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Abstract

In many practical classi cation problems, mislabeled
datainstancedi.e., classnoise)existin theacquired(train-
ing) dataand oftenhavea detrimentaleffecton the classi-

cation performance Identifyingsud noisyinstancesand
remwingthemfromtraining datacansigni cantly improve
thetrainedclassi ers. Onesud effectivenoisedetectoris
the so-calledensemblelter, which predictsthe instances
misclassi edby multiple learnedclassi ers as hoise This
paperproposesa novel noisedetectionmethodthat usesa
boostingensemblef the ensemblenoise Iter s. Multiple
ensembleoise Iter s are built sequentiallywith each one
working on weightedinstances.Theweightingschemefol-
lows the geneal boostingidea and reduceghe weightsof
thoseinstancesthat are con dently predictedas noisein
previousruns. This methodessentiallywraps an existing
ensemblelter -basednoisedetectorwith a secondayer of
boostingensembleOur experimentakesultson a range of
real datasetdromthe UCI repositoryshowthe superiority
of the proposeoostechoisedetectos.

1 Intr oduction

Outliersand variouskinds of errorsare unavoidablein
real data. For example,in medicaldomains,patientsmay
be mis-diagnosedhusclassi ed into a wrong category. In
manufcturingprocessesgatasensorscan be affected by
temperaturehumidity, andotherervironmentvariablesor
maybetemporarilymalfunctioning leadingto possiblyab-
normalmeasuresln a dataacquisitionprocesghatis not
completelyautomatedhumancanmake mistalesandtype
wrong numbersinto databases.All thesekinds of data
recordswith anomalousinderroneousaluescanbeviewed
asnoise.Thatis, we basicallytake the sameview of “noise”
asin [12], which de nesnoiseasary datainstanceshatdo
notfollow the“true” modelthatgeneratesherestmajority
of datarecords.

Much existing work hasshawvn that properhandlingof
noiseusuallyleadsto betterclassi cationperformancéhan
ignoringnoisein thetrainingdata[6, 11, 1,5, 15,12, 7]. In
generaltherehave beenthreedifferentapproacheso han-
dling noisein dataanalysis:(a) designingobustalgorithms
thatareinsensitve to noise[9, 6]; (b) ltering outnoise[1];
and(c) correctingnoisyinstance$11].

Rolust algorithmsare mostly built with a compleity
controlmechanisnsothattheresultingmodelsdonotover
t training dataand generalizewell to future unseerdata.
Crossvalidation,Minimum DescriptionLength,and Struc-
tural Risk Minimization are somecommonly-usednodel
selectionprinciples.

Noise ltering techniquesdentify andeliminatepoten-
tial outliers and mislabeledinstancedn the dataset. One
typicalmachindearningmethodn this cateyoryistousean
ensemblef multiple classi ersandtreatthe datainstances
thatare misclassi edby a given majority of the classi ers
aspotentialdatanoise(or mislabelednstances).

Noisecorrectionmethodsarebuilt uponthe assumption
that eachattribute or featurein the datais correlatedwith
othersandcanbereliably predicted.Thecorrectionprocess
startsby predictingthe value of eachfeaturefor eachdata
instancefrom other features. Heuristicsare then usedto
determinewvhetheroneshouldchangg“correct”) the origi-
nal valueof afeaturefor aninstanceo the predictedvalue.
This approachis usually more computationallyexpensve
thanthe rst two, andrunsthe risk of “correcting” clean
instances.

It hasbeenargued[4] thattherobustalgorithmapproach
is lesseffective thanthe othertwo approacheswhich di-
rectly handlenoisein thetrainingdatabeforebuilding clas-
si cation models.The Itering approactseemdo be safer
thanthe correctingapproachsincethe noiseidenti cation
effort cannotbe fault-proof and removing cleaninstances
is probablylessharmful than mislabelingcleaninstances.
For example,in [8], it is shawvn that removing predicted
noise instancescan better improve classi cation models
than“correcting”thelabelsof thoseinstances.



