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ABSTRACT

Pastnaturalhazardshaveproducednumerousbiologicalandphysicalindicatorsthatcanbeused
topredictsimilarinstancesinthefuture.Theseindicatorscanbesenseddynamicallyunderwater
oronlandtogeneraterealtimealerts.Thisarticleproposesthefirstvalidatedfuzzifiedsystemto
predicttsunamis(FABETP)usinganoverlap-basedalgorithm.Thisproposedalgorithmcanpredict
seismicitybasedonunderwatermarineanimal’sanomalousbehavior,characterizedandimplemented
asbiologicalindicators(i.e.,aquaticanimalbehavioralattributes).Relevantinformationisextracted
fromtheseattributesandusedtodesignfuzzyrulesthatgenerateopinion-basedalerts.Moreprecisely,
theproposedalgorithm,Overlap-basedFuzzifiedratedMarineBehavior,(OBF_MB),derivesalert
ruleswhenexecutedonaseaturtlebehaviordatasetobtainedfromanonlinerepository.Thedeployed
underwatersensor-collecteddatasetincludesthefollowingmeasurements:inducedelectromagnetic
field, undersea turtle count, and angleof deviation (in termsof the turtles’ navigationdirection
formulatedpermonthandperday).Thesevaluesareusedas the inputs to theproposedsystem.
Togenerateanopinion,aninformationgain-basedopinionscoreisusedtocalculatetheopinion
deviationsfromthegeneratedopinionsofthedefaultrule.Forfuturedatavalues,2004isusedhere
asthedefaultopinionyearandthescenariosisthedefaultrule.Thispaperformulatesthreeclasses
ofopinionsusingtheproposedalgorithm:Alert,Pre-AlertandNo-Alert.Theseopinionscanbeused
inthefuturetogeneratereal-timealertsbasedonaquaticanimalbehavior.

KEywORDS
Information Gain, Marine Behavior, Opinion, Rules, Sea Turtle Fuzzification, Tsunami Alert

INTRODUCTION

TheSouthAsianTsunami is thecommonnamegivenby thescientificcommunity toamassive
underwaterearthquakethatoccurredin2004alongthewesterncoastsofSumatraandIndonesia
(MunichRE,2013),andwasoneofthedeadliesteventsinhistory.Severalcountries:Indonesia,
Srilanka,IndiaandThailandwerevictimizedbythisterribleevent(Layetal.,2005;Lovholtetal.,
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2006).ThistsunamileadtothedeploymentoftheIndianOceanTsunamiWarningSystem(TWS)
(Joseph,2011)whichwasdesignedtopredicttsunamisinrealtimeandwellinadvanceandgenerate
warningmessagesforalertsorformandatoryevacuations.Despitetheexistenceofthisdevelopedand
operationaltsunamiwarningsystem,therehavebeenpastinstanceswhentheexpectedalertwarning
messageswerenotgenerated(Lovholtetal.,2014).Onesuchexamplestemsfromarecentreportby
theBBC,wherethewell-establishedTsunamiEarlyWarningSystem(TEWS)failedtogenerateany
warninginresponsetoa7.8-scaleearthquakethatstruckoffthecoastofWestSumatraonMarch2,
2016(BBCNews,2016).Whilemanyrationales(NewsNow,2016)werecitedforthiscatastrophic
failure,distinctivegapsbasedonon-siteexperienceswereaddressedinarecentreport(Lassa,2016)
byaresearchactivistthataddressedthefollowingtopics:

1. Failureoftsunamisirensinremoteareas;
2. Forcing local authorities to revisit the monitoring of sea coasts and the effectiveness and

authenticityofthegeneratedwarningmessages;
3. Thedependencyoflocalcommunitiesonbuoysthatanalyzeoceanwavebehaviorasthecritical

andsoleindicatorsoftsunamis.

Similarly (asmentionedabove) inspectionshavealsobeencitedasculprits invariousother
scenarios (VoaNews,2011)where expertshavehighlighted the inefficacyofprevailingwarning
systems.Itisimportanttonotethatthesewarningsystemsweredevelopedonlyafterdevastating
eventsthathadoccurredyearsbefore(Layetal.,2005;Lovholt,2006)Figure1a(TsunamiBulletin,
2010)showsastillimagetakenafterthefataltsunamithathitJapanin2011.

