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Abstract

We describea methodfor identifying different writing
stylesof online handwrittencharacters basedon cluster-
ing. Themotivationof this experimentis to developauto-
maticcharacterizationof differentwriting stylesthat arise
dueto variation in strokenumberor strokeordering. Anef-
�cient agglomerativehierarchical clusteringtechniquewith
thenearestneighborapproach wasimplementedto cluster
strokes. Theresultsobtainedfromour experimentindicate
thattheresultingprototypesareuniqueandessentiallycap-
turedifferentwriting styles.

1. Intr oduction

Onlinehandwritingrecognitionrefersto theproblemof
interpretationof handwritinginput capturedasa streamof
pen positionsusing a digitizer or other pen position sen-
sor[2, 4]. Many recognitionalgorithmsarebasedontheuse
of prototypesthat representdifferentwriting stylesfor the
samecharacter. Therecognitionaccuracy deterioratesif the
prototypesdo not representthe actualwriting styles. The
identi�cation of differentwriting stylesof the samechar-
acteris useful for the training of suchalgorithms,besides
being generallyfor the designof algorithmsand features
for handwritingrecognition.

A commonapproachfor detectionof writing styles is
to clusterentireentirecharactersamplesfor eachclass[8].
But this approachof clustering loses commonality in
strokesbetweendifferentwriting styles(i.e,samestrokeoc-
curring acrossdifferentwriting styles). In this effort, we
focuson thestroke level to capturedifferentstylesof writ-
ing thesamecharacter. In particular, we usea hierarchical
clusteringmethodto clusterstrokesof acharacter. Basedon
theclustermodels,thesystemautomaticallybuilds models
for eachcharacter.

The paperis organizedas follows: Section2 describes
thepreprocessingtechniqueused.Theclusteringtechnique
employed is describedin Section3. Section4 explains

the automaticmodelingof differentcharacters.Section5
presentssomeexperimentalresults.Someconclusionsand
futuredirectionsarepresentedin Section6.

2. Pre-processing

Pre-processingis requiredin order to compensatefor
variationsin time andscale,andcanbe brokendown into
thestepsof smoothingnormalizationandresampling[7].

Smoothingis performedto reducethe amountof high-
frequency noise in the input resulting from the digitizer
or tremorsin writing. A low-pass�lter is employed for
smoothing. In our scheme,eachstroke is smoothedinde-
pendentlyandcareis takento preservetheendpoints.

To eliminatevariability dueto translationandcompen-
satefor sizedifferences,sizenormalizationis carriedout.
Thecharactersarecenteredandrescaled.In theprocessof
rescaling,the boundingbox of the characteris computed.
Thecharactersizeis normalizedto unit square.Theaspect
ratio is retainedif the aspectratio of original characteris
abovea threshold.

Re-samplingis performedto obtaina constantnumber
of pointsthatareuniformly sampledin space,whereasthe
input datais theresultof uniform samplingin time. In this
process,theoriginalpointsarereplacedwith a new setwith
constantspacingusingpiece-wiselinearinterpolation.The
resultof pre-processingis a new sequenceof points[x i ; yi ]
of constantlength,of constantscaleandregularlyspacedin
arclength.

3. Clustering

For automaticcharacterizationof writing styles, it is
necessaryto have anunsupervisedclassi�cationtechnique.
Clusteringaddressesthisproblem.Clusteringat thecharac-
ter level is quite common[8] but it doesnot capturethe
commonality in strokes betweenwriting styles. For in-
stance,considerthe characterin Figure1(a). If this char-
acterwerewritten in two styleswith differentstroke order



asshown in Figure1(b) and1(c), thesampleswould bedi-
videdinto two differentclustersasthefeaturevectorswould
bedifferent.Thetrainingdatawould containseparateclus-
tersfor eachof these.But thesecondstroke of style1 and
�rst stroke of style 2 arethe same,andsimilarly, the �rst
stroke of style 1 and secondstroke of style 2 are identi-
cal. This information is lost in characterlevel clustering.
To avoid this problem,we employ clusteringat the stroke
level.

(a)

(b) (c)

Figure 1. Two diff erent writing orders for the
same character ka from the Devanagari script

Therearedifferentclusteringtechniquesproposedin the
literature.In this effort, we experimentedwith theagglom-
erative hierarchicalclusteringtechnique[3] basedon the
nearestneighborapproach.Theagglomerativehierarchical
clusteringstartsby consideringeachobjectasa clusterand
progressesby merging nearestneighbors.At eachstep,the
two clusterswhich minimize the inter-clusterdistancesare
merged.Theinter-clusterdistanceis de�nedasthedistance
betweenthenearestneighborsof thetwo clustersasshown
in Figure2. At eachlevel, thenumberof clustersdecreases
by one.

Figure 2. Inter cluster distance

3.1. Ef�cient Clustering

Theclassicalhierarchicalclusteringtechniquehasahigh
complexity of O(n3) for c << n where c 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 complexity to
O(n2 + nl og(n)) (which is essentiallyO(n2)). This re-
sultedin anappreciableincreasein theperformanceandre-
ductionin clusteringtime.

