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Abstract

Methodsfor controlling the adaptationprocessof an
on-linehandwrittencharacter recognizerare studied.The
classifieris basedon the

�
-nearestneighborrule and it is

adaptedto a new writing styleby addingnew prototypes,
inactivating confusingprototypes,and reshapingexisting
prototypesin a self-supervisedfashion. The dissimilarity
measureusedfor thecomparisonof characters is a nonlin-
earcurvematchingmethodbasedondynamictimewarping
algorithm.Timeneededfor theevaluationof thedissimilar-
ity measure for a singlecharacterdependslinearly on the
sizeof theprototypeset. Thepurposeof thecontrol meth-
odsis to increasetheclassifier’s toleranceto malformedor
mislabeledlearningsamplesandto limit thegrowthof the
prototypeset.Thecontrol methodseithersetanupperlimit
for thenumberof prototypesperclassor switch theadapta-
tion of a particular characterclasson or off dependingon
theearlier performanceof theclassifier.

1. Intr oduction

On-linerecognitionof handwritinghasbeenanon-going
researchproblem for four decadesand it has been ap-
proachedin variousways.It hasbeengainingmoreinterest
lately due to the increasingpopularityof hand-heldcom-
putersasit is a goodalternative to a keyboardfor text in-
put. It is morenaturalto usehandwritingthana miniature
keyboardor digit buttons. In addition,pointingoperations
canbeincludedin thesamepen-basedinterface.Themain
challengein handwritingrecognitionis the vastvariety of
writing styles.It canbeovercome,tosomeextent,by adapt-
ing the recognitionsystemto new writing styles. Another
problemis thatthecontemporaryhand-helddevicespossess
fairly limitedmemoryandprocessingcapabilitiescompared
to normal-sizedcomputers.A gooddescriptionof thestate

of the art of on-line handwritingrecognitionmethodsand
the problemfield in generalis given in a recentthorough
survey [4].

In this work, we proposemethodssuitablefor on-line
adaptationof a prototype-basedclassifier. The adaptation
is controlledin orderto keepthe sizeof the prototypeset
– andconsequentlytherecognitiontime andmemorycon-
sumption– reasonable.In addition,thecontrolsareaimed
atdecreasingthesystem’ssensitivity to erroneouslylabeled
or malformedlearningsamples.Thecontrolmethodseither
set an upperlimit for the numberof prototypesper class
or switch the adaptationof a particularcharacterclasson
or off dependingon the classifier’s performance.The ef-
fectsof thesesimplecontrolsarestudiedwith simulations
in whichincorrectlylabeledsamplesareintroducedinto the
learningprocess.

2. Description of the classifier

Theclassifierusedin theexperimentsis basedon the
�
-

nearestneighbor(
�
-NN) rule: aninputcharacteris matched

againstall storedprototypesand the
�

most similar ones
vote for its classification. The prototypeset covers sev-
eral writing stylesandit is formedwith a clusteringalgo-
rithm [2] from a databaseincluding characterswritten by
severalsubjects.Thenumberof prototypesperclassis al-
waysseven,which wasthe maximumnumberof different
writing stylesfoundfor asinglecharacterin themanualex-
aminationof thedata.

Thedissimilaritymeasure[6] usedboth for thecluster-
ing andclassificationof thecharactersis basedon the dy-
namictime warping(DTW) algorithm[5] which is a non-
linear curve matchingmethod. The connectedpartsof a
drawn curve in which the writing pressureexceedsa pre-
setvalueare in our work consideredasstrokes. The dis-
similarity measureis definedon stroke basisso that it is
infinite betweentwo charactershaving different numbers
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of strokes. The strokesarematchedin the sameorderas
they weredrawn andthefirst andlastdatapointsof thetwo
curvesarestrictly matchedagainsteachother. TheDTW-
algorithmfinds thepoint-to-pointcorrespondencebetween
the curveswhich satisfiestheseconstraintsandyields the
minimumsumof thecostsassociatedwith thematchingsof
thedatapoints.A costfor matchingtwo datapointsis their
squaredEuclideandistance.

