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ABSTRACT

With the increasing pervasion of computers, the handwriting
seemed to forfeit its position as the primary way of permanent
expression of humans ideas; typed texts appeared as the new and
better solution. However, with the today’s rise of modern pen
based computer devices (e.g. TabletPC), we may see a renais-
sance of the traditional handwriting in the digital world. More
and more electronic documents will be written with pens di-
rectly on the screen. One of the benefits of digital documents in
comparison to paper, is the convenience of automated document
management, including retrieval. For example, full text search
in large amounts of sheets of papers is a time-consuming task in
the analog world, while modern search engines demonstrate ev-
eryday the simplicity of the same task in the future digital world.
The continuous breakthrough of digital handwriting will require
search possibilities as they exist for typed documents. This pa-
per discusses problems related to search in digital handwriting
data and describes a novel approach to solve this searching prob-
lem.
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1. INTRODUCTION

The rising spread of computers with pen sensitive screen sur-
faces or special digital pen devices will lead to a growing amount
of digital handwritten documents. As compared to keyboard
typing, using a pen is often less disturbing for example when
taking meeting notes or may be more convenient for rapid draw-
ing of sketches or diagrams. Until now, a main problem of dig-
ital handwritten documents is difficult management because of
the lack of appropriate retrieval mechanisms. A straightforward
idea of course would be to use textual recognition to translate the
written inputs in digital text documents, so that usual text index-
ing and searching algorithms can be utilized. However, this ap-
proach may be problematic because of the existing error rates of
today’s handwriting recognition systems, especially for persons
with unclear writing style or those with slightly supported non-
Latin scripts. The problem is even worse, if no textual content at
all can be recognized, namely for drawn or sketched documents.
This paper addresses this problem by using a novel shape based
search approach for finding words, phrases or symbols without
any textual recognition.

With respect to data acquisition, different classes of devices
for digital handwriting can be distinguished. The most popu-
lar class of devices for the moment are small computers (with
or without a keyboard) equipped with pen sensitive screens —
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personal digital assistants (PDA) along with some actual mobile
phones with PDA features, Tablet PCs or, recently, so called
ultra mobile PCs (UMPC) are examples. The second class is
formed by large black- or whiteboards with sensors for captur-
ing the pen tip position while writing (e.g. Xerox Liveboard
[1] or mimio Xi [2]). The third important class is composed
of pen-and-paper combinations, where an autonomous system
captures and stores the written and drawn contents (e.g. IBM
CrossPad [3], Logitech ioPen [4] or Pegasus PC Notes Taker
[5]). All these devices are able to acquire data about the pen
movement during the writing process as sequences of pen-tip
coordinates and sometimes also pressure information. This sam-
pling scheme is the so called on-line approach, in contrast to
off-line handwriting acquisition, where the handwritten content
is optically scanned after the writing process. The on-line ap-
proach is considered as more appropriate for recognition than
the off-line one, due to the availability of more process-related
data, like stroke direction and ordering and timing information
[6]1[7].

The main contributions of this paper are a) the presentation
of a new algorithm for searching within handwritten data, b) the
discussion of different features types and their respective pa-
rameters and c) an evaluation of the new approach using a test
database and a comparison of the results with those, which were
achived with related systems.

This paper is structured as follows: Section 2 gives a short
overview about related work as published in the literature and
describes the algorithmic basics of our system. In section 3 de-
tails about our algorithm are described and Section 4 explains
the aspect of determining appropriate features for our system.
Our test setting and first experimental results are presented in
section 5.

2. PRELIMINARY REFLECTIONS

2.1. Related Work

As mentioned in the introduction, the most obvious approach
for searching handwritten documents is the fextual recognition
and then searching in the resulting set of character data. This
approach is described inter alia in [8][9]. The advantage of this
approach is the high searching performance by using powerful
full-text indexing strategies. On the other hand, the main dis-
advantages are the relative high error rates of the actual hand-
writing recognizers (when used with unclear writing styles) and
the problem of recognizing non-text contents like sketches or
diagrams.

