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Abstract

learning the standard pattern and of flexible matching [14].
This paper describes mainly the recognition stage with the
improvements made after the report.

The purpose of this study is to develop a flexible matching method for recognizing handwritten numerals based on
the statistics of shapes and structures learned from learning samples. In the recognition method we reported before,
there were problems in matching of the feature points and
evaluation of matching. To solve them, we propose a new
matching method supplementing contour orientations with
convex/concave information and a new evaluation method
considering the structure of strokes.
With these improvements the recognition rate rose to
96.0% from the earlier figure 91.9%. We also made a recognition experiment on samples from the ETL-1 database and
obtained the recognition rate 95.2%.

2. Overview of the recognition system
A schematic diagram of the recognition system proposed
is illustrated in Figure 1. The system consists of two parts,
each dealing with the learning stage and the recognition
stage. In the learning stage it learns the standard patterns
and their ranges of variations from the given set of learning
samples. We obtain standard line patterns for each subcategory of ten numeral categories, augmented by statistics of
constituting strokes. This stage is briefly explained in the
next section.
In the recognition stage it recognizes input unknown
characters by matching them with the elastically deformable standard patterns. Recognition is performed in

1. Introduction
In off-line recognition of handwritten characters statistical or neural network methods based on various features extracted from input characters are widely used[1][2]. On the
other hand, humans are supposed to recognize characters
based on not such features but structures of characters. In
this sense the current main stream of character recognition
may differ from the way of human character understanding
and recognition.
An alternative way of machine character recognition
is structural approach[3][4][5][6], especially matching an
input character elastically to standard patterns, or vice
versa[7][8][9][10]. Character recognition or shape learning using deformable templates is also a closely related
attempt[11][12][13]. Recognition by elastic matching compares the shapes and structures themselves between the input character and the standard pattern; thus it would be
closer to the way of human recognition than feature extraction/statistical classification approach is.
We have reported our earlier work with the methods of
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two substages, that is, matching of each standard pattern
with the input character by deforming the standard pattern, and measurement of how well those two are matched.
Deformation is done by using the orientations of contours
in the input and of lines in the standard. After deformation converges, the standard line pattern is dilated into the
(thick) input character and the extent of matching is evaluated based on the strain in deformation and the similarity
between the input and the dilated after deformed standard.
The recognition stage will be described in detail in Sections
4 and 5.

fective length are adopted as the statistics for each stroke.
The vector connecting end points of two strokes, difference
of stroke orientations, and the relative position of the crossing point of two strokes are adopted for the statistics describing relations of strokes. The definition of these features
are in [14].
Standard patterns are then constructed from the modes
(most frequent values) of these statistics. They are composed of several strokes, accompanied with their statistics
(Figure 3).

3. Method of learning the standard patterns
Construction of standard patterns is performed category
by category. An outline of our method of learning the standard patterns is shown in Figure 2. Standard patterns, which
describe the structure of a particular numeral character, are
formed by line patterns of width one. In general it is necessary to provide more than one standard patterns per category because of difference of the structures. Accordingly
we classify the learning samples of a category into several
subcategories based on their structures and learn the ranges
of variations in each subcategory.
Each learning sample is first converted into its skeleton
and then compared with the reference models. It is classified into the subset corresponding to the best matched reference model. After all learning samples are processed, samples corresponding to the same reference model constitute
a cluster in Figure 2. Finally the statistics of variations are
calculated within each cluster and the standard patterns are
constructed.
Statistics are calculated for strokes composing characters
as well as the spatial relations between two strokes. Here
strokes are defined as the line sections partitioned by end
points, corners, branching points, and crossing points. Orientation, relative effective length, and ratio of height to ef㪣㪼㪸㫉㫅㫀㫅㪾㩷㫊㪸㫄㫇㫃㪼㫊
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Figure 3. Derived standard patterns

4. Overall process of recognition
We describe here the overall process of recognition
briefly, leaving the details in the next section.
Recognition is made by deforming every standard pattern to match with the input character as much as possible.
Though standard patterns are line patterns, the input character is not thinned and dealt with as it is. The movement
~int to keep its
of the standard pattern is driven by a force F
~image to bring closer
original shape and by the other force F
~int is determined by
to the input character (see Figure 4). F
the statistics learned in the learning phase. The details of
deforming the standard pattern are in [14].
Such a movement is iterated and terminates when the
standard pattern makes no more move, that is, gets into an
equilibrium. When the standard pattern stops moving, the
part of the standard pattern within the input character is dilated to fill the input character.
The cost of matching is then calculated based on both
how heavily the standard pattern is deformed and how well
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the dilated standard pattern matches with the input. Then
the standard pattern matched the input with the minimum
cost is identified, and its category is chosen as the category
which the input character belongs to.
(a) convex

5. Improvements in the recognition stage
In our earlier paper, there were two main problems in the
recognition stage. These two problems and the improvements of recognition method to solve them will be described
in the following subsections.