The initial writer-independentclassifier is adaptedto
new writing stylesby modifyingits prototypeset.Themod-
ificationsinclude: 1) addingnew prototypes,2) reshaping
existingprotypes,and3) inactivatingconfusingprototypes.
Adaptationstrategy Add addsthe input characterinto the
prototypeset if any of the

�
most similar prototypesbe-

longsto a wrong class. AddAndLvq-strategy reshapesthe
nearestprototypeif any of the

�
most similar prototypes

belongsto the correctclass. Otherwise,the input charac-
ter is includedin the prototypeset. The reshapingof the
prototypesis basedon a modifiedversionof the Learning
VectorQuantization(LVQ) [1]. Dependingon the classes
of thecharactersthedatapointsof theprototypearemoved
towards,or awayfrom, thedatapointsof theinputcharacter
alongthelinesconnectingthematcheddatapoints.A suit-
ablevaluefor parameter

�
wasfoundin somepreviousex-

perimentsto be4 or 3 dependingonwhethertheadaptation
wasperformedaccordingto Add- or AddAndLvq-strategy,
respectively [6].

Thesebasicstrategies can be controlled in two ways:
an upper limit can be set for the numberof prototypes
per class,or the adaptationof a particular classcan be
switchedon or off dependingon the classifier’s perfor-
mance. Adaptationstrategy PLAdd (PL standsfor proto-
type limit) works as Add if the numberof prototypesis
lessthanthe upperlimit � U. Otherwise,the adaptationis
turnedoff. PLAddAndLvq- andPLAddOrLvq-strategiesare
similar to AddAndLvq- andAdd-strategies,respectively, but
if the upperlimit for prototypesis reached,they perform
only prototypereshaping.AdaptationstrategiesOFAddand
OFAddAndLvq(OF standsfor on andoff) arebasedon an-
othercontrolling principle. At the beginning of the adap-
tation, they aresimilar to Add- andAddAndLvq-strategies.
However, adaptationof aparticularcharacteris switchedoff
if inputsamplesof thatclassareclassifiedsuccessfully� off

timesin a row. On the otherhand,adaptationis switched
backonafter � on consecutiveunsuccessfulrecognitions.

IAP-strategy is usedfor inactivating a prototypewhich
hasbeenthe mostsimilar prototypeat least � I timesand
whoseclasshas beenincorrect more often than correct.
However, the last prototypefor a characterclasscannot
be inactivated. IAP-strategy canbe usedtogetherwith the
other adaptationstrategies as a cure for confusinginitial
prototypesand malformedor incorrectly labeledlearning
samples.A goodvaluefor � I hasbeenfoundto be1. Such

alow valueenablesIAP-strategy to reactimmediatelywhen
problemsarisedueto theerroneousprototypes.

Theadaptationis presumedto becarriedouton-lineand
in a self-supervisedway. This meansthatthecorrectlabels
of the input charactersareconcludedfrom the writer’s re-
actionsto the classificationresults. If the writer doesnot
re-entercharacters,their classificationsareassumedto be
correct.Otherwise,they arelabeledaccordingto thelatest
characterinput in thesameposition. This kind of labeling
methodis susceptibleto errorsof two natures:the writer
doesnot noticeall the misclassifiedcharacters,or, makes
corrections,for example,to thespellingof thewords.

3. Experiments

All theexperimentswerecarriedoutwith lowercaselet-
ters(a-z,anddiacriticalså, ä,andö). Characterswerecol-
lectedwith aspecialtablettheresolutionandsamplingrate
of which arehigh – 100 lines per millimeter andat maxi-
mum205datapointspersecond.Thedatapointsconsistof
the � - and � -coordinatesof thepenpoint,writing pressure,
andtime. Characterswerewrittenoneatatimeandthesub-
jectswereadvisedto usetheir own naturalstyleof writing.
All malformedcharacterswerecleanedoff manually. The
numberof datapointswasreducedby keepingonly every
third datapoint. Characterswerenormalizedso that their
masscenterswere shifted to the origin of the coordinate
system. In addition,they wererescaledso that the length
of thelongersideof theboundingboxwassetto aconstant
valuewhile retainingtheaspectratiounchanged[6].

