was gen-
erally about 10 h, though the shortest time was about
5 h. These times are comparable to the speed of writing
with pen and paper.

2.4.7 Recording the participant profile and collection en-
vironment. We record the participant profile including
their sex, birthday, native language, dominant hand,
writing hand, writing period, etc. and the specifications
of the collection environment such as input resolution,
display resolution, sampling rate, etc. These data are
recorded because the handwritten patterns may later be
analyzed with respect to these factors.

2.4.8 Verifying handwriting by both machine and human.
As learning patterns or benchmark patterns, patterns in-
consistent with ground truth are useless and even harm-
ful. Therefore, we inspect collected patterns by both ma-
chine and human. Human inspection is generally supe-
rior to machine verification, but humans often overlook
wrong characters in a meaningful context. Therefore, we
first do a machine verification to pick up omitted and er-
roneous patterns and then employ human inspection free

from the context side effect. After verification, each par-
ticipant verifies detected patterns and fills omissions or
rewrites them if he/she accepts them as wrong patterns.
Thus, in a strict sense incorrect patterns may exist, but
we believe that they should be accepted as long as other
people can read them since they are the patterns actually
written in daily life.

3 Categories for script collection

Basically, we need scripts of characters that are in ev-
eryday use. They are Kanji, Hiragana, and Katakana,
called Kana collectively, alphanumerals, and symbols.
Kanji characters have complex shapes and are written by
many strokes, while Kana characters have simple shapes
and are written by a few strokes (generally from one to
four strokes and up to six strokes to make a dull sound).

The first database Kuchibue d was intended to col-
lect script for the JIS (Japanese Industrial Standard)
first level set of Japanese characters. The first level set
covers most of the daily used characters. However, Cyril-
lic characters, symbols with a very low degree of occur-
rence (those that appeared less than ten times in a cor-
pus of approximately 13 MB collected from newspapers,
graduate theses, etc.), symbols normally written with
multiple characters (“ ”, “ ”, “ ”, etc.) and
filled-in symbols (“ ”, “ ”, etc.) were excluded.

The sentences used for character pattern collection
were taken from the 1993 CD-ROM edition of the Asahi
newspaper (Japanese language newspaper), which in-
cluded 1,227 frequently appearing character categories
with the result that they were composed of 10,154 char-
acters and included 1,537 categories in the JIS first level
set. Here, “frequently appearing” refers to categories
that were detected at least 50 times in the abovemen-
tioned 13-MB corpus. Eleven characters in the second
level of JIS ( ) that appeared
in the sentences were not changed to Hiragana but left to
be written as such. There were approximately 200 sen-
tences, so that each sentence contained 50 characters on
average. The remaining 1,808 categories in the JIS first
level (non-Kanji: 102 categories, Kanji: 1,706 categories)
were appended at the end. For this text, the average
writing time per person is approximately 10 h. If we try
to prepare sentences that cover all of the JIS first level
categories, it would come to around 100,000 characters,
making the script collection an unrealistic task.

The second database Nakayosi t extended the cate-
gories and included 1,093 categories used in names from
the JIS second level set. The sentences for collecting
patterns were again selected from the same CD-ROM,
but shorter sentences were used in order to decrease
the amount of text while enlarging the character cate-
gories for script collection. The time required for writing
was almost the same as Kuchibue d. Table 1 summarizes
the organization of the two script collection texts. Fig-
ure 1 shows the beginning and ending portions of the
Nakayosi t text for script collection.



M. Nakagawa, K. Matsumoto: Analysis of on-line handwritten Japanese character pattern databases

Table 1. Organization of the texts for collecting character
patterns

Kuchibue d Nakayosi t
Total characters 11,962 10,403
Kanji/Kana/ 5,643/5,068/ 5,799/3,723/
symbols/alphanumerals 1,085/166 816/65

Total character categories 3,356 4,438
Characters in sentences 10,154 7,376
Categories in sentences 1,548 1,411
Categories after sentences 1,808 3,027

��

(a) beginning part

(b) ending part

Fig. 1. Beginning and ending portions of the Nakayosi t text

4 Software tools and text preparation

We developed script collection and verification tools for
the MS Windows operating system since it is a common
platform for pen computing.

