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Abstract

Becauseof large shapevariationsin humanhandwrit-
ing, recaynition accuracy of cursive handwrittenword is
hardly satisfyingusinga singleclassifier In this paperwe
introducea framavork to combineresultsof multiple clas-
sifiers and presentan intuitive run-time weightedopinion
pool (RWOP) combinationapproach for recagynizing cur-
sive handwrittenwords with a large sizevocahulary. The
individual classifies are evaluatedrun-time dynamically
Thefinal combinationis weightedaccoing to their local
performance For an openvocahulary recanition task,we
usethe ROVERalgorithmto combinethedifferentstringsof
characters providedby ead classifier Experimentatesults
for recaynizingcursivehandwritterwordsdemonstatethat
our new approadh achievesbetterrecaynition performance
andreducegherelativeerror ratesignificantly

1. Intr oduction

For theproblemof off-line handwritingrecognition fea-
ture extractionmethodsand classificationtechniquesvere
intensvely studiedin thepastseveraldecadesMany recog-
nition methodshave beenproposedput noneof themcan
reachatotally satishctorysolutionof the problem.

In recentyears some multiple classifier combination
techniquesvereproposedo improve handwrittercharacter
recognitionperformancendhave shovn promisingresults
by differentresearchersBasedon differentresultsrepre-
sentationof the individual classifiers diversecombination
methodsare available now. Most existing approachesre
limited only to the caseof voting differencesof individ-
ual classifiersat singlesymbollevel. Becauseof the com-
plicatedinteractionbetweersegmentationrandrecognition,
optimal voting at the symbol-stringlevel is still an open
problem.

In this paperwe focus on the principle of multiple-
classifiercombinationandintroducea framework to sum-
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marize somemost-usedcombinationmethodsand give a
hint for integration of new approaches.An intuitive run-
time weightedopinion pool approachis presentedwvhich
evaluatesthe individual classifiersrun-time dynamically
and performsweightedvoting accordingto the local per
formanceof eachclassifier Anothertopic of this paperis
the combinationof multiple classifiersat the level of sym-
bol string. We usean improved ROVER algorithm[3] to
solve this problem.

In thefollowing sectiornwe introducea framework to ex-
pressthe principle of multiple classifiercombination.Then
we presentin Section3 the RWOP approach.In Section4
we introducethe ROVER algorithmand someadaptations
for handwritternword recognition.We provide experimental
resultsin Sections anddraw someconclusionsn Section6.

2. A framework for combining multiple classi-
fiers

Multiple classifiecombinationis atechniqueof combin-
ing the decisionsof differentclassifierswhich are trained
to solve the sameproblem, but make differenterrors. A
propercombinationof multiple classifiersshouldproduce
more reliable recognitionresultsthan any of the individ-
ual classifiers.Many combinationmethodshave beenpro-
posedin the last decad€g4, 5, 6, 12]. Most of themfall
into the categyory of latedecision-fusionwheretherecogni-
tion resultsfrom differentclassifiersare combinedwithout
further evaluationof the original representatiomf the un-
derlying objects. Thusthe combinationmethodis strongly
affectedby how muchinformationtheindividual classifiers
provide [12]. In the literaturethesemethodsare usually
discussedeparatelyBy viewing the combinationproblem
asa specialclassificationproblem,we introducea unified
framawork to encompassomeof the most-useccombina-
tion methods.
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2.1 A general discriminant function of decision
combination

The multiple classifiercombinationmakesthe decision
which classfrom a setof candidateclasseds thefinal re-
sult in the mostreliable sense. The decisioncombination
canbe consideredasa specialclassificationproblem. The
combiningsystenrshouldrescoreeachdifferentsingledeci-
sion. Thedecisionwith thebestscoreis decidedasthefinal
result. Thusdefininga discriminantfunction for eachout-
putof individual systemsandmakingafinal decisionbased
on the discriminantfunctionsis of muchinterest. Suchan
approachshouldgive a betterunderstanding@boutthe ex-
isting combinatiormethodsandgive ideasto integratenew
methods.Many of existing combinationmethods suchas
majority voting, weightedmajority voting, bordacount,lin-
earcombinationof confidencevalueandcombinationneu-
ral network, proceedjust in this manney this meansthat
they malke the final decisionbasedon settingup a set of
discriminantfunctions.

