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Abstract
A perturbation model for generating synthetic textlines
from existing cursively handwritten lines of text produced
by human writers is presented. Our purpose is to improve
the performance of an HMM-based off-line cursive handwriting recognition system by providing it with additional
synthetic training data. Two kinds of perturbations are applied, geometrical transformations and thinning/thickening
operations. The proposed perturbation model is evaluated
under different experimental conditions.

1. Introduction
In the past decade, researchers in the field of pattern
recognition realized that the performance of a recognition
system does not only depend on the underlying features and
classification algorithms, but is also strongly affected by
the size and quality of the training data [1]. In the area
of handwriting recognition, some experiments have been
conducted to examine under what circumstances a larger
training set improves the accuracy of handwriting recognition systems. These experiments were inspired by the well
known rule of thumb saying that the classifier wins that is
trained on the most data. In [8], the effect of increasing
the training set size beyond those generally available is analyzed for online character and word recognition problems.
It is shown that an increasing amount of training data improves the accuracy, even when the recognizer’s representational power is (not too severely) limited. In those experiments only natural, i.e. human written training data was
used. However, most researchers don’t have the possibility to arbitrarily enlarge their training sets. One promising way to overcome this dilemma is to use synthetic data.
The synthetic generation of new samples can be achieved
in many different ways, e.g. through perturbation of, or interpolation between, the original samples. Examples where

additional synthetic training data was successfully used for
the recognition of isolated characters have been reported in
[2, 7]. Apart from augmenting a training set, perturbation
approaches can be applied in the recognition phase, making
the recognizer insensitive to small transformations or distortions of the image to be recognized. Examples from the
field of isolated character recognition are [3] and [9].
However, to the knowledge of the authors, for the problem of general, off-line cursive handwritten word and text
recognition, no similar procedures involving synthetically
generated text images have been reported. In this paper we
present a perturbation model to generate synthetic textlines
from existing cursive handwritten text. The motivation is
to add synthetic data to the natural training data so as to
enlarge the training set. The basic idea of the approach proposed in this paper is to use continuous nonlinear functions
that control a class of geometrical transformations. The
functions ensure that the distortions performed cannot be
reversed by standard preprocessing operations of the handwriting recognition system. For the experiments, the HMMbased sentence recognizer described in [5], and subsets of
the IAM Database introduced in [6] were used. The model
proposed in this paper was evaluated under several experimental conditions.
The paper is organized as follows. Section 2 describes
the perturbation model. In Section 3 experimental results
are given. Finally, Section 4 presents some conclusions and
a plan for future work.

2. Perturbation model
In this section, a perturbation model for the distortion
of cursive handwritten textlines is presented. The model incorporates some parameters over a range of possible values,
from which a random value is picked each time before distorting a textline. There is a constraint on the textlines to
be distorted: they have to be skew and slant corrected, because of the nature of the applied geometrical transforma-
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Figure 1. An example of a CosineWave function.
Figure 2. Illustration of shearing
tions. This constraint is not severe, because skew and slant
correction are very common preprocessing steps found in
almost any handwriting recognition system. In the following subsections we describe the model in greater detail.

2.1. Underlying functions and their properties
Each geometrical transformation in the model is controlled by a continuous nonlinear function, which determines the strength of the considered transformation at each
horizontal or vertical coordinate of the textline or connected
component. These functions will be called underlying functions.
The underlying functions are built from a simple function called CosineWave. A CosineWave is the concatenation of n functions, f1 , f2 , . . . , fn , where fi : [0, li ] → ,
fi (x) = (−1)i · a · cos( lπi · x), li > 0.
An example is shown in Fig. 1. The functions fi (separated by vertical line segments in Fig. 1) are called components. The length of component fi is li and its amplitude is
|a|. The amplitude doesn’t depend on i, i.e. it is the same
for all the components.
To randomly generate a CosineWave instance, three
ranges of parameters need to be defined:
• [amin , amax ] for the amplitude |a|,

