Active Learning to RecognizeMultiple Typesof Plankton
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Abstract

Active learning has beenapplied with supportvector
madinesto reducethedatalabelingeffort in patternrecay-
nition domains. However, mostof thoseapplicationsonly
dealwith two classproblems.In this paper we extendthe
active learning approach to multiple classsupportvector
madines. Theexperimentakesultsfroma planktonrecay-
nition systenindicatethat our approacd oftenrequiressig-
ni cantly lesslabeledimagesto maintainthe sameaccu-
racylevelasrandomsampling

1. Intr oduction

An automategblanktonrecognitionsysteni2] is capable
of collectingandclassifyingtensof thousand®f plankton
imagesanhour. Thesystemis alsoexpectedo evolve from
apreviousmodelto a moreaccuratamodelby addingsome
new manuallylabeledimagesinto thetrainingset. It is im-
possibleto manuallylabel all the new imagesduring run
time, becaus¢hey cometoo fast,thusmakingactive learn-
ing attractve.

Tong [6] and Schohn[5] appliedthe active learningap-
proachto two classsupportvectormachine{SVMs). They
choseto labelnen examplesclosestto the decisionbound-
ary. Comparedto randomsampling,this active learning
approachreducedhe numberof labeledimagesneededn
their experimenton text classi cation.

However, little work in active learning has beendone
with multiple classSVMs. For instance SVMs handlemul-
tiple classproblemsby building severaltwo-classSVMs. A
new exampleusuallyhasdifferentdistancedo the decision
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boundariesn thosetwo-classSVMs. It is hardto applythe
previous active learningapproacthecausave do not know

which distanceto choose.In this paper we proposeanac-
tive learningapproachfor multiple classSVMs. After de-
velopinga probability modelfor multiple classSVMs, we
label the exampleswith the leastclassi cationcon dence.
We comparedour approachwith randomsamplingfor the
planktonrecognitionproblem. To obtainthe sameclassi-
cation accurag, our approachrequiredmary lesslabeled
exampleghanrandomsampling.Also, we studiedthe con-
ditionsunderwhich active learningwassigni cantly better
thanrandomsampling. We found that active learningwith

abadinitial classi er (model)waslesseffective.

2. Support vector machinesandthe probability
model

Supportvector machinegSVMs) [7] have receved in-
creasingattentionrecentlyandhave achiezedvery goodac-
curag in patternrecognition text classi cation,etc.

In binary classi cation, SVMs rst mapthe datainto a
higherdimensiorfeaturespacewith (x), thenuseahyper
planein thatfeaturespaceto separatahe data. In the fea-
turemappingstagethekernelk(x;y) =< (x) (y) > is
usedto avoid explicit innerproductcalculationin the high-
dimensionfeaturespace.C-SVM [7], atypical exampleof
softmaigin SVMs, is describedhsfollows.

GivenmexamplesX1; Xz; :::; Xm With clasdabely; 2f -
1,1g.

C-SVM:

1 xn
minimize(E <w,w>+C i) (1)

i=1
subjectto: yi(< w; (xj)>+b) 1 (2)
wherew is normalto the classseparatindnyperplaneC is a
scalawvaluethatcontrolsthetradeoff betweertheempirical



risk andthemagin (j%.) , i istheslackvariableto handle
non-separablexamplespis ascalan/qyJe,andC; i > 0.
The decisionfunction is f (x) = i iK(xi;x) + b,
where ; andbarecomputedrom Eqg. (1) and(2).
The Karush-Kuhn-Tuckerconditionof the optimal solu-

tionto Eq. (1) and(2) is:
i(<w;, (xi)>+b 1+ {)=0 ()

An ; is nonzeroonly whenEg. (4) is satis ed. In this
casehex; contributesto thedecisionfunctionandis called
asupportvector(SV).

yi(w; (X)>+b=1 (4)

We appliedtheone-vs-onapproactio extendSVMs for

multiple classproblems. All possiblegroupsof 2 classes

areusedto build binarySVMs. In theN classcasewe will
build W binarySVMs.

2.1 Assigningprobability valuesin support vector
machines

A probability associatedvith a classi er is often very
usefulandit providescon denceabouttheclassi cationre-
sult. Platt[3] introducedthe sigmoidfunction asthe prob-
ability modelto t P(y = 1jf) directly. The parametric
modelis shovnin Eq. (5).

