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ABSTRACT

Atimelycriticalconditiondetectionandearlynotificationaretwoessentialrequirementsinahealthcare
wirelessbodyareanetworkforthecorrecttreatmentofpatients.However,mostofthesystemshave
limitedcapabilitiesandsocouldnotdetecttheexactconditioninaprecisetimeinterval.Inaddition
totheseitneedsareductioninthefalsealertrate,asissuingalertsforthedeviationineachincoming
packetincreasesthefalsealertrateandthesefalsealertsconsumemorenetworkresources.Inorder
tofulfilltheabove-mentionedrequirements,adynamicalertsystemhasbeendesignedinthisregard
tomakeitmoreefficient,also,anewkindofhybridizationapproachisbeingintroducedtoitwith
theadditivesupportofanature-inspiredoptimizationstrategynamedLionHuntingandamachine-
learningtechniquecalledsupportvectormachine.Thesimulationisdoneusinganetworksimulator
NS-2.35,andtheproposedalertingsystemoutperformsothers.
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Nature-Inspired Optimization, Support Vector Machine Classifier, Wireless Body Area Network

INTRODUCTION

Developingofabetteralertingsystemforthecorrectdiagnosisofpatient’sconditionplaysavery
imperative role inHealthcareWirelessBodyAreaNetwork (HWBAN), as falsediagnosis leads
incorrectdecisions,whichfurthercausesproblemsintreatmentandevenbecamefatalforpatients’
lifeinsomecases(Andoetal.,2016;Hauskrechtetal.,2013).Inlife-criticalHWBANs,itisalways
preferable to transmitaccuratedatawithinaspecific time interval,asevenaslight ignorance in
diagnosiscanmakeasignificantdifferenceinthedecision.TheeffectivefactwiththeHWBAN
isitsdynamicnature,wherethevitalsignalschangetheirmodeofsignificancefrequently.Foran
HWBANsystemQualityofService (QoS)means,provisioningof exactdiagnosisof thehealth
condition,becauseanymistake,delayorlossofcriticaldatacanbecomepanicforthelifeofapatient
(Kathuria,&Gambhir,2014;Salem,etal.,2013;Chaari,&Kamoun,2011).However,thestudy
saysthatmostofthealertingsystems(Tóth-Laufer,&Várkonyi-Kóczy,2014;Skubicetal.,2013)
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areincompetenttoidentifytheexactconditionofapatientinthespecificinstanceoftime.Themain
difficultieswiththesesystemsarethefalsealertsnotificationproblem(Salem,Liu,Mehaoua,&
Bautaba,2014).Receiveddatamaybeimpreciseduetovariousreasonslikeasensororlinkerror,
limitedresources,interferenceduringtransmission,andtransmissionerror,etc.Alloftheseissues
mayleadtogeneratefalsealerts(Haque,etal.,2015;Dickson,&Thomas,2015).Otherbarriersto
thesekindsofsystemscarryingassortedtrafficandlimitedresources(Gambhir,&Kathuria,2018)
whichincludesotherkindsofobstaclestoit.Fromtheabove-mentionedanalysisitisevidentthat
theHWBANhasagreatneedofanenhancedmodelwithnewthinkingsothatearlyandaccurate
detectionoftheactualconditioncanbedonewithintheprecisetimeinterval.

Recently,variousmachinelearningmethods(Arumugam,&Jose,2018,Este,etal.,2009)have
fascinatedtheattentionofmanyresearchersindifferentapplicationareas,andaccordingtothem,
machinelearningapproachescanbeusedforintelligentclassificationpurposealso.Ontheother
hand,accordingtosomeotherresearchers(Dickson,&Thomas,2015),nature-inspiredalgorithmsare
preferableinmanyareasduetotheirrobustandbendynaturetowardstheenhancementofthevarious
unsolvedsolutions.Concerningthesebenefits,nowadaysdifferentapplicationareasareconsidering
thecombinedmethodology(Eswaramoorthy,etal.,2016)ofthesetwomechanismsfortheirprofit.
Theunderstandingasmentionedaboveencouragesustoembedthesetwomechanismsinoursystem
tomakeitacquaintedwiththevitalatmosphereoftheHWBAN.Therefore,ahybridizationmodelis
introducedherewhichcarryingtogetherthebenefitsofbothLionHunting(LH)andSupportVector
Machine(SVM)techniquesandisnamedasLH-SVMbasedalertingsystem(LHSVMAS).BothLH
andSVMhavetriedtomakethisideasuccessfulbyovercomingtheremainedlimitations.Themain
objectiveoftheLH-SVMASistolessenthefalsealertrateandprovidetheaccurateclassification
ofthecriticalpacketssothattheycanbetransmittedasearlyaspossiblewithnolosstowardsthe
concernedcaregiver.Unlikeotherprotocols,itdoesnotrequireuserinterventionhenceconsideredas
muchmoreeffectivethanothersandthesimulationoutcomesproofthesameinabetterway.Here,
thesimulationwasconductedinthenetworksimulatorNS-2.35.