Another approach for searching in handwritten texts is the
word spotting, which works on the basis of shape comparison
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of query words and the words of the documents instead of rec-
ognizing the words [10][11][12]. Using this approach, it is pos-
sible to search for pen based shapes without any interpretation
of the content. The disadvantage of the published systems is
the need for a good word-wise segmentation of the handwrit-
ten documents during a preprocessing step. If the segmentation
fails, the retrieval will fail, too. The published systems in the
literature differ in the way of performing the comparison be-
tween words or other pen shapes. For example in [11] and [12]
the handwritten inputs are transformed into sequences of states,
which describe the path of the pen-tip while writing, i.e. the
shape of the input. The word comparison then is realized by
sequence matching, e.g. using dynamic time warping.

Our approach is related to the latter one in the sense that
we extract shape describing sequences out of on-line handwrit-
ing signals, but we match them without previous word segmen-
tation. Due to the influence of individual writing style on the
shape of handwriting inputs, we consider only intra personal
searching.

2.2. String Algorithms

The algorithmic basis of our handwriting search system is the
comparison of sequences over a finite alphabet, i.e. strings. The
most widely used comparison technique for strings is a dissim-
ilarity measure called edit-distance. The background of this
measure is the idea that two strings are similar, if only a few
operations are needed to transform one string into the other.
In the original edit-distance (also called Levenshtein distance
[13]), the supported operations are insertion, deletion and sub-
stitution of individual characters. The Hamming distance for
strings can be interpreted as a variant of the edit-distance, where
only the substitution operation of characters is allowed. Another
variant is the Damerau-Levenshtein distance, which allows in-
sertion, deletion, replacement and additional character transpo-
sition operations [14]. The classical solution for obtaining the
edit-distance of two strings, i.e. the minimal needed number of
operations, is to use dynamic programming techniques with a
asymptotic time complexity of O(m x n), where m and n are
the lengths of the strings. The classical edit-distance can be used
for example for correction of spelling errors in word processing
and has been successfully adapted for comparison of handwrit-
ten signatures for biometric applications [15].

Another variant of the edit-distance is the local similarity,
where for two strings the longest substrings are computed, hav-
ing minimal edit-distance. This technique is used in bioinfor-
matics for finding similarities between genomic data [16].

A further variant is the approximate string searching which
computes the edit-distance between one string and all substrings
of a second string. That way it is possible to find all similar ap-
pearances of a short string within a longer string [17]. We have
adopted the later approach and extended it towards our search
system for on-line handwritten documents. Section 3 describes
in detail this searching algorithm and necessary adaptations for
our purpose of handwriting retrieval.

3. APPROXIMATE STRING SEARCHING

The approximate string searching problem, i.e. the fuzzy search
for all appearances of a short string ¢ (query) within a long string
d (document) can be realized by filling a matrix D of the size
(m 4+ 1) x (n + 1) with m and n being the string length of ¢
and d, respectively (see equation 1) [18].
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0 ifi =0,
D(i—1,0)+1 ifi >0,
. andj = 0,
D(i,j) = D(i,j—1)+1
min¢ D(i—1,7)+1 else.

D(i—1,j —1)+6(i,j)
(1

Where the function (4, 7) indicates the cost for substitution
of the ‘" character of query string ¢ by the j** character of
document string d:

)= 7 el =W

To reduce the O(m x n) memory complexity, it is possible
to calculate matrix D column-wise and hold only the two ac-
tual columns. After calculation, the matrix row D(m,0...n)
contains the edit distances between the query string ¢ and a sub-
string of document d, which ends at the position j of d. To find
those positions 7, which indicate a match of the query string g,
the matrix element D(m, j) has to be smaller than a threshold
7: D(m,j) < 7. Like in other classification systems, if 7 is
chosen too small, the missing rate increases and so the recall
rate decreases. On the other hand, by choosing 7 too large, the
mismatch rate increases and so the precision declines. In theory,
D(m, j) can not be greater than m, but practical experiments
with random strings ¢ and d (uniformly distributed randomness)
over a finite alphabet A show, that D(m, j) in average is smaller
(see figure 1).
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Figure 1: Normalized edit distance as a function of alphabet size
| A| while searching for a short random string (100 characters)
within a long random string (10,000 characters) — averaged re-
sults of 100 tests.