Matching
(a)

(b)

Figure 5. An example of failure in matching
(a) and its improvement (b)

Figure 6. Orientations around the crossing
point and the end point of the input character

(c) normal

Figure 7. Orientations with convex/concave
attribute
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5.1. Matching of the feather points
Deformation of the standard pattern was done by using
the orientations of contours in the input and of lines in the
standard. However, a feature point of the standard pattern
sometimes failed in catching that of the input character. An
example of failure is shown in Figure 5(a). In this case, the
reason of failure in catching the crossing point is because
the contours around the crossing point and around an end
point of the input character have similar orientations (Figure 6). Thus the crossing point on the standard pattern was
pulled from both the crossing point and the end point of the
input character and located finally almost midway between
them. The crossing and branching points often fail to match
correctly in this reason.
In order to solve this problem, we supplement orientations with convex/concave information of the contour of the

(b) concave

Figure 8. Orientations with convex/concave
attributes on the standard pattern
input character (as in Figure 7) for matching of the feature
points, such as corner points, branching points, and crossing points. The feature points on the standard pattern also
have orientations with a convex/concave attribute (Figure
8). These points are pulled only from the contour points of
the input character having the normal of a similar orientation and the same convex/concave attribute. For example,
the contour points around the crossing point are surely concave. Therefore, discrimination of convex/concave contour
points will improve the matching process so that the crossing point on the standard pattern is pulled only from the
contour points of the input character having the normal of a
similar orientation and the same convex/concave attribute.
A result of improvement is shown in Figure 5(b).

5.2. Evaluation of matching
In the previous report, evaluation of how well the deformed standard pattern and the input character coincide
with each other is done by thickening the standard pattern
with the average width of input and measuring both the distance from the thickened standard pattern to the input character and the distance vice versa. However, this evaluation
method may fail to measure the difference correctly. Because this method evaluates only the shape of the thickened
deformed standard pattern, the cost becomes small if its
shape is similar to the shape of the input character. In other
words, if an incorrect standard pattern is deformed close in
shape to the input pattern, this evaluation method mistakes.
Therefore, it is necessary to consider the structure of the
standard pattern in evaluation of matching. We improve the
evaluation method so that it takes account of the structure
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of the strokes. After deforming the standard pattern, we
dilate it stroke by stroke inside the input character until it
coincides the input. Then the result of dilation is used for
evaluation of matching. The dilation and the evaluation will
be described in the following two subsections.

5.3. Dilation of the deformed standard pattern
In order to measure how well the standard pattern R deformed by flexible matching coincides with the input character, considering the correspondences of strokes between
them, the strokes of the standard pattern lying inside of the
input character are dilated until they fill the whole input
character (Figure 9).
We would like to check which stroke of the standard pattern is dilated into which part of the input character. For
this purpose, a different label is assigned for every stroke of
the standard pattern. These labels of strokes are spread synchronized with distance transform from the standard pattern.
In this study we utilize an unisotropic dilation. For this
purpose, orientation attributes are set on both the standard
pattern and the input character. They are one of the followings: horizontal(—), vertical ( j ), and two diagonals( / and
n ). The orientation attributes on the strokes of the standard
pattern are given for every line segment between its points
on the standard pattern (Figure 10(a)).
The orientation attributes on the input character are given
in two processes. First, one of four kinds of the orientation
attribute is allotted to each pixel on the contour of input
character using the contour orientation. Next, the orientation attributes on the contour are propagated into the interior
synchronized with 3-4 distance transform (Figure 10(b)).
By using these two kinds of orientation attributes, dilation processing is controlled. The dilation is fast, where
the orientation attribute of the standard pattern is the same
as that of the input character. The dilation is slow, if the
two orientation attributes are different. With this technique,
the structures of the input character and the standard pattern
tend to match appropriately. The speed control of dilation
is realized by switching among 3-4, 5-7, and 7-10 distance
transforms.
㪪㫋㪸㫅㪻㪸㫉㪻㩷㫇㪸㫋㫋㪼㫉㫅

㪚㫆㫅㫋㫆㫌㫉㩷㫆㪽㩷㫀㫅㫇㫌㫋㩷㪺㪿㪸㫉㪸㪺㫋㪼㫉

㪟

㪟

㪟
㪟

㪩

㪣

㪩
㪟

㪩

㪭

*JQTK\QPVCN
8XGTVKECNQT
4
.

