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Hidden Markov Models (HMMs) can model the similarity and variation among
samples of a class through a doubly stochastic process. The main difficulty of its
application to off-line recognition of cursive words is to produce a consistent se-
quence of feature vectors from the input word image. In conventional HMM based
methods, a sequence of thin fixed-width vertical frames are extracted as feature
vectors from the image. The extracted feature is sensitive to the error of the pre-
processing step e.g. baseline detection. In this paper we present an HMM based
modeling approach together with an extended sliding window feature extraction
method to decrease the influence of the baseline detection error. Experiments
have been carried out and show that our novel approach can achieve better recog-
nition performance and reduce the relative error rate significantly compared with
traditional methods.

1 Introduction

Optical Character Recognition (OCR) carries out automatic conversion from
scanned images of machine printed or handwritten text into a computer pro-
cessable format. While the recognition of machine printed characters is consid-
ered as a mature technique today, the recognition of handwritten characters,
especially cursive text, remains a challenging task because the system has to
handle not only large shape variation and variable length of the human hand-
writing, but also character segmentation and language modeling. All character
recognition systems have two essential components: the feature extractor and
the classifier. Given a character image, the feature extractor derives the fea-
tures which describe the shape of the character. The derived features are then
fed to the character classifier. Generally strategies for cursive word recogni-
tion can be subdivided into 2 different approaches: segmentation-based and
segmentation-free approaches.

As pattern classifier Hidden Markov Models (HMMSs) have been succes-
sively applied in the areas of speech recognition ¢ and on-line handwriting
recognition 7. HMMs are stochastic models which can deal with pattern vari-
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ation and noise and represent probably the most powerful tool for modeling
time varying dynamic patterns, such as the cases in speech recognition and
on-line handwriting recognition. During recent years HMMs have been also
used to the problem of off-line cursive script recognition in various ways. Be-
sides the ability of coping with dynamic property and noise among human
handwriting, HMM based approaches can perform recognition and segmen-
tation in a single step, thus avoid segmenting word into characters, which is
very difficult and vulnerable to noise and small variation.

In the following section we first shortly discuss the properties of HMMs
and their application to off-line handwriting recognition. We concentrate
on describing the most important modules of an HMM based word recog-
nition system, namely the feature extraction, HMM modeling and training.
In Sect. 3 and Sect. 4 we present a new feature extraction method together
with an HMM word modeling technique. In Sect. 5 the experimental result is
provided. In Sect. 6 some conclusions are drawn.

2 Conventional HMM Modeling and Word Image Feature
Extraction

There are basically two different modeling approaches used in HMM schemes:
continuous and discrete HMMs. In this paper we concentrate on discrete
HMMs, which turned out to be very suitable for our recognition tasks 1'7. A
Hidden Markov Model A(II, A, B) consists of a set of states and transitions
and is fully described by the initial state probability I = (m;), the state
transition probability matrix A = (a;;) and observation symbol probability
matrix B = (bjm).

The parameters of an HMM can be determined by the robust and efficient
Baum-Welch algorithm if a sufficient number of examples for that model can
be provided. Usually we will build one HMM for each character of the alpha-
bet. The various states of a character model can model different parts of the
character. The state output probabilities model the shape variation of that
part. One important feature of HMM approach is that a word model can be
built by concatenating the appropriate character models. By this means the
recognition system requires only a small number of models to represent even
a large recognition task dictionary.

Fig. 1 shows a usually used left to right HMM topology and the feature
extraction method of zone coding within a sliding window. Usually character
images are converted to feature vectors using a sliding window ?, for example
sliding a narrow vertical window (frame) from left to right. A feature vector
f: = (fii, foir- -+ fni)T is extracted from frame i and each 7: is translated
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Figure 1. A left- to-right HMM and feature extraction zone coding within a sliding window

into a symbol O; using the vector quantization, thus a character image is
translated to a sequence of symbols O(01,03,---,0n). It can be seen as
an observation string generated by the HMM corresponding to the character
class. Starting in state S; with the probability m;, the model generates a
symbol O, = C,,, based on the output probabilities b;,,. Then a transition is
made to another state S; according to the transition probabilities a;;. Such
a mechanism is repeated until the final state is reached. During training,
the HMM extracts the statistical property of the observation strings from the
samples for its dedicated class.

After the models have been trained, an unknown pattern can be classified
by the maximum likelihood decision:

A" = argmax (P(O[A)) (1)

A given observation symbol sequence O will be classified to class A*, namely
the letter class associated with the HMM yielding the highest likelihood. In
the HMM scheme the likelihood P(O|);) is determined by the well-known
Viterbi algorithm which approximates the likelihood based on the most likely
state sequence. A good introduction to HMM can be found in the paper by
Rabiner .

