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Abstract

This paper presents a new approach to estimate the
readability of a handwritten text. The estimation problem
is posed as a regression problem where a Support Regres-
sion system is used to estimate the recognition rate of a
text. It allows one to filter out unreadable data prior to
recognition and thus helps avoiding needless recognition
attempts. The estimated recognition rate can then be used
to classify a text as either readable or as unreadable. To
find an optimal classification threshold for a given task,
a cost function which allows one to define different costs
for the error of classifying an unreadable text as readable
and the error classifying readable text as unreadable is de-
fined. The system is systematically evaluated on a data set
of 1,830 text lines from 50 writers and shows very promis-
ing performance.
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1. Introduction

Recognizing unreadable text is hard and chances of
false recognition are high. Filtering out unreadable text
prior to recognition would help avoiding needless recog-
nition attempts and reduce costs associated with false clas-
sification.

In previous work, we have cast the readability estima-
tion problem as a classification problem [19]. A text is
classified as either readable or unreadable. In the train-
ing phase, each text is transformed into a feature vector
and the text recognition rate is determined. Next, the fea-
ture vectors are labelled, i.e., assigned to one of the classes
readable or unreadable depending on the recognition rate.
The labelled data is then used to train a classifier.

In this paper, instead of training a classifier with pri-
orly labelled data we directly use the recognition rates to
train a regression system. The goal of regression is to
find a function that has a small deviation from the actu-
ally achieved recognition rates for all the training data and
is as flat as possible [21]. In the recognition phase, the
function is then used to estimate the recognition rate of a
text without recognition.

Only very few works on readability estimation ex-
ists. The problem of predicting the accuracy of an Op-
tical Character Recognition (OCR) has been studied in

Figure 1. Training of the Readability Estimation Sys-
tem Using Regression

[1, 10]. Related to this work are writer identification (for
an overview of recent work see [18]), handwriting style
classification [12], and sub-category classification analy-
sis of handwriting [4]. However, to the best of the authors’
knowledge, the particular problem of estimating the read-
ability of handwritten text has never been addressed in the
literature before.

The rest of this paper is structured as follows. The
next section presents the regression-based readability es-
timation system. Section 3 describes the data and the ex-
perimental setup. The regression results are presented in
Section 4. The predicted recognition rates are then used
to classify a text as either readable or unreadable. The re-
sults are presented in Section 5 and discussed in Section 6.
Finally, Section 7 concludes the paper and proposes future
work.

2 System Overview

This section describes the regression-based readabil-
ity estimation system. In the training phase, each text is
transformed into a feature vector and the text recognition
rate achieved on the text is determined. The feature vec-
tor and the recognition rate are then merged and used to
train a Support Vector regression system. A systematic
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overview of the training procedure is shown in Fig. 1. In
the classification phase, the same features as the ones used
for training are extracted from a text and then passed on
to the trained regression system which then estimates the
recognition rate.

The rest of this section is structured as follows. Fea-
ture extraction and text recognition are presented in Sub-
sections 2.1 and 2.2, respectively. Support Vector regres-
sion is described in Subsection 2.3.

2.1 Feature Extraction

This paper considers individual text lines as the basic
units. The features extracted from a text line image have
initially been defined for writer identification and have
shown very good results [6]. These features are able to
distinguish different writers. Therefore, it is reasonable to
apply them to the readability estimation task as well.

Before feature extraction, a text line image is nor-
malised. The normalisation operations are designed to im-
prove the quality of the features extracted without remov-
ing writer specific information. Only a short description
of the normalisation operations is given here; for more de-
tails see [6]. The grey scale text line images are binarised
using Otsu’s binarisation algorithm [16], clipped and then
thinned by Hilditch’s thinning algorithm which iteratively
refines a text line image until a stable image is achieved
[7].

The 100 extracted features can be divided into five
groups. Only a short overview of the features is given
here; a detailed description can be found in [6]. The first
group of basic features describe basic properties of a text
line, such as the skew or the slant angle.

The second group of component features describe the
writing style of a writer with respect to its connectedness,
i.e., whether a word is written in one single stroke or in
multiple strokes. Each connected component in a text line
image is described by its bounding box. From the con-
nected components of a text line, various measures are
calculated.

