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Abstract

In this paper we investigate the word extraction task in
on-line recognition of cursively handwritten text lines. For
the segmentation we propose a method which is based on
the assumption that the size of gaps between consecutive
words may considerably vary, but humans usually leave
more whitespace between two consecutive words than be-
tween two connected components that belong to the same
word. We use several metrics known from off-line word seg-
mentation for measuring the distances between two adja-
cent components. Then we apply different procedures to
get the initial threshold for segmentation. Using these tech-
niques we could significantly increase the segmentation rate
compared to methods which are usually applied in on-line
text recognition systems.

1. Introduction

Word extraction is an important preprocessing step in
most handwritten text recognition systems, because it al-
lows one to reduce the difficult problem of recognizing a
complete line of text to the simpler problem of recogniz-
ing single words [1, 12]. In on-line recognition systems the
segmentation is usually based on the horizontal extend of
the pen-movements to the right when the pen is lifted up.
If this length exceeds a certain threshold it is assumed that
a new word starts. In off-line recognition systems more re-
fined procedures are typically used. The determination of
a threshold for distinguishing between intra-word gaps and
inter-word gaps has been investigated in [4] as well as meth-
ods for clustering the gaps between the connected compo-
nents [5, 6, 9].

There exists some work in the field of on-line segmen-
tation, but it is mainly based on text/graphic segmentation
or structure analysis [3, 15]. In [11] the segmentation task
is considered with more attention. It is based on the hor-
izontal distance information as in this paper. The system
in [11] uses neural networks for classification while the sys-

tem in this paper is based on a recently proposed assump-
tion in off-line word segmentation [14]. The method in [14]
is based on the assumption that the sizes of gaps between
consecutive words may considerably vary, but humans usu-
ally leave more whitespace between two consecutive words
(inter-word gaps) than between two connected components
that belong to the same word (intra-word-gaps) up to some
predefined factor. In this paper we propose a method for
on-line word segmentation, which is based on the same as-
sumption. The method first segments a line of text into
sequences of connected components where the gaps be-
tween two sequences are larger than a previously calculated
threshold. Then it further splits all sequences whenever the
largest gap inside a sequence is larger than a fraction of the
gaps that separate the considered sequence from other se-
quences.

For the evaluation of word segmentation algorithms
there exist several measures [5, 9]. These measures take
different aspects into account as the task of word segmenta-
tion can be interpreted in various ways. It can be interpreted
as a word extraction task [14], a gap classification task [9],
or the task of finding inter-word gaps. We present our re-
sults using three different measures and show that we can
achieve improvements with all of them.

The rest of this paper is organized as follows. Section 2
presents the steps which are performed before the segmen-
tation method is applied. In Section 3 different procedures
for computing the initial threshold are described. Section 4
presents the proposed segmentation method. The results of
our experiments are given in Section 5 and finally, Section 6
concludes the paper and proposes future work.

2. Preprocessing and gap width estimation

First, some preprocessing steps are applied to the hand-
written text lines for the purpose of normalization (see
Fig. 1). In our system we apply standard preprocessing op-
erations that have been used in other handwriting recogni-
tion systems before [2, 7, 13]. As a first step the text lines
are normalized with respect to slant and skew. After that we
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Figure 1. Example text line before and after
normalization

assume that words can be separated from each other by ver-
tical cuts1. Secondly, the upper and lower baseline are esti-
mated for each text line, which allows us to perform height
normalization. Another preprocessing step is width normal-
ization, where the number of characters is estimated using
the number of white runs 2 between the upper and the lower
baseline. Finally, punctuation marks are removed from the
input data using some simple heuristics. This step is useful
because punctuations often cause errors during the segmen-
tation of a text line [5, 14]. An example of a text line before
and after normalization is given in Fig. 1.

