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Abstract

We descnibe a2 tramable, hand-drawm svmbol recosmizer
bazed on a mulb-laver recosnition scheme. Symbols are m-
temally representad as bmary templates. An ensemble of four
template classifhers ranks each defmion according to smu-
larity with an wmkmown symbol. Scores from the mdradual
clazzifiars are then ageragated to determme the best definthon
for the wnlmonn. Ordimanly, template-matching 15 zanaitne
to rotabion, and ecasting sohifions for rotahon 1w-anance are
too expensve for imteractrve use. We have developed an of-
ficient techrnique for achievmg rotation 1manance based on
polar coordinates. This techmiques also filters out the bulk of
unhkely defimitions, thereby simplifying the task of the mulh-
clazaifier recognition step.

Introduction

A long standing challenge in pen-based imterachion com-
cems symbol recognition, the task of recogmizing mdividnal
hand-drawn figures such as geometric shapes, glyphs and
symbols. While there has been sigmificant recent progress
m syvmbol recogmition (Fubme 1991; Fonseca, Pimentel,
& J-:rrge 2002; Matsakis 1999; Hammond & Davis 2003),
many rEﬂDE:ﬂEEIE.ﬂIEEﬂhE:IhﬂId coded or require large sets
of tammg data to reliably leam new symbol definrhions.
Such 1zzues make 1t t to extend these zystems to new
domams with novel shapes and symbols. The work pre-
sented here 1z focused on the development of a trainable
symbol recognizer that provides (1) interactive performance,
(2) easy ertenmblht'i. to new shapes, and (3) fast traiming ca-
pabilities.

Our recopnizer uses an imape-based recopnibion ap-
proach. This approach has a number of desirable character-
1ztics. First, segmentation — the process of decompozing the
sketch mtc constituent primitives such as lines and curves —
1z elimmated entirely. Second, our system 1z well swited for
recognizing “sketchy” symbols such as those shown in Fig-
ure 1. Lastly, multiple pen strokes or different drawing or-
ders do not pose difficulty. Many of the emisting recogmbion

roaches have either relied on single stroke methods m
which an entire symbol must be dravwn in a single pen stroke
(Fubme 1991; Kimura, Apte, & Sengupta 1994), or constant
drawmg order methods m which two similarly shaped pat-
termns are considered different unless the pen strokes leading
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Figure 1: Examples of symbols comectly recogmized by our
system. The top row shows symbols used in traming and
the bottom row shows correctly recognized test symbols. At
the time of the test, the database contained 104 definition
symbols.

to those shapes follow the same sequence (Ozer ef @l 2001;
Yasuda, Takahash, & Matsumotoe 2000).

Unlike many traditional methods, our shape recogmzer
can leamn new symbol definthons from a single prototype

le. Because only one example iz needed, users can

seamlessly train new symbols, and remove or overvTite ex-
1zting ones on the fly, without having to depart the main ap-
plication. This makes 1t easy for users to extend and cus-
tomuze their symbol libranes. To ncrease the femility of
a definttion, the user can provide addibicnal examples of a
symbol

Ordmanly, template-matching 1z zensitive fo rotation, and
exizting zolutions for retaticn invariance are too expensive
for interactive use. We have developed an efficient tech-
nique for rotabion mwanance based on 2 novel polar coor-
dinate analyziz. The unkmown symbel 1= fransformed mto a
polar coordinate representation, which allows the program
to efficiently determme which onentation of the unknown
best matches a given definition. Durning this process, defi-
miftions that are found to be markedly dizsimlar to the un-
lmown are pruned away, and the remaining ones are kept for
further analy=iz. In a zecond step, recogmition switches to
screen coordinates where the surviving definitions are ana-
Iyzed m more detail using an ensemble of four different clas-
sifiers. Each classifier produces a hist of defimitions ranked
according to their smlarity to the mkmown. In the final step
of recognition, results of the individual classifiers are pooled
together to produce the recognizer’s final decision.
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Figure 2: Examplez of symbel templates: A mechamical
pivot, letter “a’, digit “8°. The examples are demonsirated
on 24x24 templates to better illustrate the quanhzation

The analyziz m polar coordinates z the analysis
m screen codinates. However, for the sake of presenta-
tion, we have found 1t useful to begm the discussion with
our template reprezentation and the four template matching
techniques, smce some of those concepts are neceszary to
sef the context for the analvsiz in polar coordinates.

Template Matching

svmbols are drawn using a2 9 x 12 Wacom Intues2 digihiz-
mg tablet and a cordless stylus. Data pomts are collected as
time sequenced {: y) coordinates sampled along the stylus’

trajectory. There iz no resinichion on the number of strokes,

and symbols can be drawn amywhere on the tablet, m amy
size and onentabion.

