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Abstract However, in order to segment on-line data, one can — and
should — take additional benefit from the on-line informa-

In this paper we propose a novel approach to the detec- tion. The approach proposed in this paper is based on find-
tion of on-line handwritten text lines based on dynamic pro- ing an optimal path between two consecutive text lines. The
gramming. We try to find the paths with the minimum cost optimal path between two lines is found using dynamic pro-
between two consecutive text lines. Most steps of the programming. The input of our approach consists of on-line
posed algorithm are based on off-line information. Hence data, but it additionally takes off-line information intc-a
the method can also be applied to off-line documents af-count. The motivation that most of the steps are performed
ter a few minor changes. In our experiments we show thatin off-line data is that the spatial information is not depen
this dynamic programming based approach is better than a dent on the order of the strokes, and that humans also use
common on-line segmentation procedure. the off-line information for this task.

In our experiments on 100 documents of the IAM-
OnDB [6]* we could outperform an approach proposed
1. Introduction previously. Without on-line postprocessing we achieved a
stroke classification rate df9.79 %, which could be in-
creased t®9.94 % by using the on-line information for re-
assigning small strokes to other text lines. Only on two doc-
uments small mistakes occured.

The rest of the paper is organized as follows. Section 2
gives an overview of the text line detection system. The
dynamic programming procedure is introduced in Section 3
in greater detail and the cost functions to find an optimal
(path are described in Section 4. Section 5 outlines some
postprocessing steps. Experiments and results are peesent
in Section 6, and Section 7 draws some conclusions and
gives an outlook to future work.

Although the problem of handwriting recognition has
been considered for more than 30 years [3, 10, 11], there
are stillmany open issues, especially in unconstrained-han
written sentences recognition. Text line detection is an es
sential preprocessing step in nearly all recognition syste
for general handwritten text. In on-line systems, text line
detection is usually handled by simple heuristics, i.ehéf t
pen-movement to the left and to the bottom exceeds a ce
tain threshold it is assumed that a new text line starts [J¢, 10
However, these simple methods fail if the user writes se-
guentially on different lines. This happens when a missing
letter has been inserted later or when notes have been taken
during a meeting. Therefore a superior method that can han2. System Overview
dle those cases has to be applied.

For the off-line case rather simple methods can be ap-  Figyre 1 gives an overview of the text line detection sys-
plied if the gap between consecutive neighboring text ines yom The input is a handwritten text in on-line format. First

is Iarg_e enough [9]. Other approaches for off-line text line gyme preprocessing steps are applied. The purpose is to
detection are based on connected components [8] or on progjjier out some noise. This filtering is needed because the

jection [12]. In [4] an approach based on finding a segmen- recorded on-line data usually contain noisy points and gaps

tation path has been introduced, but this method has manyyiinin strokes. which are caused by loss of data.

problems if the text Ii_nes are close t_o each qther. Recently  another preprocessing step is the initial estimation of the
a new general algorithm for detecting text lines has beeng,ing point of each text line. Between two consecutive

introduced in [5]. _ _ _ starting points the dynamic programming paths will start.
As on-line data can be easily converted into the off-line

format, any off-line method can be applied to on-line data.  Ihttp:/www.iam.unibe.cHki/iamondb/
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Section 4. The dynamic programming procedure already
outputs lines of good quality. At the end, however, some
I- postprocessing steps are applied to further improve the re-

The starting points of the text lines are estimated by ca aults

culating the vertical histogram of the foreground pixels in
the left part of the document. To overcome the skipping of _ )
lines, we also set a new starting point if the gap size between3. Dynamic programming
two consecutive starting points exceeds the median gap size
It is usually no problem if too many starting points have Dynamic programming is a well established technique
been found, because this often results in empty spaces befor solving optimization problems [2]. It has been success-
tween two paths, which can be easily detected and deleted fully applied in various subfields of image analysis, par-