As can be seen in figure 1, the averaged normalized edit
distance (D(m, j)/m) tends to become greater, the longer the
alphabet is. If the threshold 7 for the maximal allowed edit dis-
tance is chosen greater than this averaged value for the respec-
tive alphabet size, in practice the mismatch rate rises rapidly.

4. FEATURES FOR RETRIEVAL

To be able to use the approximate string searching algorithm
for searching in handwritten documents, it is necessary to ex-
tract string-like feature data from the handwriting signals (i.e.
time discrete signals of pen tip position x;, y:, and binary pen
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pressure p;). In context of the work presented in this paper, we
studied four different types of these string features.

4.1. Freeman Grid Codes

The first feature type bases on coding of line drawings, first pre-
sented by H. Freeman in [19]. The idea is to superimpose the
handwriting shape (words, phrases, symbols, ...) with a regu-
lar grid (see figure 2-a and to quantize the sampling points with
respect to the respective grid nodes. So the original handwriting
shape can be expressed as a word over an alphabet, which con-
sists of eight directions (two horizontal, two vertical and four
diagonal, if square grids are used). It is possible to consider
gaps between pen strokes, but in our experiments, the influence
of a gap-coding was not measurable.

It is obvious, that the direction coding tends to be more pre-
cise by using a fine grid size but on the other hand, a very fine
grid size implies a very long resulting string feature. This fea-
ture type has been successfully utilized for the recognition of
gesture shape in the domain of pen based graphical user inter-
face design [20].

Besides using the square grids, it is possible to use grid on
the base of other geometric shapes, if these shapes are able to
be packed compact. Thus, regular triangles or hexagons are al-
ternative solutions. The advantage of grids consisting of these
shapes is that all neighbor nodes of a grid node have the same
distance, while in square grids the diagonal distance is higher
than the horizontal and the vertical. A disadvantage is the higher
computational complexity of a grid quantization using triangu-
lar or hexagonal base shapes.

4.2. Direction based Codes

A general problem of Freeman grid codes is the strict limitation
of the possible directions to eight for square grids (six for trian-
gular and three for hexagonal grids). To overcome this problem,
it is possible to use the direction of the pen stroke between two
consecutive sampling points as the basis for a string like fea-
ture. Because of the varying distance of the raw sampling points
as a result of varying writing speed, an equidistant re-sampling
(i.e. regularly spaced in arc length) of the original handwriting
signals x; and y; is necessary, as illustrated in figure 2-b. The
re-sampling can be performed using cubic spline interpolation
[21].

For two consecutive re-sampled points (x+, y:) and (z¢41,
Ye+1), the direction v is calculated as follows (see figure 2-c:

Yi+1 — Yt
Tt+1 — Tt

oy = arctan

3

To obtain a string of symbols over a finite alphabet, the re-
sulting direction «; has to be quantized. The most simple way
is to divide the complete possible range of ax (0 < a; < 27)
into s equal parts, which leads to an alphabet of the size s. We
may expect an increase in coding precision with increasing s.

Another parameter, besides the degree of direction quanti-
zation, is the arc length of two consecutive points after the re-
sampling. Similar to the Freeman grid coding, here the length
of the resulting string is directly dependant on this arc length.

4.3. Curvature based Codes

Additionally to the local direction of pen strokes, the local cur-
vature of the handwriting can be the base of a shape describing
string coding. There are two simple methods for the estimation
of this local curvature; a direction-based and a circular-based
approach. Both approaches are explained briefly, but only the
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former one will be used in evaluation. The most straightforward
way to estimate the curvature of a pen stroke is to use the dif-
ference of two consecutive local directions, i.e. the curvature ~¢
could be defined as the difference of o and c;41. The actual
curvature string coding is done in the same way as the direc-
tional string coding by quantizing the value of k. in s steps.