Therestofthepaperisorganizedasfollows.Section2providestherelatedwork.Section3
presentsthebackgrounddetailsofSVMandLHtechniques.Section4providesthedetailconcept
oftheproposedmethodology.Section5evaluatestheperformanceoftheproposedsystem.Section
6offerstheconclusionpart.

RELATED WORK

In this section, a brief overviewon thework that hasbeendoneusingLHandSVMdescribed
separately.Afterthat,adetailedstudyoftheseworkswhichhadbeentakenplacetilldateinregards
toanalertingsystemusingahybridizationconceptofbothnature-inspiredandmachinelearning
techniquesareexplained.

Paperin(Yazdani,&Jolai,2016)introducestheuseoflionoptimizationalgorithmtoaccomplish
theidentificationprocessinthenonlinearsystems,especiallybilinearsystem,whichfurtherimproves
theglobaloptimizationalgorithmsfor theachievementofgoodidentificationprecision.Anovel
optimizationalgorithmcalledLionoptimizationalgorithmwasexplainedby(Wang,etal.,2012;
Rajakumar,2012).Detailedknowledgeaboutlionevolutionprocessandgrouplivingtheorywasbrief
outinthispaper.ItdescribesallthebehaviorsoflionsuchasLifestyleofPrideandNomadlions,
TerritorialMarking,Migration,Mating,TerritorialDefenseandTerritorialTakeover,Laggardness
Exploitation, etc. It was cleared from the experimental results that lion optimization process
outperformstheotheralgorithms.

AnanomalydetectionapproachformedicalWSNwasdesignedby(Salemetal.,2014)which
helpstogenerateamodelbasedonalgorithmicallylocatedcorrelationsinthedata.ItusesanSVM
classifierwhichclassifiesabnormalinstancesintheincomingsensordata.Whenrequiredsample
found,itappliesaperiodicallyrebuilt,regressivepredictionmodeltotheabnormalinstancetodetect
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whetherthepatientishavingacriticalconditionorthesensorisreportingfaultyreadings.Ithas
theabilitytoquicklyidentifyanddifferentiatebetweensensorfaultsandirregularitiesinapatients’
healthtopreserverobustnessandhighaccuracyinthesystem.Itmaintainsahighertruepositiveand
lowersfalsenegativeratewhichfurtherprovideshighdetectionaccuracy.

Ananomalydetectionalgorithmwasdesignedby(Islametal.,2018)whichhasthecapabilityto
dealwiththecommonissuesofsensordatai.e.incompleteness,ignorance,vagueness,imprecision,
andambiguityetc.Itfollowsaninferencemechanismwhichconsistsoffeaturelike;inputtransaction
database,conversionintobelieftransactiondatabase,supportcalculation,beliefmatrix,andconfidence
calculationandbeliefassociationrulediscovery.Itperformedbetterthantheothertechniquesdueto
thefusionofGaussian,BinaryassociationruleandFuzzyassociationrule,wheretheGaussianand
Binaryassociationrulescaneasilysegregatetrueorfalsevalueswhilethefuzzyassociationrulecan
handleuncertaintyduetovagueness,andambiguity.Thisalgorithmiscapabletopredictdifferent
expertsystemsasanomalousdatacanberemovedmoreefficientlybytheabove-mentionedrules.

Aclinicaldecisionsupportsystemforpregnancycarewasproposedby(Moreiraetal.,2018).
Here a particle swarm optimization (PSO) method was applied for reducing the computational
costoftheANN-basedmethodreferredtoasthemultilayerperceptron(MLP),withoutreducing
itsprecisionrate.ThePSOalgorithmimprovescomputationalmodelperformance,showinglower
validationerrorratesthantheconventionalapproaches.Itselectsthebestparametersandprovidesan
efficientsolutionfortrainingtheMLPalgorithm.Thistechniquealsohelpsinhandlinguncertainty
inthedecision-makingprocessrelatedtohigh-riskpregnancy.Thisapproachworksinabetterway
intermsofprecisionandintermsofthetruepositiveratio(TPR),andshowedareductioninthe
falsepositiveratio(FPR).ThePSOalgorithmhelpsinoptimizationofANNarchitecturestoendow
withalowcomputationalcostandexcellentprecision,butitincreasesthecomplexityinthesystem.

AMultikernelbaseddynamicfractionallionoptimizationalgorithmwasproposedby(Chander
etal.,2017)fordataclustering.Itwasinspiredbythelionpridebehavior,wherethefemalelionwas
updatedtodeterminetheoptimalvaluebasedondynamicdirectiveoperativesearchingstrategy.Inits
firststage,ithasusedfourkernelfunctionssuchasGaussiankernel,Tangential,RationalQuadratic
andInversemultiquadratickernelfunctiontocalculateafitnessfunction.Then,ithasusedafuzzy
clustering to evaluate the distance measurement based on above kernel function. In the second
phase,adynamicdirectiveoperativesearchingalgorithmwasappliedintotheadaptivefractional
lionalgorithmwhichexploitsthenewfitnessfunctiontoevaluatethevalueforthesearchingagents
andtofindouttheoptimalclustercentroidtoperformthedataclustering.Theproposedalgorithm
achievedhigherclusteringaccuracywhichenhancedtheclusteringperformanceinthesystembut
increasesthecomputationcostduetotheuseoffourkernelfunctions.

