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Abstract. A fast word extraction technique from Japanese document
images is described. It classifies each character image not into characters
but into categories consisting of similarly shaped characters. Morpho-
logical analysis is performed on the sequence of the categories to obtain
word candidates. Detailed classification is performed on character images
that cannot be identified as single characters. Multi-template method-
ology and hierarchical classification is combined to make the classifier
accurate and fast with low dimensional vectors. As a result of the exper-
iments for the learning samples, the accuracy of classification was 99.3%
and the speed was eight times faster than traditional Japanese OCRs.
As experimental results for the test samples made from forty newspaper
articles, the classification speed is still eight times faster. The morpho-
logical analysis greatly decreased character candidates with the fact that
85% of characters were identified as single characters on the newspaper
article images.

1 Introduction

Information retrieval from large document image collections is becoming real-
istic. Fast and accurate word extraction, not character extraction, is required
to construct retrieval index. This requirement has led people to develop word
recognition techniques. Chen et al. showed a word spotting technique that uti-
lizes upper and lower contour shape of word images [1]. Reiner et al. showed
that if characters are classified into a small number of categories based on the
characters’ geometric size and position, the category sequence can be identified
as a single word or a few word candidates [2]. However, these word extraction
techniques cannot be directly applied to Japanese text because there is no word
separation. Speed and accuracy of Japanese OCRs are not sufficient to be prac-
tically used because Japanese has more than 3,000 characters, in common use,
including similarly shaped ones. In many studies, such as [3], a word dictionary
and morphological analysis are used in post-processing of Japanese OCRs. They
improve the accuracy but increase the computational cost. A few studies suggest
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that linguistic information can be used not only for improvement of accuracy
but also for reduction of computational cost. Umeda showed that, for 91% of
Japanese words, a character in a word can be chosen correctly from eight can-
didates if the other characters of the word are known [4]. Kigo showed that
anticipation of possible characters from previously recognized ones reduces the
computational cost of OCR [5]. These studies suggest that each character image
is to be matched not against all of the Japanese characters but smaller number
of characters hypothesized from linguistic information.

Being inspired by the techniques shown above, we propose a fast Japanese
word extraction technique that is suitable for constructing a word index in docu-
ment image retrieval systems which handle a large number of document images.
The processing model is briefly illustrated in fig.1, being compared with the
traditional word extraction process model using an OCR.
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Fig. 1. processing model

Japanese OCRs usually adopt multi-stage classification in order to reduce
computational cost. In this classification model, first, each character image is
segmented and is sent to the first stage classifier. The first stage classifier picks
up candidate characters which are similar to the target character image by fea-
ture matching with low dimensional feature vectors. This first stage classifica-
tion is denoted as rough classification. The consecutive stage classifiers reduce
the number of the candidates by feature matching against the candidates with
higher dimensional vectors or by applying classification techniques whose compu-
tational cost is very high. The last stage classifier picks up the best one from the
candidates. In this model, even though it uses low-dimensional feature vectors,
the rough classification has to perform the feature matching against all charac-
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ters in the character set. This process requires much computational cost because
the character set usually consists of more than 3,000 characters. Word extraction
is done by applying morphological analysis to the recognized characters.

Our model consists of three steps: classification of character images into sim-
ilarly shaped character categories (denoted as SCC s), morphological analysis
(denoted as MA) of the SCC sequence, and the detailed classification of the
images that cannot be identified as single characters. On the first step, each
segmented character image is classified into SCCs. On the second step, the MA
is performed on the sequence of SCCs. Entries in the word dictionary of the MA
are replaced by corresponding SCC representative characters beforehand. Since
the MA finds sequences of words that are linguistically correct, the number of
the character candidates for SCCs should be reduced. On the third step, char-
acter images that cannot be identified as single characters through the first two
steps are classified into one of its candidate characters with higher dimensional
feature vectors. The feature vector is matched against the candidates’ represen-
tative vectors and the best-matched character is chosen. Word candidates which
do not correspond to the identified characters are eliminated. Finally, the process
outputs word sequence extracted from the text image.

