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Abstract

We describea methodfor identifying different writing
stylesof online handwrittencharacters basedon cluster
ing. Themotivationof this experimentis to developauto-
matic characterizationof differentwriting stylesthat arise
dueto variationin stroke numberor stroke ordering Anef-

cient agglomeativehierarchical clusteringtechniquewith

the nearestneighborappmoad wasimplementedo cluster
strokes. Theresultsobtainedfrom our experimentindicate
thattheresultingprototypesare uniqueandessentiallycap-
ture differentwriting styles.

1. Intr oduction

Online handwritingrecognitionrefersto the problemof
interpretationof handwritinginput capturedasa streamof
pen positionsusing a digitizer or other pen position sen-
sor[2, 4]. Many recognitionalgorithmsarebaseddntheuse
of prototypesthat representifferentwriting stylesfor the
samecharacterTherecognitionaccuray deteriorate# the
prototypesdo not representhe actualwriting styles. The
identi cation of differentwriting stylesof the samechar
acteris usefulfor the training of suchalgorithms,besides
being generallyfor the designof algorithmsand features
for handwritingrecognition.

A commonapproachfor detectionof writing stylesis
to clusterentireentirecharactesampledor eachclass[8].
But this approachof clustering loses commonality in
strokesbetweerdifferentwriting styles(i.e, samestroke oc-
curring acrossdifferentwriting styles). In this effort, we
focuson the stroke level to capturedifferentstylesof writ-
ing the samecharacter In particular we usea hierarchical
clusteringmethodto clusterstrokesof acharacterBasecbn
the clustermodels the systemautomaticallybuilds models
for eachcharacter

The paperis organizedasfollows: Section2 describes
thepreprocessintechniqueused.The clusteringtechnique
employed is describedin Section3. Section4 explains

the automaticmodelingof differentcharacters.Section5
presentsomeexperimentakesults. Someconclusionsand
futuredirectionsarepresentedh Section6.

2. Pre-processing

Pre-processings requiredin orderto compensatdor
variationsin time andscale,andcanbe broken down into
the stepsof smoothingnormalizatiorandresamplind7].

Smoothingis performedto reducethe amountof high-
frequeng noisein the input resulting from the digitizer
or tremorsin writing. A low-pass lter is employed for
smoothing. In our schemegachstroke is smoothednde-
pendentlyandcareis takento presere theendpoints.

To eliminatevariability dueto translationand compen-
satefor size differencessize normalizationis carriedout.
Thecharactergrecenteredandrescaled.n the procesof
rescaling,the boundingbox of the characteiis computed.
Thecharactesizeis normalizedto unit square.Theaspect
ratio is retainedif the aspectratio of original characteiis
aboveathreshold.

Re-samplings performedto obtaina constantnumber
of pointsthatareuniformly sampledn spacewhereashe
input datais theresultof uniform samplingin time. In this
process,theriginal pointsarereplacedvith a new setwith
constanspacingusingpiece-wisdinearinterpolation.The
resultof pre-processings a new sequencef points[X;;yi]
of constantength,of constanscaleandregularly spacedn
arclength.

3. Clustering

For automaticcharacterizatiorof writing styles, it is
necessaryo have anunsupervisedlassi cationtechnique.
Clusteringaddressethis problem.Clusteringatthecharac-
ter level is quite common[8] but it doesnot capturethe
commonalityin strokes betweenwriting styles. For in-
stanceconsiderthe characteiin Figure1(a). If this char
acterwerewritten in two styleswith differentstroke order



asshown in Figure1(b) and1(c), the samplesvould bedi-
videdinto two differentclustersasthefeaturevectorswould
bedifferent. Thetraining datawould containseparatelus-
tersfor eachof these.But the secondstroke of style 1 and
rst stroke of style 2 arethe same,andsimilarly, the rst

stroke of style 1 and secondstroke of style 2 are identi-
cal. Thisinformationis lost in charactedevel clustering.
To avoid this problem,we employ clusteringat the stroke
level.
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Figure 1. Two diff erent writing orders for the
same character kafrom the Devanagari script

Therearedifferentclusteringtechniquegroposedn the
literature.In this effort, we experimentedwith the agglom-
eratve hierarchicalclusteringtechnique[3] basedon the
nearesheighborapproach.The agglomeratie hierarchical
clusteringstartsby consideringeachobjectasa clusterand
progresseby merging nearesheighbors At eachstep,the
two clusterswhich minimize theinter-clusterdistancesare
merged. Theinter-clusterdistances de ned asthedistance
betweerthe nearesheighborsof thetwo clustersasshovn
in Figure2. At eachlevel, thenumberof clustersdecreases
by one.

™ & Cluster]
® ® F % #
- ™
& & ™
Cluster 2

Figure 2. Inter cluster distance

3.1 Ef cient Clustering

Theclassicahierarchicaklusteringtechniquehasahigh
compleity of O(n®) for ¢ << n wherec is the num-

ber of clustersrequiredand n is the numberof objects
that needto be clustered. In our experimentwe designed
a more ef cient methodwhich reducedthe compleity to

O(n? + nlog(n)) (which is essentiallyO(n?)). This re-

sultedin anappreciabléncreasen the performancendre-

ductionin clusteringtime.

Thealgorithmis asfollows

BEGIN

Initialize n, candt = n
Computeinter-objectdistancegO(n?)]