As the last preprocessing step, the skew of the documenticularly in edge detection [1]. Dynamic programming is
is estimated. We experimented with two methods for skew applicable wherever the given optimization problem con-
estimation, i.e. linear regression and a new approach. Insists of similar subproblems and the optimal solution can
the new approach two histograms of the foreground pix- be determined using the optimal solutions of the sub-
els are calculated. One histogram is in the middle of the problems. In general the optimal solution for a given func-
left-hand side of the text area, i.e. it covers the area fromtion h(z1,...,zy) can only be found using an exhaustive
12.5% to 37,5% of the text with; the other histogram is search through all parameters resulting in an exponential
situated in the middle of the right-hand side, i.e. it cov- calculation time. If it is known that the problem can be di-
ers the area froms2.5 % to 87,5 % of the text width. The  vided into subproblemas,, ..., hxy_; and the optimal val-
maxima of these two histograms are then matched usingues ofh,, 1 (z,—1,x,) are independent of all other param-
a greedy search algorithm, which iteratively matches the eters the problem can be solvedd{N * k?) time, where
maxima with the lowesg-difference and the largest number £ is the number of discrete values eagltan take on.
of strokes intersecting the connecting line. The approachi  Dynamic programming works according to the following
illustrated in Fig. 2, where the areas considered for the his formula:
tograms are highlited with a gray background. In our exper- ) .
iments described in Section 6 the second approach based on el iEN h(zy,...,on) = mn fn-a(zy) )
histograms performed better than linear regression.

After preprocessing, a dynamic programming procedure where fo(z1) = 0 and
is applied to detect the text lines. It searches an optimal | .
path guided by a cost function that consists of a combination ™1 fn—1(%n) = min (fo—2(Zn—1) + hn—1(2n-1, 2n))
of several auxiliary functions. The dynamic programming 2)
procedure is outlined in Section 3, while the cost functions
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Figure 3. Example grid for a path the penalty function differs

In the problem considered in this paper, tNeparame-
ters are they-positions of the path at each horizontal posi-
tion. This results in a grid of possible positions for thetbes
path. Figure 3 illustrates a grid for an example fexote
that the grid has been adjusted to the skew.

with distance. More formally, the penalty added to a given
point x,, is defined as follows:

hevade (In—lv In) =

_ max((C' — d(xn,pe)) + (C — 2% d(yn,py))) (4)
4. Cost Function peP

whereP is the set of foreground pixels in the area beloyw

The functions,,_1 (,_1, ) for the subproblems is cal- Where both summands are greater than or equal tmd
culated using three auxiliary functions. These functiaoles a € IS @ constant. Thus the penalty decreases if the distance
described in this section. Since the optimization problem i Pecomes larger. Figure 4 illustrates the effect of addirg th
to find a path with minimal cost, each function can be seen PENalty. In the left-hand side of this figure only the disenc
as a penalty for any deviation from the optimal path. Even- In Vertical direction is taken into account, while on thehig
tually, the path with the smallest overall penalty, or cést, hand side both d_lstanges are pon&derqd. 'In this figure the
the desired solution. penalty for all grid points is displayed in light gray. We
observe that there is a segmentation error in the left part of
ig. 4. However, thanks to the influence or the penalty in
orizontal direction, this error is avoided in the rightada
side. In the area of small strokes we apply this penalty in
the opposite direction, because most likely these strales a
points corresponding to the line below. Figure 5, on the left
hand side, illustrates what happens if we do not apply this
special handling for small strokes, i.e. an i-dot is assigne

In the letters of the Roman alphabet, delayed Strokes,incorrectly. The correct segmentation obtained 'under the
such as i-dots and quotation marks, usually belong to the€Xtended procedure is shown on the right-hand side.
text below. Only some punctuation marks, like dots and _ The third auxiliary function is derived fr_om the assump-
commas, have to be assigned to the text above, but the);lon that the words have roughly .been_ wrl_tten next to e_ach
usually are already at the corragposition. One can ben- other. To prevent the path from jumping into the text line
efit from this property if the optimal path of the dynamic above or below, we add a_flxed penalty if the path crosses
programming procedure is closer to the text line above thanSPace of a supposed text line. We assume that large strokes
to the text line below. This idea is captured in theade that have their center of gravity in vertical direction ntee
function, which adds more penalty if the path gets closer Maximum of the vertical histogram are all in the same text
to strokes below. To avoid jumping to another line, we line. This initial guess is similar to _the connected compo-
also add a penalty to the grid points to the right and to the "Nt based approaches [8]. We define:
left. However this penalty in horizontal direction decresis

