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ABSTRACT
This paper reports on the analysis of different approaches
in order to search for glyphs within handwritten mediaeval
documents. As layout analysis methods are difficult to ap-
ply to the documents at hand, template matching methods
are employed. A number of different shape descriptions are
used to filter out false positives, since the application of cor-
relation coefficients alone results in too many matches. The
overall goal consists in the interactive support of an editor
who is transcribing a given handwriting. For this purpose,
the automatic spotting of glyphs enables the editor to com-
pare glyphs within different contexts.

Categories and Subject Descriptors
I.4.7 [Image Processing and Computer Vision]: [Fea-
ture Measurement - Size and shape]

General Terms
Algorithms

Keywords
mediaeval handwriting, transcription assistance, correlation
coefficient, glyph spotting, shape descriptions

1. INTRODUCTION
The offline analysis of mediaeval handwritings is a chal-

lenging task due to the degradation of old documents which
are yellowed, blotted, and distorted, let alone the difficul-
ties arising in offline handwriting analysis, as for instance
described in [9]. In this paper, we report on our first results
regarding the spotting of single glyphs. The idea is to avoid
the application of the standard pipeline in document image
processing, since the aforementioned difficulties, in particu-
lar regarding the specific character of a single writer, are too
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complex for the given documents. Instead, we aim at an as-
sistance function which supports the user who is interested
in transcribing a given handwriting.

A glyph spotting function searches for specific glyphs in
the text. While single glyphs are often difficult to recog-
nise for the human user, the context within a whole word
gives him additional information and supports the recogni-
tion process. However, some contexts are more helpful than
others. Being uncertain in a particular word, it would be
helpful to have a look at the same glyph at other places
within the text.

The method we shall present below searches automatically
for additional appearances of a selected character within the
text and emphasises its occurrences visually by colour. This
enables the user to get an idea of that character in differ-
ent contexts. He can jump directly to those appearances,
instead of searching for them by hand which would be a
cumbersome task. In this sense, the resulting function is to
support the user in the analysis of handwritings.

This paper is structured as follows. The methods which
have been employed for glyph spotting are explained in the
following section. Their application to two very different
documents is shown in section 3. The discussion in section 4
identifies the most promising methods for glyph spotting. A
summary closes this paper.

2. METHOD

2.1 Template Matching
The editor, whose first aim is the transcription of a hand-

written text, can manually extract glyphs from the text
which he intends to find within the document. The extracted
glyphs are conceived of as templates for a matching method
according to [3], as the underlying methodology for all of
the following processing steps.

A template T is matched at position (x, y) of the image I
using the correlation coefficient τ :

τx,y =

∑
(i,j)∈T

(
I(x+ i, y + j) · T (i, j)

)
−KT̄ · Ī(x, y)√ ∑

(i,j)∈T

(
I(x+ i, y + j)

)2

−K
(
Ī(x, y)

)2

σT

(1)

where

σT =

√ ∑
(i,j)∈T

(
T (i, j)− T̄

)2

(2)
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is the variance of the template, T̄ is the mean value of the
template, Ī(x, y) is the mean value of the image region which
coincides with the current location of the template and K
is the number of pixels the template consists of. The range
of the correlation coefficient is [−1..1], but for the sake of
implementation and visualisation it is normalised to [0..255].
A non-maximum suppression strategy takes only the highest
value within a neighbourhood.

2.2 Postprocessing
The result of template matching depends on the chosen

threshold. The threshold splits the results into possible and
denied matches and lies, as the range of the correlation coef-
ficient, between 0 and 255. If the threshold is 0, the number
of possible matches m between the template T and the im-
age I corresponds to the maximal possible matches for the
given image:

m = (IWidth − TWidth) · (IHeight − THeight) (3)

By contrast a threshold of 255 will normally only find the
template itself.
In the context of handwritten documents there will hardly

be a single threshold that fits for every glyph. Hence, it is the
aim to deploy a robust postprocessing method, which allows
a low threshold that finds most instances, but avoids the
problem of too many false positives. To analyse a wide vari-
ety of possibilities we compare three different kinds of post-
processing techniques that are based on the common cat-
egories in shape description: region-based, skeleton-based
and contour-based.