ThisstudyconcludesthattheSVMclassifiersputforwardhighclassificationratesincomparison
tootherclassificationmethods.However,theLHoptimizationwasusedforvarioushigh-dimensional
criticalunsolvableproblemstoofferoptimalsolutionsascomparedtorestalgorithms.Henceallthese
factorsmotivateustochooseafusionapproachofbothLHandSVMascoreapproachestoestimate
actualhealth-statusofapatientinanHWBAN.

TECHNIQUES

Support Vector Machine Classifier
SVMisaspecialkindofpopularmachinelearningapproach(Zidietal.,2018)developedforbinary
classifications.ThemajorcharacteristicsofSVMaretheuseofthekernel-inducedfeaturespaces,
theabsenceoflocalminima,andthesparsenessofthesolutionandmakesitselfsuitableforreal-
worldapplicationwithalimitedamountoftrainingdataasitconsidersonlytheclosestdatapointas
itstrainingset.Mostoftheclassifiersseparateclassesusingaconceptofthelinearhyperplane.But
SVM(Dingetal.,2013;)introducedtheconceptofhigh-dimensionhyperplaneseparationtoadata
setthatcannotbeseparatedlinearlybymappingthetraindataontoanew,higherdimensionalspace
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inwhichtheycanbeseparatedlinearly.Basically,findingthebestpositionforthedivisionplaneis
anoptimizationproblemwhichfacilitatesakernelfunctiontocreatelinearboundariesthroughnon-
lineartransformations.Selectionofthisseparationpositionofadecisionboundaryorhyperplaneis
akeyneedofSVMclassifiertoprovidetheoptimumseparationpointofregions.Foranyproblem,
itfirstbreakstheproblemintotwodifferentclassesandforthatitselectsamarginbetweenthetwo
classes,wherethemarginisdefinitetothesummationofthedistancesoftheclosestdatapointsof
thetwoclassestothehyperplaneofSVM.ThecrucialchallengeinSVM(Yuanetal.,2010)isto
findamostfavorablehyperplanewhichhasthepotentialtomaximizethemarginandminimizethe
numberofmisclassificationerrors,whereasthetwoclassesarenotlinearlyseparable.Basically,the
datapointsorsamplesthatlocateatthetwoseparationboundariesarecalledthesupportvectors,
andonlythesetrainingsamplesareusedtomeasurethemargin.

LetT={(x1,y1),(x2,y2),….,(xn,yn)}isthetrainingsethavingnnumberofobservationsor
sample.Letxbeafeaturevectori.e.theinputoftheSVM,xϵRNandNisthedimensionofthe
featurevector.Lettheybetheclassi.e.theoutputoftheSVM,yϵ{+1forpositivesamples,-1for
negativesamples}.ThegoaloftheSVMistoseparatethetrainingsetintotwoseparableclasses,for
thesameitneedstoidentifyanoptimizedseparatinghyperplane,sothatitcansatisfythefollowing
tworequirements;i)maximizationofthemarginbetweenthetwodecisionboundariesandii)correct
classificationsallxi.

TheoptimalhyperplaneofSVMissymbolizedas:

w x b
i

* )φ( )+ ≥ 0 

andtheclassificationdiscriminateisrepresentedbyEquation(1):

y w x b
i i

*φ( )+( )≥ 1  (1)

wherewdenotestheoptimalweight,bdenotestheoptimalbias,andϕisthenonlinearmapping
functionappliedtoinputvectors.

Anoptimalhyperplanecanbeobtainedfromthemaximummargincanbecalculatedfromthe
Equation(2),theoptimumweightvectorwandbiasb:

M minimize
w

=

2

2
 (2)

where||w||isthenormofw.
TheEquation(1)isrepresentingaconvexquadraticprogrammingproblemwithlinearinequality

constraints,whichisveryhardtosolveduetoinequalityconstraintsproblem.So,theconceptof
Lagrangemultipliersisappliedtoreplacetheseinequalityconstraintsandtheequationisrestructured
intothefollowingequation:
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Thisprovidesaquadraticoptimizationproblem.
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It isnotalwaysfeasible that the trainingdatasamplesarenot linearlyseparable inafeature
space,butwithanappropriatetransformationofthesedatasampleintoahigh-dimensionalspace,
anSVMcanclassifythedataintotwoseparableclasses.Thiscanbedonewithatoolknownasthe
Kernelfunction.Withanappropriatechoiceofthekernelfunction,thelinearnon-separabletraining
setcanbetransferredintoonethatislinearlyseparableinthefeatureset.So,theEquation(3)is
transformedtoEquation(4):

maximize L w b y y K x x
i

N

i
i j

N

i j i j i j
: , , ,

,

α α αα( ) = − ( )
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whereα istheLagrangianmultiplier,ConstistheUpperboundconstantandK(xi,xj)istheRBF
kernelfunction.