This model has some clear advantages from the viewpoint of computational
cost. First, classification into SCCs does not require high dimensional feature
vectors because similarly shaped characters are merged into SCCs already. Sec-
ond, the number of character candidates for each of the obtained SCCs can be
reduced by the MA. Since computational cost of the MA is much lower than im-
age processing, this also contributes to reduce the computational cost. Third, for
characters which are identified as single characters, not only distance calculation
but also calculation of the feature vectors can be skipped in the detailed classifi-
cation, both of which are mandatory for every character image in the traditional
OCR processing model.

In the following sections, we describe this technique in more detail. In sec-
tion 2, construction of the classifier is described. In section 3, the MA and the
detailed classification are described. Experimental results are shown in section
4 and we discuss to make this technique more robust in section 5.

2 Construction of Classifier

2.1 Construction of Similarly-Shaped Character Categories

SCCs are constructed by clustering of the character representative vectors. Each
character representative vector is calculated as an average vector of its learning
samples. We performed an agglomerative hierarchical clustering first on the rep-
resentative vectors and then performed an iterative optimization of the clusters
based on the criteria of minimum sum-of-squared-error [6].

The agglomerative hierarchical clustering is a popular clustering technique.
Initially, the process starts with clusters, each of which includes one sample to be
clustered. The cluster center is identical to the sample. In our case, the samples
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to be clustered are representative vectors of characters. Then, among all possible
pairs of the clusters, one which has the smallest distance is merged. The center
of the merged cluster is calculated as an average vector of the merged samples.
This process repeats until the number of clusters becomes the desired one. There
are several calculation methods for distance between clusters. We used Euclidean
distance between cluster centers.

The iterative optimization is performed by moving samples so that the sum of
squared distances between each sample and its cluster center is reduced. In each
iteration, the process picks up an arbitrary sample and calculates the variance of
the sum of squared distances when it is moved to another cluster. If the process
finds some moves can reduce the sum of squared distances, it moves the sample
picked up to a cluster that gives the smallest sum. This process repeats until no
move can reduce the sum of squared distances.

Fig.2 shows a part of the constructed SCCs used in our experiments. For
each constructed SCC, its representative vector is set with an average vector of
all learning samples of the characters merged into the SCC.
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Fig. 2. a part of SCCs. Each horizontal character sequence forms an SCC.

In our experiments, we used peripheral feature vector [7] in the construction
of the SCCs and the classification. The feature vector has 64 dimensions. Since
similarly shaped characters are merged into the SCCs, we assume that this low
dimensional feature vector sufficiently works for the classification into SCCs.
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2.2 Dividing Categories

Since SCCs form wider sample distribution area in the feature space than the
characters do, misclassification is more likely to occur in feature vectors locating
closely to the boundary of the distribution area. To avoid this type of misclassi-
fication, we introduced a ”multi-template method”. The objective of the method
is to improve the accuracy of the minimum distance classifier by providing mul-
tiple representative vectors for a category having a wide sample distribution.
Fig.3 shows effect of the method in the two-dimensional feature space. You can
see that misclassification caused by wide sample distributions can be improved
by providing multiple representative vectors.
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Fig. 3. effect of the multi-template method

In order to obtain multiple representative vectors, we adopt a technique pro-
posed by Omachi et al. [8]. It divides categories having a high possibility of
misclassification using principal component analysis (denoted as PCA). It ap-
proximates the boundary of the distribution area with a multi-dimensional el-
lipse whose axis directions are principal component vectors and axis lengths
are proportional to the principal component eigen values. First, extreme sam-
ples are calculated, which are hypothesized samples located on the cross points
of the ellipse and their axes. They are calculated with Eq. 1, where m is the
representative vector of the category, Φi and λi are the i − th unit principal
component vector and principal component eigen value respectively, and a is a
constant value that represents how large we assume the distribution area. Since
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it is guaranteed from the definition of PCA that there is no covariance among
the axes, if we assume the normal distribution of the samples projected on an
axis, a = 3.5 means more than 99.99% of the samples must exist between the
extreme samples. In Fig.4, the meaning of the equation is illustrated.
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Fig. 4. graphical representation of extreme samples

By examining possibility of misclassification of these extreme samples, the
category division process is performed. Its detailed algorithm is as follows:

1. For each category, calculate principal components (denoted as PC s), that
is, eigen value and eigen vectors of the covariance matrix obtained from the
samples in the category. Keep upper k PCs.