Figure 3. Illustration of horizontal scaling

2.2. Geometrical transformations
The underlying functions introduced in Section 2.1 control two kinds of geometrical transformations described in
the following. The first transformation is applied to a whole
line of text, and the second to the connected components of
the considered line of text. The underlying function of each
transformation is randomly generated, as described in 2.1.
The parameters xmin and xmax are always determined by
the actual size of the image to be distorted.
In the following the geometrical transformations will be
defined and illustrated by figures. Note that the figures are
only for illustration purposes, and weaker instances of the
distortions are used in the experiments described in Section 3.
2.2.1. Line level transformations

• [lmin , lmax ] for the component length,
• [xmin , xmax ] for the interval to be covered by the components.
The generation of a CosineWave is based on the following steps. First the amplitude is selected by picking a value
α ∈ [amin , amax ] randomly and letting a = α or a = −α
with a 50% probability each. Then l1 is decided by randomly picking a possible value from [lmin , lmax ]. Finally
the beginning of the first component (i.e. f1 ) is chosen randomly from the [xmin − l1 , xmin ] interval. From this point
on we only have to add additional components, one after the
other, with randomly chosen lengths, until xmax is reached.
An underlying function is obtained by summing up a
number, m, of such CosineWave functions.

There are four classes of such transformations. Their
purpose is to change properties such as slant, horizontal and
vertical size, and the position of characters with respect to
the baseline.
Shearing: Its underlying function defines the tangent of
the shearing angle for each x coordinate. Shearing is performed with respect to the lower baseline. An example is
shown in Fig. 2. In this example and the following ones,
the original textline is shown at the bottom, the underlying
function in the middle, and the result of the distortion on
top.
Horizontal scaling: Here the underlying function defines the horizontal scaling factor for each x coordinate.
This transformation is performed through horizontal shifting of the pixel columns. An example of this operation is
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Figure 6. An illustration of connected component level distortions
Figure 4. Illustration of vertical scaling
The effect of all three transformations applied one after the other is shown in Fig. 6. In this figure, the lower
textline is the original one, and above its distorted version
is displayed. One must observe that in spite of the distortions the connected components underwent, their bounding
boxes have remained the same.

2.3 Thinning/thickening operations
Figure 5. Illustration of baseline bending
shown in Fig. 3.
Vertical scaling: The underlying function determines
the vertical scaling factor for each x coordinate. Scaling is
performed with respect to the lower baseline. An example
is shown in Fig. 4.
Baseline bending: This operation shifts the pixel
columns in vertical direction according to the value of the
underlying function for each x coordinate. An example is
shown in Fig. 5.
2.2.2. Connected component level
Contrary to line level transformations, which aim at distortions at a rather global level, the perturbations discussed
in this sub-section intend to change the structure of the writing within individual characters. After having applied all
the desired connected component level transformations, the
connected component is scaled in both horizontal and vertical direction, so that its bounding box regains its original
size. These transformations are quite similar to those at the
line level, but here the underlying functions relate to the actual connected component. For each connected component
individual underlying functions are generated.
Horizontal scaling: This transformation is identical
with horizontal scaling as described in sub-section 2.2.1,
but it is applied to individual connected components rather
than whole lines of text.
Vertical scaling 1: This is the counterpart of horizontal
scaling in the vertical direction.
Vertical scaling 2: This transformation is identical with
vertical scaling as described in sub-section 2.2.1, except that
scaling is performed with respect to the horizontal middleline of the bounding box.

The appearance of a textline can also be changed by
varying the thickness of its strokes. In the present perturbation model this is done by applying thinning or thickening
steps iteratively. The method is based on a grey scale variant of the MB2 thinning algorithm [4]. (A general way to
get the grey scale version of a specific type of thinning algorithm operating on binary images can be found in [10]).
Thinning and thickening could also be performed using the
morphological erosion and dilation operators, respectively,
but this wouldn’t be safe when applied iteratively, because
part of the original writing might be lost after too many
steps of erosions.

