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Abstract

Methodsfor contwlling the adaptationprocessof an
on-line handwrittencharacterrecaynizerare studied. The
classifieris basedon the k-nearestneighborrule andit is
adaptedto a new writing style by addingnew prototypes,
inactivating confusingprototypes,and reshapingexisting
prototypesin a self-supervisedashion. The dissimilarity
measue usedfor the comparisorof characteisis a nonlin-
earcurvematding methodbasedon dynamicimewarping
algorithm. Timeneededor theevaluationof thedissimilar
ity measue for a single character dependdinearly on the
sizeof the prototypeset. The purposeof the control meth-
odsis to increasetheclassifiers toleranceto malformedor
mislabeledearning samplesandto limit the growth of the
prototypeset. Thecontol methodsithersetan upperlimit
for thenumberof prototypeger classor switch theadapta-
tion of a particular characterclasson or off dependingon
theearlier performanceof the classifier

1. Intr oduction

On-linerecognitionof handwritinghasbeenanon-going
researchproblem for four decadesand it has beenap-
proachedn variousways. It hasbeengainingmoreinterest
lately dueto the increasingpopularity of hand-heldcom-
putersasit is a goodalternatve to a keyboardfor text in-
put. It is morenaturalto usehandwritingthana miniature
keyboardor digit buttons. In addition, pointing operations
canbeincludedin the samepen-basedhterface. The main
challengein handwritingrecognitionis the vastvariety of
writing styles.It canbeovercometo someextent,by adapt-
ing the recognitionsystemto new writing styles. Another
problemis thatthecontemporarhand-heldlevicespossess
fairly limited memoryandprocessingapabilitiescompared
to normal-sizeccomputers A gooddescriptionof the state

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

In this work, we proposemethodssuitablefor on-line
adaptationof a prototype-basedlassifier The adaptation
is controlledin orderto keepthe size of the prototypeset
— andconsequentlyhe recognitiontime andmemorycon-
sumption— reasonableln addition,the controlsareaimed
atdecreasinghesystems sensitvity to erroneouslyabeled
or malformedearningsamplesThe controlmethodsither
setan upperlimit for the numberof prototypesper class
or switch the adaptatiorof a particularcharacterclasson
or off dependingon the classifiers performance.The ef-
fectsof thesesimple controlsare studiedwith simulations
in whichincorrectlylabeledsamplesreintroducednto the
learningprocess.

2. Description of the classifier

Theclassifierusedin the experimentds basedn the k-
nearesheighbor(k-NN) rule: aninputcharacters matched
againstall storedprototypesandthe k¥ mostsimilar ones
vote for its classification. The prototypeset covers sev/-
eralwriting stylesandit is formedwith a clusteringalgo-
rithm [2] from a databasencluding characterswritten by
several subjects.The numberof prototypesper classis al-
ways seven, which wasthe maximumnumberof different
writing stylesfoundfor a singlecharactein themanualex-
aminationof thedata.

The dissimilarity measurg6] usedboth for the cluster
ing andclassificationof the characterss 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-
setvaluearein our work consideredhs strokes. The dis-
similarity measurds definedon stroke basisso thatit is
infinite betweentwo charactershaving different numbers
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of strokes. The strokes are matchedin the sameorderas
they weredrawn andthefirst andlastdatapointsof thetwo
curvesarestrictly matchedagainsteachother The DTW-
algorithmfindsthe point-to-pointcorrespondenckeetween
the curveswhich satisfiestheseconstraintsand yields the
minimumsumof the costsassociatedvith thematchingof
thedatapoints.A costfor matchingtwo datapointsis their
squarectuclideardistance.

The initial writer-independentlassifieris adaptedto
new writing stylesby modifyingits prototypeset. Themod-
ificationsinclude: 1) addingnew prototypes.2) reshaping
existing protypesand3) inactivating confusingprototypes.
Adaptationstratgy Add addsthe input charactelinto the
prototypesetif ary of the k& mostsimilar prototypesbe-
longsto a wrong class. AddAndLvestratgy reshapeshe
nearestprototypeif ary of the k& mostsimilar prototypes
belongsto the correctclass. Otherwise the input charac-
ter is includedin the prototypeset. The reshapingof the
prototypess basedon a modifiedversionof the Learning
VectorQuantization(LVQ) [1]. Dependingon the classes
of thecharactershe datapointsof the prototypearemoved
towards,or away from, thedatapointsof theinputcharacter
alongthelinesconnectinghe matcheddatapoints. A suit-
ablevaluefor parametek wasfoundin someprevious ex-
perimentgo be 4 or 3 dependingon whethertheadaptation
was performedaccordingto Add- or AddAndLvestrateyy,
respectiely [6].