Figure 1. (a) A still image from the 2011 tsunami in Japan; (b) Whale beaching in New Zealand before the 2011 tsunami
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Clearly,suchrecentphenomena,whichcausedworldwidesurpriseandfear,highlightthedireneed
forefficient,alternativeandcomplementarywarningsystemsthatwouldbeeffectiveinpreparingfor
similarfuturetsunamievents(UNISDR2005).Itisinterestingtonotethatpost-occurrenceanalysis
ofvarioushistorictsunamieventsfromvariouspartsofworldreportonsignsandsignalsproduced
bynaturepriortosuchevents.Anomalousandambiguousbehavioralresponsestowardsseismicity
havebeencitedinbothanimalsandplants.Thesereportshavebeensurveyedanddebatedbyvarious
researchers,scientistsandriskreductionorganizations(Waltham,2005;Mott,2005;Corea,2008;
Yamauchietal.,2011).

However,theexistingtsunamiwarningpredictionsystemsfocussolelyongeophysicalindicators
suchasunderwaterearthquakemagnitudesensors,bottompressurerecorders,tidegaugeanalysis,
andwaveform inspection (Grassoet al.,2011;Beltrami,2008). In these systems, thementioned
parametersaresensedusingwirelesssensornodesplacedunderwater,andthesesensedvaluesare
thenusedforrealtimeprediction.AsignificantimprovementinTsunamipredictionmodelingis
required.Thisarticleproposesandvalidatestheneedforemployinganewdimension(i.e.,animal
behavioralresponses)toimprovethemodeloftsunamiprediction.Initiativeshavebeenlaunched
byvariousdisastermanagementandriskreduction-basedorganizationstoencourageandeducate
populationstoperceiveandreportonthechangesinanimalbehaviorthatoccurbeforeahazardous
crisis,whichcanhelpincreatingglobalalerts(RedCross2015;RedCross2015).

Marinelife,whichcomprisestheaquaticanimalsandmicro-organismspresentunderwater,forms
asignificantpartofnature.Theresponsesofmarinelife,ifstudiedandanalyzed,canimprovethe
chancesofpredictingtsunamiswithgreateraccuracy.Scientistsandresearchersbelievethatnature
doesproducemessengers:animalsandplantswhosebehaviorcanbeusedtopropagatealarmsignals
tomankind.Amongthese,animalsprovidevisiblesignalsthroughtheirabnormalbehavioralresponses
(Mott,2005).Apartfromsimplyraisingawareness,thesesignalsshouldbeintegratedandbecome
partofthedesignandimplementationofautomatedanddiversewarningsystems.

Nocurrentglobalwarningsystemmonitorsandanalyzesanomalousanimalbehaviorworldwide
togeneratetsunamialertsandwarnings.Therefore,thefocusofthispaperistoredefineandvalidate
existing tsunami warning systems by adding a concomitant aquatic animal behavioral sensor
componentusinganopinion-basedfuzzifiedapproach.Thisnewlyaddedsystem(onitsown)will
analyzeandcreatealertsbasedonanomalousanimalbehavioralresponsestochangingenvironmental
conditionsthatoccurbeforeacriticalevent.

Thenovelhighlightsofthispaperareasfollows:

• Wepresentacomprehensivesurveyofthetsunamiwarningalgorithmsandsystemsproposed
thus far to highlight the lack of global tsunami behavior predicated on irregular aquatic
physiologicalpractices;

• We identify and quantify aquatic anomalous behavioral attributes for pre-seismic
activitydetection;

• Wehaveused thequantifiedattributes in response to changingenvironmental conditions to
formulateconjunction-baseddecisionrules.Thesefuzzyif-thenconstraintsarederivedfroma
proposedoverlap-basedfuzzificationratingofmarinebehavioralgorithmusingaretrievedsea
turtleactivitydatasetpreparedforseismicprediction;

• Weperformcase-by-caserulevalidationbyopinionminingandgained-informationextractionto
identifytsunami-alertandtsunami-no-alertyears.Theproposedsystem’sidentificationscoincide
withthehistoricaldata;thus,theyflagtheIndianOceantsunamiof2004asanalertyear.