2. Calculate extreme samples for each of the PCs with the Eq. 1.
3. Perform minimum distance classification on all the extreme samples.
4. If an extreme sample is misclassified, keep its corresponding PC as misclas-
sified PC. If no sample is misclassified, end the process.

5. Select a PC that has the largest eigen value from the misclassified ones.
6. Divide the category using k-mean clustering algorithm. Choose samples that
are the nearest to the two extreme samples as initial cluster centers for the
clustering. Perform PCA on each divided category (denoted as DSCC ) and
calculate its extreme samples. Go back to step 3.

The reason upper k PCs are kept at the step 1 is that the misclassification
is more likely to occur for their extreme samples because upper PCs are located
further from the center of ellipse than the others. The reason the k-mean clus-
tering algorithm is used is that it tends to gather samples into groups, each of
which includes samples near the initial cluster centers. This tendency is useful
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because the category to be divided should separate along the direction of the PC
vector. In the case where the category to be divided has been already divided,
all samples of the corresponding SCC are gathered and are clustered again. In
this case, in addition to initial cluster centers picked up at the step 6 in the
algorithm, the representative vectors of the already divided DSCCs are used as
initial cluster centers for k-mean clustering algorithm.

2.3 Reclustering the Divided Categories

The category division process gives good accuracy but the computational cost
increases because some SCCs have multiple representative vectors. In order to
reduce the number of the distance calculations, we introduced a hierarchical
classification technique called ”ε-component method” proposed by Ito et al. [9].
Its basic idea is as follows. Clustering is performed on the DSCCs again and
their representative vectors are calculated as an average vector of all samples in
the reclustered DSCCs (denoted as RSCC s). After the reclustering, minimum
distance classification into the RSCCs is performed on all learning samples. If
misclassification occurs for a sample, the DSCC to which the sample belongs is
added to the RSCC to which the sample is misclassified. In this way, we have a
hierarchical classification dictionary consisting of the RSCCs and the DSCCs.

Fig.5 illustrates the dictionary construction process and the classification
process. In the figure, a SCC consisting of ” ” and ” ” is divided into three
DSCCs and another SCC consisting of ” ”, ” ” and ” ” is divided into
two. These DSCCs are reclustered into two RSCCs. The solid lines between
the DSCCs and the RSCCs mean that the DSCCs are merged into the RSCCs
through the clustering, and the dashed lines mean that the DSCCs are added to
the RSCCs since some samples are misclassified.

The classification is performed as follows. First, minimum distance classi-
fication of the target character image into the RSCCs is performed and then
minimum distance classification into one of the DSCCs in the best-matched
RSCC is performed again. Finally, the classifier outputs the SCC correspondent
to the best-matched DSCC.

3 Morphological Analysis and Detailed Classification

JUMAN [10], Japanese morphological analysis software, is used in our experi-
mental system. It is based on the minimum cost algorithm. The algorithm exam-
ines possible word sequences within allowed cost and outputs all the obtained
sequences. The cost is defined for each part of speech (denoted as POS ) and
every possible connection between the POSs. In order to use JUMAN in our
experimental system, we replaced all word entries in the MA dictionary with
their correspondent SCC representative characters. An arbitrary character in
each SCC is chosen for its representative character. A new field is added to the
entry to preserve the correspondent actual words. The text unit to be processed
by the MA is a part of text separated by the beginning and the end of the text,
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Fig. 5. dictionary construction process and classification process

and punctuation marks. These punctuation marks are obviously word separation
marks and they are easily extracted from images with their size and position.
After the analysis of the text unit, we get multiple word paths for the SCC
sequence. Then, the system collects character candidates for each SCC repre-
sentative character from the word candidates. Fig.6 shows an example of the
MA result. A sequence of the SCC representative characters is obtained in the
classification. The morphological analysis is performed on the SCC sequence. In
the result of the MA, the first column shows word positions in the text, the sec-
ond column shows segmented SCC sequences as words, the third column shows
actual words, and the fourth and fifth column show their POSs.