A connected component, or component for short, con-
sists of one or several horizontally overlapping strokes. In
the procedure proposed in this paper the distances between
adjacent components have to be calculated. For these dis-
tances there exist several gap metrics (see Fig. 2):

• Bounding box distance: the width of the white gap in
the vertical projection of the components.

• Convex hull distance: the minimal white run-length
between the convex hulls of both components. If the
components do not overlap vertically, the bounding
box distance is taken.

• Point distance: the distance between the last point of
the first component and the first point of the second
component. This distance can be modified by using
the mean of the last/first n points.

In addition to geometric information, it could be helpful
to use the time information of the gaps to define a gap met-
ric. We have investigated two possibilities to include time
information. First we tried to use only the time distance.
Second we scaled the time distance with a factor and added
it to the geometric distance. This factor was optimized on
the validation set.

1This assumption is satisfied by more than 99% of the data
2A white run is a series of white pixels connecting two black pixels in

one pixel row.

Figure 2. Illustration of the distance mea-
sures on a simplified example

3. Initial threshold computation

In this paper we investigated three methods for calculat-
ing the initial threshold that is used to split a line of text
into sequences of connected components. First we used a
fixed value f as it is done in most handwriting recognition
systems. This is reasonable since width normalization takes
place during the preprocessing.

As an alternative we took the thresholds proposed in
refs. [10, 14] for off-line representation of the handwriting.
Both thresholds are based on the white run-lengths between
the upper and lower baseline of the handwriting. These lines
separate the ascenders and the descenders from the middle
part of the handwriting. The thresholds are based on the
following statistics f :

• Median white run-length (MWR): the median of the set
of white run-lengths between the two lines.

• Average white run-length (AWR): the median of the
number of white pixels in a row divided by the median
number of black-white transitions in a row.

In the basic version of our segmentation method (see below)
the text line is divided at all gaps which are larger than the
threshold γ ∗ f , where γ > 0 is a parameter optimized on
a separate validation set in our experiments and f is the
computed statistic.

4. Proposed method

Our word segmentation algorithm is based on the as-
sumption that for all words wi the gaps within wi are
smaller than the gaps between wi and its left and right
neighbor wi−1 and wi+1. In our algorithm, we first divide



Figure 3. Proposed method for an example
text line

the text line at all gaps that are larger than the initial thresh-
old. Then all remaining sequences of consecutive connected
components are taken into account. For each remaining se-
quence S the maximal gap maxgap inside the sequence and
the gaps leftgap and rightgap to the left and right hand
side of S are considered. If they fulfill the condition

α ∗ maxgap ≥ min{leftgap, rightgap} (1)

then the sequence is further divided into two subsequences,
where α is a predefined parameter. This is repeated recur-
sively until no more sequences fulfill the condition in Eq. 1.
Note that α is optimized on a separate validation set in our
experiments.

Figure 3 illustrates how the algorithm works. First all
gaps which are larger than the initial threshold are consid-
ered as segmentation points. This results in the three se-
quences of connected components “the”, “work should”,
and “have been”. Then the largest gap of each sequence
is tested if it fulfills the condition of Eq. 1. As a result
the sequences “work should” and “have been” are further
divided. The algorithm stops at this point, because the re-
maining gaps are too small. Note that the blanks denote the
gaps which are considered in the corresponding next step.

5. Experiments and results

All experiments have been conducted on a subset of the
the IAM-OnDB [8], which is a large database of on-line
handwritten text lines. The selected subset consists of 100
handwritten texts with about eight lines each. For optimiz-
ing the parameters γ and α of Sections 3 and 4 we used an
additional validation set of 20 writers. Each text was pro-
duced by a different writer. Hence a total of 120 writers
were involved.