In this paper, we propose and implement an overlap-based fuzzification algorithm to infer
predictionrulesfortsunamisratedonmarineanimalbehavior.Usingtheserules,minedopinions
arecharacterizedasNoAlertorAlertopinionsbasedontheinformationgain(ΔIfGain)obtainedin
comparisontoadefaultrule.Thedefaultruleisformulatedandcomesoutbeforthescenarioofyear
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2004datavalues.Historically2004wasatsunamiyear,hencewemarktherulespertainingtoitasa
defaultrule.Informationgain(ΔIfGain)producesbinarypolaritiesaspositiveandnegativevaluesto
identify(ornotidentify)2004asanalertyear.Toevaluatetheserulesandobtainthedatapolarities,
adatasetthatcollectedthebehaviorpatternsofseaturtlesnearReunionIslandfrom2004–2012was
obtainedfromafreepublicsourceandprepared.Thesebehaviorallyattributedparametershavebeen
tappedforseaturtlesinresponsetochanginggeophysicalconditions(here,inducedelectromagnetic
fields: EMF of ocean flows) Evidence and tagging of the behavioral parameters with regard to
changingEMFvaluesalongwiththereasonswhyseaturtleswerechosenasaspecificcasearecited
infurthersections.

PREMISES AND TyPES OF TSUNAMI wARNING SySTEMS

Atsunami,asahazard,isdefinedintermsofawavesystemgeneratedfromshortdurationunderwater
disturbances(Monserratetal.,2006).Tsunamiscanbecausedbyearthquakes,volcaniceruptionsor
landslides(Grillietal.,2002).Environmentalhazardsarecategorizedas“Ongoing”and“Creeping
(Slow-Onset).”Tsunamisisclassifiedas“ongoing”hydro-meteorologicalhazardsthatrequirehours
ofgenerationtime(greaterthananearthquakeitself).Table1showsacategorizationofhazardsin
termsoftheirgenerationtime(UNEPGlobalEnvironmentalAlertService(GEAS)2012).Itcanbe
easilyinferredthatpre-tsunamiactivities,ifmonitoredeffectively,canaidinconstructingawarning
system(UNISDR-UN2006).Inthesubsequentsections,usinghighlightsofavarietyofsurveyed
tsunamiwarningproductsandbasealgorithms,wehavecategorizedtheexistingsystemsintothree
broadcategories.

Geophysical warning Systems
Useofunderwaterandin-environmentchangingconditions(i.e.,bottompressure,tidegaugerecorded
changes,bathymetry, sea-levelmeasurementsorwaveformheightand runup records) topredict
tsunamishasalwaysbeenahighlyresearchedarea(Titovetal.,2005;Wei,2003;Beltrami.2008;
Grassoetal.,2011;Beltrami,2011;Cecioni,2014;Mulia,2016;Inazu,2014;Horspool,2014).

A tsunami has been characterized as a tidal wave produced from the displacement of large
volumesofwater.Tsunamiscanbegeneratedfromearthquakes,landslides,volcaniceruptions,and
soon.Thesubsequentsectionexploresandpresentsthehighlightsofproposedandexistingwarning
productsandalgorithms.

Society
Findingwaystoidentifyandexemplifyalertconditionsorsituationstocommunitiesandindividuals
basedonobservationsorotherknowledgehasbeenthegoalofavarietyofpeople-orientedwarning
systems(UNISDR2006).Societyitselfhasreportedvariousdistinguishingpre-alertobservations
thattypicallyheraldthearrivaloftsunamisuchasanomalousaquaticorterrestrialanimalbehavior
andchangesincoastlinewaterconditions(ArceRicardoSanCarlosetal.,2017).Thesereportshave

Table 1. Sample table

Name of Hazard Type Warning Time

Earthquake QuickestOnsetthreat Seconds

VolcanicEruptions Mediumsudden DaystoHours

Tsunami Quicktomediumonsetthreat Hours

Drought Slowestongoingthreat Months
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ledtovariousmethodsandsystemsthatrelyoncommunityawarenessorrespondtothesereported
conditionstoidentifymajoralertsituations.

Nature
Naturecompriseslivingandnon-livingelements,bothofwhichhaverespondedtoabruptchanges
inphysicalstateofenvironment.Non-livingelementfeedbackwasdiscussedinthefirstcategory
ofwarningsystems.Livingorganismssuchas fishesandwhaleshavebeen identifiedasnatural
messengerswhosendvisiblesignalsthroughabruptbehavioralresponses(Tiwarietal.,2011;Haryo
etal.,2005).Casestudieshavebeenpresented,andnaturalsignal-basedsystemshavebeendiscussed
aslistedinTable2.