1
1+ exp(Af + B)

Py = 1jf) = 5)
whereA andB arescalarvalues,which are t with max-
imum likelihood estimation.f is the decisionfunction of
thebinary SVM.

We followed the sigmoid modeland extendedit to the
multi-classcase.ln theone-vs-onenulti-classSVM model,
sinceit is time consumingto do the parametertting for
all YN D pinary SVMs, we developeda practical ap-
proximationmethodto computethe probability valuewhile
avoiding parametertting.

1. Weassumé? (y = 1jf = 0) = P(y = 1jf = 0) =
0:5. It meanghata pointright on the decisionbound-
arywill have0.5probabilityof belongingto eachclass.
We getrid of parameteB in this way.

2. Sinceeachbinary SVM hasa differentmangin, a cru-
cial criterionin assigningthe probability, it is not fair
to assigna probabilitywithout consideringhemamin.
Thereforethedecisionfunctionf (x) is normalizedoy
its maigin in eachbinary SVM. Theprobabilitymodel
of SVMs is shawvn in (6) and (7). Ppq representshe
probability outputfor the binary SVM on classp vs.
classq, classp is +1 andclassqis -1.

1

Ppgly = 1jf ) = —————
b 1+ exp(rar

(6)

f)=1 Ppg(y = 14f) = Pep(y = 1jf)
(7)

Ppg(y =

3. AssumingPyq; g = 1;2;::: areindependentthe nal
probabilityfor classp is computedasfollows:

D
PR = Pply = 1f) 8
q

P
NormalizeP (p) to make o P(p) = L

4. Outputk = arg max,P (p) astheprediction.

A is determinedthrough numeric searchbasedon the
costfunctionL from (9), wheret; is thetrue classlabel of
Xj.

X
L= logP (ti) (9)

[2] providesdetaileddescriptiorandexperimentgor this
probabilitymodel.

3. Approach

We malke useof an estimatedprobability thatwe calcu-
late for eachclassi cationfrom a modi ed supportvector
machine.Thealgorithmis asfollows:

1. Startwith aninitial trainingsetandanunclassi edset
of images.

2. A multi-classsupportvectormachines built usingthe
currenttrainingset.

3. Computethe probabilisticoutputsof the classi cation
resultsfor eachimageon the unclassi edset. Assign
eachimageto theclasswith highestprobabilityandas-
sociatehatprobabilityastheclassi cationcon dence.

4. Remove the imagefrom the unclassi ed setthat has
the smallestclassi cationcon dence,obtainthe label
from humanexpertsandaddit to the currenttraining
set.

5. Goto 2.



4. Experiments

The datausedfor the experimentsconsistsof plankton
imageghathave beenclassi ed by a marinebiologist. The
sourceof theseimagesis an undervater scanningdevice
referredto as SIPPERJ[4] that takes a continuousscanof
particlesin the water A separatepplicationextractsdis-
creteimagesfrom thesescansandcreatesmage les. The
imagesconsistof threebit grayscalevaluesgiving 8 levels.
Basedon[2], 17 featuresvereextractedfrom imagesof the

ve mostabundanttypesof plankton. Thereare 7440im-
agesdn total: 1488imagesrom eachtypeof plankton.1000
imageq200eachtypeof plankton)wererandomlyselected
asthevalidationset.

The Libsvm [1] supportvector machinesoftware was
modi ed to produceprobabilisticoutputs. A one-vs-one
approachwas appliedto multi-classclassi cation. In all
experimentsthe gaussiarradial basisfunction (RBF) was
usedasthekernel.

ThegaussiarRBF kernel:k(x; y) = exp( gkx  yk?)
whereg is ascalarvalue.

The threeparametergg, C, A) wereoptimizedby per
formingagrid-searctacrosgheinitial datasetconsistingof
200imagesperclass.A ve-fold crossvalidationwasused
to evaluateeachcombinationof parameterdasedon the
lossfunctionL from (9). The parametergg, C, A) were
variedwith a certaininterval in the grid space. Sincethe
parameterareindependenthegrid-searchranvery fastin
parallel. The valuesof g = 0.04096,C = 16, andA =100
werefoundto producethe bestresults.