Input symbels are mtemally described as 48x48 quantized
bitmap images winch we call “templates™ (Figure I). This
qua.uhzahun 51 Iy reduces the amount of data to con-
sider while preserving the patterns’ distinguishing charac-
tenistics. The template representation preserves the onpinal
aspect ratio zo that one can distinguish between, say, a circle
and an ellipse.

Durng recogmtion, the template of the unkmown 1=
matched agamst the templates in the datzbaze of defimbions.
We use four different methods to evaluate the match be-
tween a pair of templates. The first two methods are based
on the Hausdorff distance, which measures the dissimular-
1ty between two point sets. Hausdorff-based methods have
been sucecessfully applied to object detechion in complex
SCenes (Ruclr_hdla;e 1996; S, Kwon, & Park 1999), but onhbyv
a few researchers have rﬂcmﬂt emploved them for hand-
drawn pattern recognition {Cheu.ug Yeung, & Chm 2002;
Nhller, Matsakas, & Viola 2000). Our other two m@ﬁm
methods are based on the Tanimoto and Yule coefficients.
The Tanmmoto coefficient 13 extensively used m chemical m-
formatics such as dmg testing, where the goal 13 to 1den-
tify an unkmowm moelecular structure by matching 1t agamst
Jmown structures in a databaze (Flower 1998). The Yule co-
efficient haz been proposed as a robust measure for bmary
template matching (Tubbs 1959). To the best of our knowl-
edge, the Tammoto and Yule measures have not previcusly
been applied to handwritten pattern recognition. In the fol-
lowmg paragraphs we detail these four classification meth-
ods.

Hausdorff Distance

The Hausdorff distance between two point sets A and B 13
defined as:

H(A, B) = maz{h(A, B), ki B, A))
where
h{A, B) f;gl.f{géiﬂ e &)

lla b represents a measure of distance (g g, the Euclidian
distance) between two points a and b. i( A, B) 1z referred fo
ag the directed Hansdorff dizstance from A to B and cormre-
nndst-:n the maxmum of all the distances one can measure
m each point in A to the clozsest point m B. The mtutive
ln:lealsthatifh.l[ﬂ B) = d, then every pomt in zet A 1s at
most distance d away from some pu-mt m B. k{5, A) 13 the
directed distance from B to A and is computed in a similar
way. Note that m general (A, B) # h{B, A). The Haus-
dorff distance iz defined as the maximum of the two directed
distances.

In 1tz onginal form, the Hanzdorff distance 15 too sensi-
trve to cuthiers. The FPartial Hausdordf distance proposed
by Ruckhdge (1996) eliminates this problem by ranking the
points in A according to their distances to points In B 1n de-
scending order, and aszigning the distance of the &** ranked
point as h(A, B). The partial Hausdorif distance from A fo
B 1z thus given by:

k th .
h*(A, B) fn:.-i miint |l B

The parhal Hausdorff distance, in effect, softens the distance
measure by dizcarding points that are maximally far away
from the ml.mierpart point zet. The results reported m the
following zections are bazed on a rank of 6%, ie, in the
calculation of the directed distances, the most distant 6%
of the points are ipnored. We determined this cutoff value
empirically based on the uzer expenience with our system

Modified Hausdorff Distance

Modified Hausdorff Dhstance (MHD) (Dubwsson & Jamn
1994) replaces the rmar operator in the directed distance cal-
culation by the averape of the distances:
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where N, 1z the mmber of points in A. The modified Hans-
dorff distance 13 then defined az the maximum of the two
directed averape distances:

MHD(A, B) = maz(hupea( A, B), byl B, A))

Although humea( A, B) may appear similar to h*({ A, B) with
k = 5%, the difference 13 that the former cormresponds to
the mezn directed distance while the latter corresponds to
the median. Dubwsson and Jain argue that for object match-
mg purposes, the average directed distance 1z more reliable
than the partial directed distance mamly because as the noise



level increazes, the former degrades gracefully whereas the
latter exlibits a pass/no-pass behavior

Tanimoto Similarity Coefficient

The Tanmoto Similanty coefficient (Fhigner ef i 2001)
between two binary images A and B 13 defined as:

ToolA, B) = - T(A,B) | (1 - a) -T%(A,B)

where T(A, B) and T (A, B) are the Tanimoto coeffi-
clent and the Tanimoto coefficient complement, respectively.
T(A, B) 1z 2 measure of matching black pixels and 1= de-
fined as:

Thab
Tia | Tib  Tlak

where n, and my, are the total number of black pixels in A
and H ectively. g 13 the number of overlapping black
[ A, H‘]l 1 defined in a similar way except it takes
mtn ﬂ{:n:mmt the number of mat white pxels as op-
posed to the matching black pixels. « 13 a weighting fac-
tor that controls the relative contributions of 7 (A, H] and
T (A, B). We typically zet the value of & in the range
[0.5,0.75]. Thiz choice iz justified by the fact that hand-
draun symbols usually conzist of thin lnes (unless excessmve
hn:mms done), n‘]:uchmakesthe:matchnfhlackp]mls
more informative than the match of white pixels. Hence, for
our problem, the Tamimoto Smmlarity coefficient should be
controlled more by T( A, B) than by T (A, B).