Eachoutputof all classifiers(including the casethat a
singleclassifiemprovidesseveraloutputs)is labeledlinearly
increasingfrom 1 to K (where K denoteshe numberof
modules) Fromnow on,anoutputis calledamodule.Clas-
sifier i is denotedase;, modulej is denotedasm;. The
classof m; is denotedasC(m;). For the modulem;, the
discriminantfunctionis definedas:

D; = f(V;,Gj) (1)

whichis ageneralizedunctionof two factors:theitemV; is
ageneralized/otefactor which computeghe contributions
of individual candidates Theitem G; standsfor a general
goodnesdit scorewhich characterizeshe performanceof
eachmodule.Otherfactors(for examplecontext score)can
be alsoabsorbednto the discriminantfunctionwhenthese
informationsareavailable. The two factorsV; andG; can
be given a quite differentform. Xu etal.[12] categyorized
the existing classifiersinto threeclassesaccordingto their
resultrepresentation.How to defineV; andG; depends
uponwhatinformationtheindividual classifiergrovide.

Having setup a discriminantfunction, thefinal decision
rule canthenbesimply expresseds:

E(z) =C(m;) it D) >2D@),Vi#j (2
Thecombiningsystempicksthe classof modulem; which
hasthe highestscoreasit’s final decision.

Thefinal discriminantfunction(Eq.(1))canbequitegen-
eralized.For exampleLam etal.[7] usea MLP neuralnet-
work [7] for thecombinatiortask,theoutputO; of theMLP
canbe viewed asthe discriminantfunction D;. In thefol-
lowing it will beshavn thatmary of theexistingmost-used
combinationmethodscanbe expressedasa weightedsum

of thevotingfactor In thiscasetheEq.(1)canbesimplified
asfollowing:

D; = ZGiéz’jVi 3)
while a simplevote countis definedas:
CV; =) 65V 4)

di; is anindicatorcontributionfunctionwhichis definedas:

o 1 if C(mz) = C(m])
0ij _{ 0 otherwise )

2.2 Majority Voting and Borda Count method

In this caseeachmodulem; is associatednly with a
singlelabel. The Majority Voting methodselectthe class
which getsmorevotesthanary otherclass.Eachcandidate
modulehasthe samevote andweightwhich aredefinedas:

Vi=1, Gj=1/K 1<j<K (6)

The vote countC'V; of modulem; is accumulatedacross
all modules.

K
CcV; = Z i (7
i=1

The discriminantfunction for the Majority Voting canbe
definedas:

K
D; =Y 6;/K (8)
i=1

In thiscase,D; is alsocalledoccurrencdrequeng of class
C’(m])

The Weighted Majority Voting and the Borda Count
methodcanbeseenasextensionof Majority Votingmethod.
The WeightedMajority Voting methodassignsachcandi-
datemoduledifferentweightaccordingo it's performance.
Most of Weighted Majority Voting methodsdeterminea
fixed weight for eachcandidatewith a settraining data.
Lam et al.[7] proposeda weightedmajority vote method
with weightsderived from a geneticsearchalgorithmand
from Bayesiarformulation.

The Borda Count methodfor ranked lists combination
canbe consideredsa generalizedorm of majority voting
method. Eachclassifierprovidesa list of ranked results.
According to the Borda Count method[4], the different
modulesin the combiningsystemshouldhave a different
vote, calledBordaCount. The BordaCountB; of modules
m; canbeplacedin alook-uptable. SettingV; = B and
G = 1, thediscriminantfunction D; is calculatedaccord-
ingto

D; = Za,-jBi 9)



2.3. Combination on MeasurementLevel

In this caseeachmoduleis associatedvith a label and
arealvalueindicatingthe recognitionconfidence We as-
sumethatthedifferentconfidencemeasuresitilized by dif-
ferentclassifierscanbe normalizedo therangeof [0..1] in
aprobabilitysense.

The assignmenof vote shouldtakes confidencevalue
factor P; into considerationFollowing aresomeexamples
of how to definediscriminantfunctionsfor somecombina-
tion methodson Measurementevel.

2.3.1 Max rule

SettingV; = P; andG; = 1, thediscriminantfunctionis
definedas:D; = P;.

2.3.2 Sumrule

SettingV; = P; andG; = 1, thediscriminantfunction of
modulem; is calculatedas:

K

i=1

This is also called the Linear ConfidenceAccumulation
(LCA) method[5].

