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Sophigticated hylrid schemes of the homogeneous and heterogeneous classfiers for cursive word
reagrition are presented. Two hanogeneous ML Ps (multi-layer perceptrons) are cmbined into
anew single powerful classfier at the architedural level, and HMM (hidden Markov modd) is
added to the new classfier as a heterogeneous ore at the output level. This is based onthe idea
that classfiers with more different methoddogies and different features can better complement
each aher. The presented scheme achieves aremgntionrate of 92.7% for English legal words of
a CENPARMI database, a performance which is better than several previous hybrid schemes
reported in the literature.

1 Introduction

The recognition of cursive words has been studied for several decades, and during
this period many classfiers have been developed"”’. However none of them can
achieve satisfactory performance when dealing with completely unconstrained
cursive words. Recently several approaches called “combination of multiple
classfiers’ have shown quite promising resultsin handwriti ng reagniti on*>®.

In general, homogeneous classfiers are mnsidered such as those having the
same dassfication methodology but different feature vedors, i.e. multi ple modular
NNs (neural networks), and heterogeneous classfiers are mnsidered such that each
clasdfier uses a different clasdfication methodology, i.e. NN and HMM. The
homogeneous classfiers auch as NNs can be implemented in threedifferent ways:
(1) alarge scale single NN, (2) a hybrid of the multiple modular NNs at the output
level®, so called “loasely coupled”, and (3) a fusion of multiple NNs at architedural
level*®, so called “tightly coupled”. The heterogeneous classfiers sich as NN and
HMM can also be implemented in two different ways: (1) a hybrid at the output
level®, and (2) a fusion at architedural level®. All the abowve dforts are direded to
overcome the limitations of asingle dassfier.

In this paper, sophisticated hybrid schemes of the homogeneous and
heterogeneous classdfiers for cursive word reagnition are presented. At first, two
homogeneous MLPs are implemented and combined into a new single MLP
clasdfier at the architedural level so called “fusion of two clasdfiers’. Next, HMM
is implemented and combined with the new MLP as a heterogeneous one. In the

433

In: L.R.B. Schomaker and L.G. Vuurpijl (Eds.), Proceedings of the Seventh International Workshop on Frontiers in Handwriting Recognition,
September 11-13 2000, Amsterdam, ISBN 90-76942-01-3, Nijmegen: International Unipen Foundation, pp 433-442



combining step, we introduced a new probability measure for the hybrid classfiers
as well as conventional combining schemes. As a result of combination a new
parameter for evaluating the ratio o improvement of the performance is also
defined. To verify the feasibility of the presented methodology, experiments were
conducted using the English legal word database of CENPARMI.

2 Implementation of MLPs, homogeneous classifiers

One of the most frequently used neural networks in the pattern reagnition field is
MLP. The performance of MLP is largely dependent on the input features as well
asitstopology.

2.1 Feature exraction for MLPs

The five basic features of MLPs for cursive word reaognition are derived from
binary image and contour image as $own in Fig. 1. They are defined as foll ows:
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Figure 1. Variousfeature extraction schemesfor MLP input.
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1. Mesh feature: The number of black pixes in each of the sub-divided local
regions of the binary image as own in Fig. 1 (a).

2. Chain feature: The number of same diredional pixelsin each of the sub-divide
local regions of the antour image as $own in Fig. 1 (b). In general, four or
eight diredions can be mnsidered.

3. Crossng feature: The number of times the strokes are cossed by projedion
lines which are defined as equally spaced horizontal and vertical lines as
shown in Fig. 1 (c).

4. Distancefeature: The distance from minimum boundary redangle of the word
tothefirst black pixd of the word image as srown in Fig. 1 (d).

5. Gradient feature®: The number of pixels that have the same gradient angle in
each of sub-divided local region of the binary image as s1own in Fig. 1 (a). In
general, 4, 8 or 12 partitions of 360° can be mnsidered.

2.2 Implementation d MLPs

After extracting the abowe features, we @n implement MLPs in three different
ways, i.e. (1) implementation of a large single MLP, (2) implementation of
multiple MLPs, and combination at output level, and (3) implementation of
multiple MLPs and fusion at the architecural level.

In Fig. 2, three ekamples of MLP implementation for two input feature sets are
shown. In the hybrid scheme as down in Fig. 2(b), two separate MLPs are
implemented by using each input feature set, and the outputs of each MLP are
combined according to various combination schemes. Meanwhile, in the fusion
scheme as $own in Fig. 2(c), two separate MLPs are also implemented by using
each input feature set. The fusion is made such that a new MLP isimplemented by
using the outputs of the neuronsin two hidden layers as new input features.

select output by several
combination schemes

e

[ outputs | [ outputs |

[ Input se

(a) single (b) hybrid (c) fusion

[ Inputset1+set2 |

Figure 2. Threeimplementation schemes of MLPsfor two input feature sets.
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3 Implementation of HM M, heter ogeneous classifier

Our strategy of HMM classfier design is that it should operate rather differently
from MLP to increase the cmmplementary capability of the hybrid classfier.

