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ABSTRACT

The �elds of biometricsandhandwritingrecognition
canbene�t fromtheaggressivecompressiontechniques
presentedhere. A novel approachto compressingthe
on-linehandwritingsignalwithout losingthedynamic
information(i.e.,velocity) is presentedwhichprovides
themeansto �t almostany signaturesamplewithin the

���

-byte limit of oneof thefreemagneticstripson the
backof conventionalcredit cards. The methodstarts
with segmentingthe on-line handwritingsignal into
portionswhichmaybeapproximatedwith asetof fea-
turesfrom which thevelocity andpositionmaybere-
constructed.Thesefeaturesarethencompressedfur-
therusinga standardcompressiontechnique.Here,a
Huffmancodingtechniqueis usedto bring thesizeof
the averagesignatureincluding its dynamicinforma-
tion below

���

byteswhich is themagiclimit imposed
by conventional,magneticcreditcardstrips.Normally
two of thesestripsareblankandmaybeusedfor stor-
ing thetemplateof theowner'ssignaturefor futurever-
i�cation.

1. INTRODUCTION

In the1990s,Kodakscientistspresentedanaggressive
imagecompressiontechniquefor codingthephotoof
a credit cardholder in oneof the three

���

-byte mag-
neticstripsavailableonthebackof conventionalcredit
cards. A more importantor perhapscomplementary
pieceof information which shouldbe storedon one
of thesestripsis thesignatureof the individual. Cur-
rently, thesignatureis writtenon thebackof thecredit
cardandis availableto any forgerto seeat themoment
of makingpurchases.In addition,this is only a static

�
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imageof the individual's signatureand lacksthe dy-
namicinformationsuchasvelocity, orderandpressure
at different portionsof the signature. This dynamic
informationcansubstantiallyincreaseautomaticsig-
natureveri�cation results.

Low qualitytabletshaverecentlybeeninstalledatmany
departmentstorecashregistersto obtainelectronicsig-
naturesamplesfrom customers.Thesesamplesare,
however, still being treatedas imagesand their dy-
namicinformationis not beingused.For on-linever-
i�cation, partof theproblemis thestorageof thesig-
naturetemplateswhich would have to be doneat a
centrallocationaccessibleto storesthroughanetwork.
This would beanexpensive systemwhich althoughis
quite warranted,will not be easilyattainablein prac-
tice sincemany storesdo not have network connec-
tivity. A self-containedsignatureveri�cation system
would be madepossibleif thecredit cardof the indi-
vidual includedhis or hersignaturesampleelectroni-
cally. Theelectronicinformationmayalsobeusedto
renderthesignatureon a screenfor thestoremanager
to review andcompareagainstthe individual's signa-
tureat thetimeof purchase.

A methodologyis presentedher for compressingall
the dynamicinformationwithin an averagesignature
to lessthan

���

bytessothat it maybeincludedon the
backof a creditcard. In addition,it requireslessstor-
agethanstoringtheactual � and � coordinatesandit
maintainsall thedynamicinformationaswell. In addi-
tion to biometricapplications,sincetheorderandve-
locity informationareconserved,storedon-linehand-
writing datamaybeusedby on-linerecognizerswith-
outmuchdegradationin accuracy results.
Next sectionpresentsa loss-lesscoding with perfect
reconstructioncapabilities.Then,the promisedlossy



compressiontechniqueis formulatedby �rst segment-
ing the signatureinto smallerpieces. Eachpiece is
subsequentlymodeledby only six or lessparameters.
Theseparametersmaybefurthercompressedusingquan-
tizationandtabulation.Finally, aHuffmancodingscheme
is usedto furtherreducethesizeof thesignaturecode.

2. LOSS-LESSCODING

This sectiondescribesa loss-lesscompressiontech-
niquefor applicationswhich requireexactreconstruc-
tion of the handwritingsignal from the codedsignal.
Considerthe writing asa sequenceof strokes, them-
selves de�ned as sequencesof ������� and ������� coordi-
natesbeginning with a pen-down and endingwith a
pen-upsignal. Almost all commercialtabletprovide
the ������� and������� coordinatesata�x edsamplingratein
theorderof 	�
�
�
�� . In lieu of recordingthe ������� and

������� coordinatesdirectly, onemay computea differ-
enceapproximationto the local speeds�������� and �������� .
Sincethespeedof writing hasanupperlimit, thenum-
berof bits neededto represent�������� and �������� arequite
small. Also, by keepingthe coordinatesof the initial
positionof eachstroke,thestrokemaybere-integrated
with almostno loss.In factto avoid any loss,only the