Assumingthatαiisthesolutionoftheproblem,thentheoptimalsolutionforwandbiscalculated
asfollows:
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TheSVMclassifierishavingthepotentialtoresolvethemulti-classclassifications,withthe
facilityoflinearseparationsbyconsideringitsoptimalhyperplane.Atoolcalledkerneltrickusedby
SVMiscapabletoclassifynon-linearandnon-separablesamplesbytransformingthelinearspace
intohigh-dimensionalspace.

Lion Hunting Optimizer
LionOptimizationalgorithm(Yazdani&Jolai,2016)basicallybasedonsimulationofthesolitary
andcooperativebehaviorsoflionssuchasTerritorialmarking,Roaming,Convergence,Migration,
Fighting,Mating,DefenseandTakeoveretc.Thesecharacteristicsareprojectedtofindandreplace
theworstsolutiontothenewbestsolution.Inadditiontothese,itillustratesauniquebehaviorentitled
lionhuntingwherethehuntersfollowaverydifferentstyleduringencircling,attackingandcapturing
ofprey.Accordingtoexperimentalresults,thelionoptimizationtechniqueprovidesbetterresultsfor
theachievementoffastconvergenceandglobaloptimaforvariouspopularfunctionsascomparedto
othernature-inspiredalgorithmsasitfollowsaspecialkindoflearningmechanismcalledopposition-
basedlearning(OBL)mechanism(Tizhoosh,2005)whichdecreasesthelocalsolutionandhelpsto
findtheglobalsolutionwithinlesstime.
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Lionhuntingoptimizermimicsthecommunalguidanceandhuntingbehavioroflionsinthe
naturalworld.Forhunting, the femalemembersofparticularprideor residentialgroupareonly
takingpartinhuntingandit’stheirresponsibilitytoprovidefoodtothewholegroupmembers.So,
inthefirstphaseofLHoptimizationalgorithm,aselectedamountoflionessesareelectedforthe
hunting.Duringthepracticephaseofhunting,individuallionessesareselectedoneafteranother
randomlyandputintothreedifferentcategories(i.e.,Leftgroup,MiddlegroupandRightgroup).
TheLHalgorithmisencompassedwiththefollowingcontrolparameterssuchasgroups,theposition
ofprey,thepositionofhunterlioness,thedifferencebetweenthepositionofpreyandtheposition
ofthehunter,andthechanceofincrementrate.

Lionhuntingoptimizationalgorithmbasicallyfollowsfollowingstepsforoptimization:

Step 1:IntheInitializationofpopulationphase,thehuntinggroupsizewhichgivestheinformation
aboutanumberofsolutionvectorsinthesearchspaceisselected.Onthebasisofthenumber
ofhuntersandtheirroles,huntersarerandomlyassignedtothreesubgroups:middle-subgroup,
left-subgroup,andright-subgroup.

Step 2:TheinitialpositionofthevictimisestimatedusingEquation(7).Eachselectedhunterattacks
thetargetaccordingtotheirroleandgrouptheybelongto:

V HL N
n

N

n0
1

=










=
∑  (7)

whereV0istheinitialpositionofthevictim,HLnisinitialpositionofthenthhunterlioness,Ndenotes
atotalnumberoflionessparticipatedinhunting.

Step 3: During hunting, the actual position of each hunter lioness is changed according to the
requirement;hencethevictimalsoupdatesitspositionaccordingtothesituations.Ifthecurrent
positionofhunterlionessisbetterthanthepreviousposition,thenthereisachanceofcapturing
thevictim,otherwise,thevictimwillrunawayandthenewpositionofthevictimwillbeobtained
byusingEquation(8):
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whereVk+1denotesthenewpositionofthevictim,Vkisthecurrentpositionofvictim,HLkisthe
currentpositionofhunterlionessatkthiteration,fromithdirectionaslionessattacksfrommultipleor
N-dimensionaldirections(bothfrontandoppositedirections),r(Low,High)isdefinedastherandom
numbergenerationfunctionwhichgeneratesarandomnumberinbetweenlowandhighrange.C
definesthechanceofincrementinthefitnessfunction.

Step 4:Atthetimeofencirclingthevictimbyeachindividualgroup,thepositionofeachlioness
isupdated.Thenewpositionsof lionessbelongto themiddlesub-groupiscalculatedusing
Equation(9):

HL
r HL V if HL V

r V HL if HL Vi
k i

k
i
k

i
k

i
k

i
k

i
k

i
k

i
k

+ =
( ) <

( ) >








1
, ,

, ,
 (9)



International Journal of E-Health and Medical Communications
Volume 11 • Issue 1 • January-March 2020

58

whereVkisthecurrentpositionofthevictim,HLkiscurrentpositionLionessandHLk+1isthenew
positionofLioness.

