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1 Introduction

A semi-automatic character labeling ("truthing’) procedure is presented, which
uses an initial un-supervised algorithm to estimate the starting stroke and
number of velocity-based strokes (VBS) per allograph, followed by minimal
user interaction to improve the estimates. In this study, a stroke is defined as
the trajectory of the pen tip between two consecutive minima in the absolute
pen-tip velocity [3,4,5,6], see Figure 1). Such a procedure is useful since the
complete manual labeling of handwriting takes a lot of time, in the order of
one hour per 100 written words. Basically, the question in this study is: How
far can one get in estimating character locations, starting with only the word
label and the XY(t) coordinates, while using velocity-based segmentation into
strokes.
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Figure 1. Division of a handwritten word into strokes
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Figure 2. Minima in the velocity of the same word



A basic problem in on-line handwriting recognition is the variation in hand-
writing styles (see Figure 3 and 4). Some [2] believe that the ultimate goal is
the writer-independent handwriting recognition system, we think that a sys-
tem which is able to learn the peculiarities of the handwriting style of a given
writer will have a much higher performance asymptote.
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Figure 3. T'wo instances of a four-stroked <g>
allograph

Figure 4. T'wo instances of a nine-stroked <g>
allograph

The drawbacks of manual labeling are that, apart from the amount of user time
required, the user must apply systematic and consistent criteria in segmenting
and labeling characters (Figure 5)

Figure 5. An example of the dif-
ficulties that may arise
in the manual labeling
of a word: Guess the
word, and the location
of its characters



2 The problem

How can we predict or estimate the location and duration of allographs in a
handwritten word, using minimal advance knowledge of allograph shape.

In an earlier study [1], a solution for the problem was coined, on the basis of
simultaneously solving a set of linear equations. This latter idea is pursued in
the current study.

3 Method
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° Nw = the estimated number of strokes in a word

e n;, = the number of instances of each letter of the alphabet in this word
(may be zero)

o J; = the estimated number of strokes of a letter :

e (', — 1 : we (heuristically) assume that the number of connecting strokes
between letters in a handwritten word equals the number of characters
minus one. A pen-lift counts as a single VBS. Of course this is simplistic:
small ligatures at the beginning and end of isolated characters are omitted
(but we’ll see how far we get)

e Jy = an indication of the number of connecting strokes this writer pro-
duces in excess of the expected strokes between characters ', — 1

The model is solved by using the known number of strokes N, as output, and
the number of letters n;,, used from the alphabet as the input, in order to find
the coefficients 3 of the model by linear regression (regress in Unix |Stat).

The vector 5 can be dubbed as character-duration vector.




For this study we used earlier recorded handwriting data of 92 writers (male
and female) from the US, who all wrote 500 lowercase words. This amounts
to 46000 handwritten words.

actual Nstr word letters
33 agreement | l.a, 3.e, l.g, 1.r, 1.om, 1l.n, 1.2
7 bell 1.6, 1.e, 2.1
11 blade l.a, 1.b, 1.d, 1.¢, 1.1
22 brain l.a, 1.b, 1.2, 1.n, 1.r
24 young l.g, 1.n, 1.0, 1.u, 1.y

Table 1: Example of the input data format for the stroke estimation procedure

4 Results

Results after application of the model on all data, separately for each writer,
yielding writer-specific character-duration vectors.

H error ‘ Mean ‘ sd ‘ Min ‘ Max H
€ -0.024 | 0.52 | -1.73 | 1.47
|e] 1.31 1025 | 048 | 2.09
O 1.76 0.85 | 3.06

Table 2: Errors of the character-duration estimate model, expressed in average
number of strokes per word (N = 92 writers, 500 words per model estimation)

It we take the word thunder in Figure 6 as an example, we can clearly see the
flaws of our estimation procedure. Because of forward propagation of errors in
the estimation of the allograph duration (in strokes) the location of for example
the allograph <e> is not correctly estimated.




5 Conclusion

o The procedure yields reasonable results with minimal knowledge about
allograph shapes.

e Not all problems are solved with this procedure.

e Knowledge about ligatures is not taken into account in the equation.

It we do use knowledge about ligatures, it is expected that the semi-automatic
determination of the location and duration of allographs in handwritten words
yields better results. A second experiment implemented the ligature knowledge
by using a matrix M,, of ligatures containing information about the expected
number of strokes between letters v and v in the alphabet. This gives the
following equation:

26 m—1
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where A, (j) is letter j from the word and m is the actual number of letters
in the word.
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Figure 6. This graph shows the histogram of |¢| in number of strokes and the

number of times this error occurs in the 46000 words for both models
(eq 1 and eq 2)



Figure 6 shows |¢| for the basic model, and for the improved model. Indeed, the
improved model shows a better performance, at the cost however, of substantial
advance knowledge (Mj;). we can see that the mean number of errors in
the estimation procedure without ligature information is 1,31 stroke absolute
difference between actual and predicted number of strokes per word. For the
procedure in which we use ligature information the mean is 0,73. The area
under both curves should be the same.

Figure 7. A picture of the result of the estimation procedure (eq 1)
on words containing allographs <d>
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