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This paper describes a two-stage classification method for (1) classification of iso-
lated characters and (2) verification of the classification result. Character proto-
types are generated using hierarchical clustering. For those prototypes known to
sometimes produce wrong classification results, a “support vector classifier” (svc)
is trained. The svc can be used to increase the confidence that a classification
is correct and furthermore decide on a classification if the confidence using the
standard method is too low. Experiments with the iUF UNIPEN database yield
94% recognition rate. In cases where both classifiers agree, the error rate is zero.

1 Introduction

In handwriting recognition, a standard approach of character classification is
to (1) find a number of character prototypes (allographs), based on a set of
distinctive features and (2) match unknown characters to the labeled allo-
graphs for classification. A wide range of techniques can be used to generate
a set of prototypes like clustering methods, nearest-neighbor methods or neu-
ral networks. Such methods have the advantage over, e.g., hidden-Markov
models or multi-layered perceptrons, in that the prototypes are visible: they
are made explicit and the classification performance of each individual proto-
type can be investigated in detail. Clustering is a well-known technique for
finding a set of prototypes. In', a novel clustering technique was described,
which obtains a set of prototypes, organized in a hierarchical structure. Each
prototype contains members of similar character shapes, and its centroid is
defined as the average of its members. Using prototypes for distance-based
nearest-centroid matching, classification performances of 86% were achieved,
where the classification errors were partly due to labeling errors and mainly
due to the confusion that certain combinations of classes introduce. The as-
pect of “zooming in” on confused character classes is further elaborated in?.
In that paper, a system is described which engages so-called intelligent agents
in case of potential confusion. Here, we describe a method of combining the
cluster-based prototype matching approach with a class-separation technique
called Support Vector Classification®*®. The method is used to (1) increase
the confidence that a classification is correct and (2) decide on a classification
if the confidence using the nearest-centroid matching is too low.
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The svc has gained much interest recently and its use for various ap-
plications has been reported in, e.g., the tutorials of Smola® and Burgess’.
Also, the publication of Joachims® may be considered, as its program code
was used here. The method introduced in this paper comprises a two-stage
classification process, comprising: 1) template matching of an unknown input
x to a set of prototypes and 2) verification of the output using support vector
classifiers. The rationale behind this approach was introduced in%. The idea
is that if the first-stage classifier is not completely certain about its classifi-
cation result, it consults the second-stage classifier for verification. To enable
such a classification scheme, the classifiers are trained as follows. From the
iUF® UNIPEN? data set, a collection of about 30K handwritten capitals was
extracted. This set was subsequently divided in two training sets and one
evaluation set. Training set A is used for the hierarchical clustering process
to determine a set of allograph prototypes, as described in'. Both training
sets A and B are subsequently used to determine which of these prototypes
yields misclassifications, or conflicts. For each of the prototypes yielding con-
flicts, one dedicated support vector classifier is trained. After training such
a classifier, it is considered an expert on solving a particular conflict. This
technique is general-purpose in the sense that for any classifier where statistics
can be gathered for cases in which the classifier makes mistakes, the second-
stage verification process can be engaged. Note that the svC has proven its
superiority compared to other classifiers for two-class separation problems’.

Both classifiers use the same feature set. As the goal of this paper is to
introduce and test the new two-stage classification process, no special efforts
are made to use enhanced features in any way. Each capital character is
spatially normalized and re-sampled to 30 (z,y,z) coordinates. The feature
vector is extended with the running angle (cos(y), sin(p)) per coordinate pair
and the angular difference (cos(Ayp), sin(Ayp)) per pair of running angles. The
number of 30 coordinates is based on the experience that a fairly complex
Western character contains 5 velocity-based strokes and that 6 coordinates
per stroke suffice for proper reconstruction!©.

This paper is organized as follows. In section 2, the hierarchical clustering
technique is explained. The UNIPEN data used for the experiments and the
resulting allograph prototypes are presented in section 3. It will be shown
that with relatively small efforts, already recognition results of 86.3% can be
achieved for a classifier using these prototypes for template matching. Section
4 introduces the svc and discusses how this technique is used to improve on
classification. The results of our experiments are discussed in section 5.

