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Abstract
In this paper we present a system for unconstrained handwritten text recognition. The system consists of three components: preprocessing, feature extraction and recognition.
In the preprocessing phase, a page of handwritten text is divided into its lines and the writing is normalized by means
of skew and slant correction, positioning and scaling. From
a normalized text line image, features are extracted using a
sliding window technique. From each position of the window nine geometrical features are computed. The core of
the system, the recognizer, is based on hidden Markov models. For each individual character, a model is provided. The
character models are concatenated to words using a vocabulary. Moreover, the word models are concatenated to models that represent full lines of text. Thus the difficult problem
of segmenting a line of text into its individual words can be
overcome. To enhance the recognition capabilities of the
system, a statistical language model is integrated into the
hidden Markov model framework. To preselect useful language models and compare them, perplexity is used. Both
perplexity as originally proposed and normalized perplexity
are considered.
In our experiments several system configurations with different vocabulary sizes were tested. While the perplexity
increases with a growing vocabulary, we observed that the
normalized perplexity decreases. This leads to the conclusion that language models become more powerful in recognition tasks with larger vocabulary size. This conclusion
could be confirmed in a number of experiments. For a system based on a vocabulary of 412 words a word recognition rate of 78.53% was measured when no language model
was engaged. Using a bigram language model, the recognition rate incresed to 81.27%. For a 7719 word vocabulary,
40.47% of the words were recognized correctly without a
language model, and 60.05% with bigram information.
Keywords: handwriting recognition, unconstrained text
recognition, hidden Markov models, statistical language

modelling, perplexity, vocabulary size.

1 Introduction
During the last years handwriting recognition has become
an intensive research topic. While the first systems read
segmented characters [1], later efforts aimed at the recognition of cursively handwritten words [2]. Only a short time
ago the first systems appeared which are able to read sequences of words. Examples are systems which are able
to recognized handwritten check amounts [3, 4] or postal
addresses [5]. But these applications still operate in small,
very specific domains.
At the moment only very few systems are known which address the domain of free text recognition [6, 7]. Typically,
these systems segment the text into single words during a
preprocessing phase. But as it is known that the segmentation of complete sentences into single words is difficult and
prone to errors [8]. In particular, in the recognition phase
it is hard to recover from errors that occurred during the
earlier stage of segmentation.
In the present paper we propose a system that treats complete handwritten lines of text as basic input units. Segmentation of a line of text into individual words is obtained as a
byproduct of recognition, which is based on hidden Markov
models (HMMs). Another novel feature of the proposed
system is the use of a statistical language model, which is
incorporated in the recognizer to improve its performance.
In an experimental evaluation the recognition performance
of the system was tested. Particular attention was paid to
measuring the recognition rate depending on the vocabulary size and the amount of information incorporated in the
language model. The recognition rate obtained in the experiments was also related to the perplexity of the underlying
language model, which can be analytically computed. Various versions of our system were trained and tested on the
database described in [9]. This database consists of a col-
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Figure 1. System overview.
lection of 9157 lines of text written by about 400 writers.
The total number of word instances in the database is 82227
words.
In the next section we show how the data are preprocessed.
The features selected for recognition are described in Section 3. In Section 4 the recognition procedure, the underlying language models and the perplexity are introduced.
The experimental results obtained with this system are presented in Section 5. At the end in Section 6 we draw some
conclusions from our work.

2 Preprocessing
The system described in this paper consists of three major parts that perform preprocessing, feature extraction and
recognition (see Fig 1). In this section the preprocessing
procedures are described.
Whole pages of text are used for training and testing the
system. First, a page of text is segmented into individual
lines. Then normalization operations are applied, including
skew and slant correction, positioning and scaling.
To split a given text into text lines, for each row the
black/white-transitions are counted. To eliminate outliers,
the values are smoothed with a median filter. In the resulting histogram local minima are determined. If the value at
a local minimum is zero, a horizontal cut has been found
that doesn’t touch any word. If the value is greater than
zero, we have found a position where we can horizontally
cut the image with a minimal number of intersections with
strokes belonging to words of the previous or the following text line. To handle intersections of this kind a method
based on the center of gravity is used. If the center of gravity
of the connected component that is cut is in the range of the
previous (the following) text line, the connected component
is assumed to belong to that text line. If the center of gravity
is near the cutting line, the component is cut into two parts,