2.2.1 Size Restriction (λ)

Before the above-mentioned postprocessing techniques are
used, many false positives can already be rejected according
to their size.
We try to find a glyph at every position in the image

where template matching suggests a possible match, that is
above a certain threshold. For this purpose, the height of
the bounding box of the template is extended, its central
point is placed at the point with the highest correlation co-
efficient within that locality, and the connected components
within that region are taken as a probably disconnected
glyph. Since the resulting glyph might not completely fill
the according rectangular area, the region around the glyph
needs to be cropped.
This finally results into a set of possible matches. For

each glyph in that set the standard deviation in height is
calculated and every glyph which has a size λ that fits the
following range will be accepted for further processing:

λ ∈ [averageh + stdvh, averageh − stdvh] (4)

2.2.2 Moments (η)

In order to filter out false positives, we use the central,
normalised moments as region-based, statistical features [5].
They are invariant w. r. t. scale and translation. The central,
normalised moment η of order (p, q) is defined by

ηpq = µpq

(
1

µ00

)(p+q+2)/2

(5)

where µpq is the central moment of order (p, q).
The moments are calculated for order (0, 0) up to (3, 3).

For two glyphs, which are to be compared, the sum of the

pairwise absolute values of the differences are taken into
account. If the resulting distance remains below a certain
threshold, the tested glyph is accepted.

2.2.3 Skeleton Comparison (ζ)

Another common approach in the field of shape recogni-
tion is to compare skeletons [7]. In our approach the skele-
tons are extracted using the method of [8].

The resulting skeleton image is divided into four subim-
ages. First the skeleton image is divided at half of the height,
which leads to the first two subimages. Secondly, it is di-
vided at half of the width. For all subimages the vertical
and horizontal projections are computed along their direc-
tion of subdivision. In the projections the number of hills
and valleys are counted, i. e. the sequences of rows with and
without the occurrence of foreground pixels.

A second feature, which can be derived from the skeleton,
counts the number of holes within the structure. Both fea-
tures are concatenated and used to compare the skeletons.

ζ = (numhills, numvalleys, numholes) (6)

If the values of the feature vector of the template and the
corresponding values of the glyph at hand are equal, the
skeletons are considered to be similar and the glyph is finally
accepted.

2.2.4 Polyline Comparison (ρ)

The last approach to compare glyphs with each other is
based on polylines [6].

Again, the image is divided into four subimages, the same
way as described in section 2.2.3. In a first step, for each of
the subimages the upper, the lower, the left, and the right
contour profile is calculated. Connecting the single points
within one profile leads to a polyline. This is done for every
profile so that the result consists of four polylines.

To compare two different glyphs, the distance between
corresponding polylines is taken into account. To reduce
the effect of noise, the central point of one polyline is used
as origin and the points of the other polyline are translated
according to the origin of the first polyline. Now, one can
calculate the distance between two polylines P1 and P2 by
using

D(P1, P2) =
∑

s1∈P1

min
s2

{d(s1, s2)|s2 ∈ P2} (7)

where d(s1, s2) is the Euclidean distance between the middle
points of the segments s1 and s2. If the distance of two
polylines stays below a certain threshold, the glyph at hand
is said to be similar to the template glyph.

In addition to this distance measure, a qualitative fea-
ture, which uses the positional contrast of each segment of
a polyline, is taken into account: the so-called extent [4],
which is a measure of complexity for polylines. The extent
is calculated for each of the polylines and for two glyphs the
corresponding values are compared. The absolute value of
their distance must be below a certain threshold in order to
accept a glyph.