Step 5:Thenewpositionsoflionesseswhicharebelongsbothleftandrightsub-groupsarecalculated
asfollows:

HL
r V HL V if V HL V
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where2*Vkisthecurrentpositionofthevictimfromoppositedirection,HLkisthecurrentposition
LionessandHLk+1isthenewpositionofLioness.

Step 6:Withtimelionessesarerevisingtheirpositiontogetanotherchancetocatchthevictim.It
meansthechangesinpositionsofallofthehuntersarecontinuinguntiltheobtainedresultof
theobjectivefunctionisnotsatisfiedandtheexitconditionisnotconvinced.

Step 7:Alltheabovestepsarerepeateduntilstoppingcriteriaisachieved.

ThekeybenefitofLHoptimizeristhatitiscapabletofindabetterglobalsolutionwithinless
amountoftime,andthisispossiblebecauseoftheOBLtechniqueusedbyitduringhuntingwhich
providesfastconvergenceandreduceslocaloptimalsolutions.

PROPOSED LH-SVM BASED ALERTING SySTEM

AnHWBANisconsistsofapatientcarryingtinydevicesforcapturingvitalsignsfromthevarious
bodypartsofapatientcalledsensornode.Senseddatafromtheentiresensornodesarecollectedby
theirheadcalledCentralNode(CN).Itperformsallkindsofpre-processingtasksbeforetransmitting
theprocesseddatatowardsthemedicalserver,butthefirstandforemostjobofanHWBANisto
analyzeandnotifytheactualconditionofapatientasearlyaspossible.

Authorsin(Haqueetal.,2015)hadtriedtofulfilltheserequirementsbydesigningaSensor
Anomaly Detection system (called SAD) for a healthcare wireless sensor network. This system
predictstheactualconditionofapatientbyconsideringpastdata.Itbasicallycomparestheactual
sensedvalueagainstthepaststoreddataandidentifiestheerror.Itfurtherusedaconceptofdynamic
thresholdvaluefollowedbyamajorityvotingtosegregatepositivealarmfromthenegativealarmor
toidentifytheinaccuracy.Herethemeasuredvalueofaphysiologicalparameteriscomparedwiththe
predictedvalueforcorrespondingsensornodetoestimatetheerrorandthiserroriscomparedagainst
thedynamicthresholdvaluetosetthestatusof1or0indicatingthattheparameterisanomalousor
normal.Thesestatusvaluesareforwardedforvotingandaccordingtothemajorityofvotingadecision
ismadewhetherthesensorvalueiscorrectornot.Itreducesthefalsealertrateandgeneratestrue
alerts,butitconsumesmoreresourcesandtimewhenfrequentlychangesoccurinthehealthstatus
ofapatient.Itdidnotprovideaclearconceptofhowitestimatesdynamicthresholdfromstandard
deviationandwhichfactorareconsideredforthesame.Theconceptofmajorityvotingincreases
complexityintermsofcomputationandtimewhenthenumberofsensornodesincreasesinthesystem.

Inordertoovercometheabovementionedissues,aDynamicAlertingSystem(DAS)wasproposed
in(Gambhir&Kathuria,2018)fortheHWBAN.Thisprotocolwasdesignedforthedetectionand
notificationoftheemergencysituationasearlyaspossible.Itseminentdetectionmethodologylessens
thefalseratesandhelpsinmakingitveryusefulforearlyidentification.Thiskeepsatallyofreceived
measurement,calculatesthedeviationbetweensensevalueandthepredefinedvitalsignrangeofa
sensornode.Thisdeviationquantifiestheactualconditionofasensornodeandalsohelpstotake
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specificactions.Ratherthanconsideringeachmeasurement,itconsidersagroupofmeasurements
andforthat,itfollowsaconceptofthecounter.Whenitdetectsatruedeviationinthesensedvalueit
setacounteranduntilthiscounterbecome0,itwaitsandmonitorsthatnumberofincomingpackets
andfindtheirdeviationvalues.Thenitusesthesedeviationvaluestoestimatethestatisticalstandard
deviationvalueandcomparedstatisticalstandarddeviationagainstthethresholdvalue(definedbythe
concernedcaregiver)tomakeadecisioni.e.whetherthesensorisinnormalorabnormalcondition.
ItworksbetterthantheSADprotocolandsuccessfullyreducesthefalsealertrate,butneedsfurther
upgradingtogethealthcareapplication-specificQoSrequirements.Theconceptofcounterfurther
addsadelayinthesystem.Whenthenumberofnodesincreasesinthesystemthepacketslossrate
alsogetsincreasedandwiththislossthewaitingtimeofthesystemgetsincreasedasitwaitsfor
furthercalculationofstandarddeviationandwhichwasnotpossibleuntilthecounterbecomes0
andthecounterwillnotcometo0untilthesystemmonitorthatnumberofpackets.Thesekindsof
situationsincreasedelayintheprocessinganddegradesystemperformance.