In this paperwe focusonatypicalensemble@pproacho
noise ltering, whichis of muchresearchnterestlately[1,
5, 15, 12, 7]. The ensemblelter methodessentiallybuild
multiple classi ers and predict the instancegamisclassi ed
by majority or all of the classi ersasmislabelednstances.
Existing work on ensemblenoise lters differs from one
anothemainly in thefollowing aspects:

multiple predictionsof aninstancecould be from dif-
ferent classi ers trained on samedatasubset[1], or
the sameclassi er trained on different data subsets
[5, 15, 12];

datapartitioningcouldusehardn-fold crossvalidation
[1, 5,15, orresamplinge.g.,bagging)[12];

for the n-fold crossvalidationpartitioning, eachclas-
si er couldbetrainedonamajorset(aunionof
folds)[1, 5], or onaminor set(onefold) [15];

predictionscould be madeonly for held-outinstances
[1], only for traininginstanceg5], or for all instances
[15].

We pickedabagginglter asthebaselineensembl@oise
Iter methodinvestigatedn this papeffor thefollowingrea-
sons. First, asdiscussedn [15], predictingnoiseon held-
outinstancesnay not be asaccurateaspredictingon train-
ing instances. Thus we want to usetrainedclassi ersto
predictnoisemainly ontraininginstancesThebagging I-
ter [12] is one of the noisedetectorssatisfyingour needs.
Secondthecomparatie studyin [12] shovedthatthe bag-
ging lter algorithmis amongthe bestperformingmethods
for detectingclassnoise.Finally, thebagging lter is anap-
propriatechoicefor building anotherayer of ensembleon
top of it, asseenin Section3.

Aiming to improve the noise detectionperformanceof
existing ensemblelters, we proposea novel boostechoise
Iter method,which combinesmultiple runs of a bagging
Iter. At eachrun, datainstancesareweightedusing pre-
vious ltering resultsin suchaway thatcon dent noisein-
stancegeceve lower weights. The main differencefrom
traditionalboostingfor classi cationproblemsis thathere
we do not know the true noiseidentity of eachinstance.
Consequentlywe cannotfocus on incorrectly predicted
noise(we do not have this information)in eachsubsequent
run. Thus, we insteadfocus on instanceswith uncertain
noiseidentity.

In this paper we comparetwo weighting strateyies for
the proposedboostednoise Iter approach.Oneis to re-
ducetheweightsof noisyinstancesn accordwith our con-
dence. Thatis, themorelik ely aninstances noiseaccord-
ing to our prediction,the smallerweight the instancegets.
The secondstratay is to reducethe weightsof both noise
andcleaninstancesn accordwith ourcon dence.If weare

very certainthataninstancas clean(i.e., correctlylabeled),
its weightsshrinksin the next run, just like a certainnoise
instance.In otherwords,we try to focusonly on uncertain
instancesn subsequemnuns.

In additionto thenew boostechoise Iter , this paperdis-
tinguishesfrom existing work in that we focuson evaluat-
ing noisedetectionperformancensteadof inductive learn-
ing performanceafter eliminating noise. Sincethe bene t
of remaving noisefor classi cation performancehasbeen
shavn in mary paperswe mainly presenthe noisedetec-
tion performancen this paper Furthermorewe useamore
comprehensie evaluationcriterion, precision-recalturve,
to comparethe bagging Iter andboostedbagging lters.
Our experimentakesultsover awide rangeof UCI datasets
shaw thatthe boostedbagging Iter (with the rst weight-
ing stratgy above) can signi cantly outperformthe base
bagging Iter , whenthe noiselevel is higherthan15%.

Most existing work dealtwith classnoise,whichis usu-
ally acknavledgedasaneasieproblemthanattributenoise.
It is alsoreportedthat handlingattribute noiseleadsto less
gainthan ltering classnoisein learningperformancg14].
Althoughwe focuson classnoisein this paperthe method-
ology presenteds potentially useful for handingattribute
noiseaswell.

The organizationof this paperis asfollows. Section5
discussesomerelatedwork. Section2 presentghe base-
line bagging Iter usedin this paper Section3 proposes
two boostedbagging Iter algorithms. Section4 showvs a
comparatie study of the aforementionedlgorithmson a
rangeof UCI datasetsand demonstratethe effectiveness
of the boostedbagging lter. Finally, concludingremarks
aregivenin Section6.