�

� and
�

� for eachtime stepare recordedand the
computationof therealvelocity is notevenattempted.
Before,presentingthe results,a Huffmancodingsce-
nario is discussedwhich may be usedto codethese
differencesin a tablewith variablenumberof bits rep-
resentingthedata.Lessfrequentdifferencesarecoded
with longernumberof bitsandmorefrequentonesare
codedwith lessbits. This compressionproves to be
very practicalandprovidesconsiderablecompression
of the on-line datawithout loss of the sequenceand
velocity information.
This typeof compressionrequiresover 	�
�
�
 bytesfor
codinganaverageon-linesignature.This is notnearly
enoughfor ourobjective of anupperlimit of

���

bytes,
but it certainlyhasits own applications.

3. AGGRESSIVE LOSSY CODING

To reducethe code-lengthsubstantiallyto meet the
upper limit of

���

bytes,we would have to consider
a sequenceof aggressive compressions.The �rst of
thesecompressionsis thereductionof thepoint repre-
sentationof thehandwritingto a modelrepresentation
wherethemodelparameterswould describethehand-
writing. Thiswill giveusasubstantialreductionin the

code-length.To achieve this, a specialsegmentation
would have to be performedwhich will be discussed
below. Eachsegmentof handwritingwill be repre-
sentedby aconstantnumberof modelparameters.
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Figure1: HandwritingGenerationModel

.
y = 0

.
y = 0

.
= 0x

= 0x , y = 0
..

41

2

3

5 6
Start

End

(Deleted)

Figure2: Segmentationof charactera

3.1. Dynamic Modeling

The authorhaspresentedthe groundsfor theapprox-
imationsof this paperin [1]. Consideringtheseargu-
ments,let usassumethatthedifferentialequationsfor
the handwritinggenerationprocessmay be approxi-
matedby a two dimensionalsecondorderdifferential
equationwith lineartime-invariantcoef�cients alonga
pieceof writing betweenany two consecutive extreme
positionsin eachcoordinate( � and � ), given by �g-
ure2. Undertheseassumptions,thesolutionof theap-
proximatedifferentialequation,in thenominalregion,
would be in the usualsine and cosineform. There-
fore, thevelocity in eachcoordinatewill alsohave the
sameform. For thesake of modelingthehandwriting
it is betterto considerthevelocity ratherthanthepo-
sition for the apparentreasonsof robustnessto noise
andpre-emphasis.Thus,thevelocitiesin � and � di-
rectionsunderthesevery crudeassumptionswould be
of theform givenin equation1.
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Figure3: testcaption

Figure4: testcaption
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where�
� , %

� , +
� and 0

2

� aretheamplitude,frequency,
phaseandmeanvelocity for the � direction.Also, �

� ,
%

� , +

� and 0

2

� arethecounterpartsin the � direction.
Therefore,the�rst level of compressionis achievedby
estimatingthesesix parameterswhich maybeusedto
reconstructthesegmentthroughanintegrationprocess
startingfrom the beginning of the stroke at recorded
initial valuesof � and � . See[1] for further informa-
tion on pre-processing,�ltering andtheparameteres-
timationtechnique.Theestimationis formulatedasa
quadraticoptimizationproblemin [1] and solved by
minimizing theerrorfunctiongivenby equation2.
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Figure5: testcaption

where,
�

���'��� � �� "$��%

�

��� * +

�

� 	������ " and � is
thegeneralizedcoordinatewhich maybe replacedby

� or � . � and � arepenaltyfactorswhich penalizethe
theamplitudeandfrequency from deviating too much
from their initial estimatesrepresentedby �%

�

and �

�

�

respectively. Note that, the frequency tendsto con-
vergeto largenumbersto reducetheerror

�
�

without
thepresenceof suchpenalties.We have a goodinitial
estimateof %

�

basedon zero-crossings.We alsohave
a goodinitial estimateof the amplitude �

�

from the
original signal.Figures3 and4 show theoriginal long
strokes of the words,con�rming and�nding on top
andtheir reconstructionin themiddleof the�gures.

3.2. Segmentation

As statedabove, thesegmentationis doneat thepoints
where �� � 0

2

� or �� � 0

2

� are ����� � . Figure2 shows these
segmentationpointson thelettera.