㪟㫆㫉㫀㫑㫆㫅㫋㪸㫃
㪭㪼㫉㫋㫀㪺㪸㫃
㩷㩷㩷㪆

㪟

(a)

(b)

Figure 10. Orientation attributes on a standard pattern (a) and an input character (b)

5.4. New evaluation method
The cost of matching for evaluation is also changed reflecting the improvement described so far. It is calculated
using the following three functions.

 Strain of the deformed standard pattern: E (R)
 Cost of dilation: D(R)
 Correspondence between the strokes after dilation: C (R)

E (R) is the internal energy E (R 0 ) which the standard
pattern R has in its deformed shape R 0 . If it matches the input character with small deformation, then E (R 0) is small.
Cost of dilation D(R) is evaluated in three terms. The
first is the sum Dist(R) of each pixel got by the distance
transform in the unisotropic dilation; the second is the sum
Del(R) of distances from the pixels of the standard pattern
outside of the input character to the nearest pixel of the input
character. If the standard pattern matches the input appropriately, then Dist(R) and Del(R) should be small. Moreover, for it is desirable that the distance values in each stroke
are uniform, their standard deviation (R) is also added.
D(R) is defined as the weighted sum of these three terms:
D(R) = wdi Dist(R) + wde Del(R) + ws(R)

Correspondence between strokes C (R) is evaluated in
two terms. One is the connection relation of the strokes
after dilation, the other is correspondence of the strokes between the standard pattern and the input. If a stroke connection relation of the dilated standard differs from that of its
original, a penalty P (R) is given to C (R). If the correspondence of the strokes between the standard and the input is
one-to-many, another penalty L(R) is given. Then, C (R) is
defined as:

C (R) = wp P (R) + wl L(R)

Figure 9. Dilation of the deformed standard
pattern

(1)

(2)

where wp ; wl are the weights to be determined empirically.
From those three functions described above, the final
cost function Cost(R) for matching is

Cost(R) = we E (R) + D(R) + C (R)
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(3)

where we as well as all the other weights were determined
through a preliminary experiment.
The standard pattern for which this cost becomes the
minimum is chosen as the recognition result for the input
character.
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We implemented the improvements described in the previous section. We also relearned the standard patterns and
their statistics using 5116 samples collected from the IPTP
handwritten ZIP code database [15] in total.
We made recognition experiments in order to check
whether our improvements work well. First we tested on
samples of 3000 characters, 300 per category chosen from
the IPTP database but not used in the learning. We did not
allow rejections. The recognition rate improved from 91.9%
in our former report [14] to 96.0%.
We also tested on ETL-1 handwritten character
database[16] with the standard patterns and their statistics
learned from IPTP database as stated above. The result of
experiments is summarized in Table 1.
Average recognition time per character was 5.6sec by
using DELL Dimension 4500C computer (Pentium IV
2.2GHz used).
From these results we see the improvements are effective. Especially, the fact that for the unlearned ETL-1
database the recognition rate dropped only 0.8% shows adequacy of our learning method.
The recognition rate is still low for practical use, however, suggesting that we look into the causes of the misclassfications and make further improvements.

7. Conclusion and further studies
We improved our earlier method of recognition of handwritten numerals in two points and obtained better recognition results. Further studies needed is mainly in four points:
1. Possibility of using the dilation processing not only in
matching evaluation but in deformation of the standard
pattern.
2. The energy function derived from the stroke statistics,
and consequently, the forces to deform the standard
pattern.
3. An examination on the stroke features for more suitable standard patterns.
4. Test on other character databases.
Table 1. Result of recognition experiments
#samples #correct #error correct rate
IPTP
3000
2880
120
96.0%
ETL-1
10000
9518
482
95.2%
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