Similarity measures that are based exclusively on the
number of overlapping pixels, such as the Tanimoto coef-
ficient, often suffer from shight misal of the raster-
1zed images. We have found thiz problem to be particularly
severe for hand-drawn patterns where rastenzed imapes of
ostensibly similar shapes are almost alwayvs disparate, either
due to differences i shape or more subily, due to differ-
ences in drawing dynamics. ThE:]El'tE]’I:':.-III-I:ﬂIﬂDIIh DCCUTS a3 a
result of irregular drawing speed, often manifesting itself as
unevenly sampled digital nk Hence, for two shapes drawn
at different speeds, the resulting rasterized images will likely
exhibit differences. In order to zbsorb such variations during
matching, we use a thresholded matching critenion that con-
siders two pixels to be overlappmg if they are separated by
a distance less than 1/13** of the image’s diagonal length.

T{A, B)

For a 48x48 image grid, this translates into 4.3 pixels, ie,
two points are considered to be overlapping thhe distance
between them 13 less than 4.5 pixels.

Yule Coefficient

The Yule coefficient, also kmown as the coefficient of colh-
gation, 15 defined as:

Tigh) * (M5 Tigp)
Tigh - Tipn | (fig — 7ap) - (Mg — Tigs)

where the term (n. — 1as) co to the number of
black pizels m A that do not have 2 match m B. Simularly,
(1t 71gp) 13 the mumber of black pixel: m B that do not
find a matchm A.

Y(A B) Tigh * Tign [ Tig

Y (A, B) preduces values between 1.0 (maximum simmlar-
ity) and -1.0 (pummum similarty). Like the Tammeoto coef-
ficient, the Yule coefficient it is sensitive to slight misalign-
ments betwesn patterns for the reasons explained above. A
thresholded matching critenion 15 thus emploved, which 13
similar to the cne we use with the Tammoto method.

Tubbz (1989) ongmally emploved thiz measure for
genenc, noise-free binary template matching problems. By

using a threshold, we have made the technique useful when
there is considerable noize, as 15 the caze with hand-dravwm

shapes.

Combining Classifiers

Owur recogmzer compares the unkmown symbol to each of
the definitions uzing the four classifiers explained above.
The next step n recognihion 1= to 1denbify the true class of
the unknown by synthesizing the results of the component
claszifiers. However, the outputs of the classifiers are not
compatible m their original forms because: (1) The first two
clazsifiers are measures of dissimilarity while the last two
are measures of similarity, and (1) the clas=ifiers have dis-
similar ranges. To establish a conpruent ranking scheme, we
first transform the Tanimoto and Yule similarity coefficients
into distance measures and then normalize the values of all
four classifiers to the range 0 to 1. We refer to theze two
PIOCesses as lelization and normahzation.
Parallelization: To facilitate dizcussion, let A denote the
number of definttions, ¥ denote the number of claszifiers
and d,,," denocte the score claszifier r assigns to defimtion
m. In our case r ¢ {Hausderff, Modified Hausdorff, Tam-
moto, Yule} and wn 15 any defimtion symbol n the databaze.
We transform the Tanimoto and Vile coefficients info dis-
similarity measures by reversing their values as follows:

Form=1,. .M,

'T-Em T antrmata ’

l_n %TMMﬁ
dm'i"'u!r'tl: L) iimfﬂﬂ

Thiz process brnings the Tanimoto and Yule coefficients in
parallel with the Hansdorff measures in the sense that the nu-
merical scores of all classifiers now increaze with mereasing
dissimilanty.

Normalization: After parallelization, all classifiers be-
come measures of distance but shll remain mcompatible
due to differences in thewr ranges. To establizh 2 umfied
scale among classifiers, we use a linear fransformation func-
tion that comverts the onginal distances into normalized dis-
tances. For thiz, we first find the smallest and largest values
obzerved for each of the four clasmifiers:
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The normalized distance o,,," for definition m under claszi-
fier r 1= then defined a=:
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