4.1 Script collection tool

We made a tool for collecting on-line handwritten char-
acter patterns on a DOS/V machine connected with a
display integrated tablet (DIT) (including Pen PC) and
the MS Windows operating system. By specifying a text
file, the corresponding character string is displayed along
with the writing boxes and the participant writes char-
acters as shown in Fig. 2. The pen trajectory is recorded
within the whole area of a DIT as depicted in Fig. 3. The
participant can quit writing and later resume it since it
is very hard for people to continue writing for several
hours.

This tool is also used when the participant fills miss-
ing characters or rewrites characters judged erroneous
by the verification tool described next. When this tool
reads a message file of erroneous patterns, the partici-
pant can navigate to skip from one erroneous pattern to
the next.

The size of each character writing box was set to
60 × 60 dots in the display coordinates, that is, about
1.7 × 1.7 cm on a 9.5-in. VGA (640 × 480) DIT and
1.43 × 1.43 cm on a 12-in. XGA (1024 × 768) DIT. They
almost correspond to a large-boxed manuscript paper
and a small-boxed manuscript paper, respectively.

Fig. 2. Screen for collecting character patterns

x

y

frame start

( x, y)

frame count (x) = 4

frame count (y) = 2frame step (y)

frame step (x) frame size (x)

frame size (y)

Fig. 3. Handwriting recording coordinates

The initial version recorded the pen trajectory in the
display (mouse) coordinates, but later it was enhanced
to record it in either display or tablet coordinates. Al-
though both of them produce pen tip coordinates at a
fixed time interval depending on the tablet, the display
coordinate system produces new coordinates only when
the pen tip moves, i.e., it does not produce multiple co-
ordinates when the pen is stationary, while the tablet
coordinate system produces coordinates constantly even
when the pen is at the same position. Moreover, the
tablet coordinates have resolutions roughly ten times
finer than those of the display coordinates.

Kuchibue d was recorded using display coordinates,
while Nakayosi t used tablet coordinates. The postfix of
their names denotes the corresponding coordinate sys-
tem.

When a participant uses this tool, he/she is requested
to write his/her name, sex, occupation, mother tongue,
writing hand, dominant hand, motivation, birthday, and
comments before starting to write text. On the other
hand, the data administrator’s name, affiliation and e-
mail address, starting date and time, closing date and
time, the text file name for writing characters, arrange-
ment of writing boxes (starting position, pitch, size, and
number of boxes in a line and number of lines in the
whole DIT), DIT information (make, model, display res-
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Fig. 4. Screen for verifying character patterns

olution, input resolution, physical size, and sampling
rate) are automatically recorded into the data file.

4.2 Verification tool

In order to inspect on-line handwritten character pat-
terns, a verification tool was made that employs a char-
acter recognition engine [6] and suggests for human in-
spection and confirmation those character patterns that
are judged erroneous. When a human inspector judges
a pattern as erroneous, he or she can type a message
as to why it is erroneous, which will be shown to the
participant if required, when the participant is rewriting
it.

At first, an on-line handwritten character pattern was
judged “erroneous” if the correct category was outside
the top ten candidates of the recognition result. Later,
however, this condition was changed to require the pat-
tern similarity to the correct character category to be
smaller than a certain threshold. In the former method
the input pattern must be recognized, i.e., matched with
all the standard patterns, so that it took more time than
the latter method. We confirmed that there is no prob-
lem with the latter method if the similarity threshold is
set small enough in matching with the correct category.
Therefore, the latter method was adopted. The inspec-
tion screen is shown in Fig. 4.

The verification method has proved quite useful. If
only a recognition engine is employed for pattern inspec-
tion, it is not reliable. Too many correct patterns would
be judged erroneous by machines. On the other hand,
human inspection alone is unreliable since humans do
not notice wrong characters when reading meaningful
text. A recognition engine sensitive to pattern deforma-
tion picks up almost all the erroneous patterns as well
as some correct patterns and the human can verify them
without context.