2.3.3 WeightedSumrule

SettingV; = P; anddeterminingthe weightscoreG; ac-
cordingto it's performancethe discriminantfunction can
bedefinedas:

K
D; = Gib;;P; (11)

i=1
3. Run-time weightedopinion pool approach

Our final decisionrule for recognitionis basedon the
computationof the discriminantfunction D; accordingto
Eq.(11),whereG; is thegoodnessit valueof the jth mod-
ule and P; is the confidencescoreprovided by the indi-
vidual classifiers. Finally, the classC(m;) is selectedas
winning classthatproduceghelargestvalueof D; accord-
ing to Eq.(2). Differing from otherweightedsummethods,
our combinationmethoddetermineshe weightsG; with
anintuitive run-timeapproactwhichis thuscalledrun-time
weightedopinionpool (RWOP).

For the concreteimplementationof the discriminant
function, the systemgoodnesdit scoreG; can be estab-
lishedin differentways,while theselectiorof V; is relative
simple.For exampleLam etal. [7] applieda geneticsearch

algorithmandBayesiarformulationto getweightsfor indi-
vidual classifiers Someotherworksaddressethe problem
of weight selectionby defining an objectve function and
training the weightswith an optimizationtechnique[1, 8].
But thesemethodsneeda large size of training datawhich
shouldalsobe representatie for thetestdataset. If there-
guirementis not available,the derived weightssuffer from
the overfitting problemandleadto decreasegerformance.
Especiallyif the numberof classess high, for examplein
recognitiontaskswith large size vocahulary, suchtraining
methodsareinfeasible. Furthermoredifferentrecognition
enginesmay performdifferently on differentdatasubsets,
evenwhenwe assumehat they have similar performance
for the total dataset, becausdifferent data subsetamay
comefrom differentwriters, differentpagesor text lines.
Thuswe think the goodnesdits of individual recognizers
shouldbe evaluateddynamicallyat combinatiorrun-time.

Thedynamicevaluationof thegoodnes#its of individual
recognizersanbeimplementedn a simplemanner From
thetotal testdata,every N units (for recognitiontaskswith
afixedlexicon,theunitis wordwith N = 50, for acontext-
freetaskthe unit is charactewith N = 200) aregrouped
into a subset.The kth subsetcontainsthe [kN+1, (k+1)N]
elementof the total dataset.For eachrecognizemmodule,
the systemrecordstwo local hits (S andT') in a subsetat
run-time. The countS is accumulatecamongthe current
subset,whereasI’ is accumulatecamongthe currentand
lastsubset Althoughthe correctnessf theoverall decision
is not known yet, the final resultcanbe consideredas an
estimateof the true classindex. The numberof local hits
of modulej is incrementedif C'(m;) hits the total result
1, Which comesout from the combinedevaluation of all
modules.

inc(S;,T;) it C(my)=p (12)

The goodnesdits of the individual modulesare calcu-

latedaccordingto:

G; =T;/(N +n) (13)

n is the unit countin the currentdatasubset. After a run
with N combinationevents, the S is assignedo T' anda
new iterationis begun. Initially, the local hits and good-
nessfits of the individual moduleareall setequal(N and
1 respectiely). Figurel illustratesthis dynamicweighted
voting method.

4. Combining multiple strings with the
ROVER algorithm

Most availablecombinationmethodsconcentraten the
decisioncombinationfrom a setof singlesymbols(charac-
ter, numericor word asunit). If the individual classifiers
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Figure 1. Dynamical evaluation of goodness
fit score and weighted voting

provide a hypothesisin the form of a string of symbols,
andin the hypothesigheremaybe not only substitutioner-
rors but alsoinsertionand/ordeletionerrors, the existing
methodscannot be applieddirectly. In the literaturesev-
eral works have addressedhis problemwith preliminary
result[11, 13]. We usethe ROVER algorithmto dealwith
this problem.

4.1 Intr oduction to the ROVER algorithm

ROVER (RecognizerOutput Voting Error Reduction)
wasdevelopedby J. Fiscusof NIST [3]. Originally it aims
to reduceword errorratesfor automaticspeectrecognition
by combining multiple speechrecognizers. The ROVER
systemconsistsof two modules. The first moduleis an
alignmentmodulewhichusesaniterative procedurdo align
morethantwo stringsandbuild a singleword transcription
network (WTN). The secondmoduleis a scoringmodule
whichrescoregachword ateachnodeof the WTN andse-
lectsthe word with the bestscoreasthe final decisionof
thisnode.