3. EVALUATION
The first step within the transcription process is to mark

manually a glyph to which similar glyphs are to be found.
To mark a glyph the editor draws a rectangular area with
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the mouse around that glyph. In this area connected compo-
nents are searched. Since there might be several connected
components, the editor can choose which of them are part
of the glyph, and additionally, he can edit the appearance
of that glyph to get a proper template (e. g. removing or
adding pixels, which were lost due to imperfections during
binarisation).
To evaluate the different approaches, two different docu-

ments are compared: A mediaeval handwritten document
with 1523 glyphs [1] (top of Fig. 1 shows a sample) and a
printed one with 2233 glyphs [2] (bottom of Fig. 1). They
have been chosen because of their different characteristics, in
particular concerning irregular handwritten text as opposed
to more regular printed text. Handwritten documents have a
rather high variance within single character classes, whereas
printed documents look much more regular.

Figure 1: Subimages from [1] (top) and [2] (bottom)

Four experiments have been carried out. First of all, we
evaluated template matching alone in order to learn how well
the correlation coefficient works for these documents. For
the other three experiments we combined template matching
and size filtering with each of the three approaches described
in sections 2.2.2 to 2.2.4. The glyphs were chosen accord-
ing to their number of occurences, and additionally, specific
glyphs were chosen because of their structure, i. e. some
glyphs are substructures of other glyphs (e. g. ’r’ is part of
’n’ which is part of ’m’). They were taken into account in
order to test the associated difficulties. Some examples are
shown in Fig. 2.

Figure 2: Some glyphs from [1] (left) and [2] (right)
showing the intraclass differences.

The evaluation is testing different thresholds for template
matching. The other thresholds have been determined ex-
perimentally and were not changed during the experiments.
In the following sections, the mentioned threshold will al-
ways be the chosen one for template matching.

The results of the experiments can be seen in Table 1 and
Table 2. The values are rounded average values over all runs
of a single experiment. The values state how many matches
were accepted at each threshold and how many of them were
correct.

As expected, the template matching alone leads to the
highest number of possible matches, but at the cost of ac-
curacy. By contrast, the number of possible matches gets
lower the higher the threshold of the correlation coefficient.
But at the same time, a higher accuracy is achieved. The
detailed conclusions from these experiments are drawn in
the following discussion.

4. DISCUSSION
We started with the assumption that it would be easier to

spot directly for glyphs on the document image than to anal-
yse the layout first. It is in particular difficult to separate
characters from each other in a single word, since handwrit-
ings do not clearly separate characters. Searching for spe-
cific glyphs on a document page calls for template matching
methods, as by means of the correlation coefficient. It is our
goal to analyse to what extent the correlation coefficient is
able to make the physical layout analysis unnecessary, at
least in connection with further filter methods.

4.1 The choice of a threshold
Employing the correlation coefficient, a threshold needs

to be determined in order to separate accepted and rejected
matches. We assume that too many false positives would be
accepted with a low threshold. On the other hand, a rather
high threshold could result into too many false negatives.
However, aiming at the spotting of only a small number of
example contexts of a specific glyph, a high threshold should
serve for this application purpose: A high threshold might
reject a number of true positives, but false positives will
be avoided, or at least, small in number. This is what the
results show in Table 1.

These results go with the observation that, in the case of a
high threshold, there might be still false positives which are
quite similar in their appearance. Conversely, true positives
could be rejected with a high threshold if the variance of
the handwriting is too large. In general, a high variability
for the different instances of a class of glyphs results into
many false negatives when taking a high threshold and a
low threshold becomes necessary.