The basic idea behind the third group of fractal fea-
tures is to measure how the area of a handwritten text
grows when a dilation operation is applied on the image
[22]. The writing is dilated using circular and ellipsoidal
kernels of various size resulting in an evolution graph.
The evolution graph is divided into three more or less lin-
ear segments from which features are extracted.

The lower (upper) contour of a text line is defined as
the sequence of pixels obtained if the lower-most (upper-
most) pixel is considered. The characteristic contour is
calculated by deleting the gaps that occur between the
contours of single components and by concatenating these
components, resulting in one connected line. From the re-
sulting characteristic lower and upper contour the features
of the characteristic contour are extracted.

The last group are the features of the enclosed regions
which are defined on the closed loops occurring in a hand-
written text from which features are obtained. Each loop
defines a blob, i.e., a region enclosed by the loop from

which the features are extracted.

In summary, 100 individual features are obtained from
one handwritten text line. These features are arranged in a
feature vector that serves as an abstract representation of
the text line. As the extracted features can have very dif-
ferent numerical ranges, each feature is normalised with
respect to its mean and standard deviation.

2.2 Text Recognition

HMMs are a powerful statistical tool for the mod-
elling of a sequence of observations. Due to their expres-
sive mathematical structure they have been successfully
applied to a wide range of tasks in pattern recognition,
i.e., handwriting recognition [13] or speech recognition
[17]. For both isolated word and general text recognition,
HMMs have become the predominant approach. HMM-
based recognisers have a number of advantages over other
approaches [3]. Firstly, they are resistant to noise and can
cope with shape variations. Secondly, HMM-based recog-
nisers are able to implicitly segment a text line into words
and characters, a task that is difficult to perform explicitly
[23]. Thirdly, standard algorithms for training and classi-
fication exist [17].

The text recognition system described in the rest of
this section uses Hidden Markov Models (HMMs) to
model handwriting. Only a short description of the sys-
tem is given here; for a detailed presentation we refer to
[14]. Before feature extraction, skew, slant, and baseline
position of each text line are normalised. These normali-
sation steps are necessary to reduce the impact of the dif-
ferent writing styles. After preprocessing, a handwritten
text line is transformed into a sequence of feature vectors.
For this purpose, a sliding window is used. The window
has a width of one pixel and moves from left to right, one
pixel per step, over the image. At each position of the
window, nine geometrical features are extracted. The first
three features are of global nature and describe the distri-
bution of the black pixels in the window. The remaining
six local features describe specific points in the window,
such as the position of the upper and the lower contour,
respectively.

For each upper and lower case character an individ-
uval HMM is built. Additionally, frequent punctuation
marks, such as full stop, colon and space are modelled.
Other, infrequent punctuation marks are mapped to a spe-
cial garbage HMM. Each character HMM consists of 16
states. The states are connected in a linear topology, i.e.
for each state only two transitions exist: a transition to it-
self and a transition to the next state. The character models
are concatenated to word models which in turn are con-
catenated to model a complete text line.

The system is trained by applying the Baum-Welch al-
gorithm which iteratively maximises the probability for a
given sequence of observations [17]. Recognition is per-
formed by the Viterbi algorithm using dynamic program-
ming to recursively maximise the likelihood of the state
sequence [17]. The recognition is supported by a statisti-
cal bi-gram language model which defines the probability



that a word w; follows a word w; [24]. The bi-gram lan-
guage model is obtained from the LOB corpus [9].

2.3 Support Vector Regression

Support Vector Regression (SVR) is used to estimate
the recognition rate from the extracted feature set of a text
line. Given training data {(z1,y1), ..., (z1,y)} € A XR,
where X denotes the space of the input patterns (e.g. X =
R?) the goal is to find a function f(z) that has at most &
deviation from the actually obtained targets y; for all the
training data, and at the same time is as flat as possible'.
In other words, we do not care about errors as long as they
are less than ¢, but will not accept any larger deviation.
We start with a linear functions f, taking the form

fl@)=(w,z)+b with weX,beR (1)

where (-, -) denotes the dot product in X'. Flatness in the
case of Eq. (1) means that one seeks a small w. One way to
ensure this is to minimize the norm, i.e., ||w||? = (w,w).
This problem can be stated as a convex optimization prob-
lem:

1
minimize 3 [|w||? 2
A A <
subject to { 3</;U x<1>1);r$l;>— yb > i

The assumption in Eq. (2) is that such a function f ac-
tually exists that approximates all pairs (x;, y;) with € pre-
cision. However, this may not always be the case. There-
fore slack variables ;, £ are introduced to cope with oth-
erwise infeasible constraints of the optimization problem:

I
L 1 9 .
minimize §Hw|| +C ;(fz +&5) 3
yi —(w,x;) —b < e+&
subject to (w,z;) +b—y; < e+&
51’76? Z 0.