Anewkindofalertingsystemisdesignedhereforthetimelydiagnosisoftheactualcondition
ofapatient.ContrasttocounterinDAS,itusesatimerconcepttomonitorandmeasuremultiple
packetsfortheestimationoftruealerts.Unlikeothers,itwillnotsendthealertsforeachdeviation
inthesensedvalue.Instead,itwaits,monitorsandanalysesthedeviationinallreceivedpacketsfor
aparticulartimeperiod,calculatestheweightedstandarddeviationandthencomparesthisweighted
standarddeviationwithrespecttothecriticalthresholdvalueforthefinaldecision.Itfurtherhelps
thecaregiver todifferentiatebetweenverycriticaland likely tobecriticalconditions.Todo the
separationbetweentruealertsandfalsealertsitusesahybridtechniquecalledLH-SVM,wherethe
SVMactsastheclassifierwhoclassifiestruealertsandfalsealertsintotwoseparateclassesand
theLHactsastheoptimizerwhichoptimizesthekernelparameterandregularizationparameterto
generateanoptimalhyperplanewithmaximummarginfortheSVM.

TheworkingprincipleoftheLSSVMASisexplainedasfollows.
Acriticalthresholdbasedalertmechanismisprovidedheretomakeitsuitableforfalsealert

detection.Foraccurateconditiondetection,dataofthearrivedpacketsareexaminedusingastatistical
methodcalledWeightedStandardDeviation(WSD),whereweightdefinesthefrequencyofoccurrence.
BoththeWSDandthecriticalthresholdactastwokeyparametersforthesegregationoffalsealerts
fromtruealerts.

Phase 1:Foraparticulartimeintervalananalysisofincomingpacketswasconductedinthefirst
phasewhereitkeepsacountofreceivedpackets,andchecksandestimatestheactualdeviation
(AD)inthemeasurementofthevitalsignal(i.e.calculatedbysubtractingsensedvaluefrom
theactualrangeofavitalsignal).ThisADvalueisfurtherusedtorecognizetherealcriticality
levelofapatient.TheformulaforthecalculationofADisgiveninEquation(11):

AD

Measure Upper if Measure Upper

Lower
value range value range

=
− >,  

rrange value value range

ra

Measure if Measure Lower

if Lower

− <,

,0
nnge value range

Measure Upper≤ ≤










 (11)

whereMeasurevalueistheactualsensedvitalsignalvaluecarriedbythepacket,UpperrangeandLowerrange
indicatetheupperandlowerrangeofaspecificvitalsignal.

Phase 2: Itprovidesanadditionalconceptcalledactivationof thecriticalfield tomakeawarea
caregiveraboutthelow-levelcriticality,notthehigherone.Becauseofthisconcept,theproposed
systemcansuccessfullydetectandreporttheactualsituationinallcircumstances.Thejobof
criticalfieldistoinformthemedicalserveraboutthelikelytobecriticalconditionsothatwhen
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themedicalserverreceivesapacketwithcriticalfieldinactivemode,thenitwillnotsendanalert
messagetothecaregiver,butatthesametime,thisfieldhelpsthemedicalpersontodiagnose
thepre-criticalconditionofapatient.Itrepeatedlymonitorseachincomingpacketandkeepsa
countofthenumberofthereceivedpacketusingavariablenamedCounterunlessuntilthetime
intervalbecomeszero,thenestimatestheADvaluesandstoresADvaluesintoCN’sdatabase.
AccordingtothecalculatedvalueoftheAD,itactivatesthecriticalfieldofthereceivedpacket
byfollowingtheEquation(12):

Critical field
if AD

otherwise
_

, !

,
=

=






1 0

0
 (12)

whereADistheactualdeviationfoundinthepacket.

Phase 3:Whenthetimeintervalexpired,itreadsallADsfromCN’sdatabaseandarrangesthemin
anascendingorder.Afterthat,itfindstheWSDvalueusingtheconceptofastatisticalmedian
calculusasgiveninEquation(13):
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whereWSDdenotestheweightedstandarddeviation,frdenotesthefrequencyornumberofrepetitions
oftheAD,vdenotesthedifferenceintheADandthemedianvalue,andCounterdenotesthenumber
ofreceivedpacketsatthattimeinterval.

Phase 4:AnadditionalfieldnamedAlertfieldofapacketplaysaveryimportantroletoassiststhe
medicalservertotakethecorrectdecisioninregardtotrueandfalsealerts.

HeretheSVMclassifiercomesintothescenario.Thetaskofthisclassifiertoseparatetruealerts
fromfalsealerti.e.amodel(x;y),wherex=[WSD,Critical_Threshold,Counter,Timer]asinput
trainingsetsandy=[Alert_field=1,Alert_field=0]astrueandfalsealert.Therearevariouskinds
ofkernelfunctionarepresentforSVM,buthereaRadialBiasFunction(RBF)isconsideredasthe
kernelfunctionasgiveninEquation(14)forthetransformationthenon-separabledatatoahigher
dimensionalspace,essentiallyyieldinghigh-levelflexibilityinthedecisionboundary,resultingin
substantialperformanceenhancement:

K x x exp
x x

i j

i j,( ) = −
−













2

22
 (14)

NowtheLHoptimizationalgorithm isapplied tooptimize thekernelparametersaswellas
regularizationparametersothatanoptimalhyperplanewithamaximummargincanbedecidedfor
theSVMclassifier.