The selection of a suitable feature extraction method is one of the most
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important factors in achieving high recognition performance in all OCR sys-
tems. Feature extraction is defined as the problem of extracting from the
raw data the information which is most relevant for classification purpose, in
the sense of minimizing the intra-class pattern variability while enhancing the
inter-class pattern variability ?. In the HMM-based schemes one typical ap-
proach is a sliding-window technique which simulates human reading behavior
to some extent. In the sliding-window schemes there are methods based on
unitary image transformations, e.g. cosine transformation and K-L transfor-
mation 135, Because the images of various handwritten words are not of the
same size, a height normalization must be done, which might give rise to los-
ing important shape information, especially when a handwritten word sample
has excessively long up-strokes and/or down-strokes . Another mainly used
method is zone coding >*. An n grid is superimposed on the sliding window
and for each of the n zones, a coding function is computed as a component
of the final feature vector. The coding function may base on black points
percentage in the frames of the binary image, or base on contour property,
or may base on skeleton property. In most of off-line cursive handwriting
recognition applications the baselines are the most important factors to be
evaluated to generate the feature vectors, although each application applied
his peculiar features also.

As shown in Fig. 1 the zone coding method has an obvious weak-point:
the generated feature vectors are depending upon the accuracy of baseline
detection. Human and computer program classify word image based on their
shape. The lower and upper baselines play the most important role to de-
scribe the shape of character in cursive text. Due to the variation of human
handwriting, high accuracy baseline detecting is very difficult. The available
baseline detecting methods are all rule based which have always exceptions
due to the variation of human handwriting, especially in real writing. In most
cases the baseline is assumed to be a horizontal line which seem somewhat
artificial and is not always acceptable. Although some algorithms can ap-
proximate baselines globally more precisely, they can not avoid zone coding
error locally, the efficiency of these algorithms have not been confirmed with
experimental results in a HMM based framework. As shown in Fig. 1, the
minor baseline approximating difference and thus the zone coding produce
two absolutely different vectors in local position i and j. But the error of
detecting baselines is very difficult to locate, thus their impact on the total
performance is hard to be analyzed. As far as we know, such investigation
work has not been done, although the impact of baseline detection accuracy
on the total recognition performance were also noted in many related works.
We have made an observation that the error of detecting baselines with the
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method described in Sect. 5 is about 0.75% in our test database. The base-
lines are wrong detected for about 25% of the samples which are misclassified.
In applications where high recognition rates were reported, such as in the
work of Bunke et al. 2, we believe that this is also due, among their skillful
algorithms, the fact that baseline detection there can be simplified and the
accuracy of baselines detection is guaranteed even with simpler rules.

3 New Feature Extraction Method

Now we concentrate on the zone coding feature extraction method. A given
window is subdivided into n horizontal zones corresponding to the ascender
part, main body, and descender part of the word (n =4 =1+ 2+ 1 in Fig.
1). Note that in total the windows is nonlinearly subsampled into the zones,
but linearly subsampled in each part. Thus we produce a feature vector at
position 4,

7= (fus for f5o f)° 2)

fi = f(z;). z; is the jth zone from top to bottom, f(z;) expresses some
coding function, for example black points percentage of the zone.

We propose an extended sliding window zone coding method in order to
decrease the influence of the baseline detection error. As shown in Fig. 2 the
new feature vector is generated with:

TZ = (f1_7f11f1+af2_7f27f2+a"'7f4_af47f4+)T (3)

fi = f(z), fi- = f(z5), f+ = f(z;r) We get the zones z; by the means
of assuming an up-shift of the two baselines locally and applying the same
zone dividing method. The zones z;+ are generated while assuming a down-
shift of the baselines. Obviously the new extended feature vector ]T; contains
more distinctive information about the character shape and has higher dis-
crimination power than the original feature vector f;, thus for describing the
letter image the new extended feature vector could be tolerant to the error of
baseline detecting to some extent.

4 New Character HMM Modeling Method

Alternatively we propose a sliding window multi-stream approach: as the
observation vector (symbol) stream can be subdivided into F (F=3 in Fig. 2)
different streams which are assumed to be independent upon each other, the
state output probability for all seen F streams is then for a discrete HMM
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Figure 2. Feature extraction of sliding window extended zone coding and multi streams
zone coding

computed to:
F
bj = [T{08" (mp)}"s (4)
f=1

The term b;f ) (my) represents the probability of producing the discrete symbol
my when being in the state S; among the fth stream. Wy is a weighting
factor used for different weighting of the varipus streams. As shown in Fig. 2,
from the sliding window we get 3 vectors: f;, fi—, fit, each of them will be
translated into a symbol by an independent vector quantizer respectively. The
three observation symbol sequences can be viewed as three streams observed
from a multi-stream HMM.

We can consider the original feature vector as a local snapshot of the slid-
ing window, which has an implicit smoothing effect along with some degra-
dation of the original shape information. With the same point of view, the
extended feature vector (Eq.(2)) can be viewed as a higher density snapshot
containing more shape information, while the 3-stream feature vector can be
regarded as 3 snapshots from 3 different heights. Compared with the original
feature vector, the extended feature vector and the multi-stream feature vec-
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tor can raise the likelihood that an observation sequence of an unknown letter
is produced by his desired letter HMM. This could lead to a better discrimi-
nation of the various classes and thus to an improved recognition rate. The
proposed new feature extraction and HMM modeling method can be com-
pared to the techniques typically used in continuous speech recognition and
on-line handwriting recognition, where some redundant information except
for the basic features, such as difference of consecutive angles of pen trajec-
tory in application of on-line handwriting recognition, will be evaluated as
extended feature vector and/or multi-stream feature vector, bringing better
performance without considerably increasing computation complexity.