Thealgorithmis asfollows

BEGIN
Initialize n, c andt = n
Computeinter-objectdistances[O(n2)]
Putthemin a map(key = distance,value= pair )
Sortthis mapbasedon inter-objectdistances[O(nl og(n))]
Traversethemapas[O(n2)]
do

if (two dataobjectsarein differentclusters)
Mergeclusters
Decrementt by 1

else
Continue

while(t! = c)
END

3.2. StoppingCriteria

One of the most commonproblemsencounteredwith
clusteringis decidinguponthenumberof clusters,i.e. the
stoppingcriterion. We experimentedwith variousmeth-
odslike BayesianInformationCriterion(BIC) [1], Average
Silhouette[5], Point of Maximum SecondDerivative, L-
method [6] etc.

Figure 3. Number of cluster s versus merging
distance

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



mergedonly if the merging increasesthe BIC value. This
approachassumesa multivariateGaussiandistribution for
eachcluster. Sincewedid nothaveenoughsamplesin each
cluster, wecouldnotuseBIC asthestoppingcriterion.The
AverageSilhouetteis a function of intra-clusterandinter-
clustersimilarities. Being a global measure,it could not
capturethe within stroke variationsbetweensimilar look-
ing strokes.

The other two methods( Point of Maximum Second
DerivativeandL-method)arebasedon theplot of thenum-
ber of clustersversusmerging distancecurve (seeFigure
3). The �rst methoddeterminesthenumberof clustersby
identifying the point that hasthe largestsecondderivative
in thecurve. TheL-method�nds theboundarybetweenthe
pairof straightlinesthatmostclosely�t thecurve.

Theclusteringis performedat thestroke level usingEu-
clideandistancemeasurewith L-methodas stoppingcri-
terion. Singletonclustersareconsideredasoutliers (they
areeithervery speci�c stylesor noisydata).Thecharacter
samplescontainingoutlier strokesarerejected. The clus-
ters formed for the characterin Figure 4(a) are shown in
Figure4(c).

(a)A Devanagaricharacter

(b) Differentsamplesof thecharacter

(c) Strokeclustersformed

(d) Derivedcharactermodels

Figure 4. Stroke level clustering and model
generation

4. Character Modeling

Theprevioussectiondescribedhow thestrokeclustering
wascarriedout. In this section,we discussthe automatic
characterizationof differentwriting stylesfor a character
class.

Oncethe stroke clustershave beenformed, eachvalid
sample(thatdoesnot containanoutlier stroke)of acharac-
ter is taken. Thesesamplescontainthesequenceof strokes
thatoriginally formedthem.Thestrokesarenow presentin
differentclustersandhenceeachstroke is assignedits cor-
respondingClusterID. Thisassignmentof stroketo Cluster
ID is donefor all the samples.Now, eachsamplecanbe
representedby a sequenceof ClusterIDs. To determinethe
stylesin writing acharacter, wedeterminethesetof unique
sequencesof ClusterIDs. This set is essentiallythe char-
actermodel. In otherwords,this setrepresentsthewaysin
whichthecharactercouldbewritten. Figure4(d)showsthe
modelfor thecharactershown in Figure4(a).

5. Experimental Evaluation

Theexperimentalevaluationof theabovetechniqueswas
carriedout using word samplesof the Devanagariscript.
Thedatawascollectedfrom six writers (60 words,5 sam-
ples/word) andannotatedat the characterlevel usinga set
of 99 characterlabelsthatcorrespondto basicconstituents
of the script (vowels, consonants,modi�ers andhalf con-
sonants).Thestrokesfrom differentsamplesof a character
classwereclusteredusingtheef�cient agglomerative hier-
archicalclusteringdescribedin Section3. The L-method
wasableto determinethenumberof clustersrelatively ac-
curatelywhereasthePointof MaximumSecondDerivative
wassensitiveto outlierstrokes.Resultsusingthesemethods
arecomparedwith thenumberof naturalclusters(manually
determined)in Table1.

Singleton clusters generally representunusual/outlier
stroke samplesandhencethecharactersamplescontaining
themwererejected.Oncethe clusterswereformed,char-
actermodelsfor eachcharacterwerederived asexplained
in Section4. Figure5 shows charactermodelsderivedfor
someof thecharacters.

6. Conclusions

In this paper, we investigatedef�cient agglomerativehi-
erarchicalclusteringof handwritingsamplesat the stroke
level for the identi�cation of uniquewriting styles. The
number of clustersdeterminedusing the L-method was
comparablewith the numberof naturalclusters.Oncethe
strokeswereclustered,thecharactermodelswereautomati-
cally derivedby extractingtheuniqueClusterID sequences.



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

7 5 5 7
7 3 5 7
3 3 4 3
10 4 8 10
3 1 1 4
7 4 6 6

8 3 4 7

Although our experimentswere carried out on character
samplesfrom the Devanagariscript, it doesnot use any
script-dependentfeatures. Hence, the techniquemay be
readilyextendedto otherscripts.

Currently the clustering technique employs the Eu-
clideandistancemeasurefor determininginter clusterdis-
tance.Otherdistancemeasureslike DTW (DynamicTime
Warping)distancecanbeexperimentedwith.

We arecurrentlydevelopinga word recognitionengine
for theDevanagariscript,which usesthecharactermodels
derivedusingthe techniquesderived. The accuracy of the
recognitionenginetrainedon thesecharactermodelsmay
beusedto benchmarktheperformanceof our techniqueand
thedifferentstoppingcriteriain quantitativeterms.
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