
And by resuming again our interpolation technique, we
finally obtain the following results (Table 8).

The improvements shown in Table 8 are equivalent to an
error rate reduction of 11.1%, 11.9% and 5.1% for lexicon
sizes of 10, 100 and 1000 respectively. Table 7 shows that
the context-dependent upper-case letter model does not
improve the model described in section 3.2 if we drop the
interpolation technique. This is explained by the fact that
upper-case letters that trained the corresponding models
previously are now distributed over the two kinds of con-
text-dependent upper-case letter models considered in this
new modeling. Therefore, the improvement in the accu-
racy of the new model is balanced by the diminution of the
samples to train the parameters of the new models. This
also explains the superiority of the interpolation technique
over the new model (Table 8) for which more parameters
were not reliably estimated than that in section 3.2.

4. Conclusion and future work

We presented in this paper the latest developments carried
out to enhance the performance of our word recognition
system. In summary, the overall recognition rate improve-
ments are 0.3%, 1.3% and 2.6%, leading to error rate
reductions of 27.3%, 26.0% and 19.0% for lexicon sizes of
10, 100 and 1000 respectively. This is a significant
improvement given that only the modeling aspect was
investigated. To complete this study, we are currently test-
ing other approaches to find out the limits of our system by
insisting on the modeling aspect. For instance, we are
developing a new letter model to characterize the depend-
ence between the left and right segments of an overseg-
mented letter into two segments by allowing in this model
several over-segmentation paths, thus overcoming implic-
itly the assumption of independency between observations
in an HMM.
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Lexicon 10 100 1000

RR(1) 99.0 96.0 87.7

Table 7. Performances obtained with the context-
dependent upper-case letter model

Lexicon 10 100 1000

RR(1) 99.2 96.3 88.9

Table 8. Performances obtained with the definitive
interpolated model



data, we must consider a learning database different from
that used for training modelsM1 andM2. In our experi-
ments, we used theBaum-Welch algorithm to train theλ
parameters on a set of 4000 images. The interpolated
model was then tested on the same test set as before. The
results obtained are given in Table 4.

We see that the interpolated model improves the recogni-
tion rate by 0.1%, 0.4% and 1.3%, leading to an error rate
reduction of 9.0%, 8.0% and 9.5% for lexicon sizes of 10,
100 and 1000 respectively. This is a significant improve-
ment if we keep in mind that this interpolation technique
mostly attends to more reliably estimate the parameters
related to events that are not frequently seen and therefore
the improvement only relies on a relatively small set of
samples of the test set in which these events appear.

3.2.  Improvement of the character model

As pointed out before, one of the error sources in our pre-
vious model is the splitting of a letter into 3 pieces. Even
though this phenomenon is rather rare, it can cause a delay
in the matching between the observation sequence
extracted from a word image and the associated sequence
of states. This likely leads to a misrecognition of the given
word. Therefore, we have modified the character model
architecture to allow it to model the splitting of a letter up
to 3 segments (Figure 5).

Transitionst58 and t56, emitting null symbols, represent
the probability of segmenting a letter into 2 or 3 pieces
respectively. However, given that the latter phenomenon is
rare, the associated parameters are likely to be not reliably
estimated due to the lack of training samples that exhibit
the desired events. The solution to this problem is to call
for the “tied states” principle [3] by sharing the transitions
involved in this new modeling (t56, t58, t67, t78) over all
character models. Nevertheless, this procedure is not car-

ried out when we are dealing with lettersW, m et w for
which the probability of segmentation into 3 segments is
high and therefore there are enough samples to train sepa-
rately the parameters corresponding to the third segment
for each of these letters. According to this scheme, we

trained the new model (M1
3) on the same learning set as

before using the Baum-Welch algorithm. The results
obtained on the same test set are given in Table 5.

By resuming the interpolation technique of section 3.1, we
obtain the following results (Table 6).

3.3.  Context-dependent upper-case letter models

In speech recognition, the incorporation of context-
dependentphoneme models such astriphones [4] have led
to high performance recognition systems. This modeling
was motivated by the high variability in the pronunciation
of a phoneme depending on its left and right contexts and
also by the availability of huge amount of training samples
to reliably estimate the highly increased number of param-
eters. In handwritten word recognition, the effect of left
and right contexts for a given character seems to be less
important than in speech and we seldom have very large
databases. However, it is clear that upper-case letters show
different shapes according to the context related to the
writing style: upper-case words or cursive words begin-
ning with an upper-case letter. Moreover, in our approach,
even if the shape of the letter does not change, the features
that are extracted from it can be very different since they
are based on global features such as ascenders which
strongly depend on the writing style by way of the writing
baselines. We also add the fact that the first letter in upper-
case words often has a larger size compared with the other
letters and hence an ascender is likely to be detected for
this first letter. These three remarks have led us to consider
a different model for an upper-case letter depending on its
position in the word: first position (whether in an upper-
case, mixed or cursive word) or a different position in an
upper-case word. The results with this new modeling,
when using the same learning and test databases, are
reported in Table 7.