Here, we must also consider the case when the veri-
fication tool makes false positive errors, i.e., a character
that was written incorrectly but detected as correct. In
this case, the incorrect writing may go into the database.

When we use a recognition engine, it may make
recognition errors with a certain probability. However,

the probability that an incorrectly written pattern will
be misrecognized in a specified category rather than any
other categories is quite small. By setting the similarity
threshold high, we can further decrease this risk. More-
over, the purpose of this tool is not to pick up all the
incorrect patterns. We wish to keep natural and casual
patterns that may be incorrect in a strict sense but that
people write every day and others have no problem in
reading (say, a short stroke written in the opposite di-
rection in a complex Kanji pattern).

Fortunately, no reports on truly incorrect patterns or
missing patterns have been made by our database users
so far.

5 Script collection and release

This section describes the details of pattern collection for
Kuchibue d and Nakayosi t databases and their release.

5.1 Kuchibue d

We collected on-line handwritten character patterns
from 30 participants in our laboratory. Then we offered
to share the database with other organizations, with
the stipulation that each organization should provide us
character patterns from five additional participants. We
provided them with the script collection tool. Nine or-
ganizations joined the project initially. Meanwhile, we
ourselves added data from five additional participants.
Our group inspected all the patterns, and the person
who wrote the initial pattern was requested to rewrite
any missing or wrong pattern. By February 1996 we had
collected patterns from 80 people with 11,962 patterns
per person, which were made available to all the collab-
orating organizations. Later, eight more organizations
joined the project, with the result that patterns from
120 people, with each person contributing 11,962 char-
acter patterns, were collected.

5.2 Nakayosi t

Nakayosi t was mainly compiled from students of our
university (mostly male) and female students of an-
other women’s university in order to achieve a gender
balance. We also welcomed four organizations that ini-
tially requested to join the Kuchibue d project into the
Nakayosi t project since the Kuchibue d was already
being used by the collaborating organizations. We fol-
lowed the same scheme of pattern verification as for the
Kuchibue d project. As a result, patterns from 163 peo-
ple with 10,403 patterns per person were collected.

5.3 Ideal script set

We compiled a set of correct stroke-number and correct
stroke-order patterns for all the collected categories in
the JIS first level and all 4,152 categories in the JIS sec-
ond level, resulting in a total of 7,723 categories. This set
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Table 2. Participant occupations

Occupation Kuchibue d Nakayosi t
Company employee 46% (56) 6% (10)
Student 36% (43) 92% (150)
Teacher 15% (2) 0% (0)
Other 2% (18) 1% (2)
Unknown 1% (1) 1% (1)
Total 100% (120) 100% (163)

was compiled with the abovementioned script collection
tool using the display coordinates but within a larger
writing box (i.e., 120 × 120 pixels) than the one used
for pattern collection. For each category, a script pat-
tern was recorded without using any sentence context.
The analyses for character pattern variations make use
of this set.

Strictly speaking, the standard stroke order to write
Kana and Kanji is defined for a slightly smaller set than
the JIS first level set, which can be extended to almost all
of the JIS second level set of Kanji characters since they
share radicals. However, these standards do not cover
symbols and foreign letters. Consequently, we consulted
various textbooks to determine the stroke order for writ-
ing these letters and used them in our ideal script set.

5.4 Statistics on participant profiles

Distribution of the participants’ age is shown in Fig. 5.
The average age of the participants for Kuchibue d is
28.08, with a variance of 47.94: the oldest is 57 and the
youngest 18. The average age for Nakayosi t is 23.1, with
a variance of 23.02: the oldest is 58 and the youngest 19.
Kuchibue d covers a wider range of participants with
respect to age.