Figure 2. a) Two lines of text that can’s be
separated without a cut. b) Result of the line
segmentation (see text).

one belonging to the previous and one to the following text
line. An example is shown in Fig. 2.
Once the text lines are extracted, the skew of the writing
in each line is corrected. For this purpose the lowest black
pixel in each column is determined. These points are approximated by a straight line using regression analysis. Outliers, such as contour points resulting from descenders, are
eliminated by using a threshold that defines a maximal error
for regression.
To determine slant, the writing’s contour is approximated
by straight lines. In a histogram the angles weighted by
each line’s length, are accumulated. It is assumed that the
maximum value in this histogram represents the slant angle.
For positioning and vertical scaling the baselines of the text
lines are computed. This is done by fitting an ideal histogram to the horizontal projection of the text line such that
the square error between the ideal and the real histogram
is minimized. The parameters of the ideal histogram include the position of the upper and lower baseline of the
writing. The bounding box of the whole line together with
these two baselines define three disjoint areas (upper, middle, and lower text area). Each of these areas is scaled in
vertical direction to a predefined size.
For horizontal scaling, the number of horizontal black/white
transition are counted. This number can be compared to
the average number determined over all text lines of the
database, which is determined off-line. By computing the
ratio between the average number and the number present
in the actual text line, a scaling factor for the horizontal direction is obtained.
In Fig. 3 a fragment of a text line is shown before (above)
and after normalization (below).

Figure 4. Text image with recognition results
and word boundaries.
Figure 3. Original image of a text line (top);
normalized text line (bottom).

3 Feature Extraction
For feature extraction, a sliding window technique is used.
A window of one column width and the image’s height is
moved from left to right over each text line. At each position
of the window nine geometrical characteristics of the image
in the window are determined.
The first three features are the number of set pixels in the
window, the center of gravity and the second order momentum. This set describes how many pixels in which region of
the window are, and how they are distributed. They characterize the window from a global point of view.
For a more detailed description of the window, features four
to nine give the upper and the lower contour in the window,
the orientation of the contour, the number of black-white
transitions in vertical direction and the number of black pixels between the upper and lower contour. Notice that all
these features can be easily computed from the image of a
text line.

4 Recognition
The recognizer used in this work is based on hidden Markov
models (HMM) [10]. Because we deal with large vocabularies in this work, it is not possible to build and train an
HMM for each word. Consequently, character models are
used, which allow to share training data.
To achieve optimal recognition results, the character HMMs
have to be fitted to the problem. In particular the number
of states, the possible transitions and the output probability
distributions have to be chosen. Based on empirical studies it was decided to use 14 states per character model, organized in a linear fashion with continous output distributions. For training the Baum-Welch algorithm [10], applied
on whole text lines, is used.
In the recognition phase the character models are concatenated to words according to the underlying vocabulary, and
the words are connected to sentences (see Sec. 4.1). Thus a
recognition network is obtained, in which the best path can

be found with the Viterbi algorithm [10]. From the optimal
path in the network the desired recognition result, i.e. the
most likely sequence of words from the vocabulary, can be
extracted.
One crucial feature of the system described in this paper is
that text lines are not segmented into single words during
preprocessing, but the segmentation of the line into words
is delivered by the HMM as a byproduct of the recognition
process (see Fig. 4). Thus the difficult problem of segmentation without any prior knowledge can be avoided.