2 BaggingFilter

The basenoise Iter usedin this paperis shovn in Fig-
ure 1. At the heartof the bagging Iter is the resampling
componentwhich generatesnultiple classi ers, eachon a
randomsampleof theoriginal datasetThisis alsothe core
differencefrom the existing majority or consensuslters
[5, 15

In the algorithm, we simply return a ranked list of all
instancesn theorderof decreasingertaintyaboutthenoise
identity of eachinstance. The certaintyis indicatedby a
noisecount( ) value.In theresultssection,we usethis
rankedlist to draw precision-recalturves(seeSectiord.2).
Of course eithermajority or consensusoting canalways
be usedto cut at a certainpoint to geta list of instances
predictedas noise. However, sucha hard decisionmakes
evaluationmore dif cult sincedifferent methodsmay cut
at different points and have different precisionand recall
values. Evenan averaged--valueis not asintuitive asthe
precision-recalturvespresentedn this paper



Input : corrupteddataset ,
numberof bootstrapsamples

Output: a setof noisecounts
eachdatainstance

, onefor

begin

initialize ;

initialize instanceweights -

for to do
ResampleWhWeight( , );
buildClassi er( );

end

for to do

for to do

if then ++;

end
endend

return Sortedinstancesn the order of deceasing
Figurel: Bagging Iter algorithm(BF).

The ResampleVthWeight() function returnsa bootstrap
sampleof data following the normalizedweights
(asprobabilities). The numberof bootstrapsamples is
usually setto 10. The buildClassi er() function returns
a trainedhypothesisunction which is usedto predictthe
classof eachinstance.The noisecount recordsthe
numberof classi ersthatmisclassi esinstance

3 BoostedBaggingFilters

In this sectionwe proposdwo boostechoise lters. The
basenoise lter isthebagging lter presentedn the previ-
oussection. The two boostedbagging lters (BBFs) dif-
fer only in instanceweighting. The rst one (BBF-I) is
shawvn in Figure2. The algorithm essentiallyreduceshe
weightsfor instancesvith hightotal noisecountsaftereach
round since the weight of eachinstanceis equialentto

. Thenumberof runs is givenasan
inputin thealgorithm.It couldbeautomaticallydetermined
by usinga stoppingcriterion, e.g.,whenthe numberof in-
stanceghat have a noisecountof  dropsbelow certain
threshold. However, from our experimentsiit is obsened
that the noise ltering resultsare relatively stablefor ary

. As aresult,in our experimentswe simply pick
. Thealgorithmreturnsa rankedlist of instancesn
theorderof decreasingotal noisecounts.

The secondalgorithm (BBF-Il) is almostthe sameas
Figure2 exceptfor theweightupdatestepattheendof each
round:

where — is the middle noise count. A high value of
— signi es a high con denceon the instance

beingeithernoisy or clean. This weightingschemeeffec-

tively boostgheweightsof thoseuncertainnstancesCom-

: corrupteddataset ,
numberof bootstrapsamples , andnumberof
runs

Output: a setof total noisecounts ,

onefor eachdatainstance

Input

begin
initialize total noisecounts
initialize instanceweights - ;
for to do
for to do
ResampleWhWeight( , );

buildClassi er( );
end

resetflocal noisecounts ;
for to do
for to do
if then
++:

endend

end
for to do

end
normalizeweights _

d
enden

return sortedinstancesn the order of deceasing

Figure2: Boostedbagging lter algorithm- | (BBF-I).

paredto BBF-I, this algorithmreduceghe weightsof clean
instancesn additionto con dent noiseinstances.

4 Experimental Results

In this section,we rst describethe datasetsusedin
our experiments,then the experimentalsetup,and nally
presenainanalysisof results.

4.1 Datasets

We experimentedon the 12 datasetshavn in Table 1.
They areavailablefrom the UCI MachineLearningReposi-
tory [10], andrepresenawide rangeof datacharacteristics,
with numberof instances from 432to 67557,numberof
nominalfeatures  from O to 61, numberof continuous
features from 0 to 30,andnumberof classes from 2 to
5.

In our experimentswe assumall thesedatasetsrerel-
atively cleanandinjectarti cial classnoiseto testthe per
formanceof our proposechoise lters. The assumptioris
not a badone giventhat mostof thesedataset@reeasyto
classify asdiscussechext.