User occupations are shown in Table 2. Since
Kuchibue d has been compiled mainly from the collabo-
ration among companies, about half of its total patterns
are from employees of those companies, while Nakayosi t
is compiled mostly from patterns written by students, as
explained in Sect. 5.2.

As for the gender of the participants, Kuchibue d is
not well balanced: it is composed of 85 males (71%)
and 35 females (29%), while Nakayosi t is gender bal-
anced, with 82 males (50%) and 81 females (50%). As
for the mother tongue, Kuchibue d is composed of 118
people with Japanese (98%) and two people with Chi-
nese (2%) as their mother tongue. On the other hand,
some foreign students also contributed to Nakayosi t,
with the result that as the mother tongue, 150 people
have Japanese (92%), 11 people have Chinese (7%), 1
has Malay (1%), and 1 has Bengali. Regarding left- and
right-handedness, Kuchibue d contains handwriting of
117 right-handed people (98%) and 3 left-handed people
(2%), while Nakayosi t contains samples from 161 right-
handed people (99%) and 2 left-handed people (1%).

age
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40

30

20

3020100
number of persons

(a) Kuchibue_d
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50
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3020100
number of persons

(b) Nakayosi_t

Fig. 5. Distribution of participants’ age

5.5 Format

The databases were initially encoded in a binary for-
mat and accessed through libraries. When using the bi-
nary format, each participant’s patterns could be stored
on a 3.5-in. floppy disk, which was most popular when
this project was started. Moreover, abstraction of the
databases by access libraries seemed to be effective if we
need to change the internal format.

It has turned out, however, that the binary format
and access libraries are difficult to use on platforms
other than MS Windows. Therefore, we have now made
the databases available in a simple text format and in
the UNIPEN format [3]. Recently available compaction
methods reduce their sizes even more than the original
binary versions.

5.6 Release

The full sets of Kuchibue d (120 × 11, 962 =
1, 435, 440 patterns) and Nakayosi t (163 × 10, 403 =
1, 695, 689 patterns), a total of 3,131,129 patterns, are
now available from the bookstore of Tokyo Univer-
sity of Agriculture and Technology (http://tuat.coop-
bf.or.jp/∼nakagawa/). Moreover, ten people’s patterns
in Kuchibue d are freely available for research pur-
poses (http://www.tuat.ac.jp/∼nakagawa/ipdb/). We
can distribute this free version only by CD-ROM on the
condition that the newspaper company can enclose the
printed copyright for the use of its text in sampling char-
acter patterns. At present, more than 25 groups other
than the original collaborators are using this version,
which includes more than 10 groups from abroad.

6 Analysis of stroke-number varation

In this section, we present the results of analyzing stroke-
number variation (SNV) in on-line handwritten charac-
ter patterns stored in Kuchibue d and Nakayosi t.



M. Nakagawa, K. Matsumoto: Analysis of on-line handwritten Japanese character pattern databases

actual number of strokes
average
correct
number of character categories

standard number of strokes
(a) Kuchibue_d

10 200 1

10

20

30
range of stroke numbersrange of stroke numbers

200

400

600

number of character categories

0

average
correct
number of character categories

range of stroke numbersrange of stroke numbers

standard number of strokes
(b) Nakayosi_t

10 201 30
0

10

20

30

actual number of strokes number of character categories

0

200

400

600

Fig. 6. Range of the number of strokes

6.1 Statistical view

Figure 6 shows how the number of strokes of character
patterns deviates from the standard. For each correct
number of strokes shown on the horizontal axis, the mean
and the actual range of stroke numbers are displayed on
the vertical axis. The number of character categories for
each correct stroke count is also shown in Fig. 6.

When people write characters casually, strokes are of-
ten connected but are sometimes broken into two or more
parts. Thus, the actual number of strokes in a handwrit-
ten character pattern may be more or less than the stan-
dard. However, this range of variations is not as small
as it had been supposed until recently for on-line hand-
written character recognition. An extremely large range
of SNVs for three-stroke patterns in Fig. 6a is due to
the repeated pen-up and pen-down movements needed
to mark out the three dots in the symbol shown at the
top of Fig. 9a.