Geo-Physiological Hybrid Systems
ThispaperproposesaddinganewwarningsystemtermedFABETPtothelistofexistingsystems.The
proposedsystemisahybridofboththenaturalandgeophysicalparametersidentifiedindividuallyin
theprevioussections.Figure3providesatemplatepictorialrepresentationfortheproposedmultiple
anddiverseparameter-basedsystem.Notethatanewglobalsystembasedonaconjunctionofthe
givenclassesdoesnotyetexist.Conjunction-basedassociationsbetweenaquaticspeciesbehaviorand
changesinearth’sgeophysicalconditionssuchaselectricandmagneticfieldsdatebacktoobservations
presentedbyIndianprofessorDrArunachalamKumar,whoreportedwhalebeachingalongtheNew
ZealandandAustraliancoastlinesin2004beforetheIndianOceantsunami(Stephen2011)Similarly,
50melon-headedwhalesbeachedthemselves6daysbeforethe2011tsunamiinJapan,Figure1b
(Seaburn,2015)depictstheNewZealandwhalebeaching.Researchersreportedthatthesewhales
hadnosignsofdiseaseandspeculatedthatonereasonforthe“masssuicide”ofwhalesallacrossthe
worldwasduetodisturbancesintheelectromagneticfieldco-ordinatesandtopossiblerealignments
ofthegeotectonicplates(RediffNews,2016).Theoverallstructureoftheexistingsystemsisshown
inFigure2,andtheformulasandparameterofFABETPareexplainedinthenextsections.

Figure2capturestheessentialthreedimensionsoftheexistingwarningsystems.Concatenating
themsynchronously,whereonechangecausesreactionsintheotherdimensionscanformthebasis
ofanewsystem.AOD=Angleofdeviation;EMF=ElectromagneticField;Count=Marineanimal
populationcount;Awareness=creatingawarenessamongsociety.

Asarguedbyvarious researchersandcitedabove, tsunamisarean“ongoing” typeofcrisis
eventwhosegenerationtimeiscountedinhours.Thus,itaffectstheanimalcommunitywellbefore
itsphysicalgeneration.Thiscommunityiscomposedofbothaquaticandterrestrialspecies.The
behavioraleffectsshownbysuchspeciescanoccurdaysorevenmonthsbeforethecreationofany
hazardouswaves.Inthispaper,weexplore,propose,andvalidatethesystemcalledFABETP,which,
ifitwerepresentlytrackingthegeophysicalinfluencesofaquaticbehavior,canproduceadvance
warningsoftsunamis.

Figure2highlightstheneedforanewsysteminwhichallthreedimensionsoftheexistingwarning
systemsareassociatedandinteractwitheachothertoproduceanotherdomainofwarningsystem
development.Thefocusofthispaperistopresentanovelfuzzifiedruleextractionalgorithmtoinfer
predictionrulesfortsunamisbasedonmarineanimalbehavior.Anopinionscoreisformulatedfrom
theextractedrulesandthenclassifiedintoaNoAlertorAlertdecisionbasedontheinformationgain
(opinionscore)obtainedinreferencetothedefaultrule.

Synchronizingtheexistingfacetsofprevailingwarningsystemscancreatefurtherinsightsto
predicttsunamiswellbeforetheirarrival.Thecurrentstateofthearthighlightsthedependenceof
coastlineinhabitantssuchasfisherman(thesocietyitself)ontheabilityoftheexistingprecursors
to predict or identify threats from underwater disturbances. An automated system that extracts
time-synchronizedinformationfromallthreefacets(society,natureandgeophysicalaspectsofthe
environment)canproducewarningsatahighertrustlevel.Pastanalysis(Rikitake,1978)showsthat
moderatelyshort-rangeprecursorsbasedonobservationsofafewgeophysicalfeatures(i.e.,waves,
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continued on following page

Table 2. Existing and proposed tsunami warning techniques

Authors Title Publisher Year 
Published Considered Parameters Type

Titovetal.
RealtimeTsunami
forecasting:Challenges
andSolutions

Naturalhazards
andEarth
systems

2003 Waterleveldatawithadatabaseofpre-
computedscenarios Geophysical

Weietal. InverseAlgorithmfor
TsunamiForecasts

Journalof
waterway,Port,
Coastandocean
Engineering

2005 Useofinversionalgorithmtechniquebasedon
theGreenfunction Geophysical

Beltrami,

AnANNalgorithmfor
automatic,real-time
tsunamidetection
indeep-sealevel
measurements