5 Experiments

We applied the HMM based approach described above along with our new
feature extraction methods to the recognition of cursive handwritten words.
Three writers have each written a reference text on plain A4 paper 5 times,
contributing approximately 2000 words each one. The reference text is a real
world text (Linux Introduction), 4 pages of which have been printed. We
ask the writers to write out the template text on plain A4 white paper clearly
but allowing ligatures between letters. The handwritten texts are scanned into
binary bitmap file with resolution of 200 dpi. In Fig. 3 three lines of the sample
text, one line for each writer, are shown. We have carried out two experiments:
one-writer mode experiment for each of three writers (WWW, LLC, ABR),
and multi-writer mode experiment for two writers (WL) and three writers
(WLA) respectively. One point to note is that the three writers come from
different cultures, the difference of their writing style is quite significant, which
can be noticed in Fig. 3. For each of 52 English letters one HMM is created,
whereas for each word in the task dictionary the word model is built by
concatenating the appropriate letter models. We made experiment with two
lexicons of different size. One of our task dictionaries has 300 words, the other
has 1000 words.

We perform text line extraction and word extraction using horizontal and
vertical projection profiles. Some preprocessing steps such as slant correction
and skeletonizing were done before feature extraction. For slant correction we
applied the method described in the reference &, for skeletonizing we applied
the fast parallel thinning algorithm of Zhang and Suen '°.

For the baseline detection we used a rather simple algorithm. We detected
top line and bottom line for each text line. They are obtained from the top
and bottom non-zero position in the page horizontal projection profile (black
pixels histogram). The two baselines are detected for each word with the
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algorithm described in the reference 8. The product of the horizontal black
pixels histogram and black-white transitions histogram is evaluated. The
lower baseline and the upper baseline are detected when this product falls
below a given fraction of its maximum.

The experiment results of our new HMM based recognition system are
reported in Table 1 and Table 2, along with results of conventional method
on the same train and test data. All recognition-tests are based on Top 1
candidate, i.e. the word model with the maximum likelihood probability is
viewed as recognition result. The column “WWW?” is the recognition rate for
data set of writer WWW. From totally 1988 words of WWW data set 1587
words were taken as train set, the other 401 words were taken as test set.
While applying conventional feature extraction (Eq.(2), row 1) 14 from 401
test words are misclassified, corresponding to 96.51% recognition rate. If we
detected the baselines manually for the 14 misclassified words, then we get
a recognition rate of 97.26% (row 2). The row 3 and row 4 are the results
applying the extended feature vector (Eq.(3)) and the 3-stream feature vector,
shown in Fig.2, accordingly. The data set of writer LLC and ABR has each
also about 1600 words, about 1200 of them as train set, the other 400 words
as test set respectively. In the multi-writer mode, the train sets of each writer
are mixed together to train the HMMs, whereas the test sets of each are taken
together to assess the performance. The column “WL” is the result of 2-writer
mode for writer WWW and writer LLC, while the column “ WLA” is results
of 3-writer mode for three writers together.

Table 1. Comparison of word recognition rates for the off-line cursive handwritten words
with 300 words lexicon(%)

Method WWW | LLC | ABR | Average | WL | WLA
conventional FE1 | 96.51 | 96.90 | 97.42 96.94 96.32 | 96.14
conventional FE2 | 97.26 | 97.42 | 97.67 97.45 97.08 | 96.91
extended FE 99.25 | 99.48 | 98.99 99.24 99.11 | 97.86
3 streams FE 98.75 | 99.23 | 98.71 98.90 98.60 | 97.43

Comparing row 1, row 3 and row 4 in Table 1, our new extended fea-
ture extraction method outperforms the conventional method averagely about
2.3% for a lexicon of 300 words in one-writer mode, this corresponds to a re-
markable relative error reduction of 75%. In 3-writer mode the new method
can enhance the recognition rate by about 1.7% corresponding to nearly 45%
relative error reduction. For a lexicon of 1000 words the new methods can
also enhance performance of HMM based off-line cursive word recognition by
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Table 2. Comparison of word recognition rates for the off-line cursive handwritten words
with 1000 words lexicon(%)

Method WWW | LLC | ABR | Average | WL | WLA
conventional FE1 | 96.01 | 96.39 | 96.90 | 96.43 | 95.94 | 95.88
conventional FE2 | 96.76 | 96.91 | 97.12 | 96.93 | 96.58 | 96.57
extended FE 98.75 | 98.97 | 98.45 | 98.72 | 98.60 | 97.43
3 streams FE 98.01 | 98.71 | 98.19 | 98.30 | 98.10 | 96.91

almost the same extent.
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