Besides this curvature estimation based on direction differ-
ences, it is possible to use the radius of the circle, which is de-
scribed by three consecutive sampling points. The curvature is
the higher the smaller is this radius and vice versa. In this paper
we use the direction difference approach to estimate the local
curvature of a pen stroke.

a)

c)

Figure 2: Extraction of string features from handwriting signals
and preprocessing. a) grid-based direction features according
to Freeman [19], b) equidistant re-sampling of handwriting sig-
nals, c) direction of secant between consecutive sampling points
after equidistant re-sampling, d) word slant as direction of con-
secutive Y-minima and -maxima.

4.4. Slant based Codes

A fourth method for extracting string like features from hand-
written inputs bases on the slant of pen strokes. The idea is
to measure the angle o, of the connection between a vertical
minimum and the consecutive vertical maximum or a vertical
maximum and the consecutive vertical minimum, respectively
[22]. Figure 2-d shows some examples for these directions. A
great advantage of this approach over those described in sections
4.1 to 4.3 is the very small length of the resulting strings. As
discussed in section 3 the asymptotic time complexity for per-
forming the approximate string searching is quadratic with the
size of the inputs (O(m x n)), so the time performance benefits
from smaller strings. Parallel to the direction and the curvature
based codes, for slant based coding the directions o need to be
quantized in s steps.

A disadvantage of this slant based approach could be the in-
sufficient expressive power to describe pen handwriting shapes
and out of it a low resultant retrieval performance.

Note that these four string features constitute an initial set

for our studies. Our suggested string matching concept can be
adapted to additional features in the future.
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5. TEST SESSTING AND TEST RESULTS

5.1. Dataset and Test Environment

For performance evaluation of our system we collected our own
test database' in a period of the last twelve months based on the
following procedure: a number of persons were asked to write
at least one page of text. The only requirement for the texts
was that they contain some words or phrases more than once.
This is necessary to be able to search for a word and find other
matches. We decided to collect our own database, as we did not
find suitable test data in the community at the time of our test.
The only other data sets we found were collections of off-line
data, i.e. scanned images of handwritten texts, and the UNIPEN
database [23], which does not contain texts but only characters
and symbols.

For collecting handwriting data sets, we used the ioPen de-
vice of Logitech [4]. This autonomous pen device allows writ-
ing on special paper, which is printed with a fine dot pattern. An
optical sensor in the pen allows deriving the position within the
paper area from the dot pattern. The temporal resolution (i.e. the
sampling rate) of the ioPen device is varying and reaches up to
50 Hz. The real spatial resolution is unknown to the authors, but
the device driver resulted in effective values of 710 ppi (points
per inch), i.e. one unit is about 0.036 mm. The pressure is given
in 127 different levels, but for the purpose of our handwriting
retrieval, only the fact of pressure/no-pressure (pen down/pen
up) is regarded. We acquired 59 documents (a document cor-
responds to one A4 sheet of paper) consisting of 10,990 words
and 65 sketches or icons from twelve persons. The document
languages are English and German (see figure 3 for an example
of a short handwritten text and a collection of symbols and a
sketch).

Abostroc b Mosk wamwk"ﬁ
W/‘l&w é@&rhco Fo Hae CDLFE%&W OQLJ e vy e
A/&ULQ—WV&M; (u Hak dhe gecret Leey s w«o{c&!waéﬁy
veveedeo  durivg fhe wobetnmark dekeckon proces,
L vlew of Hus secur Leat o <, &T*L{MW/&N{%L
wokeronle derection (2UWD) hoy been idrodlucest
LiFhou - Obuﬂm,qf/y reves e Secret  (nfocnchon,
Hotrever, Hie exisk g D) [arm“'(yw&s SR su e
Pren S Wf /DV‘O’Q/@CMJ/ e vl Lo
adkdres seok i Hals cpac . /ﬂ\fmﬁ o zro~ Wmi&y{y
watermrle  olodeation /@mﬁ@% s pwaw\ﬁcy( besed

Ol 0w~ prodots ('mabz, Gekemmonle. Scheme So- Haok
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Figure 3: Excerpt of a handwritten text and a collection of hand-
drawn symbols and a sketch.