To get an idea aboutthe inherentcompleity of each
datasetwe canlook at the classi cation performance.In-



Table 1. Summary of datasets. Columns two
through ve are number of instances, number
of nominal features, number of contin uous
features, and number of classes, respectivel vy.

Data
connect-4
adult

67557 42 O
48842 8 6
nursery | 12960 8 O
mushoom| 8124 22 O
sikk | 3772 22 7
kr-vs-kp| 3196 36 O
car | 1728 6 0

CMC | 1473 7 2
tic-tac-toe| 958 9 0
credit-a| 690 9 6
WDBC | 569 0 3
monks3| 432 6

o
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steadof repeatinga lot of experimentswe leverageon ex-
isting publishedresults.For example,classi cationaccura-
ciesarereportedon all thedatasetin Tablel with different
noiselevelsin [16]. At 5% noiselevel, theaccuraciesange
from alittle over 50%to closeto 100%. The CMC dataset
is themostdif cult one(with abestaccurayg of 53%),fol-
lowedby connect-4with abestaccurayg of 75%)andother
datasetgall with an accurag of 83% andabove). As we
shallseein laterdiscussiontheseobsenationscanhelpex-
plain somenoisedetectionresults.

4.2 Experimental Setting

To addnoise,we adoptthe samepairwiseschemeused

in [15]: givena pair of classe§ , ) andanoiselevel

, aninstancewith its label  is corruptedandmislabeled
as with probability , asis aninstanceof class . This
corruptionmethodis a reasonablesimulation of real sce-
narios,in which usually certaintypesof classesarelikely
to be mislabeled.In the following experimentswe corrupt
only onepair of classequsuallythe pair of classeshaving
thehighestproportionof instances)Thiswill leadto anac-
tual noisepercentagéhatis lower thanthe speci ed , but
we still reportthevalue (nottheactualnoiselevel in the
dataset)n all results,asin [15].

Both the numberof boostingruns  andthe numberof
partitions aresetto 10. The classi er usedin the build-
Classi er() functionin Figuresl and2 istheC4.5algorithm
[9] implementedn the Wekatool [13]. Default settingin
theWekatool is used.

Givenarankedlist of all instancegrom the mostlikely
noiseto the leastlikely noise, we can cut at a sequence

of pointsandcalculateprecisionandrecall valuesat those
points.At eachcutpoint , assuméhereare truenoisein-
stancesn thetop instancegin therankedlist) and noise
instancesotin thetop instanceswe de ne precisionand
recallas

Whenwe act conseratively and usea small , the recall
valuewill be smallandthe precisionvaluewill usuallybe
high. As we predictall instancesas noise,we will geta
100%recall but a low precisionvalue. When comparing
two curves,we sayoneis betterthanthe otherif onecurve
is mostlyabove the other

Theoretically we can have one point on the precision-
recall curve for every in . To get smoother
curves,we draw averageprecisionandrecall valuesevery
50 instances.For example,the rst point on the curve is
averagedoverthe rst 50 values.

4.3 ResultsAnalysis

Justby lookingattheprecision-recalturves wefeelthat
BF andBBF-I areeffective for mostdatasetskor example,
at arecallrate of 0.4, the precisionrateis higherthan0.8
for majority datasetgactually9 out of 12 at a noiselevel
of 15%). The one dataseon which BF/BBF-I work very
poorly is the CMC datasetwhich happengo be the most
dif cult datasedsdiscussedn Section4.1. Whenwe plot
the precisionvalues(with a recall rate of 0.4, at a noise
level of 15%)againstheaccurag valuesdiscussedn Sec-
tion 4.1 (obtainedrom [16]), we seeahighly linearcorrela-
tion betweerthem(seeFigure3, the correlationcoefcient
is 0.93).

Figures5-12 showv the precision-recallcurves for the
12 datasetsn Table 1. Overall, BBF-I signi cantly out-
performsBBF-Il, exceptfor low ( 20%) noiselevels for
the adult, car, and nursery datasets. The reasonBBF-II
performspoorly may be thattoo mary cleaninstancesare
weightediow. Thenoise Iter constructedn thenext round
losesstrongsupportfrom cleandatainstanceswhich are
actuallyvital to the succes®f ensembleltering schemes.
This scenariovould be morecommonlyseerfor highnoise
levels. For low noiselevels, BBF-II may not suffer since
cleaninstancesrealbundant.