Theprototypesof theinitial classifierwereselectedfrom
a databaseof over 7500 characterswritten by 22 subjects
by usinga clusteringalgorithm. The databaseusedin the
experimentsasa testsetconsistsof approximately12500
characters.The latter databasewaswritten by 24 subjects
whichwerenot includedin theformerdatabase.

In thefirst experiments,suitableparametervalueswere
selectedfor the controlledadaptationstrategies. Next, the
uncontrolledadaptationstrategieswerecomparedwith the
controlledones.In thelastexperiments,prototypeinactiva-
tion strategy wasappliedtogetherwith themostpromising
adaptationstrategies.

Each adaptationstrategy was applied in a test run in
which thecharactersof every particularwriter wererecog-
nizedoneby oneandtheclassifierwasadaptedaftereach
classification.In thesimulationsof type1, someof themis-
classifiedcharacterswerelabeledaccordingto their recog-
nition resultwith aprobabilityvariedfrom zeroto one.This
kind of errorscanoccurif theuserdoesnotnoticeor careto
correctall therecognitionerrors.In thesimulationsof type
2, thecharacterswerelabeledat randomwith a probability
variedfrom zeroto ����� . Sucherrorsare introducedwhen
editionof text, for example,correctionsof writing mistakes
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Figure 1. The effect of unnoticed recognition
errors on the initial and final error rates.

aremisinterpretedascorrectionsof recognitionerrors.All
testswererepeatedtentimeswith differentrandomnumber
sequencesto evenoutstatisticalvariations.

Theperformanceof anadaptationstrategy wasmeasured
with four figures:intial, final, andtotal errorrates,andthe
growth percentageof theprototypeset.Theinitial andfinal
errorrateswereevaluatedfor thefirst andlast100charac-
ters,respectively. Thefigureswereaveragedover thewrit-
ers.Theselectionof theparametervalues� U, � on, and� off

wasperformedon thebasisof thetotalerrorratesaveraged
overthewritersanddifferenterrorprobabilities.

The resultsof the experimentsaresummarizedin Fig-
ures1-3 andTable1. Figure1 illustratesthe evolution of
the initial andfinal error rateswhentheprobability for la-
belingalearningsampleaccordingto anerroneousrecogni-
tion resultis increased.In Figure2, theeffectsof randomly
labeledlearningsamplesarestudiedin a similar way. Fig-
ure 3 shows the effectsof the prototypeinactivation strat-
egy on the final error rate. Finally, Table1 givestheaver-
agegrowth percentagesof theprototypecountfor different
adaptationstrategies.Theaverageis calculatedover theer-
ror probabilitiesshown in thefigures.

Without adaptation,theerrorrateis approximately12%
which is far too high for any practicalapplication.Theun-
controlledadaptationstrategies(AddandAddAndLvq) work
well if thereareno erroneouslearningsamples:the error
rate is less than 7% for the first 100 charactersand less
than 2% for the last 100 charactersof the approximately
500charactersfrom eachwriter. As couldbeexpected,the
adaptationmethodsarefar toosensitiveto errors,especially
to randomlylabeledlearningsamplesascanbeseenin Fig-
ure 2. The unnoticedrecognitionmistakeshave a similar
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Figure 2. The effect of random errors on the
initial and final error rates.

effect with bothstrategiesbut randomlylabeledcharacters
aremoreharmfulwith AddAndLvq-strategy. Thiscanbeex-
plainedby the fact thatAddAndLvq-strategy doesnot only
addmislabeledcharactersinto theprototypesetbut alsode-
stroys someof the original prototypesby reshapingthem
wrongly. Add-strategy increasesthe sizeof the prototype
setsignificantly. In theworstcase,thesizeof theprototype
setis doubled(seeTable1). AddAndLvq-strategy actsin a
morerestrainedwayandis satisfactoryin thatsense.In the
light of theseresults,thereis a certainneedfor additional
controlof theadaptationprocess.