®The International Unipen Foundation can be reached via http://unipen.org.
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2 Hierarchical clustering

The clustering method used for this paper is described in! and uses cluster-

merge operations as defined by Ward!!. In traditional agglomerative hierar-
chical clustering methods, at each point in the clustering process only the two
best matching clusters are merged into one. Our technique uses an extension
to these methods in the sense that at any point in the clustering process, any
set of clusters may be merged into one new cluster. It was argued in', that in
this way a more representative hierarchical structure of the underlying data
can be found, whereas the results of traditional (binary) clustering methods
is hard to interpret!2. Similar to the binary hierarchical clustering methods,
we compute the initial distance matrix A for all instances of the data set to
be clustered. Subsequently, at any time step k, any two instances p and ¢
may be merged if the following decision criterion holds:

L A, 9)
a(p,q)

C(k)

<z (1)

Here, o(p, q) is the standard deviation of distances between the members of

the merger of p and ¢ and its centroid. The exponential criterion function
C(k) depends on the k-th processing stage and two parameters f and c. It
effectively increases the threshold value for f < 1, reducing the number of
clusters at later instances of the clustering process, where the increasingly
larger distances are not compensated by increasing o.

C(k) _ f(kfl)*c
The algorithm for our n-ary hierarchical clustering is described below:
1. Compute the distance matrix A.

2. At each step k, find all clusters p and g for which the decision criterion (1)
holds. Sort the pairs on smallest distance.

3. For each pair p,q in this list, merge them following Ward’s merge operation,
updating the entries A[p][q] and A[q][p], while checking if the distance criterion
from Eq. (1) still holds.

4. If no pairs fulfill the criterion, merge the two most similar clusters
5. Repeat steps 2, 3 and 4 until there are no more clusters to merge.

This new algorithm has been applied successfully in our department on
a number of classification problems, but in particular, it is used for finding
allograph prototypes in handwriting. Figure 1 shows a typical tree depicting
the hierarchical organization of a subset of the capitals from training set A.
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Figure 1. ree epictin hierarchical or ani ation o a su set o capitals. ach no e
in the tree epicts the avera e shape o all ata instances it contains. ach leave o
the tree correspon s with one ata instance.

NI EN and allogra h rotot es in hand riting

The UNIPEN data used for this paper originates from release

This data set is currently made available by the iUF. From this set, three
subsets were randomly selected. Set A contains 6 training samples, set
B contains another 6 instances and the evaluation set  comprises 804
instances to be used in the final evaluation phase. It is important to note
here that this data set is difficult in the sense that it is collected by various
parties, introducing a significant effect of, e.g., number of distinct writers,
writing style, pen, tablet and sampling characteristics as well as dictionary
used. The total number of writers in the data used is 1400, where each of the
three data sets contains samples of each writer.

ete in tion o llo otot es

The training set A is divided into 26 subsets, each set containing instances
from one of the 26 classes to be distinguished. Using the hierarchical cluster-
ing technique described above, for each of the subsets a number of prototypes
is determined. As explained in the previous section, three parameters ( , ¢, f)
rule the result of the hierarchical clustering process. From!, the configuration

03,¢ 30,f 0 isadopted. Prototypes are extracted interactively
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with support of a tailor-made visualization tool. Using this tool, the hierar-
chical organization of data can be made visible as depicted in figure 1 and
furthermore, some statistics of a selected node in the tree can be monitored,
such as n, the number of instances (leaves belonging to a node), , the mean
distance of all instances to the node average and o , the standard deviation
of these distances. Using the tool, the decision to use a node as prototype
was made by considering only nodes with n 20 and visual inspection by
a handwriting expert. This process can be automated by, e.g., Monte Carlo
runs based on different ¢, f,n, ,0 and optimizing on the classification
performance of a test data set. Although in our case the determination of
allograph prototypes is an interactive process, using this tool, it is possible
to perform the entire process in a couple of hours. Furthermore, this method
has the advantage that it represents an understandable hierarchical structure,
where each prototype is made explicitly visible and checked thoroughly. Table
1 lists the so-extracted number of prototypes, in total 281 for all 26 character
classes.

Table 1. Number of instances in training data and extracted number of prototypes.