Ocean
Engineering 2008

Anartificialneuralnetwork(ANN)
implementedonBottomPressureRecorders
(BPRs)andcomparedtotheonedeveloped
undertheDeep-oceanAssessmentand
ReportingofTsunamis(DART)program

Geophysical

Grassoetal. EarlyWarningSystems:
AstateofArt

Areportby
UNEPand
GEAS

2011
Warningsystemdevelopedonfactorslike
seafloorbathymetry,topography,sealeveldata
andtidegaugepatterns

Geophysical

Beltrami,

Algorithmforautomatic
Real-timeTsunami
detectioninWind-wave
Measurements:Using
StrategiesandPractical
Aspects

Coastal
Engineering 2011

Useofanamplitude-discriminatingalgorithm
basedonaninfiniteimpulseresponse-time
domainfilterthatcharacterizestheactual
tsunamiwaveformin‘quasi-real-time’

Geophysical

Cecioni,
etal

TsunamiEarlyWarning
SystembasedonReal-
timeMeasurementsof
Hydro-acousticWaves

Proceedia
Engineering 2014

Anumericalmodeltoreproducetsunami
generationandpropagationbasedonsurface
elevationmeasurementsusingtheinversion
technique

Geophysical

Muliaetal

Real-timeforecasting
ofnear-fieldtsunami
wave-formsatcoastal
areasusingaregularized
extremelearningmachine

Coastal
Engineering 2015

Applicationofextremelearningmachineasa
universalfunctionapproximator,thusimproving
thestandardinversionalgorithmtocapturenon-
linearitiesexhibitedbythetsunami

Geophysical

Inazu,etal

Near-fieldtsunami
forecastsystembased
onnearreal-time
seismicmomenttensor
estimationintheregions
ofIndonesia,the
Philippines,andChile

Earth,Planets
andSpace:
SpringerOpen

2016

Aforecastsystembasedonanautomatic
centroidmomenttensorestimationusing
regionalbroadbandseismicobservation
networks

Geophysical

Horspool,
etal

Aprobabilistictsunami
hazardassessmentfor
Indonesia

NaturalHazards
andEarth
SystemSciences

2014

Forecastsoftsunamihazardssourcingfor
epistemicandaleatoryuncertaintyinthe
analysisthroughtheuseoflogictreesand
samplingprobabilitydensityfunctions.

Geophysical

Chatfield
etal

TwitterEarlyTsunami
WarningSystem:ACase
StudyinIndonesia’s
NaturalDisaster
Management

46thHawaii
International
Conferenceon
SystemSciences

2013

ATwitter-contentanalysis-basedwarning
systembasedondatacollectedfrom
e-governmentwebsitesofagenciesinvolvedin
disasterpreparedness

Society

Ulutasetal

Web-basedTsunami
EarlyWarningSystem:
acasestudyofthe2010
KepulaunanMentawai
EarthquakeandTsunami

NaturalHazards
andEarth
SystemSciences

2012

Responseanalysisoftheinformationreceived
fromGlobalDisastersAlertsandCoordination
System(GDACS)usingmodelsbasedon
thelongwavetheorywithapre-calculated
simulationfortsunamiscenariodatabasefor
thatregion

Geophysical

DomineyD
etal

LettertotheEditor:
TheAustralianTsunami
WarningSystemand
lessonsfromthe2April
2007SolomonIslands
tsunamialertinAustralia

NaturalHazards
andEarth
SystemSciences

2007

AproposedsystemcalledGeo-scienceAustralia
(GA)whichmustdetect,locateandevaluate
potentialtsunamisbasedonprobablewave
heightalongAustralia’scoasts,deepwater
tsunamidetectionbuoys,andtidegaugesat
variouspointsintheSWPacificandIndian
Oceans

Geophysical
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electricfields,magneticfields,watercurrents,etc.)canbemoreeffectivelyusedifsupportedby
bio-systemparametersinanintegratedapproachtopredictingabnormalseismicdisturbances[here
Tsunami]. Here, the bio-system parameters include behavioral changes, breeding activities, and
migrationpatternsofaquaticanimals,allofwhicharemajorlyaffectedbyimpendingtsunamis.