3.1. Pseudotemporal sequences

We design an explicit segmentation scheme for cursive words to oltain a pseudo
temporal sequence i.e. a feature vedor for HMM. The stable and robust pseudo
temporal sequences can be extracted from a series of graphemes of the segmented
cursive word. Grapheme is a segmented part of a word, which lodks like a
character but sometimes not an actual character. The basic rules behind of the
segmentation are that individual characters in a cursive word are mwnneded by
ligatures and most ligatures include a local down or up hill. However exceptional
cases of the rules lead to ower- or under-segmentations, so we have mnsidered
more aiteria to okdain more predse segmentation results. Nevertheless due to the
irreguar shapes of cursive words, it is difficult to oltain perfed segmentation
results. So even sophisticated segmentation algorithms can aso produce over- or
under-segmentations frequently. We will discuss the solutions of this problem
further in the dassfier implementation step.

3.2. Topdogy of HMM clasdfier

The segmentation process produces veral cascaded graphemes that may
include over- or under-segmentations of the arsive word. So we implement a
segmentation based HMM classfier to represent these graphemes as sown in Fig.
3. This topology can solve the over- or under-segmentation problems. In Fig. 1,
single state transition a; represents a single grapheme and three @scaded states
represent a single dharacter. During the state transitions, we @n observe the output
probability b; (o) of the given observation symbd sequence O . Each character
has three states S and three different state transition paths to represent over-,
exact- and under-segmentations.

Figure 3. Segmentation kased grapheme level hidden Markov modd.
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During the null transition a; , the output symbad probability is not observed since
anull transition represents “letter skip” due to under-segmentation. So on the way
of state transition along the fixed single transition path, if the null transtion is
included, the observation time is not increased while the state is changed to the
next one.

3.3. Training d HMM clasdfier

In the training step, the parameter re-estimation procedures are performed over the
entire HMM A, of each word classi in such a way to maximize the posterior
probability P(O|A;). However the alculation of posterior probability entails a
very high computational complexity. So we @n use dficient methods such as the
well-known forward-backward procedures to calculate the probability. Detailed
procedures of HMM parameter re-estimation are well presented in Rabiner’s
study’. Here, we attempt to describe only the lculation methods of the forward
and backward variables for the presented HMM topol ogy.

The forward variable a, (i) denotes the probability of the partial observation
sequence O,0,..0O, until timet, and the state s; at time't, given hidden Markov
model A .

We @n derive a (i) of the presented HMM clasdfier inductively as foll ows:

(1) = 3 [ay 11{0] (O lavs()+2ly a )] ®

where p denotes the number of observation symbd sequences. Similarly we @an
consider a backward variable S, (i) that isthe probability of the partial observation
sequence Oy,;0;,,0;,5..Or from t+1 to the end, given the state S, at timet and
the HMM A. We @n caculate B;(i) in the same procedure of the forward
variable as foll ows:

CORMCRICHCOEMOR Y @

In the @culation of the forward and backward variables, the state transitions
are heading to the time incremental diredion. However in the null transitions,
there are no time increments. The forward and backward variables are &l culated
inductively according to the state transitions. We @n calculate a posterior
probability as well as re-estimated parameters according to the mnventional ways’
using the abowe forward and backward variables.
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4  Combining homogeneous and heter ogeneous classifiers

First we cmbined two homogeneous clasdfiers, MLPs, and the heterogeneous
clasdfier, HMM, next. Before that, each output of HMM and MLP has been
normalized to oltain equal level measurement values. Let W ={1,2,3,...V} denote
a set of word classes, O and F dencte an observation symbd vedor and a feature
vedor of the unknown pattern to be dassfied respedively.

A conditional probability P(O|A, ) of each HMM A, given symbd vedor O
is normalized over al classes. Meanwhile each class output of MLP can be
represented as a probability value by normalizaion of its output. Let f(n,,F)
denote an output of neuron n, asciated with classv given feature vedor F of
classfier i. A posterior probability P(ny, |F;) of each neuron n, given feature
vedor F can be ohtained by normalizaion of output f(n,,F;)over al classs.
Thereafter we @n derive several combination rules based on two probabiliti es
P(O]Ay) and P(ny |Fj) of each classv to calculate a new class probability
P(C, |O,F,,F,,....Fy ) of the hybrid classfier C, where M denotes the number of
homogeneous classfiers, MLPs.

Three @mbination schemes have been considered such as conventional voting,
LCA* (linear confidence accumulation) introduced at CENPARMI and new
multi pli cation methods.

4.1 Maximum Sating
Given the probabilities P(O |A,) and P(n, |F;) of HMM and MLPs respedively,
the maximum among the probabiliti es can be derived as a new probability of the
hybrid classfier as foll ows:

P(C\|0O,Fy,Fy,...Fy) =max[P(O | A,), max P(n, |F;)] ©)
Given word classes W ={1,2,3,...V}, thefina dedsion is made such as

v’ =argmaxPy (C,|O,F;,F,,....Fy) (4)
viow

4.2 Linear Confidence Accumulation

Acocording to the LCA method*, a new probability of each classis derived with
weighting coefficient, namely.