We did a seriesof retrainingfor active learningandran-
dom samplingon the training datawith N randomly se-
lectedimagesper classasthe initial training set. The ex-
perimentwas performed30 timesandthe averagestatistics
wererecorded.

Severalvariationsof theproceduralescribedbovewere
performed.We variedboth the numberof imagesper class
in theinitial training sets(IPC) andthe numberof images
selectedor additionto training setsat eachretrainingstep
(IPR). Due to spacelimits, we only describeexperiments
with IPR=1.

4.1 Experimentswith IPC=200,|PR=1

As shown in Figure 1, with startingaccurag of 83.29%
and200imagesfrom eachclass,active learningis very ef-
fective. Randomselectionrequiredapproximately4 times
thenumberof imageso reachthesameevel of accuray as
selectiorby lowestprobability.

Activelearningtriesto labelthemost”informative” new
images,thus helpingimprove the classi er. In SVM, the
decisionboundaryis representetdy supportvectors(SVs).
Therefore,a good active learning approachshould nd
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Figure 1. Comparison of active learning and
random sampling in terms of accurac y: initial
training set is 200, one new labeled image
added at a time.

more SVs thanrandomsampling. Figure 2 shaws the av-

eragenumberof SVs versusthe numberof imagesadded
into initial training setfrom the 30 runs. Active learning
labeledmary more SVsthanrandomsampling. Also, the
slopeof active learningcurve is 0:88, which meanshat 88

percentof labeledimagesturn out to be SVs. Our active
learningapproactef ciently capturedsupportvectors.
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Figure 2. Comparison of active learning and
random sampling on chosen examples whic h
became SVs: number of SVs vs. number of
additional images

4.2 Varying the initial training set(IPC)

By starting with only 10 imagesper classin the ini-
tial training setswe startedoff with ratherpoor accurag
(64.63%).With poorinitial accurag, activelearningdid not
give us a signi cant advantageover randomselectionuntil
the accuray reacheda high enoughlevel. Figure3 shavs



thatuntil accurag reacheda high enoughlevel (81%), ac-
tive learninggave no advantageover randomselection.
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Figure 3. Comparison of active learning and
random sampling: initial training set is 10,
one new labeled image added atime.

In Figure 4, with 50 IPC in the initial training setwe
startedwith 77%accurag. As comparedvith 10 IPC, the
accurag for active learningimproved fasterthan random
selection.Randonselectionrequiredalmosttwice asmary
new imagesto achieve the samelevel of accurag asselec-
tion by lowestprobability.

Figure 4. Comparison of active learning and
random sampling: initial training set is 50,
one new labeled image added atime.

It makes sensethatthe initial classi er affectsthe per
formanceof active learning and randomsampling. Ac-
tive learninggreedily choosegshe most"informative” ex-
amplesbasedon the previous model. So a bad model
may misleadthe active learningapproachto choosenon-
informative examples,which do not help to improve the
classi er. While randomsamplingprovidesthe classi er
with average”informative” exampleswhatever the initial

classi eris. Therefore,if theinitial classi er helpsactive
learningto chooseexamplesmore informative than aver

age(randomsampling) active learningwins. Thebetterthe
initial classi er, the more labeling effort is sared. Other

wise, active learningmay potentially performworsethan
randomsampling. Due to spacdimits, we skip the exper

imental detail and only describethe results. In two-class
problem experimentswhich only dealtwith two typesof

plankton,randomsamplingoutperformedactive learningin

somecasesvhentheinitial classi erswerenot very accu-
rate and unbalanced.An unbalancectlassi er meansthat
classi cationaccuray is high for onetype of planktonbut

very low for the othertype of plankton.

5. Conclusions

This papermpresentanactive learningapproackor mul-
tiple classSVMs. It wasappliedto reducehelabelingeffort
onthe planktonrecognitionproblem. The experimentake-
sultsshavedthatour active learningapproactsuccessfully
reducedthe numberof labeledimageswhile maintaining
thesameaccuray level asrandomsampling.We foundthat
thegoodnessf theinitial classi er affectsthe performance
of active learning. A somevhat accurateinitial classi er
thathasapproximatelythe sameerroron all classesllows
active learningto be moreeffective.
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