3.3. Window Count Reduction

Lookingat thereconstructionin themiddleof �gure 3,
the m and the lower curvature of g display, certain
anomalieswhichcreatesharpchangesin thecurvature.
Thesearedueto shortsegmentsbeinggeneratedin the
segmentationprocess.Figure2 shows an exampleof
suchsegmentwhich hasbeenmarkeddeleted. Delet-
ing suchshort segmentshas two positive outcomes.
The�rst positive resultis thatthefalsesharpdirection
changesareeliminatedanda betterreconstructionis
madepossible(seethebottomof �gure 3. Thesecond
greatside-effect is that thereare lesssegmentsto be



represented.Eachsegmentrequiresa constantnum-
ber of parametersfor its representationregardlessof
its length.Onemayat the�rst glanceimaginethatthe
phasedoesnot play animportantrole, however, if the
word is to besegmentedin suchawayasto useeither

�� � 
 or �� � 
 , thenthe phaseplaysa very impor-
tantrole of synchronization.In caseswhena segment
boundaryis deleted, thephaseis essential(�gure 2).

3.4. Parameter Reduction

Theabove parametrizationof thesignalshows reduc-
tions in the order of

� ���

from the loss-lessmethod
describedearlier in the paper. This leaves the size
of an averagesignatureat about �

�


 byteswhich is
still not acceptable.Oneway to do a furtherreduction
in size is to reducethe numberof parametersneces-
sary for representingeachsegment. After looking at

�

�


 signatures,theauthorhasseenacorrelationof be-
tween

� �

and � 
 percentbetweenthe frequencies%
�

and %

� . In fact, using % � for both dimensionspro-
ducesquiteacceptablereconstructionswhile reducing
thecode-lengthsubstantially. Thebottomof 4 shows
the reconstructionof the word �nding where %�� was
usedfor both dimensions. Note that the reconstruc-
tion even looks betterthantheonewith differentfre-
quencies.This is consistentlytrue to the extent that
we throw away %

� reducingthenumberof parameters
to

�

. Also, one may only storethe phasedifference
+

�

� +-� , furtherreducingtherequiredparametersfrom
�

to
�

.

3.5. Parameter Quantization and Tabulation

To further reducethe code-length,we can study the
dynamicrangeof the above parameters.By looking
at the

�

�


 signaturesin our corpus,we have noticed
thatcangetaway by using

�

bits to representtheam-
plitudes.Also,

�

bits is morethanenoughfor keeping
the phasedifference.Further, the maximumvalueof

	�
 rad/swas setas the upperlimit of the frequency.
Also, a nonlineartablewas generatedbasedon data
for eachparameterto beableto geta betterresolution
in smallervariations. The frequency was codewith

�

bits andwasforcedto be positive. In this fashion,
only 17 bits wereneededto representeachsegment.
Figure5 shows an original signatureon top anda re-
constructionbasedon the 	

�

-bit representationof the
segmentsat the bottom. This broughtthe numberof
bytesnecessaryfor anaveragesignatureto about 	

�




bytes. The averagenumberof windows was � 	 . The

maximumnumberof frameswas 	���� within the
�

�




signaturesin ourdatabase.

3.6. Huffman Coding

Finally, wehavemany featureswhichportraysubstan-
tial repetition– a greatcandidatefor Huffman Cod-
ing [2]. A �

�

�

elementtablewasgeneratedfrom all
�

�


 signatures. In practice,this meansthat a Huff-
manTableshouldbecomputedfrom a largecorpusof
signaturesandkeptfor codinganddecodingpurposes.
Finally, after doing the Huffman coding, the average
signaturecameout to about

�

� byteswith the maxi-
mumat 	

�

bytes.Huffmancodingis loss-less,so the
reconstructionresultsdo not differ from thosein the
previoussection.

4. CONCLUSION

We have deviseda loss-lesscompressiontechniqueas
well asa very aggressive lossy technique.The loss-
lessmethodresultsin signaturesizedin the orderof

	�
�
�
 bytes.Our lossymethodcodeskeepsmostsigna-
turesin lessthan

���

byteswhich is thelimit onamag-
neticstriponthebackof conventionalcreditcards.As
opposedto theimagecompression,thesignaturecom-
pressionmay still be usedif it over�ows the

���

-byte
limit. We may choseto save as much of the signa-
tureaswe canpossibly�t on themagneticstrip. This
would beenoughfor doinga veri�cation sinceappar-
entlymostsignaturesarenotthatlong. Futurework on
signaturecompressionwill includethepressureinfor-
mationwhich is readily availableby many tabletsto-
day. RecognitionTechnologiesis currentlydeveloping
a signatureveri�cation systemusingthis compression
techniqueat its front end.Resultsof this researchwill
bepresentedin thefuture.
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