The performanceof both BF and BBF-I decreasess
noiselevel increaseshut BBF-I doessoatamuchslowver
rate,thusprovidessuperiornoisedetectionperformancdo
BF for higher values.More comparisonsiresummarized
in Table2. The win-tie-lossdecisionis basedon our sub-
jective judgment. Despitepossiblehumanerrors,the trend
is clearthatfor high noisescenariog 15%), BBF-I is
dominantlybetterthanBF.



[y

precision (with recall fixed at 0.4)
© o o o o o o
w H [ [=2) ~ o2 <}
: : : :
o
[+]

o
[N

o
i

0.6 0.7 0.8 0.9 1
classification accuracy

o
3

Figure 3. The linear correlation between clas-
si cation accuracy and noise detection pre-
cision.

Table 2. Summary of comparisons between
BBF-I and BF for different noise levels. A
win-tie-loss of means BBF-I is better
than BF on 4 datasets, comparab le to BF on
4 datasets and worse than BF on 4 datasets.

BBF-I vs. BF (win-tie-loss)

Noiselevel
5%

10%

15%

25%

35%

40%

Finally, we shav an examplegraphon the effect of ,
the numberof runsusedin the boostingprocedure. Fig-
ure 4 draws several precision-recalcurveson the credit-a
datasefor severaldifferent values(l, 2, 5, 25, and255,
respectiely). The noiselevel usedis 25%. We mentioned
abovethatfor our experiments is x edat10. In this par
ticular example, thereis actually no differencefor ary
greatetthanl.

5 RelatedWork

More completeanddetailedreviews of existing work on
ensemblelter approache$o noisedetectioncanbe found
in mary paperd15, 12, 14]. Herewe focusonwork related
to theideaof boostingnoise lters.

Verbaeterand Van Assche[12] comparednh-fold cross

25% noise

03[ [—gF

| | —e—BBF-I (T=2)
-~e-'BBF-| (T=5)
BBF-I (T=25)
- - -BBF-I (T=255)

0 0.2 0.4 0.6 0.8 1
Recall

Figure 4. Noise ltering results on the credit-a
dataset with 25% noise level, with diff erent
values. BF is essentiall y BBF-I (T=1).

validation, bagging,and boostingapproachesand found
the rst two work equally well and both are betterthan
boosting. It is worth noting that, in their work, boosting
is usedto geta basenoise lter. At eachrun, eachtraining
instancehatis incorrectlypredictedby thetrainedclassi er
getshigherweightsin the next run. At the endof boosting,
theinstanceswith large weightsareidenti ed asnoise. In

contrastwe applythe boostingideaon top of a basenoise
Iter. In short,their methodappliesboostingto classi ers
(thoughthe nal instanceweightsareusedfor noise lter -

ing) whereasve applyboostingto noise lters.

Zhu et al. [15] mentioneda multiple roundnoiseelimi-
nationideawhichbearssomesimilarity to ourboostechoise
Iter, but they did not formulateit as a second-lgel en-
semble. They reportedimprovementin numberof noisy
instancesemovedover multiple rounds.At eachround,the
noiseidenti ed from the previousroundis removed,along
with somecleaninstances.This canbe viewed asusinga
weightof 0 for theremovedinstancesandaweightof 1 for
therest.Basedonthisexplanationourapproacteffectively
usessoft weightingon all instances Soft weightinghasan
adwantagean thatsomeinstancesnaybeincorrectlyidenti-
ed asnoiseat eachrun andthey have a chanceto be cor-
rectedin laterruns(whereador hardweightingeliminated
instancesannever make their way back).

John[6] proposedo build a robustdecisiontreeclassi-
er by removing misclassi edinstancegrom training data
overmultiple iterations(until everytraininginstancecanbe
correctly classi ed by the trainedclassi er). This canbe
roughlyviewedasa hardweightingcounterparbf our rst
weightingschemebut with a singleclassi er noise lter .



The instanceweighting schemeusedin our boosted
noise lters essentiallyfollows the formulationin [2], but
is basedon differentuncertainty/con denceneasuresAn
indirect motivation comesfrom [3], which appliesboost-
ing to clusteringproblems. Thus, our paperalso effec-
tively senes as anotherexample of applying boostingto
non-classi cationproblems.