The alignmentmoduletreatsthe first WTN asthe base
WTN andalignsthesecondNTN with it usingthedynamic
programmingalignmentprotocol. The baseWTN is aug-
mentedwith word transitionarcsfrom thesecondNVTN ac-
cordingly. The compositeWTN is then alignedwith the
third WTN resultingin anew combinedNV/TN. Thisprocess
is iteratively appliedfor until all inputshave beencombined
into asinglecomposite VTN.

Oncethe compositeWTN hasbeengeneratedrom the
initial systemoutputs,the compositeWTN is searchedy

thescoringmoduleto selecthebestscoringword sequence.

Detailsof ROVER is describedn the paperof J. Fiscusof
NIST [3].

4.2 Modifications to the rover algorithm

To adoptthe ROVER algorithm to the recognition of
handwritterwords(asstringsof characters)we have taken
someproblemspecificfactorsinto consideratiorandreim-
plementedhe ROVER algorithmwith the following modi-
fications.

4.2.1 Rescoringthe combination order

It hasbeennoticedthatthe compositeWTN is to someex-
tentaffectedby theorderin whichthe WTNs arecombined.
We think that for the combinationof multiple character
string recognizersthe length of the string from a recog-
nizer plays an importantrole in the combinationprocess.
A correctrecognitionmusthave at first correctlength. It
is thusreasonabléo assumehatthe mostcandidatehave
the samelengthof string, despitethe possibledifferencein
their content. Basedon this consideratiorthe candidates
will be givena combinationorder scorewhich consistsof
the length occurrencecountand the goodnessit scoreof
therecognizer

The occurrencecountL; of the lengthof the string m;
is definedasL; = Zf‘ A;;. Theindicatorfunction A;; is
definedas:

~_ | 1 if length(m;) = length(my)
Ay _{ 0 otherwise (14)
Thecombinatiororderscoreis simply thesumof L; and
Gj:

CS;=L;j+G, (15)

Thecandidatesvill be sortedaccordingto the combination
orderscore. Thenthe assignmentnoduleproceedsn this
order

4.2.2 Dynamic voting

After thealignmentprocessthevotingis carriedoutateach
correspondencsetwith the weightedvoting algorithmin-
troducedn Section3. Thenumberof local hits of amodule
andit’s goodnes$it scoreis evaluatedat charactetevel.

5. Experiments
5.1 Building multiple classifiersbasedon HMM

Becausf the power of HiddenMarkov Model (HMM)
techniguewe decidedon the combinationof homogeneous
recognizerdasecdn HMMSs. In our previousworks[2, 10]
some HMM-based handwriting recognition methods, in-
cluding featureextractionandmodelingtechniquesrede-
scribed. In HMM-basedsystemsamary parameteriave to



be selectedand tuned manuallythroughexperiments. Es-
pecially the choiceof featuresmay performdifferently on
different dataregions. Thus building multiple classifiers
andcombiningtheminto an overall systemis a reasonable
method.

For handwrittenword recognition,the word baselineis
obviously an important feature, but high accuratebase-
line detectionis very difficult. Featureextractionmethods
which are dependenbr independenbn baselinedetection
have thustheir advantageanddisadwantage We usediffer-
ent sliding window zonecoding methods. One methodis
word baselinedependentwhich is describedn paper[10].
The other methodis word baselineindependentlynamic
zone coding (seepaper[2] for detail, exceptfor that no
baselinedependenteatureis usedin the new system).The
selectionof the numberof zonesn thesliding window and
whetherusing zonecodingdirectly or using a transforma-
tion method, e.g. cosinetransformationas featurevector
leadsalsoto differentresults.In our systermdiscreteHMMs
areused. For vectorquantizationthe k-meansalgorithmis
themostusedmethod.With differentcodeboolsizeof vec-
tor quantization,one can get differentrecognitionresults.
In total, 6 classifiers(denotedasEl, E2,...E6) basedon
HMM approachareselectedo be combined.Their charac-
teristicsarelistedin the Tablel.

EachHMM basedclassifieroutputstop two hypotheses
(denotedasH1 andH2) andcorrespondindjk elihoodprob-
abilities (denotedaspl andp2). A confidencevalueP is
transformedrom thelik elihoodswith:

P = (2% pl —p2)/(pl + p2)

If theclassifieroutputsonly onehypothesispP is setto 1. If
H1=H2, P is setto 0.75.