2.4 Distorted textline generation
Now that the main constituents of the perturbation model
have been introduced, a simple scheme is provided so that
whole textlines can be distorted. The steps of distorting a
given skew and slant corrected textline are the following:
1. Apply each of the line level transformations to the
textline, one after the other, in the order given in subsection 2.2.1.
2. For each individual connected component, apply the
transformations given in sub-section 2.2.2. After the
transformations have been applied, scale the resulting
connected components so that their bounding boxes regain their original sizes, and place them in the image
exactly at their original locations.
3. Apply thinning/thickening operations.
Of course, these steps are not required to be always rigorously followed. In particular, one can omit one or several
of these transformations.
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Figure 7. Natural and synthetic textlines for
writers a-f

3 Experimental results
The purpose of the experiments described in the following is to investigate whether the performance of a handwritten text recognizer can be improved by adding synthetically
generated texts to the training data.
The recognizer used in this work is the HMM-based cursive handwritten sentence recognizer described in [5]. The
recognizer takes, as basic input unit, a complete line of text.
That is, no segmentation of the text into isolated words is
required. The output is a sequence of words. In the experiments described in the following the recognition rate will
always be measured on the word level.
For the experiments, a subset of the IAM Database [6],
containing 541 textlines from 6 different writers, was used.
These textlines include a total number of 3899 word instances from a vocabulary of 412 words. The six writers
who produced the data used in the experiments will be denoted by a, b, c, d, e and f in the following. Subsets of writers will be represented by sequences of these letters. For
example, abc stands for writers a, b, and c.

All the experiments were writer independent, where the
writers who contributed to the training set were disjoint
from the writers who produced the test set. This makes the
task of the recognizer extremely hard, because the writing
styles found in the training set can be totally different from
those of the test set.
Three experiments were conducted, in which the
textlines of the training sets were distorted by applying
three different subsets of the distortions described in Section 2. The three subsets were the set of all distortions,
the set of line level geometrical transformations, and the
set of connected component level geometrical transformations. In each case, five distorted textlines per given training textline were generated and added to the training set.
So the extended training set was six times larger than the
original one. The recognition results of the three experiments are shown in Table 1, where the rows correspond to
the different training modalities. The test set is always the
complement of the training set, and consists of natural text
only. For example, the test set corresponding to the first
row consists of all natural textlines written by writers bcdef,
while the training set is given by all natural textlines produced by writer a plus five distorted instances of each natural textline. In the first column, the results achieved by the
original system that uses only natural training data are given
for the purpose of reference. The other columns contain
the results of the three experiments using expanded training
sets. In those three columns each number corresponds to the
median recognition rate of three independent experimental
runs. In each run a different recognition rate is usually obtained because of the random nature of the distortion procedure. Fig. 7 shows examples of natural and synthetically
generated textline pairs used in the experiment where all the
distortions were applied. For each pair of textlines the natural one is shown below, while the synthetic one is above it.
The first pair belongs to writer a, the second to writer b, and
so on.
In Table 1 it can be observed that adding synthetic training data leads to an improvement of the recognition rate in
29 out of 33 cases. Some of the improvements are quite
substantial, for example, the improvement from 33.1% to
49% in row a.
Augmenting the training set of a handwriting recognition
system by synthetic data as proposed in this paper may have
two adversarial effects on the recognition rate. First, adding
synthetic data increases the variability of the training set,
which may be beneficial when the original training set has
a low variability, i.e. when it was produced by only one
or a few writers. On the other hand, the distortions may
produce unnaturally looking words and characters, which
may bias the recognizer in an undesired way, because the
test set includes only natural handwriting.
The greatest increase in recognition performance can be
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Table 1. Results of the experiments (in %)
original

all dist.

line level

cc. level

a

33.1

49.0

47.1

38.7

b

38.7

43.1

40.4

42.6

c

39.2

49.31

46.8

44.4

d

30.6

53.1

48.6

43.0

e

54.4

59.6

58.9

54.2

f

18.8

32.0

26.9

27.8

ab

60.7

73.5

75.8

54.9

cd

56.8

61.3

62.4

59.6
67.5

ef

63.8

68.5

67.5

abc

75.2

74.1

75.8

74.8

def

65.3

68.9

67.0

68.7

greater detail. The perturbation model described in this paper may also have other possible applications. For example,
using it in the testing phase can perhaps help to identify potential weaknesses of handwriting recognition systems.
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