Figures 7 and 8 show more detailed analyses of the
range and frequencies of actually occurring stroke num-
bers for character patterns with a standard stroke count
between 1 and 10, and 11 or above, respectively. In these
figures, “N strokes” means that the standard character
pattern is written by N strokes in the correct way of
writing.
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1stroke
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Fig. 7. Distributions of the stroke count (1–10 strokes)

These figures show that as the correct number of
strokes becomes larger, the number of actual strokes
varies more often and more widely in the range below
the correct number, but there is a sharp decline in the
variations above the correct number. In other words,
character patterns consisting of many strokes are often
abbreviated or written by connecting successive strokes.

Table 3 shows another analysis of the stroke count
distribution. Although no constraint is placed on the
writing style, more than half of the character patterns
were written with the correct number of strokes. This
may seem surprising, but there are two possible expla-
nations for it. One is that most of the collected patterns
are embedded in a sentential context so that they in-
clude many more Kana characters consisting of a few
strokes than the complex Kanji characters. Patterns con-
sisting of a small number of strokes are more likely to be
written with the correct number of strokes. The other
factor is that many Japanese people learn calligraphy in
their childhood and continue this habit of writing charac-
ters beautifully. We have observed several people whose
handwriting is quick and yet neat. On the other hand,
when they deviate from the correct number of strokes,
it is usually in the direction of fewer strokes.

Nakayosi t shows a wider distribution than
Kuchibue d because the former includes about 1,100 JIS
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Fig. 8. Distributions of the stroke count (11–30 strokes)

Table 3. Proportion of stroke-number variations

correct decrease increase
Kuchibue d 64.90% 33.71% 1.39%
Nakayosi t 54.12% 43.71% 2.17%

second set characters whose patterns have high stroke
counts, which yields larger variations.

6.2 Categories with a large degree of SNV

We determined the smallest and the largest number
of strokes for every category in the database to find
the character categories with large SNV (stroke-number
variations). Figure 9 shows the categories with SNVs of
14 or more. The three dots symbol appears here because
some people write it by repeating the pen-down and pen-
up motions to make the dots bigger.

Most of the patterns include the radicals (subpat-
terns) shown in Fig. 10. Those radicals are often written
cursively so that we observe a large degree of SNV be-
tween neatly written and cursively written characters.

(a) Kuchibue_d

(b) Nakayosi_t

Fig. 9. Character categories written with large stroke-
number variations

(a) (b) (c) (d) (e) (f)      

Fig. 10. Radicals written with large stroke-number varia-
tions

Fig. 11. A pattern written with nine strokes

Figure 11 shows the smallest stroke count pattern
for the category with the largest SNV. When written
correctly, it is composed of 30 strokes, but the pattern
shown in Fig. 11 is written with 9 strokes.

6.3 Categories with large SNV with respect to the
standard

In the previous section, we showed some character cate-
gories with large SNVs. In this section, we will show some
categories that have large SNVs with respect to the stan-
dard. Since character patterns with correct stroke num-
bers also appear, these two categories mostly overlap.

6.3.1 Categories written with fewer strokes. Figure 12
shows character categories whose average stroke num-
bers, when actually written, are less than the standard
by three or more strokes. Many of them include the rad-
icals shown in Fig. 10a and b, and some include those
shown in Fig. 10c and d. Figure 13 shows some additional
radicals that often appear in these categories. People of-
ten write them without picking up the pen, thereby pro-
ducing cursive patterns.

On average, the character category with the largest
stroke deviation has 4.79 strokes less than the standard.
Figure 14 shows a pattern from this category written
with 4 strokes. When written correctly, it is composed
of 19 strokes.