4.2 Template matching alone
The recall of true positives is quite large, employing the

correlation coefficient alone. For instance, in [1] there are
11569 matches when looking for one of the characters as a
template and when using a threshold of 25. One might won-
der why there are so many matches, inasmuch as there are
only 1523 characters on the document page. Omitting the
layout analysis including the separation of characters, the
correlation coefficient is determined for all conceivable posi-
tions on the entire document image, the latter having a res-
olution of 2469× 1988 pixels. There are therefore 4,908,372
potential matches, which will be reduced by taking into ac-
count the size of the template, however, in the example this
makes approximately 0.24%. Hence, this result is not par-
ticularly surprising. It shows the obvious necessity of adding
a filter to the template matching method.
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Table 1: Results when applying the presented methods to [1]
possible matches at threshold true positives at threshold true positives [%] at threshold
25 175 200 225 240 25 175 200 225 240 25 175 200 225 240

τ 11569 351 54 2 1 52 44 30 2 1 0.45 12.47 55.73 100 100
τ + λ+ η 174 46 16 1 1 23 20 13 1 1 13.01 42.50 80.26 100 100
τ + λ+ ζ 5 4 2 1 1 4 3 2 1 1 85.71 88.89 90.32 100 100
τ + λ+ ρ 13 11 8 1 1 9 8 7 1 1 65.43 69.68 87.62 100 100

Table 2: Results when applying the presented methods to [2]
possible matches at threshold true positives at threshold true positives [%] at threshold
25 175 200 225 240 25 175 200 225 240 25 175 200 225 240

τ 15018 2103 753 222 86 112 112 112 108 82 0.74 5.31 14.84 48.41 95.55
τ + λ+ η 288 256 179 110 57 72 72 65 65 54 25.12 28.23 36.46 59.04 94.86
τ + λ+ ζ 41 39 35 26 18 22 22 22 21 18 52.04 55.48 62.21 81.73 97.96
τ + λ+ ρ 63 60 52 46 34 39 39 39 39 33 61.71 64.99 74.02 83.72 98.13

4.3 The size constraint
The first filter considers the size of the matches. While

the correlation coefficient finds too many matches, at least
when taking lower thresholds, there are many false positives
which mainly differ in their size. Sorting them out there is
in fact a great reduction of the number of possible matches,
which speeds up the postprocessing.

4.4 The choice of the threshold revisited
Irrespective of the filter method, a higher threshold means

a higher fraction of true positives. For the application sce-
nario, a high threshold seems to be the best choice. In this
way, a small number of correct contexts can be found, which
can be inspected by the human user who tries to determine
the character class for a particular glyph.

4.5 The comparison with printed text
The comparison with a more regular style of glyphs is

provided when referring to printed text, instead of finding
another more regular handwriting style. As assumed, the
recall of true positives is much larger in this case. The results
show that this holds even for all methods.
An interesting difference is that, taking a threshold of at

least 225, there only remain true positives in the case of
the handwriting, while there are still some false positives
regarding the printed text, even if for the latter a higher
threshold is used. This seems to be related to similar glyphs
which are neither sorted out by template matching, nor by
the other filters. By contrast, different but similar glyphs are
earlier sorted out in the case of the handwritten document.
For both document types, we learn that the filter based

on normalised central moments leads to the best results.
But moments are not the best filters in any case, if looking
at the fraction of the results instead of the absolute values.
Some of the other methods, as those based on skeletons, do
have a rather small recall when using high thresholds for the
correlation coefficient, but a superior fraction.

5. SUMMARY
We have proposed two new approaches to spot similar

glyphs based on skeletons and polylines. The experiments
point out that those approaches lead to a high accuracy at
the cost of a low recall when applyling them to mediaeval

handwritings. In contrast, template matching alone and in
combination with central normalised moments leads to a
high recall at the cost of precision. Additionally, we found
out that there is a clear impact of the variance in handwrit-
ing, which results in a low recall for all approaches, when
applying them to [1].

Hence, the usage of one or the other approach depends
on the desired application. In our case, the higher accuracy
is the optimal choice: The human user can easily spot a
few, but correct glyphs, which are considered to be similar.
Based on them he can make a decision on the meaning of a
glyph with the aid of different contexts, without searching
for them by himself or looking at too many false positives.
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