Lexicon 10 100 1000

RR(1) 99.0 95.4 87.6

Table 4. Performances obtained with the interpolated
model
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Table 5. Results obtained with modelM3
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Table 6. Performances obtained with the interpolated
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eter estimation is obtained by using a third HMM that may
be viewed as an interpolation of the first two. In our

approach, the new model (which we will refer to asM2
2 to

designate the second model taking into account up to 2

segments per character, the first one beingM1
2) is not

obtainedvia the principle of the tied states but thanks to
another concept. As we showed before, each observation
emitted along a transition related to a shape is a combina-
tion of two observations corresponding to our two feature
sets. We can consider a new model in which the two obser-
vations are assumed to be statistically independent, while

keeping the same structure. In this case, ifok
1 and ok

2

respectively stand for thekth symbol in the first and second
symbol alphabets, the probability of emitting the pair of

observations (ok
1,ok

2) while a transitiontij  is occurring is:

Note that we do not need any learning phase to train the
new parameters. Indeed, we can directly compute them
from the first model parameters, using:

N1 andN2 are respectively the size of the first and second
alphabets. When tested on the same test set used before,
this model leads to the following results (Table 2).

We see that we obtain almost the same results as those
obtained with the first model. In fact, it is clear that the
new model is less precise than the first one, since it does
not take advantage of the redundancy brought by the
dependency between the two sets of features we are using.
On the other hand, the assumption of independency
between these two sets leads to a more reliable estimation
of the new model parameters. In this case indeed, the
number of parameters to estimate in the first model is pro-
portional toN1 x N2 while in the second one, it is propor-
tional toN1 + N2. Hence, for the same learning database,
the average number of examples to train each parameter is
far greater for the second model than for the first one.
Thus, the new model has a better generalization capability

over unknown data. This interpretation is well proven by
the recognition rates obtained with the two models when
tested on the learning set (Table 3).

Now, let

We may wish to use directlyp1(ok
1,ok

2|tij) when it is relia-

ble, and to replace it byp2(ok
1,ok

2|tij) when it is not. A
convenient way to do this is to choose as a final estimate of

p(ok
1,ok

2|tij) a linear combination ofp1(ok
1,ok

2|tij) and

p2(ok
1,ok

2|tij) given by:

with λij  varying between 0 and 1. This equation can be
interpreted as an associated Markov source in which each
state is replaced by three states. However, since in our
model the problem of reliable parameter estimation solely
deals with transitions emitting a shape observation (and
not null transitions or transitions modeling segmentation
points), only states corresponding to these transitions are
involved in the duplication process. Thus, we obtain the
following associated model (Figure 4).

In this new HMM,p1 andp2 are assumed to be known and
are given by trained modelsM1 andM2. Therefore, only
parametersλij  must be trained. However, as these parame-
ters are used to predict which model is better for unseen

Lexicon 10 100 1000

RR(1) 99.0 95.1 86.9

Table 2. Recognition rate obtained with the new
model
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of the bidimensional contour transition histogram of each
segment in horizontal and vertical directions. We also have
segmentation features whose aim is to characterize physi-
cal segmentation points or spaces between letters. Given
that the two sets of shape-features are independently
extracted from the image, a word is represented by two
symbolic descriptions of equal length, each consisting of
an alternating sequence of shape symbols and segmenta-
tion symbols.

2.2.  Handwritten word modeling

When considering large vocabularies such as those
involved in city name recognition, it is not possible to
build a different model for each word. Therefore, our mod-
eling is carried out at the letter level. As our segmentation
process may produce either an under-segmentation, a cor-
rect segmentation, or an oversegmentation (into two seg-
ments) of a letter, we built a seven state left-to-right HMM
having three paths to take into account these configura-
tions (Figure 1). In this model, observations are emitted
along transitions. Null transitionst06, t01 and t02   model
the three above configurations respectively. Transitionst15

andt56 respectively emit a shape-symbol and a segmenta-
tion-symbol encoding a correctly segmented letter while
transitionst23, t34, t45 and t56 model the over-segmentation
case. In the learning phase, the word model is built by con-
catenating the appropriate elementary letter models (Fig-
ure 2). In recognition, the word model is still built by
concatenating letter models. However, since no informa-
tion is available on the writing style of an unknown word,
a letter model here actually consists of two models in par-
allel, associated with the upper and lower case modes of
writing a letter (Figure 3). We should eventually add that
each emitted observation along a transition corresponding
to a shape is in fact a combination of two observations,
related to the two sets of shape-symbols we are using.