4.1 Statistical Language Model
In natural language, the frequency of words is not equally
distributed. Neither are position and sequence of words random. Therefore, additional knowledge about the language
can be introduced in the recognition of handwritten sentences. In this paper three language models are studied: a
simple sentence, a word unigram and a word bigram model.
In the simple sentence model each word has the same probability and it can occur at any position. Hence the probability
of each word
depends only on the size
of the used vocabulary. To compute unigram and bigram
probabilities, samples of training data are needed. For this
task the Lancaster-Oslo/Bergen (LOB) corpus [11] is used,
which contains about 1’000’000 word instances 1 . From this
corpus the following three quantities are obtained:
- the
total number of word instances of the considered vocab- the number of word instances of word
of
ulary;
the vocabulary;
- the number of instances of word pair
occurring in the corpus.
The word unigram probability
and the bigram probability
that word
occurs if word
has been
observed, can be computed in the following way:
(1)
(2)
During Viterbi decoding, these probabilities weight the
words in the vocabulary. The unigram probability
1 Note that all handwritten training and test data is also based on this
corpus [9].

is applied to a word at the beginning of a text line where no
contextual knowledge is available. From the second word
are applied.
on bigram probabilities
Although the number of word instances in the LOB corpus
seems quite large at the first glance, it is not sufficient to
estimate all probabilities - particularly the probabilities of
the bigram model - reliably. Therefore, a smoothing technique has been applied in the process of computing
and
. Details of this technique have been described
in [12, 13].

4.2 Perplexity
One way to compare different language models with each
other is by means of recognition experiments. However,
such experiments can be computationally quite costly. Another way is to compare language models analytically based
on perplexity, , which is defined as follows [14]:

where
(3)
In these formulas is a sentence of length of the considered language. The probability for a sentence using the
bigram sentence model is then computed as follows:
(4)
with
and
being the word and the word
pair occurrence probability, respectively. Intuitively, can
be interpreted as the average number of possible successors
of a word. Clearly, the smaller the perplexity is, the better
is a language model.
One shortcoming of the perplexity as a measure of the quality of language models is its dependence on the vocabulary
size. Obviously, the larger the vocabulary is, the larger is
the average number of possible successors of a word expected to be. To overcome this dependency, one can use the
normalized perplexity, , which is obtained by dividing
by the vocabulary size :
(5)
Notice that for each language model

.

5 Experiments and Results
In our experiments we particularly wanted to investigate the
influence of the language model on the recognition task with
an increasing vocabulary size. Therefore language models
for different vocabulary sizes were generated. For a reliable training of the character models, the data set used for

Vocabulary
size
412
2346
2703
3411
4409
7719

Number of
Handwritten
Pages
59
116
136
171
280
574

Number of
Textlines
541
991
1200
1517
2557
4333

Number of
Word
Instances
4523
8789
11000
14806
21462
44019

Number
of
Writers
6
ca. 50
ca. 70
ca. 80
ca. 140
ca. 250

Table 1. Vocabulary size and the related system configurations.

training and testing was increased corresponding to the vocabulary size (see Tab. 1). Each data set, corresponding to
one row in Table 1, was split into 5 sets of equal size, four
of which were used for training and the fifth for testing. By
cyclic cross validation, each set was used once for testing.
For each vocabulary size, three language models were created: the simple sentence model, the unigram model and the
bigram model. Because the simple sentence model includes
no linguistic information at all, it was used as a basis for
comparison.
In the first experiment, the perplexity of each language
model was computed, using the LOB corpus (see Tab. 2).
For the simple sentence model perplexity is, by definition,
identical to the vocabulary size (see column 1). The values
obtained for the unigram and bigram models are given in
columns 2 and 3 of Table 2. As expected, with growing vocabulary size, the perplexity increases for all three language
models. The normalized perplexity of the simple senctence
model is always equal to one, regardless of the vocabulary
size. For the unigram and bigram models it is shown in
columns 4 and 5 in Table 2. In contrast to columns 2 and 3,
the normalized perplexity decreases with an increasing vocabulary size. This mean that the relative number of words,
which can be chosen under a language model with a large
vocabulary, is smaller than for a small vocabulary. So the
probability to choose the right word is higher. As a consequence, the influence of the language model on the recognition performance is stronger for large vocabularies than
for small ones. The values in Table 2 are visualized on a
logarithmic scale in Figure 5.
To verify the usefulness of the perplexity and the normalized perplexity as measures for language models, recognition experiments were done. For each vocabulary size all
three language models were tested on the IAM-database [9].
In Table 3 the recognition rates are listed.
For the system configurations using the simple sentence
model it can be observed that the word recognition rate decreases for increasing vocabulary size. For a system using
412 words, 78.53% of the words were recognized correctly,