The constant C' > 0 determines the trade-off between
the flatness of f and the amount up to which deviations
larger than ¢ are tolerated. Fig. 2 depicts the situation
graphically. Only the points outside the shaded region
contribute to the cost insofar, as the deviations are penal-
ized in a linear fashion.

Next, one can show that w can be completely de-
scribed as linear combination of the training patterns x;
[2]. The key observation is that the SV algorithm only
depends on dot products between patterns x;. Hence it
suffices to know k(z,z’) = (®(z), ®(z')) rather than
explicitly.

This observation is now used to extend the SV algo-
rithm to the non-linear domain by mapping the training

IThe outline in this section follows closely the presentation of SVR
in [21].

Figure 2. Soft Margin Loss Setting for a Linear SVM
patterns x; € X into some feature space F using a func-

tion ® : X — F and allows us to restate the SV optimiza-
tion problem:

l

_% Z (i + af ) (e + af k(s x5)
maximize ‘ ij =1 . @)
—eY (it o))+ (o —aj)
i=1 i=1
l
subject to Z(ai +af)=0 and o, af €10,C]

i=1

where o; and o are Lagrange multipliers [21]. The dif-
ference to the linear case in Eq. 3 is that w is no longer
given explicitly. Furthermore, in the non-linear setting the
optimization problem corresponds to finding the flattest
function in feature space, not in input space.

Next we need to determine functions (z,z") which
correspond to a dot product in some feature space. A func-
tion x(x, x) is a valid kernel function if it fulfils the Mer-
cer condition [15]. While different kernel functions exist,
the radial basis function (RBF) kernel function

H(I7I/) = exp(—fy”x - I/||2)7 Yy > 0.

was chosen in this work because it contains only one meta-
parameter. Furthermore, the simpler linear kernel with
no meta-parameter is a special case of the RBF kernel,
i.e., the linear kernel with a penalty parameter C' has the
same performance as the RBF kernel with some parame-
ters (C, ) [11]. In addition, RBF kernels are most widely
used and have been extensively studied [20]. The param-
eter v of the kernel function as well as the weighting pa-
rameter C need to be optimized on a validation set. The
SVM is implemented using the LIBSVM library [5].

figures/softMarginLoss—eps—-copnverted-to.pdf
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Figure 3. Distribution of the Recognition Rates on the
Training Set -

3 Experimental Set@

The text lines used in the,experiments are part of the
IAM handwriting database(ﬁt]z. The database currently
contains over 1,500 pages|ofihandwritten text from over
650 writers. In total, 3,308 text lines from 347 text writ-
ers are used in the experifgghts described in this paper.
The text lines are divided ##@ two disjoint sets. The first
set is used to train and vakdate the text recognition sys-
tem. The second set is use rain, validate, and test the
regression-based readabilitystimation system.

The first set of 1,478 t&x¥lines of 297 writers is split
into a training and a validgtidn set. The text recognition
system is trained using 1,333 text lines from 268 writers.
The meta-parameters are mized using the remaining
145 text lines from 29 wri The text lines of each writer
appear only in one data scf, thus the sets are writer inde-
pendent.

The second set of 1,830 jext line from 50 writers is
split into three sets: a training, a validation and a test set.
This data set is the same s& the one that was used for
writer identification in [6], A, total of 780 text lines from
20 writers are used as training §et, 335 text lines from an-
other 10 writers are used a idation set, and the remain-
ing 715 text lines from 20 writers form the test set. Again,
this is a writer independen‘:vzriup.