6.3.2 Categories written with more strokes. Figure 15
shows character categories actually written in the
databases with an average of at least 0.2 strokes more
than the standard.
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(a) Kuchibue_d

(b) Nakayosi_t

Fig. 12. Categories written with fewer strokes than the stan-
dard

(g)             (h)

Fig. 13. Radicals written with large stroke-number varia-
tions

Fig. 14. A pattern written with four strokes

�

�

(a) Kuchibue_d

(b) Nakayosi_t

Fig. 15. Categories written with more strokes than the stan-
dard

These categories are (1) one-stroke characters for
which the stroke count can only increase (irregular split
of a stroke, added strokes after writing, and so on);
(2) symbols, especially those containing small dots and
Greek letters, for which people often add strokes to make
the right shape; and (3) Kanji characters containing un-
familiar radicals. For the second and third groups, these
characters are not learned in school. People do not nor-
mally write these characters, so that many people copy
the font patterns when requested to write them. Con-
sequently, several single strokes are written by two or
more strokes and additional strokes are added for shap-
ing them appropriately, with the result that the actual
number of strokes exceeds the standard.

(a) Kuchibue_d

(b) Nakayosi_t

Fig. 16. Character categories written without any stroke-
number variation

6.4 Categories written with the correct number of
strokes

Figure 16 shows character categories actually written
without any SNV in the databases. They are (1) one-
stroke characters or symbols and (2) some simple Kanji
or Kana characters not used often. The characters in
the second group are usually written carefully stroke by
stroke, as they are not familiar characters, but because
they are not very difficult to write, additional strokes
are unnecessary. On the other hand, the stroke count of
one-stroke characters/symbols can only increase. (If they
are written with a fewer number of strokes, i.e., with a
null stroke, they are detected by the verification tool as
a missing character and are written again). Because the
number of strokes is one, however, their probabilities of
stroke increase are smaller than the characters consisting
of many strokes. Therefore, their SNV are confined to a
very narrow range.

In any case, Fig. 16 shows only the result of writing
(samples) by the participants to our databases rather
than the patterns that may occur across a large popu-
lation, as the other studies show. People in general and
even the participants may write them using more than
the standard number of strokes to arrange their shapes
as discussed above. Therefore, the same character may
appear in Figs. 15a and 16b, or in Figs. 15b and 16a,
if we relax the threshold for Fig. 15. However, the same
character cannot appear in both Figs. 15a and 16a or in
both Figs. 15b and 16b since character categories from
each database are classified into either of them.1

7 Analysis of stroke-order variations

In this section, we present the result of analyzing stroke-
order variations (SOV) in on-line handwritten character
patterns stored in Kuchibue d and Nakayosi t.

7.1 Statistical view

In order to investigate SOV, we utilized our recognition
engine [6], which uses a strict stroke-order dictionary
containing a single correct stroke order for each charac-
ter based on the ideal script set and a general dictionary

1 The careful reader may find similar looking patterns
“ ” in both Figs. 15a and 16a, but they are actually differ-
ent characters. The first one in Fig. 15a is the Kanji numeral
denoting “zero”, while the second occurrence in Fig. 15a is
the letter “O”, while the occurrence in Fig. 16a is a symbol.
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if(score G - score S >= 30) then
Detect

endif
if(score S <= 800)

Detect
endif

Fig. 17. Logic for detecting suspicious patterns

where several SOVs are registered for each subpattern
and shared among character patterns.

If the recognition engine using the general dictionary
produces a certain score (score G) for an input pattern
with respect to the correct category, but using the strict
dictionary results in a lower score (score S), this implies
that the input pattern may contain SOV. Moreover, an
input pattern whose score S is less than a certain thresh-
old may also contain SOV. Figure 17 shows the logic of
detecting suspicious patterns. With the highest score of
the recognition engine being 1024, the margin at which
score G is judged to be larger than score S is set at 30
and the threshold for score S is set at 800 (we know em-
pirically that a pattern recognized with a score higher
than 800 is a correct and neat pattern with high proba-
bility).

The basic idea is to detect all such patterns and in-
spect their stroke order visually. However, the databases
are so large that visual inspection is not feasible. There-
fore, we select a few data sets (the term “data set” de-
notes a collection of patterns given by each participant)
that represent the databases and determine the ratio of
detected patterns that represents truly wrong stroke or-
der patterns. We apply the detection to all the data sets
in each database and multiply the average ratio by all
the detected patterns to estimate the total number of
patterns with SOV.