For the SCCs that cannot be identified as single characters, for example, the
third and the fourth characters of the sample text in fig.6, the detailed classifi-
cation is performed. This classifier is also implemented as a minimum distance
classifier. We used CDCD (Contour Direction Code Distribution) feature. The
feature consists of contour strengths in four directions, horizontal, vertical and
two diagonal directions in each sub-image generated by dividing the character
image into eight by eight. Thus, it forms a 256-dimensional feature vector. With
the result of the detailed classification, word candidates including incorrect char-
acters are eliminated. After the elimination, the process outputs a word sequence
with the minimum cost calculated in the MA in the remaining sequences.

4 Experimental Results

We made a character set consisting of 3,454 characters in the JIS (Japan Indus-
trial Standard) 1st level character set. We generated gray scale images scanned
from paper printed in eight fonts to make the learning samples. Each gray im-
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Fig. 6. an example of the word extraction

age and its blurred one are binarized with different thresholding values. Total
number of the learning samples is 924,077, and each character has 268 samples
on average. We constructed 1,000 and 2,000 SCCs to see their difference. For
each of them, we performed the category division process with setting 3.5 for
the constant a in the Eq.1 and 3 for k, the number of PCs to be kept. The
reclustering process was performed with different numbers of RSCCs. Sample
images of actual text were printed with fonts different from ones used for the
learning samples. Forty Nikkei newspaper articles published in 1994 were used to
make the images. The images were printed in a fixed pitch so that no character
segmentation error occurred.

First, we examined effect of the category division for accuracy improvement.
Fig.7 shows cumulative classification accuracy. It shows the classification accu-
racy into original character set, and the classification accuracy into SCCs with
and without the category division. Table 1 shows the comparison of their top
choice accuracy. As you can see, the classification accuracy into SCCs without
the category division was not so good as one into the original character set.
However, the accuracy of the classification into SCCs with the category division
were more than 99% in both of 1,000 and 2,000 SCCs. Note that the both results
are overlapped in the graph.
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Fig. 7. cumulative accuracy of the classification

Table 1. accuracy of classification for the learning samples

classification target category division accuracy(%)

original characters (3,454) - 90.7

1,000 SCCs No 83.8
Yes 99.3

2,000 SCCs No 89.4
Yes 99.3

To examine the computational cost, we measured two numbers of the distance
calculations while the learning samples are classified: Km and Kr, the maximum
number and the average number of distance calculations respectively. Fig.8 shows
the relations of the two numbers with different number of the RSCCs (denoted
as N ). Focusing on Kr, only 427 distance calculations were required at N = 200
for the 1,000 SCCs. This means that the classification was 8 times faster than the
rough classification in the OCRs that needs to perform distance calculation 3,454
times. In the 2,000 SCC case, it is performed 7.7 times faster. Km for the 1,000
SCC was 918 and Km for the 2,000 SCCs was 1,061 at N = 200. They show
that the classification was 3 times faster even in the worst case.

Table 2 shows the result of the accuracy of classification into SCCs for
characters on sample text images. The difference between the results obtained
with 1,000 and 2,000 SCCs was quite small. The best accuracy 97.6% is obtained
at N = 100 for 2,000 SCCs. If N = 100 is chosen for the best accuracy, the num-
ber of distance calculations was 399.3 for 1,000 SCCs and 396.9 for 2,000 SCCs.
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Fig. 8. the number of distance calculations with different numbers of RSCCs

They show that the classification was performed 8 times faster than the rough
classification in the OCRs.

