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ABSTRACT

The elds of biometricsand handwritingrecognition
canbene tfromtheaggressie compressiotechniques
presentedhere. A novel approacho compressinghe
on-line handwritingsignalwithoutlosingthe dynamic
information(i.e., velocity)is presentedvhich provides
themeango t almostary signaturesamplewithin the

-bytelimit of oneof the free magneticstripson the
backof corventionalcredit cards. The methodstarts
with segmentingthe on-line handwriting signal into
portionswhich maybe approximatedvith a setof fea-
turesfrom which the velocity andpositionmay bere-
constructed.Thesefeaturesare thencompressedur-
therusinga standarccompressioriechnique.Here,a
Huffman codingtechniques usedto bring the size of
the averagesignatureincluding its dynamicinforma-
tion belav  byteswhich is the magiclimit imposed
by conventional,magneticcreditcardstrips.Normally
two of thesestripsareblankandmaybe usedfor stor
ing thetemplateof theowner's signaturdor futurever-
i cation.

1. INTRODUCTION

In the 1990s Kodakscientistpresente@naggressie
imagecompressiortechniquefor codingthe photoof
a credit cardholderin oneof thethree -byte mag-
neticstripsavailableonthebackof corventionalcredit
cards. A moreimportantor perhapscomplementary
pieceof information which shouldbe storedon one
of thesestripsis the signatureof the individual. Cur
rently, thesignaturds written on thebackof thecredit
cardandis availableto ary forgerto seeatthemoment
of makingpurchaseslin addition,this is only a static
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imageof the individual's signatureand lacksthe dy-
namicinformationsuchasvelocity, orderandpressure
at different portions of the signature. This dynamic
information can substantiallyincreaseautomaticsig-
natureveri cation results.

Low qualitytabletshaverecentlybeeninstalledatmary
departmenstorecashregistergo obtainelectronicsig-
naturesamplesfrom customers. Thesesamplesare,
however, still being treatedas imagesand their dy-
namicinformationis not beingused. For on-line ver

i cation, partof the problemis the storageof the sig-
naturetemplateswhich would have to be doneat a
centrallocationaccessibl¢o storeghroughanetwork.
This would be anexpensve systemwhich althoughis
quite warrantedwill not be easilyattainablein prac-
tice sincemary storesdo not have network connec-
tivity. A self-containedsignatureveri cation system
would be madepossibleif the creditcardof the indi-
vidual includedhis or her signaturesampleelectroni-
cally. Theelectronicinformationmay alsobe usedto
renderthe signatureon a screerfor the storemanager
to review and compareagainstthe individual's signha-
tureatthetime of purchase.

A methodologyis presentecher for compressingall

the dynamicinformationwithin an averagesignature
tolessthan bytessothatit maybeincludedonthe
backof a creditcard. In addition,it requiredessstor

agethanstoringtheactual and coordinatesandit

maintaingall thedynamicinformationaswell. In addi-
tion to biometricapplicationssincethe orderandve-

locity informationareconsered, storedon-line hand-
writing datamay be usedby on-linerecognizersith-

outmuchdegradationin accurag results.

Next sectionpresents loss-lesscoding with perfect
reconstructiorcapabilities. Then, the promisedlossy



compressiomechniques formulatedby rst sggment-
ing the signatureinto smallerpieces. Eachpieceis
subsequentlynodeledby only six or lessparameters.
Theseparametermaybefurthercompressedsingquan-

tizationandtakulation. Finally, aHuffmancodingscheme

is usedto furtherreducethe sizeof thesignaturecode.