A 55 13| H 35 1 O vV 2
B 331 12 |1 51 12 | P 34 14 | W 31 12
C 35 J 254 2 22
D 35 11K 21 12| R 43 13 2
E 54 13|L 413 14 |S 51 14 21
F 23 12| M 33 3| T 41 11
31 1 | N 3 11U 32

The recognition rate of a simple nearest-centroid classifier using template
matching based on these prototypesis 3.6% for the training set and 86.3% for
the (unseen) evaluation set. What is important to note here is that although
this result seems low, it was achieved for a difficult data set, with relatively
small effort, i.e., no intelligent feature extraction, no hand-crafted rule-based
decision processes and only half-a-day interactive work of determining a set of
prototypes. Furthermore, the result indicates that no over-fit on the training
data has taken place.

lo tiono et es ceb n otot es

Considering for each prototype the typical errors it yields, it is observed that
the ma or part of the conflicts have a dual nature. Typical conflicts that
appear are, e.g., A-H, U-V or I-J. One straight-forward approach for solving
these conflicts is adding new prototypes for the conflicting cases. In fact we
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have performed several experiments to explore the relation between number
of prototypes per character class and recognition result. It can be expected
that the more prototypes, the better the recognition result'®. For these ex-
periments, a set of more detailed allograph prototypes was generated in the
same way as described above, resulting in on the average 43 prototypes per
character class (1115 in total). Monte Carlo experiments by randomly select-
ing from this larger set of prototypes show that by increasing the number
of prototypes, up to 100% recognition rates can be achieved for the training
data and more than 1% for the evaluation data. By adding prototypes, the
underlying feature space is mapped in more detail on the different charac-
ter classes. As our matching method determines the nearest prototype for
an unknown input, the inter-class decision boundaries in feature space for
a prototype yielding conflicts apparently require either more prototypes for
that part of space, or a more sophisticated way for deciding between different
classes.

Su ort ector classi ers

As one of the most prominent recent developments in pattern recognition!4,
the s ot vecto cl ssi e provides an elegant way to solve exactly such
problems as encountered in the previous section. The support vector technique
is based on an idea of Vapnik for finding the optimal hyperplane separating
two classes such that it can be used as a decision boundary. Suppose such an
optimal hyperplane exists between a given set of training instances x , with
corresponding two classes y labeled as 1 and 1. et the discrimination
function f(x ) distinguish between the two classes as follows:

(2)

The so-called s o t vecto s are defined as the subset of instances for which

y f(x ) equals 1. Here, equation (2) defines the optimal hyperplane where
all coefficients 0. Training the support vector classifier constitutes the
determination of the optimal weights , where a non-zero weight identifies
a support vector. In order to find this set of weights, the following quadratic
minimization problem has to be solved:
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minimi e ()

3)

su ect to (4)

Here, represents a so-called kernel function which can be used to com-
pute arbitrarily complex decision surfaces. Threshold C' is a regularization
parameter which controls the trade-off between the complexity of the decision
function and the number of misclassified training points. In®, an algorithm is
given which solves the optimization problem while staying tractable for many
training examples. The implementation of the algorithm is public domain
and was used for the experiments described further in this paper. Using the
program, experiments can be performed with different kernel functions, like
linear, polynomial, radial basis or sigmoid functions. For all SvC used in our
experiments, a polynomial degree 2 kernel function was chosen and C' 1000.

A et note t ost ecl ssi e

In the approach described in this paper, training sets A and B are used to
determine misclassifications made by the list of prototypes trained on set A.
Now, consider each prototype p as a single classifier which sometimes makes a
mistake. enerate training samples for a dedicated support vector classifier s
for each training instance x from set B as follows. If p is the best matching
prototype for x and if the classification is correct, mark x as a positive
training sample. If the classification is not correct, mark x as a negative
training sample. In this way, for each p it is administrated whether it has
ever produced an error and if so, a corresponding support vector classifier
s is trained on the positive and negative examples. uring the two-stage
classification, if the best matching prototype is p and it ever made an error,
the corresponding SvC s is used for the second stage classification. Below,
this is referred to as “s is engaged”.

sin tes otwecto cl ssi e o wvei c tion

Consider the case where a prototype p becomes active for an instance x (p
is the best matching prototype for x ). et the corresponding correct clas-
sification be ¢ and let the classification hypothesis generated by p be