Aftertheselectionofoptimalhyperplane,theSVMclassifierextractsalltheusefuldatasamples
calledsupportvectorsfromthetrainingsetswhocantakepartinthetestingsetsandthesesupport
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vectorshelptoidentifywhethertheAlert_fieldwillfeedwith‘1’or‘0’values.TheparametersWSD
andCritical_Thresholdactasthebaseforthisclassification.TheformulaisgiveninEquation(15)
helpsinidentifyingaccuratedecisionbytheclassifier:

Alert field
ifWSD Critical Threshold

otherwise
_

, _

,
=

>






1

0
 (15)

whereWSDdenotes theweightedstandarddeviationandCritical_Thresholddenotes thecritical
thresholdvalue.

NowtheCNcheckstheAlert_field,ifitsvalueis1,thenitassignsahighestprioritytoitand
servesitonprioritybasisearlierthanotherpackets.Finally,itupdatesitsdatabase.

Phase 5:Whenthemedicalserverreceivedapacketwithanalertfieldinactivemode,itimmediately
issuesanalertmessageandsendsittotheconcernedcaregiver,sothathe/shecantakefurther
usefuldecisions.

The workflow diagram for whole LH-SVM based alerting system is explained in Figure 1.
Algorithm1presentsthepseudo-codefortheproposedalertingsystem.

Figure 1. The workflow diagram whole LH-SVM based alerting system
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Algorithm1.Pseudo-codeforLH-SVMbasedalertingsystem

PROCEDURE: Abnormality detection and notification
Input: Packet
Output: True alerts/False alerts
1.  Initialize Time interval (tk

), received counter i.e. Counter=0
2.  Repeat
3.    Received a packet 
4.    Set Counter++ 
5.    Monitor sensed value 
6.    Find actual deviation(AD) 
7.    Store value of AD in CN’s database 
8.    If AD!=0 Then
9.      Activate the critical_field this packet of t i.e. critical_field=1 
10.   Else
11.     Do not activate the critical_field this packet of t i.e. critical_field=1 
12. Until timer expired
13. Read all AD values from the database 
14. Sort them into ascending order 
15. Estimate the weighted standard deviation (WSD) using Equation (13) 
16. Read the Critical_Threshold value 
17. Alert_field= CALL SVM_classifier(WSD, Critical_Threshold, Counter, t

k
)

18. If Alert_field!=0 Then
19.     Notification of false alert 
20. Else
21.     Notification of true alert 
22.     Assigns highest priority to the current received packet 
23.     Send this packet prior to other packet towards medical server 
24. Update CN’s database 

PROCEDURE: SVM_classifier (WSD, Critical_Threshold, Counter, t
k
)

Input: Training data
Output: Activate/ Deactivate Alert_field
1.  For time interval t

k

2.  hyperplane=CALL LH_optimizer (range of RBF kernel parameters, 
    range of regularization parameter) 
3.  Choose the relevant training set 
4.  Run the RBF kernel function on these training set using the optimal hyperplane 
5.  Set the current packet’s Alert_field i.e.{1,0} 
6.  Return the value of Alert_field 

PROCEDURE: LH_optimizer (range of RBF kernel parameters, range of 
regularization parameter) 
Input: Range of RBF kernel parameters, range of regularization parameter
Output: Optimal hyperplane
1.  For time interval t

k

2.  Randomly generate a population of hunter lioness 
3.  According to their hunting ability segregate these lions into  
    three sub-groups i.e. middle, left and right 
4.  Estimate the initial position of the victim or the prey using Equation (7) 
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5.  Repeat
6.    Estimate the position of the hunters according to the  
      position of victim using Equation (9)-(10) 
7.    If current position of hunters are better than their 
      previous position Then
8.      They may capture the victim 
9.    Else
10.     The victim may escaped and obtained a new potion 
11.     Estimate the new position of the victim using Equation (8) 
12.     Update the position of the hunters according to the  
        position of victim using Equation (9)-(10) 
13. Until the termination criteria reach.

TheproposedLHSVMASapproachtriesitsbesttooptimizetheSVMclassifieraccuracyby
estimatingthebestvaluesoftheregularizationandRBFkernelparameters.Inordertoachievethe
same,thisapproachisappliedwiththeLHoptimizer.TheuseofLHmaximizesthemargin(i.e.,
separationwidth)whichfurtherhelpsinreducingthenumberofweightsthatarenonzero.Thisalso
actsasanimportantfactorduringthedecision-makingoftheseparatingline(hyperplane)asthese
nonzeroweightsdirectly corresponds to the supportvectors,because they straightly support the
separatinghyperplane.TheLHmethodobtainedtheoptimalmarginveryquicklyonlybecauseofits
featuresi.e.fastandrapidconvergencetowardsglobalsolutions.TheuseofSVMwithRBFkernel
reducesthemisclassificationrateandclassificationtimecomplexity.TheapplicationofbothLH
andSVMtechniquesinLHSVMASmakeitaverypowerfultoolforclassificationoftrueandfalse
alertsandenhancethequalityofabnormalitydetectionandearlynotification.