2. LOSS-LESSCODING

This sectiondescribesa loss-lesscompressiortech-
niquefor applicationsvhich requireexactreconstruc-
tion of the handwritingsignalfrom the codedsignal.
Considerthe writing as a sequencef strokes, them-
seles de ned as sequencesf and coordi-
natesbeginning with a pen-devn and endingwith a
pen-upsignal. Almost all commercialtabletprovide
the and  coordinatesita x edsamplingratein
the orderof . In lieu of recordingthe and
coordinatedirectly, one may computea differ-
enceapproximationo thelocal speeds  and
Sincethespeedf writing hasanupperlimit, thenum-
berof bits neededo represent  and arequite
small. Also, by keepingthe coordinatesof the initial
positionof eachstrole, thestroke maybere-integrated
with almostnoloss.In factto avoid arny loss,only the
and for eachtime stepare recordedand the
computatiorof therealvelocity is notevenattempted.
Before,presentinghe results,a Huffman codingsce-
nario is discussedvhich may be usedto codethese
differencesn atablewith variablenumberof bitsrep-
resentinghedata.Lessfrequentdifferencesarecoded
with longernumberof bitsandmorefrequentonesare
codedwith lessbits. This compressiorprovesto be
very practicaland provides considerable&eompression
of the on-line datawithout loss of the sequenceand
velocity information.
Thistype of compressiomequiresover bytesfor
codinganaverageon-linesignature Thisis notnearly
enoughfor our objectve of anupperlimit of  bytes,
but it certainlyhasits own applications.

3. AGGRESSIVE LOSSY CODING

To reducethe code-lengthsubstantiallyto meetthe
upperlimit of  bytes, we would have to consider
a sequencef aggressie compressions.The rst of
thesecompressionss thereductionof the pointrepre-
sentatiorof the handwritingto a modelrepresentation
wherethe modelparametersvould describethe hand-
writing. Thiswill give usasubstantiateductionin the

code-length. To achieve this, a specialsegmentation
would have to be performedwhich will be discussed
belon. Eachsegmentof handwritingwill be repre-
sentedby a constannhumberof modelparameters.
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3.1. Dynamic Modeling

The authorhaspresentedhe groundsfor the approx-
imationsof this paperin [1]. Consideringheseargu-
ments let usassumehatthe differentialequationgor
the handwriting generationprocessmay be approxi-
matedby a two dimensionakecondorderdifferential
equatiorwith lineartime-invariantcoefcients alonga
pieceof writing betweerary two consecutie extreme
positionsin eachcoordinate( and ), givenby g-
ure2. Undertheseassumptionghesolutionof theap-
proximatedifferentialequationjn thenominalregion,
would be in the usualsine and cosineform. There-
fore, the velocity in eachcoordinatewill alsohave the
sameform. For the sale of modelingthe handwriting
it is betterto considerthe velocity ratherthanthe po-
sition for the apparenreasonsof robustnesgo noise
andpre-emphasisThus,the velocitiesin  and di-
rectionsunderthesevery crudeassumptionsvould be
of theform givenin equationl.
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(1)

where , , and aretheamplitudefrequeny,
phaseandmeanvelocity for the direction.Also,
, and arethecounterpartén the direction.

Thereforethe rst level of compressiolis achieved by
estimatingthesesix parametersvhich may be usedto
reconstructhesggmentthroughanintegrationprocess
startingfrom the beginning of the strole at recorded
initial valuesof and . See[1] for furtherinforma-
tion on pre-processingltering andthe parametees-
timationtechnique.The estimationis formulatedasa
quadraticoptimizationproblemin [1] and solved by
minimizing the errorfunctiongivenby equation?.

(2)
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where, and is
the generalizecdtoordinatewhich may be replacedby
or . and arepenaltyfactorswhich penalizethe
the amplitudeandfrequeng from deviating too much
from their initial estimategepresentetty  and
respectrely. Note that, the frequeng tendsto con-
vergeto large numbergo reducetheerror  without
the presencef suchpenalties.We have a goodinitial
estimateof  basedon zero-crossingsWe alsohave
a goodinitial estimateof the amplitude  from the
original signal. Figures3 and4 shav theoriginallong
stroles of the words,con rming and nding on top
andtheir reconstructionn the middle of the gures.

3.2. Segmentation

As statedabore, thesegmentatioris doneatthe points
where or are . Figure2 shawsthese
sgmentatiorpointsonthelettera.