6 Conclusion

We have presented novel boostedhoise Iter approach
to identifying mislabeleddata. The proposedapproach
canbe seenasa good exampleof usingboostingfor non-
classi cation problems. We have demonstratedhe effec-
tivenesof sucha boostedapproachthroughexperimental
resultson 12 UCI datasetsThe superiorityof the proposed
boostedbagging Iter algorithmto the regularbagging I-
teralgorithmis clearlyseerfor mediumto highnoise(when
noiselevel is greaterthan15%).

In thefuture,we cancomparewith otherbaselters such
as consensuglassi cation Iter (using n-fold crossvali-
dation). We will investigatedifferentinstanceweighting
stratgiesin the boostingalgorithmand compareotheral-
gorithmsfor thesecondevel ensemble.
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Figure 5. Noise detection results on the connect-ddataset with six diff erent noise levels: (a) 5%; (b)

10%; (c) 15%; (d) 25%; (€) 35%; and (f) 40%.
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Figure 6. Noise detection results on the adultdataset with six diff erent noise levels: (a) 5%; (b) 10%;
(c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 7. Noise detection results on the nurserydataset with six diff erent noise levels: (a) 5%; (b)
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 8. Noise detection results on the mushoomdataset with six diff erent noise levels: (a) 5%; (b)
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 9. Noise detection results on the sick dataset with six diff erent noise levels: (a) 5%;

5% noise

0.4 0.6 0.8 1

Recall

@)

15% noise

0.4 0.6 0.8 1
Recall

(©)

35% noise

0.9

0.4 0.6 0.8 1
Recall

(e)

(c) 15%; (d) 25%; (e) 35%; and (f) 40%.

c

Precisio

Precision

n

Precisio

10% noise

0.9r
0.8
0.7
0.6
0.5r
0.4r
0.3r
0.2r
0.1r

- T el

T

=

0.4 0.6 0.8 1
Recall

(b)

25% noise

o @ o o o o o o
N W A o N ® ©
T T T T T T T T

o
=
T

e m e —m——w =T

OO

0.4 0.6 0.8 1
Recall

(d)

40% noise

0.8r

0.7

o
)}
T

0.4r
0.3f

0.2r

0.1

0.4 0.6 0.8 1
Recall

®
(b) 10%:



0.9
0.8
0.7
0.6
0.5

Precision

0.4

0.3

0.2r

0.1

0.9
0.8
0.7
0.6
0.5

Precision

0.4
0.3

0.2r

0.1

Precision

5% noise

0.2 0.4 0.6 0.8 1

Recall

@)

15% noise

0.2 0.4 0.6 0.8 1

Recall

(©)

35% noise

0.2 —
0.1}|---BBFI 4
“““ BBF Il
0 i , , ,
0 0.2 0.4 0.6 0.8 1
Recall
(e)

Precision

Precision

10% noise

0.4 0.6 0.8 1
Recall

(b)

25% noise

o o o o o
N W M U o
T T T T T

o
=
T

-

OO

0.4 0.6 0.8 1
Recall

(d)

40% noise

0.3F 1
0.21 BE 1
0.1}|---BBF1 B
“““ BBF II
0 ; , , ,
0 0.2 0.4 0.6 0.8 1
Recall
)

Figure 10. Noise detection results on the kr-vs-kpdataset with six diff erent noise levels: (a) 5%; (b)
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 11. Noise detection results on the car dataset with six diff erent noise levels: (a) 5%; (b) 10%;
(c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 12. Noise detection results on the CMC dataset with six diff erent noise levels: (a) 5%; (b) 10%;
(c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 13. Noise detection results on the tic-tac-toedataset
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.

with six diff erent noise levels: (a) 5%; (b)
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Figure 14. Noise detection results on the credit-adataset with six diff erent noise levels: (a) 5%; (b)
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.
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Figure 15. Noise detection results on the WDBC dataset with six diff erent noise levels: (a) 5%; (b)

10%; (c) 15%; (d) 25%; () 35%; and (f) 40%.
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Figure 16. Noise detection results on the monks3dataset with six diff erent noise levels: (a) 5%; (b)
10%; (c) 15%; (d) 25%; (e) 35%; and (f) 40%.