The word recognition system described above was trained
on a learning set of 11,410 French city names manually
extracted from real mail envelopes, and tested on a differ-
ent set of 4,313 images. The performances obtained with
this model for lexicons of sizes 10, 100 and 1,000 and
without rejection are given in Table 1.

The system errors mainly come from splitting a letter into
three pieces, ambiguity, poor images, or insufficient exam-
ples to reliably estimate some model parameters.

3. Optimization of the recognition phase

In this section, we present some strategies to make the rec-
ognition phase more robust, including the use of an inter-
polation technique to estimate more reliably some HMM
parameters from sparse data, the development of a better
HMM architecture to deal with the case of segmenting a
letter into up to 3 segments, and finally the consideration
of context-dependent models for upper-case letters where
the context is given by the writing style of the word (cur-
sive, mixed or upper-case).

3.1.  Reliable parameter estimation from sparse data
using an HMM-based interpolation technique

In real-world available databases, we seldom find a uni-
form distribution of examples over model parameters,
mainly because thea priory probabilities of model classes
are often not equal. As a matter of fact, some parameters
will be reliably estimated, while some others will not. This
issue was first discussed in [3] from a Markovian point of
view. The idea is to keep the used model as is and to build
an analogous model with the same structure, in which
some states aretied. Two states are said to be tied when it
exists an equivalence relationship between them; in other
words transitions leaving each of these two states are ana-
log and have equal probabilities. The model obtained by
tying some states leads to a less precise model but having
more reliably estimated parameters. Then, the final param-
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Abstract
This paper describes the latest developments to enhance
the performance of our HMM-based handwritten word
recognition system. These methods only deal with the rec-
ognition phase and involve the improvement of the HMM
architecture as well as the optimization of the training
phase. Experiments carried out on real data show that the
proposed approaches lead to significant improvements in
the accuracy of the system.
Keywords: Handwriting Modeling, Hidden Markov Mod-
els, Parameter Estimation.

1. Introduction

Handwriting and speech exhibit many similarities such as
the sources of their variabilities, and the sequential nature
of their signal. Over the past years, Hidden Markov mod-
els (HMMs) [1]-[2] have become the predominant
approach to automatic speech recognition [3]-[5]. More
recently, many researchers have applied these models to
recognize handwritten words whether on-line [6] [7] or
off-line [8]-[12] in which case the word bidimensional
image is transformed into a sequence of observations as
required in Markovian modeling. According to the way
this sequence is obtained, two categories of approaches are
distinguished: implicit segmentation-based approaches,
which are inspired by those used in speech recognition and
explicit segmentation-based approaches, which require a
segmentation algorithm to split words into basic units such
as letters. In [13] [14], we described an off-line explicit
segmentation-based recognition system that makes use of
HMMs to model characters and then words, and is applied

to city name recognition. Although this system achieves
high recognition rates, it can still be optimized especially
in feature extraction and recognition phases. In this paper,
we focus our interest on the optimization of the recogni-
tion phase by developing more discriminant letter models
and by performing a better estimation of HMM parameters
from insufficient data using an HMM-based interpolation
technique. The organization of this paper is as follows.
Section 2 recalls the main steps of our word recognition
system. Section 3 describes the new developments pro-
posed to enhance the performances in recognition. Finally,
a conclusion is drawn in section 4.

2. System Overview

Our system is designed to recognize unconstrained hand-
written words. Therefore, we must cope with all writing
styles: handprinted, cursive or mixed. In this section, we
present the outline of our approach. A more detailed
description can be found in [13] [14].

2.1.  Feature extraction

After the normalization of the word body and the character
slant [16], our segmentation algorithm uses the upper con-
tour minima and some heuristics to split the word image
into a sequence ofsegments, each of which consisting of a
correctly segmented, an under-segmented or an overseg-
mented letter. This sequence is transformed into a sym-
bolic description by considering two feature sets. The first
set is based on global features such as loops, ascenders and
descenders while the second one is based on the analysis
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