During training of th dwriting recognition sys-
tem, the number of Gaussfan mixture components of the
HMM-based recognizer is eased from 6 to 18 compo-
nents in steps of 3. Optimat.pix-formance on the validation

2The IAM handwriting (@ase is publicly available at:
www.iam.unibe.ch/fki/iamDB
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set is achieved using 15 Gaussian mixture components re-
sulting in a word accuracy rate of 69.78%. The distribu-
tion of the recognition rates for the text lines of the train-
ing set are shown in Fig. 3.

4 Regression Results

For a given text line ¢, the SVR system outputs am esti-
mated recognition rate s () . Two measures are defined
to assess the performance of the SVR system. Firstly, the
sum of the absolute difference between the recognition
rate r(t) and the estimated recognition rate rs(t) over
all text lines divided by the number n of text lines is cal-
culated:

1 n
mean absolute error = — E |r(t;) — Test (t3)]
n
i=1

Secondly, the median absolute error is calculated
where N denotes the total number of text lines:

median absolute error = median;e y |r(t;) — Test ()]

Next, the meta-parameters of the SVR system are op-
timized. The meta parameters C' € {275,273 ... 2%}
and ¥ € {2715, 2713 . 23} are optimized on the val-
idation set. The lowest mean absolute error of 20.29%
is achieved by C' = 2! and ¥ = 27'3. This result
means, that in average, the recognition rate achieved by
the text recognition system and the estimated recogni-
tion rate yielded by the SVR system vary by approxi-
mately 20%. The median absolute error is 17.83% and
thus lower than the mean absolute error. This finding
can be explained by the fact that only 32 text lines with
[7(t;) — Test(t:)] > 40% exist.

In Fig. 4, the absolute error e,ps(t) = |r(t) — rest ()]
for each text line ¢ of the validation set is plotted in as-
cending order. As can be seen from Fig. 4, the absolute
error is below 10% in over 25% and below 15% in over
42% of all cases.

5 Classification Results

In a real world scenario an interesting question is to
decide whether or not a given text is readable. An exam-
ple of such a scenario is an address reading system where
a letter with a falsely recognized address is directed to a
wrong destination, possibly returned, and then needs to
be reprocessed. Moreover, false recognition is expensive
in the sense that a needless recognition attempt has been
made. It would be interesting to filter out unreadable text
before it is fed into a text recognition system. The text
that has been filtered out can then be processed by a hu-
man or a specialised recognition system, thus decreasing
the overall cost.

To filter out unreadable text, the readability estimation
problem is transformed into a classification problem [8]:
given an input feature vector X; extracted from a text ¢,
determine whether X, belongs to class c; or to class cs.
Class c; indicates that the text is unreadable, while class
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Figure 4. Absolute ErrorsEates on the Validation Set

co indicates that the text is (eeldable. Thus
X, € { ° (ﬁ r(Xe) 29 )
ca, erwise
where 7(X;) € [0,100] dendles the recognition rate (in
percent) on text ¢ achievedIb}ythe text recognition system
described in Section 2.2. Theythreshold ¥ € [0, 100] con-
trols the classification. Clearly, if 1J is set to a high value,
more text is classified as dable.

Four possible cases are defined for the readability clas-
sification task. The first twb dases occur when the system
correctly labels a readable as readable (denoted Cor-
rect Readable Classificatién TCRC)) or when the system
correctly labels an unreadaklbhtext as unreadable (denoted
Correct Unreadable Classifidation (CUC)). In the other
two cases the system make$ a mistake. Firstly, the system
can falsely label a readable|text as unreadable (denoted
False Unreadable Classification (FUC)) and, secondly, it

can falsely label an unreacable text as readable (denoted
False Readable Classificatidn (FRC)). The two types of

errors are quantified as Typg I Error = #]{gm‘ and
as Type II Error = + . The correct classifica-

Ul—/-wgc+ }1%%% cuc
tion rate is defined by CRC&?U0+FU0+F.RC.
The output of the readability classification depends on

the cost function fcogt. rationale of the cost func-
tion presented in this paper T to minimize both the num-
ber of FRC relative to the total number of readable text
(i.e., RC = CRC + Ff(é’) as well as the number of
FUC relative to the total ber of unreadable text (i.e.,
UC = CUC + FUC). TheLost function thus is defined

Foost(€,9) = c % %}—F (1—c)x* m (6)

OIS
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Figure 5. Costs for theg'B_.uo Different Scenarios on
the Validation Set

where the parameter ¢ € [071] denotes the cost of wrongly
classifying an unreadable\text as readable and, conse-
quently, (1 —¢) € [0,1 otes the cost of wrongly
classifying a readable text'as unreadable. The parameter
¥ € [0,100] denotes the Iiaedg-nition rate above which a
text is classified as readablg<see Eq. 5).