Thesebasic stratgies can be controlledin 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 classifiers perfor
mance. Adaptationstratgy PLAdd (PL standsfor proto-
type limit) works as Add if the numberof prototypesis
lessthanthe upperlimit Ny. Otherwise the adaptatioris
turnedoff. PLAddAndLvgandPLAddOrLvgstratgiesare
similarto AddAndLvegandAdd-stratayies,respectiely, but
if the upperlimit for prototypesis reachedthey perform
only prototypereshapingAdaptationstratgiesOFAddand
OFAddANdLv(OF standgor on andoff) arebasedon an-
othercontrolling principle. At the beginning of the adap-
tation, they aresimilar to Add- and AddAndLvestratayies.
However, adaptatiorof a particularcharacters switchedoff
if inputsampleof thatclassareclassifiedsuccessfullyVo
timesin arow. On the otherhand,adaptations switched
backon after N, consecutie unsuccessfulecognitions.

IAP-strategy is usedfor inactivating a prototypewhich
hasbeenthe mostsimilar prototypeat least N, timesand
whose classhas beenincorrect more often than correct.
However, the last prototypefor a characterclasscannot
be inactivated. IAP-stratgy canbe usedtogetherwith the
other adaptationstratgies as a cure for confusinginitial
prototypesand malformedor incorrectly labeledlearning
samplesA goodvaluefor N, hasbeenfoundto bel. Such

alow valueenabledAP-stratgy to reactimmediatelywhen
problemsarisedueto theerroneougprototypes.
Theadaptations presumedo becarriedouton-lineand
in aself-superviseavay. This meanghatthecorrectlabels
of the input charactersare concludedrom the writer’s re-
actionsto the classificationresults. If the writer doesnot
re-entercharacterstheir classificationsare assumedo be
correct. Otherwise they arelabeledaccordingto the latest
characteinputin the sameposition. This kind of labeling
methodis susceptibleo errorsof two natures:the writer
doesnot notice all the misclassifiedcharacterspr, makes
correctionsfor example to the spellingof thewords.

3. Experiments

All theexperimentsverecarriedoutwith lower casdet-
ters(a-z,anddiacriticalsd, &, and®). Charactersverecol-
lectedwith a specialtabletthe resolutionandsamplingrate
of which arehigh — 100 lines per millimeter and at maxi-
mum 205 datapointspersecond.The datapointsonsistof
thez- andy-coordinate®f thepenpoint, writing pressure,
andtime. Charactersverewrittenoneatatime andthesub-
jectswereadvisedo usetheir own naturalstyle of writing.
All malformedcharactersvere cleanedoff manually The
numberof datapointswasreducedby keepingonly every
third datapoint. Charactersverenormalizedso thattheir
masscenterswere shifted to the origin of the coordinate
system. In addition,they wererescaledso that the length
of thelongersideof the boundingbox wassetto a constant
valuewhile retainingthe aspectatio unchanged6].

Theprototypeof theinitial classifiewereselectedrom
a databasef over 7500 charactersvritten by 22 subjects
by usinga clusteringalgorithm. The databaseisedin the
experimentsasa testsetconsistsof approximatelyl2500
characters.The latter databasavaswritten by 24 subjects
whichwerenotincludedin the formerdatabase.

In thefirst experimentssuitableparameteralueswere
selectedor the controlledadaptatiorstratgies. Next, the
uncontrolledadaptatiorstratgieswerecomparedwith the
controlledones.In thelastexperimentsprototypeinactiva-
tion stratgy wasappliedtogethemwith the mostpromising
adaptatiorstratgies.

Each adaptationstratgy was appliedin a testrun in
which the character®f every particularwriter wererecog-
nizedoneby oneandthe classifierwasadaptedafter each
classificationln thesimulationsof type 1, someof themis-
classifiedcharactersverelabeledaccordingto their recog-
nition resultwith aprobabilityvariedfrom zeroto one. This
kind of errorscanoccurif theuserdoesnotnoticeor careto
correctall therecognitionerrors.In the simulationsof type
2, the charactersverelabeledat randomwith a probability
variedfrom zeroto 0.1. Sucherrorsareintroducedwhen
editionof text, for example,correctionof writing mistales
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Figure 1. The effect of unnoticed recognition
errors on the initial and final error rates.

aremisinterpretedscorrectionsof recognitionerrors. All
testswererepeatedentimeswith differentrandomnumber
sequencew evenout statisticalvariations.

Theperformancef anadaptatiorstratgy wasmeasured
with four figures:intial, final, andtotal errorrates,andthe
growth percentagef the prototypeset. Theinitial andfinal
errorrateswereevaluatedfor thefirst andlast 100 charac-
ters,respectiely. Thefigureswereaveragedoverthewrit-
ers.Theselectiorof theparametevaluesNy, Non, and Ny
wasperformedon the basisof thetotal errorratesaveraged
overthewritersanddifferenterrorprobabilities.

The resultsof the experimentsare summarizedn Fig-
ures1l-3 andTablel. Figurel illustratesthe evolution of
theinitial andfinal error rateswhenthe probability for la-
belingalearningsampleaccordingo anerroneousecogni-
tion resultis increasedin Figure2, theeffectsof randomly
labeledlearningsamplesarestudiedin a similarway. Fig-
ure 3 shaws the effects of the prototypeinactivation strat-
egy on thefinal errorrate. Finally, Table1 givesthe aver-
agegrowth percentagesf the prototypecountfor different
adaptatiorstratgies. The averagds calculatedbvertheer-
ror probabilitiesshavn in thefigures.