We selected the three sets in each of Kuchibue d and
Nakayosi t, respectively. They produce average recogni-
tion rates and the majority of data sets produce simi-
lar recognition rates with a small number of exceptional
data sets, so that they are expected to represent the
databases.

The result of the detection is shown in Table 4. A sig-
nificant number of Kanji characters may include SOV,
while Kana characters seem considerably more stable.
Moreover, nearly half of the symbols may include SOV.
This is reasonable since the stroke order of symbols is
not defined. Therefore, we consider SOV for Kanji char-
acters. We applied the visual inspection to the detected
Kanji characters as shown in Table 5.

In Kuchibe d, about 54% of detected Kanji patterns
have SOV, and in Nakayosi t about 49% of detected
Kanji patterns have SOV. SOV may also exist among un-
detected patterns. We applied the detection process to all
the data sets of Kuchibue d and Nakayosi t, with the re-
sult that 32% of Kanji characters in Kuchibue d and 36%
of Kanji characters in Nakayosi t were detected on aver-
age, respectively. From these numbers, we estimate that
at least 0.32 × 0.54 × 100 = 17.3% of all the Kuchibue d

Table 4. Detected patterns

(a) Kuchibue d
Data set No.(#) of detected patterns

Kanji Kana Symbols Alpha-
(#/ (#/ (#/ numerals
5,643) 5,068) 1,085) (#/166)

MDB0033 1,668 243 432 37
MDB0037 2,177 780 291 33
MDB0052 1,523 673 365 59

(b) Nakayosi t
Data set No.(#) of detected patterns

Kanji Kana Symbols Alpha-
(#/ (#/ (#/ numerals
5,799) 3,723) 816) (#/ 65)

NKY0008 1,978 289 523 12
NKY0043 1,677 299 531 15
NKY0068 2,263 184 515 11

Table 5. Verified patterns

(a) Kuchibue d
Detected Verified as Verified as

correct incorrect
stroke order stroke order

MDB0033 1,668 750 (45.0%) 918 (55.0%)
MDB0037 2,177 1,015 (46.6%) 1,162 (53.4%)
MDB0052 1,523 683 (45.0%) 840 (55.0%)
Average 1,790 817 (45.6%) 973 (54.4%)

(b) Nakayosi t
Detected Verified as Verified as

correct incorrect
stroke order stroke order

NKY0008 1,978 1,239 (62.6%) 739 (37.4%)
NKY0043 1,677 927 (55.3%) 750 (44.7%)
NKY0068 2,263 828 (36.6%) 1,435 (63.4%)
Average 1,972 998 (50.6%) 975 (49.4%)

Fig. 18. Character categories written with incorrect stroke
orders

Kanji patterns and at least 0.36 × 0.49 × 100 = 17.64%
of all the Nakayosi t Kanji patterns are written with a
nonstandard stroke order.

Figures 18 and 19 show categories written with incor-
rect stroke orders and radicals that often appear among
the incorrect stroke-order patterns, respectively. These
radicals seem to be responsible for causing SOV.
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(a) (b) (c) (d) (e)           (f)

Fig. 19. Radicals causing stroke-order variations

correct script NKY0008

Fig. 20. Incorrect stroke order caused by pattern simpilifi-
cation

correct script NKY0001

Fig. 21. Incorrect stroke order caused by uniting bracketing
radicals

Fig. 22. Neat patterns and simplified patterns for the same
character

7.2 A closer look at incorrect stroke-order patterns

As shown in Fig. 20, many people simplify the “mouth”
radical shown in Fig. 10c by a single-stroke square,
thereby changing its stroke order. Very often, pattern
simplification accompanies change in stroke order.

Figure 21 shows some radicals that are often written
by consecutive strokes as a unit, although the correct
order is to insert another radical or radicals in between,
for example in brackets.