PERFORMANCE EVALUATION

Theproposedmodel is evaluatedbymeansof above study todifferentiate theperformancegap
betweenSAD,DASanditself.TheeffectivenessoftheproposedLHSVMASisactuallyimproved
becauseofcombinedapplicationofbothLHoptimizationandSVMclassification.Hereinorderto
judgetheperformancecapabilityofeachonevariousQoSmetricsi.e.loss,delay,andthroughput
arecomparedandevaluated.ThegeneratedresultsshowtheefficiencyofbothLHandSVMinthis
regards.Theimplementationofallthesethreealertingsystemsareconductedinthens-2.35network
simulatorwhichevaluatestheirpotentialwithrespecttovariousQoSmetricsandaMATLABtool
isused togenerate theperformanceevaluationsgraphs for eachQoSmetrics.The simulation is
carriedoutforanincreaseinthenumberofsensornodesothattheefficiencyofeachsystemcanbe
measuredinhighaswellaslowload.

Packet Loss Ratio
ThePacketLossRatio(PLR)iscalculatedastheratioofatotalnumberofpacketlosseswithrespects
toatotalnumberofpacketsgeneratedfromvarioussources.ThePLRiscalculatedatthecentralnode
usingEquation(16).TheperformanceevaluationofPLRmetricisoutlinedinFigure2:

PLR
Total number of packets lost

Total number of packets sent
= ∗100  (16)

Figure2illustratesthatLHSVMASoutperformsbothSADandDASforanincreaseinload;
howeverDASalsoperformsinamoreproficientwayascomparedtoSADandhasa36%reduction
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inthelosswithrespecttoSAD.AssaidearlierLHSVMASisusedtominimizethelossrateandto
improvethroughput,ithasanearly51%reductioninlossincontrasttoDAS.

Transmission Delay
Thetransmissiondelayisdefinedasthetotaltimetakenbythepackettotravelfromasendersensor
nodetothereceiverorCN.Thatmeansthetotalamountoftimeconsumedforsuccessfuldeliveryof
apacketattheCN.TheformulaforthecalculationoftransmissiondelayisgiveninEquation(17).
Figure3presentstheperformanceevaluationgraphforthetransmissiondelaymetric:

Transmission Delay
Total elapsed timeduring packet transmission

=
TTotal number of packets sent Total number of packets lost−

∗100  (17)

FromFigure3itisclearthatLHSVMASprovidesbetterresultsintermsoftransmissiondelay
thanothertwo.ThedelayforLHSVMASgoesdownasthenumberofnodesincrease.DASacquires
lessdelayi.e.apercentageof14%lessthantheSAD,whiletheLHSVMASprovidesdelaywitha
reductionrateof31%againstDAS.

Throughput
ThroughputdefinesthetotalnumberofpacketsdeliveredsuccessfullyattheCNduringthewhole
simulation.TheformulaforthroughputcalculationisgiveninEquation(18).Figure4showsthe
Performanceevaluationgraphforthethroughput:

Throughput
Total number of packets delivered packet size

T
=
( )∗ ( )∗ 8

ootal SimulationTime
 (18)

Figure 2. Performance evaluation graph for packet loss ratio
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Figure4providesthetotalthroughputresults.Theperformanceofthroughputdegradeswhenloss
anddelayrateincreases.LHSVMASscoredhigherthroughputagainstDASandSADasitreduces
lossanddelayrate.TheLHSVMAShasnearly40%amplificationinthroughputascomparedtoDSA
andtheDAShas25%improvementinthroughputascomparedtotheSAD.

Figure 3. Performance evaluation graph for transmission delay

Figure 4. Performance evaluation from network Throughput
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CONCLUSION

Inthispaper,ahybridtechniqueforcriticalconditionclassificationanddetectionispresentedand
compared.Thepillarofthistechniquetotallydependsonanature-inspiredandmachinelearning
mechanism.Initsfirststage,itusesalionhuntingtechniqueforoptimizationofhyperplaneforSVM.
Initsnextstage,itusestheSVMclassifiertoidentifytruealerts.ItisfoundthatLHoptimizationworks
veryeffectivelyforfindingtheoptimalmarginduetoitspromptconvergencetowardsglobalsolutions.
Putonestepahead,theSVMputitseffortsforsuccessfulclassificationoftruealertandfalsealerts
whichfurtherhelpsinremovingthefalsealerttransmissionfromthesystem.Theproposedalerting
systemisevaluatedandcomparedagainstbothDASandSAD.Allthesethreeapproaches(i.e.,SAD,
DAS,andLHSVMAS)wereexperimentallyevaluatedbyverywell-knownQoSperformancemetrics
i.e.,Loss,Delay,andThroughput.ResultsfromthesimulationshowtheefficiencyofLHSVMAS,
asitoutperformsothersduetoitshybridoptimizationandclassificationmechanisms.
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