3.3. Window Count Reduction

Lookingatthereconstructiomn themiddleof gure 3,
the m and the lower curvature of g display certain
anomaliesvhichcreatesharpchangeén thecunature.
Thesearedueto shortsegmentsheinggeneratedh the
segmentationprocess.Figure 2 shavs an exampleof
suchsggmentwhich hasbeenmarked deleted Delet-
ing suchshort sgmentshastwo positve outcomes.
The rst positive resultis thatthefalsesharpdirection
changesare eliminatedand a betterreconstructions
madepossible(seethebottomof gure 3. Thesecond
greatside-efect is that thereare lessseggmentsto be



represented Eachsegymentrequiresa constantnum-
ber of parametersor its representatiomegardlessof
its length.Onemayatthe rst glanceimaginethatthe
phasedoesnot play animportantrole, however, if the
wordis to besggmentedn suchaway asto useeither
or , thenthe phaseplaysa very impor
tantrole of synchronizationln casesvhenasegment
boundaryis deleted thephases essentia( gure 2).

3.4. Parameter Reduction

The above parametrizatiorof the signalshavs reduc-
tionsin the order of from the loss-lessmethod
describedearlier in the paper This leaves the size
of an averagesignatureat about byteswhich is
still notacceptableOneway to do a furtherreduction
in sizeis to reducethe numberof parametersieces-
saryfor representinggachsegment. After looking at
signaturestheauthorhasseera correlationof be-
tween and percentbetweenthe frequencies
and In fact, using  for both dimensionspro-
ducesquite acceptableeconstructionsvhile reducing
the code-lengtrsubstantially The bottomof 4 shavs
the reconstructiorof theword nding where  was
usedfor both dimensions. Note that the reconstruc-
tion evenlooks betterthanthe onewith differentfre-
guencies. This is consistentlytrue to the extent that
wethrow away  reducingthe numberof parameters
to . Also, one may only storethe phasedifference
, furtherreducingtherequiredparameterfrom
to .

3.5. Parameter Quantization and Tabulation

To further reducethe code-lengthwe can study the
dynamicrangeof the abose parameters.By looking
at the signaturesn our corpus,we have noticed
thatcangetaway by using bits to representhe am-
plitudes.Also, bitsis morethanenoughfor keeping
the phasedifference. Further the maximumvalue of
rad/swas setas the upperlimit of the frequeng.
Also, a nonlineartable was generatecbasedon data
for eachparameteto beableto geta betterresolution
in smallervariations. The frequeng was code with
bits andwasforcedto be positive. In this fashion,
only 17 bits were neededo represeneachsegment.
Figure5 shavs an original signatureon top anda re-
constructiorbasedon the -bit representationf the
sgmentsat the bottom. This broughtthe numberof
bytesnecessaryor an averagesignatureto about
bytes. The averagenumberof windons was . The

maximumnumberof frameswas within the

signaturesn our database.

3.6. Huffman Coding

Finally, we have mary featuresvhich portraysubstan-
tial repetition— a greatcandidatefor Huffman Cod-
ing [2]. A elementtable was generatedrom all

signatures. In practice,this meansthat a Huff-
manTableshouldbe computedrom alarge corpusof
signaturesandkeptfor codinganddecodingpurposes.
Finally, after doing the Huffman coding, the average
signaturecameout to about  byteswith the maxi-
mumat bytes. Huffman codingis loss-lesssothe
reconstructiorresultsdo not differ from thosein the
previoussection.

4. CONCLUSION

We have deviseda loss-lesscompressiotechniqueas
well asa very aggressie lossytechnique. The loss-
lessmethodresultsin signaturesizedin the order of

bytes.Ourlossymethodcodeskeepamostsigna-
turesin lessthan  byteswhichis thelimit onamag-
neticstrip onthe backof corventionalcreditcards.As
opposedo theimagecompressionthe signaturecom-
pressionmay still be usedif it over owsthe -byte
limit. We may choseto save as much of the signa-
tureaswe canpossibly t onthe magneticstrip. This
would be enoughfor doinga veri cation sinceappar
ently mostsignaturesrenotthatlong. Futurework on
signaturecompressiomill includethe pressuranfor-
mationwhich is readily available by mary tabletsto-
day RecognitionTechnologiess currentlydeveloping
asignatureveri cation systemusingthis compression
techniqueatits front end. Resultsof this researchwill
be presentedh thefuture.
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