M
P(CVIO,Fy,Fy, P ) = Wo % P(Ol/\v)"'zl w; x P(ny |F;) ©)
1=
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The weighting factors w; can be defined acocording to the performance of each
clasdfier. Thefinal dedsion is madein the same way as sown in equation (4).

4.3 Weighted Multiplication

We defined a new probability of each class based on the multiplication of the
probabiliti es with weighting factors such as

P(CLIO,Fy,Fovnn Py ) = POIA) " X[ P(n, IF,)" ©)
i=1

The weighting factors w; can be defined in the same manner as the LCA method.
Thefinal dedsion of this method can also be obtained using equation (4).

5 Experimental results

To verify the presented approach, experiments were arried out on the legal word
databases of CENPARMI. The database has been created from 2,500 handwritten
chedks written in English. The number of writers is estimated to be dose to 800
Wetrained 5223words and tested 2,482words for 32-classlegal word reagniti on.
Some example legal word images used in these experiments are shown in Fig. 4.

Figure 4. Segmented and tagged legal word samples used in experiments.

In the first experiment, homogeneous classfiers are implemented as sown in
Fig. 2. For feature set 1, 120 features are extracted such as 48 mesh features (12
horizontal and four vertical divisions), 40 chain features (10 horizontal divisions
and four diredions per each division), 17 crossng features and 15 dstancefeatures.
On the other hand, for feature set 2, 120 gadient features are extracted (10
horizontal and three vertical divisions, and 4 gadient bins per each division).
Table 1 shows the simulation results of various implementation methods
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Table 1. The performances of ML Psfor legal word recogntion

Classfier types Reaogniti on Improvement
MLPA (120- 60-32) 85.1% -
MLP B (120- 60-32) 83.5% -
MLP C (240-120-32): Large scale 86.0% -

. (1) Max 86.2% 1.2%
Hybrid of

(2) LCA 86.5% 1.6%

MLPAadMLPB "o\ iply 87.1% 2.3%
Fusion of MLP A and MLP B (120-80-32) 87.9% 3.3%

In Table 1, threeconcatenated numbers, for instance 120-60-32, denote the number
of neurons in input, hidden and output layers of MLP respedively. The
“Improvement” is the ratio o improvement of the performance as a result of
combination and defined as

Pc —max P,
Improvemen= Te TMa% 7 x100 )
max R

where P, denotes the recognition rate of combined clasdfiers and P, denotes the
recognition rate of clasdfier i before @mbinations. Though the “weighted
multi pli cation” method produced better results than the other two hybrid methods,
the fusion of two classfiers $ows the best performance among them with 87.9%
recgnition rate and 33% improvement rate where 3.3% is derived from
P. =87.9and max P =85.1.

In the next experiment, HMM classfier is implemented and combined with
MLPs as a heterogeneous clasdfier. The performanceis siown in Table 2.

Table 2. The performances of MLP and HMM combinations for legal word recogrition

Classfier types Reaognition | Improvements
HMMs 82.0% -
Hybrid HMM and MLP C by Multiply 90.1% 4.8%
. (1) Max 88.3% 2.4%
gggﬁvﬁ\; MLPA, MLPB =51 ca 89.6% 3.6%
(3) Multiply 92.2% 5.9%
Hybrid an HMM and a fusion MLP hy M ultiply 92.7% 5.4%

In Table 2, although the performance of HMM clasdfier islower than two modular
clasdfier MLP A and MLP B, the combination results with HMM and MLPs are
guite encouraging since the performance improvement rates are better than the
previous smulation. These results lead us to conclude that the combination of
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heterogeneous classfiers gives better complementary ability than the combination
of homogeneous classfiers. Espedally, the hybrid combination of an HMM and a
fusion clasdfier of two MLPs $how 92.7% reagnition rates and 5.4% performance
improvement rate. The value 5.4% is derived from P =927 and max, B =87.9.
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Figure 5. Regrition performanceof each class

Reaognition ratio o each legal word classis iown in Fig. 5. The distinct
words auch as “hundreds’, ‘thousand”, “dollars’ and “only” have higher
performance since these words did not confuse with others.

6 Conclusion

We have shown the dficiency of the presented combining schemes of HMM and
MLP for cursive word reaognition. To maximize the cmplementary capability, an
HMM has been implemented as a heterogeneous clasdfier against two
homogeneous classfiers of MLPs. The “weighted multiplication” combining
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method produced a higher performance than other methods, and a combination of
heterogeneous classfiers revealed better complementary ability than a combination
of homogeneous clasdfiers.

We estimate that the recognition rate of 92.7% for 32 cursive word classes with
unconstrained database is probably the highest performance among those ever
reported in the literature on English legal word reaogniti on.
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