Putthemin amap(key = distanceyalue= pair)

Sortthis mapbasedn inter-objectdistance$O(nl og(n))]
Traversethemapas[O(n?)]

do
if (two dataobjectsarein differentclusters)
Mergeclusters
Decrement by 1
else
Continue
while(t! = ¢)
END

3.2 Stopping Criteria

One of the most common problemsencounteredvith
clusteringis decidinguponthe numberof clusters,.e. the
stoppingcriterion. We experimentedwith various meth-
odslike BayesianinformationCriterion(BIC) [1], Average
Silhouette[5], Point of Maximum SecondDerivative, L-
method [6] etc.
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Figure 3. Number of cluster s versus merging
distance

In the BIC approach,the BIC value is evaluatedfor
eachcluster In agglomeratre clustering,two clustersare



memgedonly if the memging increaseshe BIC value. This
approachassumes multivariate Gaussiardistribution for
eachcluster Sincewe did nothave enoughsamplesn each
cluster we couldnotuseBIC asthe stoppingcriterion. The
AverageSilhouetteis a function of intra-clusterandinter-
clustersimilarities. Being a global measurejt could not
capturethe within stroke variationsbetweensimilar look-
ing strokes.

The other two methods( Point of Maximum Second
Derivative andL-method)arebasedn the plot of thenum-
ber of clustersversusmeiging distancecurve (seeFigure
3). The rst methoddetermineshe numberof clustersby
identifying the point that hasthe largestsecondderivative
in thecurve. TheL-method nds theboundarybetweerthe
pair of straightlinesthatmostclosely t thecurve.

Theclusteringis performedat the stroke level usingEu-
clideandistancemeasurewith L-method as stoppingcri-
terion. Singletonclustersare consideredas outliers (they
areeithervery speci c stylesor noisy data). The character
samplescontainingoutlier strokes arerejected. The clus-
ters formedfor the characterin Figure 4(a) are showvn in

Figure4(c).
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Figure 4. Stroke level clustering and model
generation

4. Character Modeling

Theprevioussectiondescribedhow thestrolke clustering
was carriedout. In this section,we discussthe automatic
characterizatiorof differentwriting stylesfor a character
class.

Oncethe stroke clustershave beenformed, eachvalid
sample(thatdoesnot containanoutlier stroke) of acharac-
teris taken. Thesesamplesontainthe sequencef strokes
thatoriginally formedthem. The strokesarenow presenin
differentclustersandhenceeachstroke is assignedts cor-
respondingClusterlD. Thisassignmenof stroketo Cluster
ID is donefor all the samples.Now, eachsamplecanbe
representetly a sequencef ClusterlDs. To determineghe
stylesin writing a characterwe determinghesetof unique
sequencesf ClusterIDs. This setis essentiallythe char
actermodel. In otherwords,this setrepresentshe waysin
whichthe charactecouldbewritten. Figure4(d) shavsthe
modelfor the characteshavn in Figure4(a).

5. Experimental Evaluation

Theexperimentakvaluationof theaboretechniquesvas
carriedout using word samplesof the Devanagariscript.
The datawas collectedfrom six writers (60 words,5 sam-
ples/word) andannotatedht the charactellevel usinga set
of 99 charactetabelsthat correspondo basicconstituents
of the script (vowels, consonantsmodi ers and half con-
sonants).The strokesfrom differentsamplesf a character
classwereclusteredusingthe ef cient agglomeratie hier-
archicalclusteringdescribedn Section3. The L-method
wasableto determinethe numberof clustersrelatively ac-
curatelywhereaghe Pointof Maximum SecondDerivative
wassensitveto outlier strokes. Resultausingthesemethods
arecomparedvith the numberof naturalclusters(manually
determined)n Tablel.

Singleton clusters generally representunusual/outlier
stroke samplesandhencethe charactesamplesontaining
themwererejected. Oncethe clusterswereformed, char
actermodelsfor eachcharactemwere derived asexplained
in Sectiond. Figure5 shows charactemodelsderived for
someof the characters.

6. Conclusions

In this paperwe investigatedef cient agglomeratie hi-
erarchicalclusteringof handwritingsamplesat the stroke
level for the identi cation of uniquewriting styles. The
number of clustersdeterminedusing the L-method was
comparablavith the numberof naturalclusters. Oncethe
strokeswereclusteredthecharactemodelswereautomati-
cally derivedby extractingtheuniqueClusterlD sequences.
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Figure 5. Character models for two classes
from Devanagari

Table 1. Number of cluster s determined by
various methods

Numberof clusters
Manual Largest | Average
Symbol | inspection| second | Silhouette| L-method
derivative | Method
E] 7 5 5 7
el 7 3 5 7
3 3 3 4 3
El 10 4 8 10
< 3 1 1 4
) 7 4 6 6
v 8 3 4 7

Although our experimentswere carried out on character
samplesfrom the Devanagariscript, it doesnot use ary

script-dependenteatures. Hence, the techniquemay be

readilyextendedo otherscripts.

Currently the clustering technique employs the Eu-
clideandistancemeasurédor determininginter clusterdis-
tance. Otherdistancemeasuredike DTW (DynamicTime
Warping)distancecanbe experimentedwith.

We are currently developinga word recognitionengine
for the Devanagariscript, which usesthe charactemodels
derived usingthe techniqueslerived. The accurag of the
recognitionenginetrainedon thesecharactemodelsmay
beusedto benchmarkheperformancef ourtechniqueand
the differentstoppingcriteriain quantitatve terms.
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