To avoid very high differences ig-direction between
consecutive points on the path, we use the vertical distanc{
between two adjacent positions for the calculation of the
first auxiliary function. After subtracting the the skew the
penalty is calculated according to the following formula:

hy—difference(xn—l; xn) - d(yn—h yn)g (3)

heross(Tn—1,xy) = 1,if there is a crossing (5)

2Note that in this and the following figures, different shadégray ) B S ) )
have been used to represent the individual lines detectedglgorithm. The effect of this auxiliary function is illustrated in Fif.



The last postprocessing step is the only one which di-
rectly uses on-line information. Since some i-dots and
punctuation marks may have been assigned to a wrong text
line, we look at the strokes in the on-line vicinity of each
strokes;. If these strokes are also nearby in space, but in
another estimated line, we reassigrto the other text line.

In the next section the effect of this on-line postprocegsin
step is demonstrated.

6. Experiments and Results

Our experiments have been conducted on the IAM-
OnDB, a large on-line handwriting database acquired from
a whiteboard [6]. We used a set of 100 documents for test-
ing. Each document has about six to ten text lines with an
average number of 25 strokes each. A different set has been

Figure 5. The i-dot is correctly assigned with
the special handling for small strokes

. used for validating the parameters of the dynamic program-
ming approach.
T T In order to compare the performance of the proposed sys-

L]
M—W tem, we implemented an on-line reference system. This ref-
U erence system is based on simple heuristics, i.e. if the pen-

. ) ) movement to the left is larger than N pixels and there is a
Figure 6. Cost function for preventing the pen-movement to the bottom it starts a new text line. This is
crossing of lines a common procedure found in many on-line systems [7, 10].

The reference system usually fails if a punctuation mark has
been written later than the words next to it, or if a letter or a
word has been forgotten and inserted later.
Finally, the cost functiot,, 1 (z,,—1, z,,) used in the dy- The parameters of the proposed method and the refer-
namic programming procedure consists of a linear combi- ence system have been optimized manually on the valida-
nation of the three auxiliary functions introduced above an tion set. The weights of first two auxiliary functions of Sec-

is defined as follows: tion 4 have been set t while the last one has a factor of
1000. We tested the proposed system two times. First we
hn—1(Zn—1,%n) = hy—dif ference(@n—1,Zn)+ applied the dynamic programming and the off-line postpro-
hevade (Tn1,@n) + ¢ % heross (Tn1, Tn) ©6) cessing;_ in the second test we also applied the on-line post
processing.
where c is a parameter that is optimized on an independent
validation set. System Stroke  Document
On-line reference 93.40 % 62 %
5. Postprocessing Proposed system1  99.79% 90 %

With on-line postpr. 99.94 % 98 %

After the dynamic programming approach has detected
the text lines as described above, we perform postprocess-
ing operations to eliminate a few common mistakes which
may have occurred during preprocessing and the search for
the optimal path. The first correction is the removal of  Table 1 shows the classification rates of the proposed
empty text lines, which appear if too many starting points system and the reference system on the stroke level and
have been estimated. on the document level. The strokes classification rate is

Another effect of too many starting points is the exis- the number of correctly assigned strokes divided by the to-
tence of pseudo text lines which consist of quotation markstal number of strokes. Similarly, the document classifica-
and i-dots only. These lines usually contain only a small tion rate is the number of correctly processed documents
number of strokes, and the strokes have a few points only.divided by the total number of documents. First we no-
To recover from errors of this kind we merge these lines tice a very remarkable improvement fr@¥8.40% (62 %) to
with the corresponding text lines below. 99.79 % (90 %) achieved with the proposed system without

Table 1. Results on 100 documents: stroke
and document classification rate



/_\ that significant improvements in text line segmentation can
be achieved only if text line detection and text recognition
are integrated with each other. Such an integration is a chal

lenging direction for future research.
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