From these 59 documents an amount of 271 query words,
phrases and symbols and their respective matches (ground truth),
altogether 332 occurances were selected and tagged manually.
Using these query words, for a set of given parameter setting
(see section 4) the number of correct matches, mismatches and
missed instances of the search queries were measured. Because
of the user dependant nature of the system, the searching only

'The public part of our database is available under http://
wwwiti.cs.uni-magdeburg.de/~sschimke/hwdb/
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involves those documents of the actual person instead of all
documents. Using the mentioned measures number of correct
matches, mismatches and missing matches we calculate the com-
mon retrieval measures precision, recall rate [24] and F1-Mea-
sure [25]:

tch
precision = maze .es
matches + mismatches
recall = matches 4)
"~ matches + missings
r 2 X precision X recall
1 =

precision + recall

The evaluation tests were performed using a Pentium M 1.6
GHz and 512 MB RAM with MS Windows XP SP2 Tablet Edi-
tion running JDK 1.5.0 and a MySQL 5.0 database.

5.2. Test Goals and Test Results

Our main goal is to evaluate the retrieval performance of our
new approach. We measure the performance by using the widely
used scores precision, recall rate and F1-Measure for a number
of parameter settings (i.e. grid width for grid based coding, arc
length and degree of angle quantization for direction and cur-
vature based coding and degree of angle quantization for slant
based coding) for all four feature types (see section 4). Our
second goal is to estimate the average time complexity per doc-
ument for all feature types and different parameters.

Figure 4 and table 1 show the retrieval results in form of
graphs and in numerical form, respectively. As can be seen, the
retrieval performance is the best when using Freeman grid fea-
tures. In our best case (using a small grid with size being 6 units)
the F1-Measure for this feature class is 0.815. The smaller the
grid size, the better the recognition performance. Surprisingly
the direction based coding without a grid shows a worse per-
formance than the grid based one. In our best case (using an
arc length of 6 units between re-sampled points and 12 direc-
tions) it resulted in a F;-Measure of 0.71. The F;-Measure for
curvature features using direction difference is with 0.323 very
low (arc length of 20 units and 16 directions). A similar value
could be achieved for slant based features; here the F;-Measure
is 0.312. Analyzing the average searching time show, that the
slant based features are by far the best with only about 15 ms
per document in average. The reason for that is the O(m x n)
time complexity of the approximate string searching algorithm:
the smaller the input strings, the faster is the calculation of ma-
trix D (see section 3). Since for the slant based approach only
a limited number of features are taken, namely the directions
between consecutive Y-minima/-maxima, the resulting feature
strings are relatively short, compared to the three remaining ap-
proaches, where points from the complete pen tip trajectory are
used to derive features.

In addition to the results of our searching system, figure 4
and table | also show the results of similar approaches from
the literature. In the best case, the retrieval performance of our
system is better than the values of Lopresti et al. [12]. However
the system of Jain et al. [11], reported to yield 93.2% precision
and 90% recall rate, achived a higher recognition performance
than our system.

Because of different databases and slightly different goals,
all these results are not well comparable. Both Lopresti et al.
and Jain et al. perform word segmentation, while we tried to
avoid such preprocessing. Furthermore in [11], the authors used
different individual thresholds, which enhance the performance,
while we used in our first evaluation a common threshold for all
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Figure 4: ROC (receiver operation characteristic) curve, show-
ing the precision and recall rates for four feature classes (see
section 4) using their best parameter setting. Additionally re-
sults from the literature are plotted [11][12].

documents and all persons. Automatic optimization of individ-
ual thresholds and parameter settings could potentially raise the
performance results of our system.

6. CONCLUSION AND FUTURE WORK

In our paper we present a new approach for searching within
handwritten documents without textual recognition. We utilize
the approximate string searching technique, known from the
domain of bioinformatics, where it is typically used for find-
ing pieces of gene sequences. We discuss four different fea-
ture types for converting handwriting signals into strings, to be
able to use the string searching algorithm. While evaluating
our system with an own database of handwritten documents we
achieved results of precision and recall rate of each 81.5%. So
we were able to show the general capability of our new system.

For the future work it is planned to evaluate the system with
a larger amount of documents to get more significant results.
Furthermore, from the algorithmic point of view, we plan to test
different fusion strategies, to combine the results of our different
features, to potentially achive a higher recognition performance.
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