Without adaptationthe error rateis approximatelyl 2%
whichis far too high for any practicalapplication.The un-
controlledadaptatiorstrat@ies(AddandAddAndLvwork
well if thereare no erroneoudearningsamples:the error
rate is lessthan 7% for the first 100 charactersand less
than 2% for the last 100 characterof the approximately
500charactergrom eachwriter. As couldbe expectedthe
adaptatioomethodsarefartoo sensitveto errors,especially
to randomlylabeledearningsamplesascanbeseenn Fig-
ure 2. The unnoticedrecognitionmistales have a similar
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Figure 2. The effect of random errors on the
initial and final error rates.

effect with both stratgyiesbut randomlylabeledcharacters
aremoreharmfulwith AddAndLvestrateyy. Thiscanbeex-
plainedby the factthat AddAndLvestratgy doesnot only
addmislabelectharacterinto the prototypesetbut alsode-
stroys someof the original prototypesby reshapinghem
wrongly. Add-stratgy increaseshe size of the prototype
setsignificantly In theworstcasethesizeof theprototype
setis doubled(seeTablel). AddAndLvestratgy actsin a
morerestrainedvay andis satishctoryin thatsenseln the
light of theseresults,thereis a certainneedfor additional
controlof theadaptatiorprocess.

The experimentswith adaptatiorstratgieswhich setan
upperlimit for the numberof prototypesperclass(PLAdd
PLAddANndLvgand PLAddOrLvq shovedthatthereis no
needto add mary new prototypesper class. Best re-
sults were obtainedif only two new prototypeswere al-
lowed per class(Ny = 9) and adaptationwas contin-
ued as pure LVQ-learningafter the upperlimit for proto-
type countwasreached PLAdd stratgyy wasoutperformed
by PLAddOrLvgstratey in all respects. PLAddAndLve
stratgyy increasedhe size of the prototypesetclearly less
thanPLAddOrLvgstratgyy. However, in generalgrrorrates
obtainedwith the latter stratgyy werebetterthanthoseob-
tainedwith the former stratgy. PLAddOrLvgstratgy was
ableto decreasdahe systems sensitvity to the erroneous
learningsamplesof both typesandthe systems ability to
learnin theerrorfreesituationwaspresered.

Theideaof controllingthe adaptatiorby switchingit on
and off did not turn out to be asgood an ideaaslimiting
the numberof new prototypes.OFAdd-strateyy did reduce
the harmful effectsof erroneoudearningsamplesandcon-
trol the growth of the prototypeset. However, theerrorrate



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

Adapt.strategy | AP, AP AP, APH
Add 63 59 106 69
AddAndLvq 2 0 15 1
PLAddOrLvq 24 24 26 24
PLAddAndLvg| 2 0 12 1
OFAdd 29 26 52 29

for the simulationwith perfectlylabeledlearningsamples
wasincreased.Bestresultswere obtainedwhen Ny, = 2

and Noz = 3. OFAddAndLvestrateyy did not improve

recognitionratesin ary case.As its uncontrolledversion,
AddAndLvestrategy, doesnotincreasehe numberof pro-

totypestoo much,it wasfounduselessndleft outfrom the

resultfiguresandtable.

The resultsof experimentsin which the most promis-
ing controlledadaptatiorstratgjies and their uncontrolled
versions(Add, AddAndLvg PLAddAndLvgPLAddOrLvq
OFAdd) wereappliedtogethemith theinactivationstratgy
IAP werecongruentvith theresultsof someof our previous
experiments. IAP-stratayy is successfuln controlling the
growth of theprototypeset. It increasesheinitial errorrate
by approximatelyonepercentageinit. Its effectson the fi-
nalerrorrateareinsignificantwhensomeof therecognition
errorsareunnoticedbut it is truly beneficialin eliminating
prototypesntroducedcbecausef randomlylabeledearning
samples.

4. Conclusions

Prototype-basedlassifiersare due to their very nature
vulnerableto erroneoudearningsamples. Therefore,we
have proposedsimple control methodsfor the adaptation
of a prototype-basedlassifierwhich are ableto limit the
growth of the prototypecountandare helpful in reducing
the unwantedeffectsof erroneoudearningsampleson the
recognitionperformance.

Controlmethodswvhich setanupperimit for thenumber
of prototypesverefoundto bemoresuccesfuthanmethods
which switch adaptatioron and off dependingon the pre-
vious performanceof the classifier The bestresultswere
obtainedf only two new prototypesvereallowedfor each
classand adaptationwas continuedas LVQ-learningafter
thatlimit had beenreached. This way, the growth of the

Final error rate with IAP (dotted) and without IAP (solid)
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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%) wassatishctory lessthanthe averageerror
ratefor humang3] if atmost6% of thelearniningsamples
wererandomlylabeled,or, 60% of learningsampleswvere
labeledaccordingto the recognitionresultsinsteadof the

correctclassesToleranceo randomerrorscouldbefurther

improved up to 8% by employing a prototypeinactivation

strateyy.
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