(16)

Table 1. Characteristics of individual classi-
fiers

Profile E1l E2 E3 E4 E5 E6
(word) recog. | 97.04 | 96.59 | 96.86 | 96.95 | 97.00 | 97.13
rate, 1120

wordslexicon

(word) recog. | 52.85 | 49.17 | 50.50 | 50.36 | 50.96 | 54.68
rate, without

lexicon

(char) recog. | 86.99 | 83.05 | 83.50 | 83.59 | 84.23 | 90.67
rate, without

lexicon

word baseline dep. dep. dep. ind. ind. ind.
cosinetrans. yes no no yes yes no

num.of zones 4 5 6 5 6 5

codeboolsize 180 200 256 220 256 256

5.2 Experimental results

To comparethe proposedRWOP combinationapproach
with other combinationmethodsand verify applicationof

the ROVER algorithm, experimentson the recognitionof
cursive handwrittenwords have beencarried out in two
different contets: recognitionusing a lexicon of 1120
words and charactemrecognitionwithout lexicon. In the
fixedlexiconmode the RWOP combinatiormethodis used
to make final decision,whereasin the lexicon-free mode
the ROVER algorithm with RWOP extensionis applied.
The RWOP combinationmethodare comparedwith some
most used combinationmethods: Majority Voting (MV),

WeightedMajority Voting (WMV) andthe Linear Confer

enceAccumulation(LCA).

The experimentshave beenperformedon a handwritten
word databasevhich consistsof about9600wordswritten
by six differentwriters. 75% of the datais takenastraining
set,theother25%(2231words,10783charactersstesting
set. Detailsaboutthe databasaredescribedn paper10].

In the fixed lexicon mode,six classifiersare combined.
The bestmatchedword identificationalong with the con-
fidencevalue from the individual classifiers(E1, E2,...,
E6) are evaluatedfor combination. The recognitionrates
of individual classifiersare listed in the Table 1. The
recognitionratesachieved by differentcombinationmeth-
odsarereportedn Table2. The Run-timeWeightedOpin-
ion Pool (RWOP) methodachieses a recognitionrate of
98.03% which outperformgheothercombinatiormethods
andreacha 31%relative errorreductioncomparedvith the
bestindividual recognizer

Table 2. Word recognition rates with alexicon
of 1120 words

MV WMV
97.80 | 97.94

LCA
97.89

RWOP
98.03

In the context-free mode, the samesix classifiersare
combined. The individual classifiersprovide the best
matchedstringof charactersstheidentificationof theinput
word image. The resultsof individual classifiersarelisted
in Table1l. Theresultsof combinationsystemsare listed
in Table3. The ROVER algorithm achieses a significant
performancegainfor combinationof multiple strings. The
ROVER algorithmwith the RWOP extensionoutperforms
other combinationmethodsand achievesa 13% and 35%
relative error reductionat word andcharactetevel respec-
tively againstthe bestsingleclassifier

Table 3. Recognition rates without lexicon

MV WMV | LCA RWOP
Word level 59.36 | 60.25 | 60.07 | 60.47
Charactetevel | 92.24 | 93.15 | 92.92 | 93.94

The NIST data set comesfrom the CD-ROM [9] of



“NIST Form-BasedHandprint Recognition System (Re-
lease2.0)”. Onthepreambldieldsof tensampleHSFforms
(written by tendifferentpersons)the positionof eachword
aremanuallylabeled. A programextractsthe wordsusing
theselabelsand getsin total 514 words. The recognition
lexicon for thetaskhasa sizeof 38 words. The experimen-
tal resulton the NIST datasetis reportedin Table 4 and
Table5. The RWOP combinationrmethod(93.97%)outper
formsthe bestindividual recognizer(91.25%)with a 31%
relative errorreduction.

Table 4. Word recognition rates of individual
classifier s for NIST sample data

El E2 E3 E4 ES E6
90.66 | 83.85| 84.82| 86.19 | 87.55| 91.25

Table 5. Word recognition rates of combina-
tion systems for NIST sample data

MV WMV
91.62 | 93.00

LCA
93.39

RWOP
93.97

6. Conclusionand outlook

A unifiedframeawork for multiple classifiercombination
is introducedand an intuitive run-time weightedopinion
pool approachs proposed.The combiningsystemevalu-
atesthe performanceof the individual modulesin the run-
time andusesthe goodnessit scoreto weightthefinal vot-
ing. The new methodcanbe appliedin conjunctionwith
majority voting, Borda Countand confidencevalue aver-
agingmethods.For the complicatedcombinationof multi-
ple stringrecognizersthe ROVER algorithmis appliedand
someadaptationareproposedPromisingresultshavebeen
achievedwith our proposednethods.
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