Theexperimentswith adaptationstrategieswhich setan
upperlimit for thenumberof prototypesperclass(PLAdd,
PLAddAndLvq, andPLAddOrLvq) showed that thereis no
need to add many new prototypesper class. Best re-
sults were obtainedif only two new prototypeswere al-
lowed per class ( � U 	�
 ) and adaptationwas contin-
uedaspureLVQ-learningafter the upperlimit for proto-
typecountwasreached.PLAdd-strategy wasoutperformed
by PLAddOrLvq-strategy in all respects. PLAddAndLvq-
strategy increasedthe sizeof the prototypesetclearly less
thanPLAddOrLvq-strategy. However, in general,errorrates
obtainedwith the latterstrategy werebetterthanthoseob-
tainedwith theformerstrategy. PLAddOrLvq-strategy was
able to decreasethe system’s sensitivity to the erroneous
learningsamplesof both typesandthe system’s ability to
learnin theerror-freesituationwaspreserved.

Theideaof controllingtheadaptationby switchingit on
andoff did not turn out to be asgoodan ideaas limiting
thenumberof new prototypes.OFAdd-strategy did reduce
theharmfuleffectsof erroneouslearningsamplesandcon-
trol thegrowth of theprototypeset.However, theerrorrate



Table 1. Average growth percenta ge of the
prototype count. The subscript indicates the
type of errors: 1) labeling accor ding to recog-
nition result, or 2) random labeling. Super -
script IAP means that the prototype inactiv a-
tion strategy has been applied.

Adapt.strategy ��
�� ��
 IAP� ��
�� ��
 IAP�
Add 63 59 106 69
AddAndLvq 2 0 15 1
PLAddOrLvq 24 24 26 24
PLAddAndLvq 2 0 12 1
OFAdd 29 26 52 29

for the simulationwith perfectly labeledlearningsamples
wasincreased.Bestresultswereobtainedwhen � on 	��
and � off 	�� . OFAddAndLvq-strategy did not improve
recognitionratesin any case.As its uncontrolledversion,
AddAndLvq-strategy, doesnot increasethenumberof pro-
totypestoomuch,it wasfounduselessandleft out from the
resultfiguresandtable.

The resultsof experimentsin which the most promis-
ing controlledadaptationstrategiesandtheir uncontrolled
versions(Add, AddAndLvq, PLAddAndLvq, PLAddOrLvq,
OFAdd) wereappliedtogetherwith theinactivationstrategy
IAP werecongruentwith theresultsof someof ourprevious
experiments. IAP-strategy is successfulin controlling the
growth of theprototypeset.It increasestheinitial errorrate
by approximatelyonepercentageunit. Its effectson thefi-
nalerrorrateareinsignificantwhensomeof therecognition
errorsareunnoticedbut it is truly beneficialin eliminating
prototypesintroducedbecauseof randomlylabeledlearning
samples.

4. Conclusions

Prototype-basedclassifiersaredue to their very nature
vulnerableto erroneouslearningsamples. Therefore,we
have proposedsimple control methodsfor the adaptation
of a prototype-basedclassifierwhich areable to limit the
growth of the prototypecountandarehelpful in reducing
theunwantedeffectsof erroneouslearningsampleson the
recognitionperformance.

Controlmethodswhichsetanupperlimit for thenumber
of prototypeswerefoundtobemoresuccesfulthanmethods
which switch adaptationon andoff dependingon the pre-
vious performanceof the classifier. The bestresultswere
obtainedif only two new prototypeswereallowedfor each
classandadaptationwascontinuedasLVQ-learningafter
that limit hadbeenreached.This way, the growth of the
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Figure 3. The effect of prototype inactiv a-
tion strategy on the final error rate . Erro-
neous learning samples are caused by mis-
interpreted writing mistake corrections.

prototypecountwasat leasthalved. In addition,the final
errorrate(2%) wassatisfactory, lessthantheaverageerror
ratefor humans[3] if atmost6%of thelearniningsamples
wererandomlylabeled,or, 60% of learningsampleswere
labeledaccordingto the recognitionresultsinsteadof the
correctclasses.Toleranceto randomerrorscouldbefurther
improvedup to 8% by employing a prototypeinactivation
strategy.
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