For measuring the performance of a segmentation algo-
rithm there exist several methods. In this paper we used
three different performance measures:

• Word extraction rate (WER): with this measure the
segmentation task is considered as a word extraction
task [5, 14]

WER =
number of correctly extracted words

number of all words
(2)

• Gap classification rate (GCR): the segmentation task is
considered as a gap classification task which classifies
the gaps as inter-word gaps or intra-word gaps [9]

GCR =
number of correctly labeled gaps

number of all gaps
(3)

• Gap accuracy (GA): the segmentation task is consid-
ered as an inter-word gap finding task

GA =
correctly found gaps - gaps wrongly found

all gaps
(4)

Depending on the underlying performance measure, the re-
sults vary. Usually, the best results are reported with the
second measure, because it is rather simple to classify most
short gaps as intra-word gaps.

First, we investigated the gap metrics presented in Sec-
tion 2. We found out that the bounding box distance was the
best metric on the validation set. Integrating on-line infor-
mation, i.e. temporal information, into the distance measure
did not increase the performance. A possible reason for this
is that, on the one hand, the writers sometimes made a break
within a word for moving to the right in front of the white-
board. On the other hand, sometimes they quickly wrote a
couple of words without pausing. In this respect the white-
board handwriting data may be different from handwriting
produced on an electronic tablet.

Table 1 shows the results of all segmentation methods us-
ing different thresholds and accuracy measures. The base-
line method only uses the initial threshold for segmenta-
tion. For initial threshold computation the average white
run-length turns out to be the best choice (column ‘basic’ in
Table 1). However, using a fixed threshold produces good
results as well. This is because the text lines have been
width normalized before segmentation.

In Table 1 it can be observed that the new method always
outperforms the baseline system. Bold entries denote that
the increase compared to the corresponding baseline system
is statistically significant on the 95% level. This confirms
our statement that having a closer look at the segmentation
task improves the word segmentation rate.

The differences of the three performance measures can
also be seen in the results. The highest values are obtained
using the gap classification measure, while the word extrac-
tion measure and the gap accuracy are nearly on the same
level. A possible reason for the high accuracy of the gap



Table 1. Performance of the segmentation
methods for the three measures of Eqs. 2-4
on the test set

method basic new error red.
measure threshold

WER FIX 85.36 86.42 7.24
MWR 85.32 86.08 5.18
AWR 85.95 86.58 4.48

GCR FIX 95.64 95.69 1.15
MWR 95.54 95.66 2.69
AWR 95.69 95.75 1.39

GA FIX 87.22 87.50 2.19
MWR 86.95 87.55 4.60
AWR 87.41 87.73 2.54

classification measure is that there are many intra-word-
gaps which are only small. For those gaps the classification
is rather simple.

6. Conclusions and future work

In this paper we presented a word extraction system for
on-line data. In the literature only little attention has been
paid to this specific task of on-line handwriting recogni-
tion. We applied state-of-the-art methods for initial thresh-
old computation and for hierarchically segmenting a text
line. Our results show that there is a significant poten-
tial in increasing the segmentation performance over sim-
ple heuristic methods. We could increase the word extrac-
tion rate from 85.36% in the baseline method where a fixed
threshold is used to 85.95% by computing the initial thresh-
old with the AWR method. By applying the new word seg-
mentation algorithm the word extraction rate could be fur-
ther increased to 86.58%, which is statistically significant.

We also showed that the definition of the measure has
a great impact on the level of the reported results. While
the word extraction rate is about 86%, the gap classification
rate is already over 95%. This should be considered when
results of different papers in literature are compared with
each other.

In future we plan to combine several word segmentation
systems to a multiple classifier system. This is reasonable
since the different approaches produce diverse results. Also
the values for α and γ can control oversegmentation and
undersegmentation. Thus a combination of different seg-
mentation systems based on varying these two parameters
might also improve the performance.

Initial experiments of a text line recognizer have shown

a slightly improvement of the word recognition rate when
the segmentation information is used. Before that, the word
segmentation was integrated in the recognition process, i.e.
the character space was also modeled by the recognition
system. We plan to further extend our set of recognition
experiments to find the best way of integrating the word
segmentation information into the recognition system.
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