Table 2. accuracy of classification and average number of distance calculations
for sample text images

the number of SCCs the number of accuracy of average number of
RSCCs (N) classification(%) distance calculation

1,000 50 97.3 634.1
100 97.4 399.3
200 96.7 356.0
400 97.2 474.3

2,000 50 97.5 621.3
100 97.6 396.9
200 97.4 361.1
400 97.6 485.8

Table 3 shows percentage of character images on the sample text images
that have multiple candidates and their average number of the candidates at
N = 100. If the MA is not applied, 44% of the characters have to be classified
into one out of 3.2 character in the 2,000 SCC case. Applying the MA, only 15%
of the characters have to be classified into one out of 2.8 character in the 2,000
SCC case. The similar result was seen in the 1,000 SCC case. These results show
that the MA greatly decreased character candidates.

The best accuracy of word extraction was 93.3% for the 1,000 SCC case
and 93.8% for 2,000 SCC case at N = 100. These results were obtained by
comparing the extracted words with the ones extracted with the MA from the
original text. Thus, this ground truth data may include incorrect words from
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Table 3. effect of the MA

The number of SCCs MA applied characters having average number
multiple candidates(%) of the candidates

1,000 No 67 5.0
Yes 35 3.8

2,000 No 44 3.2
Yes 15 2.8

the human interpretation standpoint. The major reason of the errors was mis-
classification into SCCs. However, even if the correct SCC sequence is obtained,
words that are not stored in the MA dictionary cannot be extracted. We did
not exclude such errors in the evaluation. Most of the undefined words were
ones consisting of Katakana characters. Katakana characters are mainly used to
represent foreign words phonetically in Japanese. Handling those words is cru-
cial because they are often used as keywords in document retrieval. In addition,
even for defined Katakana words, we observed one misinterpretation in the test
images. The word ” ”, which means ”Compaq” that is not in the dic-
tionary, was matched with two words in the dictionary, ” ” (a drinking
party) and ” ” (ivy).

5 Discussion

The difference between 1,000 and 2,000 SCCs was very small in both the ac-
curacy of classification and the computational cost. Generally, either overlaps
among the sample distribution areas or crossing classification boundary of sam-
ple distributions causes misclassification in a minimum distance classifier. The
category division process reduces the misclassification caused by the latter rea-
son. For the former reason, we suppose that characters whose sample distribu-
tions are overlapped are merged sufficiently into 2,000 SCCs and it would not be
necessary to make the number of SCCs smaller. The larger number of SCCs gives
us greater advantages in the consecutive morphological analysis and the detailed
classification because the possibility of multiple words or character candidates
is reduced.

We have some ideas to improve classification accuracy. One of the reasons of
the misclassification is that SCCs are not sufficiently divided. In the category
division process, DSCCs with a small number of samples are not further divided
because PCA cannot be applied to the categories that have the small number of
samples. If we have more samples, such categories will be divided into more and
the accuracy will become higher. Another reason is that, during the classifica-
tion, the nearest RSCC to the target character’s feature vector does not include
its nearest DSCC. In the classification dictionary construction process, DSCCs
are included in more than one RSCCs if their samples are misclassified. This
guarantees that only the learning samples are correctly classified into RSCCs.
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In order to improve the classification accuracy, DSCCs should be added to more
RSCCs. Therefore, during the dictionary construction process, the DSCC should
be added not only to the RSCC to which the sample is misclassified but also to
RSCCs whose representative vectors are located close to the misclassified RSCC.

Handling Katakana words is one of the remaining issues. To extract Katakana
words accurately, the system should identify a subsequence of the SCC that
possibly forms a Katakana word without consulting the dictionary and produce
a consistent interpretation of the text.

6 Conclusion

A fast word extraction technique from Japanese document images is proposed.
Experimental results show that the classification into SCCs is performed 8 times
faster than the rough classification in traditional OCRs with 99.3% accuracy
for the learning samples and 97.6% for the actual text images. The morpholog-
ical analysis greatly decreased character candidates with the fact that 85% of
characters on the sample text images were identified as single characters on the
newspaper article images. Future works include improvement of the accuracy of
classification, and handling of undefined words, in particular, Katakana words.
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