Assume that in some cases p becomes active but is not correct, i.e., p
sometimes makes an error. The corresponding support vector classifier s is
trained as described in the previous subsection. uring classification, as p
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sometimes makes mistakes, s will be engaged for any case where p becomes
active in order to verify the hypothesis  generated by p as follows. et the
decision (p ,x ) made by s be:

(Pk, )

Ideally, the decision will be 1 for ¢ and 1 in the positive case,
i.e. the case that the prototype classifier produces a correct answer.

sin tes o twecto cl ssi e o cl ssi c tion

One of our research goals was to find out whether the svC can also be used
to improve on potential classification errors made by the prototype classifier.
The following engineered classification scheme was used:

1. For each protot pe px, administrate during training which con icts occur when
pr is the est match for a gi en instance, i.e., administrate the misclassifications
made  each protot pe.

2. During classification of an unknown instance , gi en that py is the est
matching protot pe with h pothesis j and that classifier  is engaged

(a) Compute the decision ( %, )
()I (& ) 1,acknowledge
(c) Else If (&, ) 1, goto step 3
(d) Else re ect

3. If the con icts administrated during step 1) comprise onl one con icting class
, then replace j with

4. Else re ect

Note that step 2(d) represents the case where the instance x is located
at the decision boundary between  and c. Using the classification scheme
described above, for cases where the prototype classifier is certain about its
hypotheses (i.e., it never made mistakes during training), it does not engage
the second stage classifier. For cases where it is uncertain, the engaged sup-
port vector classifier not only verifies hypotheses, but may also improve on
recognition results.

Ex eri ental results

Based on the set of 281 character prototypes trained on set A, conflicts
were yielded for 236 prototypes, and for each of these, support vector
classifiers were trained. Similarly, for the extended set of 1115 prototypes,
434 support vector classifiers were trained. Table 2 below shows recognition
rates for evaluating on set  containing 804 instances:
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Table 2. ecognition rate for classifying on-line uppercase characters in % correct. The first
row shows the top-1 (and top- ) recognition results in cases where the prototype classifier
does not engage the svc. The second row shows the recognition result in cases where the
SVC improves on recognition but does not re ect any instances. In the case where the svc
is not certain, the output from the first-stage classifier is taken. The third row indicates
the zero-error performance, where results are re ected in case the SvC detects an uncertain
decision.

281, 236 1115, 434
hclus 86.3 ( 6. ) . ( .)
hclus  sve 1.1( .6) 48 ( .)
hclus - sve 82.8 82.2

From these results it can be observed that the svC improves on recognition
results considerably. Note that with 804 instances to be classified, the 1%
confidence level is about 0.5% at the level of reported recognition rates. It
should be mentioned that the result of all experiments conducted at our de-
partment show that when the svc acknowledges the prototype classifier, the
classification is correct. Considering table 2, this means that at a recognition
rate of 82% (third row), for the two-way classification process presented here,
eoe o tesare achieved.

These results support our ideas about dynamically zooming in on confus-
ing character classes, where conflicts can be solved by specialized recognizers.
Furthermore, note that also significant improvements are made for the top-5
results. Here, the SVC corrects the errors made by the “active” top-5 proto-
type matches from the first stage.

Current and future research is directed at the adaptive properties of the
system introduced here, and further elaborates on combining knowledge from
different classifiers like the approach presented in this paper.

Conclusion

In this paper, a new two-stage classification method is introduced. The
method is general-purpose in the sense that the second-stage verification us-
ing support vector classifiers can be used for any first-stage classifier if data
is available to determine cases where the classifier makes mistakes.

esults of the experiments presented here indicate that in the case where
an elaborate number of 1115 prototypes is available and in the case where a
relatively small amount of prototypes exist, the SVC has a considerable positive
effect on recognition performance. Furthermore, the experiments have shown
that for cases where both classifiers agree, a zero error rate is achieved.
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In our opinion, this technique is not “ ust” another two-stage classifier.
It shows adaptive capabilities by dynamically zooming in on difficult areas in
feature space. Furthermore, it uses a verification stage based on a powerful
technique which finds the optimal hyperplane between two categories: the
support vector classifier.
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