Vocabulary
size
412
2346
2703
3411
4409
7719

1000.0

Perplexity

100.0

10.0

1.0

Unigram Perplexity
Bigram Perplexity
Normalized Unigram Perplexity
Normalized Bigram Perplexity

2.74%
10.29%
12.44%
12.67%
14.10%
19.58%

Table 3. Recognition rate for different language models and vocabulary sizes according to Tab. 2.
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78.53%
78.57%
81.27%
55.01%
57.76%
65.30%
51.44%
52.15%
63.94%
50.72%
51.71%
63.39%
47.58%
48.63%
61.68%
40.47%
42.13%
60.05%
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Vocabulary
size
412
2346
2703
3411
4409
7719

Perplexity
Unigram Bigram
model
model
68.8
21.5
237.2
51.7
269.7
77.3
308.3
87.0
365.9
100.3
508.7
128.6

Normalized Perplexity
Unigram
Bigram
model
model
0.167
0.052
0.101
0.036
0.100
0.029
0.090
0.026
0.083
0.023
0.066
0.017

Table 2. Normalized perplexity for different
language models and vocabulary sizes.

while for a 7719 word vocabulary the recognition rate drops
down to 40.47%.
Using unigram models, only small improvements were
measured compared to the result obtained with the simple
sentence model. For a system with 412 words the recognition rate was almost equal to the one obtained with the
simple sentence model, while for 7719 words an improvement of 1.66% was observed.
In the fourth column of Table 3, the recognition rates under
the bigram model are listed. For all vocabulary sizes significant improvements can be measured using the additional
information provided by word pair occurrence probabilities.
For the 412 word vocabulary the word recognition rate rises
from 78.53% to 81.27%. Using a system with 7719 words,
the influence of the language model is much stronger. In
this configuration 60.05% of the words are recognized correctly when bigrams are used, compared to 40.47% in case
of the simple sentence model. The fifth column ( ) in Ta-
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Figure 5. Normalized perplexity for different
language models and vocabulary sizes.
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Figure 6. Word Recognition rate and perplexity for different language models and vocabulary sizes.

ble 3 gives the difference between the bigram model and the
simple sentence model.
The relation between the recognition behavior and the normalized perplexity over the vocabulary size is illustrated in
Figure 6. The behavior predicted by the theorectical analysis using the normalized perplexity becomes clearly visible
in this graph. The normalized perplexity becomes smaller
as the vocabulary grows. At the same time, the increase
in recognition performance ganied through the language
model becomes more pronounced, particularly for the bigram model.

6 Conclusions
In this paper we have presented a recognition system for
unconstrained handwritten text. In contrast with other sys-

tems the segmentation of the text lines into individual words
is not done in the preprocessing. The word boundaries are
obtained as a byproduct of the recognition process, which
is based on hidden Markov models. In our work a hidden Markov model is constructed for each character. These
models are concatenated to word models according to the
underlying vocabulary, and to word sequences using a language model which provides additional information.
A special feature of the system described in this paper is the
integration of a statisitcal language model into the HMM
framework. The perplexity and its normalized form have
been used to compare different language models to each
other. It has been observed that the normalized perplexity decreases for an increasing vocabulary size. This means
that for larger vocabularies fewer words are possible to be
chosen as the successors of a given word. From this observation the conclusion can be drawn that language models have a stronger influence on the recognition process if
larger vocabularies are involved.
This behavior of language models that was theoretically
predicted could be empirically confirmed by experiments.
For a small size vocabulary an improvement of 2.74% from
78.53% to 81.27% was obtained through the use of a bigram language model, while for a vocabulary containing
7719 words, the recognition rate increased from 40.47% to
60.05%.
It can be conjectured that handwriting recognition tasks that
involve larger vocabularies will play a more dominant role
in the near future. Hence the importance of language models will increase. A challenging problem left to future research is the extension of the language models used in this
.
paper to n-grams where
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