Varying the cost ¢ € [971] enables us to investigate
scenarios with different costs)for the two types of errors.
The following two scenarios pre investigated in this work.
The first scenario characteriEes the case where wrongly
classifying an unreadable ({3t as readable and wrongly
classifying a readable tex readable produce the same
cost (i.e., ¢ = %). The se%scenario reflects a scenario
where an automatic readi stem wrongly classifies an
unreadable address as rec;gﬂe and the letter or the par-
cel is then delivered to a Wr(ing address and is either lost
or returned and then has tp-Re reprocessed. In this case
we assume that wrongly clas#fying an unreadable text as
readable is ten times more @ ly than wrongly classifying

a readable text as unreadahle fi.e., c = 19).

In Fig. 5 shows the f. 4Tfor the two scenarios by sys-
tematically varying threshetd;¥) € [0, 100] on the valida-
tion set. For the first scengsQ with ¢ = % minimal costs
of 0.278 are obtained at 45%. This means that the
costs are minimal if a text ip—@or the second scenario with

c= % minimal costs of 0.075 are obtained at ¥ = 37%.

Tables 1 and 2 show the Classification results for the
two scenarios. The scen with cost ¢ = % classi-
fies 80.00% of the text lipgs as readable and 20.00%
as unreadable. The Typ&Erwr is 48.45% and the
Type II Error is 7.14%. Alcorrect classification rate of
80.90% is achieved. (_I'

O
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Table 1. Results for Scenario with Cost ¢ = %

Classifier’s || Actual Class of the Text
Decision readable | unreadable
readable 221 47
unreadable 17 50

Table 2. Results for Scenario with Cost ¢ = 12

Classifier’s || Actual Class of the Text
Decision readable | unreadable
readable 246 45
unreadable 7 37
The scenario with cost ¢ = 1 classifies 75.52% of

11
the text lines as readable and 24.48% as unreadable. The

Type I Erroris 54.88% and the Type II Erroris2.77%.
A correct classification rate of 84.48% is achieved.

6 Discussion

In preliminary experiments to classify the regression
results as either readable or unreadable, the cost function
was defined as

_ CRC(9) + CUC(9)

féost(ﬁ) - RC(ﬁ) T UC(19) (7)

i.e., divides the correct classified text lines by all text lines.
However, the cost function f/ ., produces the best results
for ¥ = 0% meaning that all text lines are labelled as
unreadable. Under this cost function the classification
task degenerates to an one class classification problem and
feost Was used instead.

Interestingly using the cost function f..s; of Eq. 6, the
lowest costs are produced if the readability threshold o
is set to a value below ¥ = 50%, i.e., to ¥ = 45% and
to 9 = 37%, respectively. This result show that optimal
results are achieved with low thresholds which contradicts
the intuition that a high threshold produces best results.

7 Conclusion and Future Work

In this paper, a new approach to estimating the read-
ability of a handwritten text is presented. It allows one
to filter out unreadable data prior to recognition and thus
helps avoiding needless recognition attempts. The esti-
mation problem is posed as a regression problem where a
Support Regression system is used to estimate the recog-
nition rate of a text. The regression system is tested on
a test set of 715 text lines from 20 writers. In over half
of all cases, the absolute error between the actual and the
estimated recognition rates is below 21%.

The estimated recognition rate can then be used to
classify a text as either readable or as unreadable using a
threshold . To find an optimal threshold for a given task,
a cost function which allows to define different costs for
the error of classifying an unreadable text as readable and

the error classifying readable text as unreadable are de-
fined. Two scenarios with different costs are studied and
show correct classification rates above 80% on the test set.

The readability classification task studied in this pa-
per can be regarded as a special case of the more general
problem of estimating whether or not a presented data is
recognisable by a given system. A natural extension of
this work would thus be to study the problem of recognis-
ability classification on other recognition tasks. This issue
is left for future research.
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