Patterns with SNV within individual handwriting
patterns are pretty common, but those with SOV within
them are quite rare. A few exceptions are observed when
a missed stroke is added at the last stage of writing a
character pattern or when simplified patterns are used
instead of normal patterns. Figure 22 shows such an ex-
ample where after writing neatly the participant writing
the pattern has switched to a simplified form.

8 Suggestions for the design of recognizers

Although there are some differences between Kuchibue d
and Nakayosi t, they reveal many important character-
istics of handwriting.

With regard to SNV, as the number of strokes in a
character pattern increases, the range and occurrences of
the actual number of strokes made by the participants
that are less than the correct number increase, while the
range and occurrences of the actual number of strokes
that are more than the correct number drops sharply.
This fact implies that the matching algorithm should be
robust with respect to stroke connections. This fact can
also be utilized to narrow down the search space. More-
over, some radicals cause a large reduction in stroke num-
ber and deformation, so that it would be useful to allow
the system to have multiple representations for them.

The SOVs are mainly caused by common variations
and added strokes. The common variations can be reg-
istered in the character pattern dictionary. Some struc-
tural organization of the dictionary that allows sharing
of the radical variations among character patterns con-
taining that radical would make the registration more
efficient [7]. On the other hand, added strokes are not
easily treated by on-line recognizers. The best solution
would be to employ or combine off-line recognizers that
are essentially stroke-order free [11,13]. A more serious
problem in SOV is in writing symbols. Their writing
orders are not defined, so they are often written with
unusual stroke orders, which makes their on-line recog-
nition difficult. To make matters worse, they also have
large SNVs, with the actual stroke numbers being more
than the correct number. Since they have simple shapes
and not enough distinguishing features, their recognition
by off-line methods is also not easy when many symbols
must be distinguished. Moreover, there is little contex-
tual information available for symbol recognition. There-
fore, a distinct treatment might be necessary.

9 Conclusion

In this paper we described the design of on-line hand-
written Japanese character pattern databases, focusing
on software tools, method of pattern collection, and anal-
ysis of patterns. Our efforts resulted in two databases,
one with 11,962 patterns from each of 120 participants
and the other with 10,403 patterns from each of 163 par-
ticipants, with a total of over 3 million patterns. As a
matter of principle, we collected handwritten character
patterns in the context of sentences as much as possi-
ble, and we verified the collected patterns by both ma-
chine and human inspection to ensure a high reliabil-
ity of our databases. So far we have not received any
report from the users of our databases on incorrectly
tagged or missing patterns. The sentences for charac-
ter patterns were compiled from a major newspaper to
include frequently appearing characters, while less fre-
quently used characters were written one by one with-
out any sentential context. This was a practical com-
promise. The same text was used for collecting script
patterns from all the participants. The patterns were
inspected, and the participants were asked to rewrite
any omitted or incorrectly written patterns if they agree
that it was mistaken. Then we applied the same scheme
to a different text so as to include more character cate-
gories while suppressing the amount of text. Analyses of
the stored patterns were presented to show the quality
of collected patterns and to consider future research on
character recognition. They reveal that as the number
of strokes in a character pattern increases, the variabil-
ity in the number of strokes in the handwritten version
of that character increases widely, with the handwritten
pattern having fewer strokes than normal: only in 1–2%
of cases did the number of strokes in the handwritten
character exceed the normal, and that mostly for sym-
bols and unfamiliar Kanji patterns whose stroke orders
are not taught in school. Also, stroke-order variations
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are mostly caused by common habits and strokes added
after writing a character, and unusual stroke orders are
often employed for writing symbols. Although the stroke
orders for writing common sets of Kanji and Kana are
defined and standardized in Japanese education, those
for symbols are not. This makes people often employ any
writing order when writing symbols, which makes their
on-line recognition difficult when many symbols must be
distinguished.

Needless to say, the analyses presented here were
made from a certain perspective, and there remain many
other aspects for further analysis.
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