EXISTING wARNING SySTEMS AND TECHNIQUES: THE STATE OF THE ART

Tsunamipredictionhasbeenalong-standingchallengetotheresearchandscientificcommunity;
however,tsunamisareunpredictableevents,andevenefficientandprecisetechniquesandsystems
havefailedtoprovidepredictionsintime.Thegoalofthispaperistosupplementtheexistingfeatures
ofcurrentTsunamiwarningsystems(TWS)becausetheremoredimensionsmustbeaddedtoimprove
theirperformance.Table2presentsacomprehensivesurveyofboththecurrentandpastwarning

Authors Title Publisher Year 
Published Considered Parameters Type

Allenetal
Model-basedtsunami
warningsderivedfrom
observedimpacts

NaturalHazards
andEarth
SystemSciences

2010

Considerationofobservedcoastalimpacts
forninepasteventsleadingtoretrospective
or“ideal”warningschemesinwhichthe95th
percentilevaluesofmaximumamplitudewithin
designatedcoastalzonesareexaminedand
thresholdsthatproducethebestmatchforthe
idealschemesareselected.

Geophysical

Salamon,A.

Potentialtsunamigenic
sourcesintheeastern
Mediterraneananda
decisionmatrixfora
tsunamiearlywarning
systeminIsrael

Ministry
ofnational
infrastructures,
geological
surveyofIsrael

2010

Proposedadecisionmatrixsubjecttolandslide
distancewiththemagnitudeoftheassumed
epicenterandthemagnitudeofhistoricalsea
wavescomingfromseismogenicslumps.

Geophysical

Kamogawa,
etal

Apossiblespace-
basedtsunamiearly
warningsystemusing
observationsofthe
tsunamiionospherichole

Scientific
Reports 2016

Aquantitativerelationshipbetweeninitial
tsunamiheightandtheTotalelectron
contentdepressionratecausedbyaTsunami
ionosphericholefromseventsunamigenic
earthquakesinJapanandChileusedtodesigna
tsunamiearlywarningsystem.

Geophysical

Chaturvedi
etal,

Abriefreviewon
tsunamiearlywarning
detectionusingthe
BPRapproachandpost
analysisbySARsatellite
dataset

JournalofOcean
Engineeringand
Science

2017

Adecision-basedmatrixhasbeenpreparedto
providetheearlywarningissuesbaseduponthe
bottompressureratemeasurements.Themodel
wasthenfollowedupbytheenhancingSAR
imageprocessingtechniqueswiththeremoval
ofspecklenoiseusingwienerfilters

Geophysical

Suppasri,A.
etal

The2016Fukushima
earthquakeandtsunami:
Localtsunamibehavior
andrecommendations
fortsunamidisasterrisk
reduction

International
Journalof
DisasterRisk
Reduction

2017

Peopleresponsetowardstsunamiwave
heightobservationstobeprioritizedover
faultmechanismsforactualcategorizationof
warnings.Suchprioritizationcanimprovethe
currentwarningsystem

Society

Charnkol,T
etal,

Tsunamievacuation
behavioranalysis:One
stepoftransportation
disasterresponse

IATSSresearch
30.2 2006

Analyzingpeopleresponsetowardstsunami
warningusinglogisticregressionand
identifyingthrustareasofimprovingthe
response-effectivenessofawarningsystem

Society

Haryo
Dwito
Armono
etal

NaturalEarlyWarning
SystemforTsunami

International
SeminarDisaster
EarlyWarning
System

2005

Peopleresponsetowardsanomalousanimal
behaviorcarriesmoreweightageforefficient
warningdistribution.Suchprioritizationcan
improvethecurrentwarningsystem

Nature

Grantetal

Predictingthe
unpredictable;
evidenceofpre-seismic
anticipatorybehaviorin
thecommontoad

Journalof
Zoology 2010

Pre-responseoftoadsinRuffinolaketothe
April6,2009earthquakeinItalywherethey
declinedinnumberconsiderably

Nature

Table 2. Continued
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techniques/methods/systems alongwith their key features andparameters.Every mentioned and
surveyedtechniqueorsystemfromtheprevioussectionhasbeenmappedtothecategoryofwarning
systemtowhichitbelongs.

Toexploretheexistingmethodologiesandsystemsproposedbyvariousactiveresearchers,we
havefolloweda“trueblue”approachthatexemplifiescertainassumption.Thisassumptionisthat

Figure 3. Proposed system for tsunami warnings: FABETP

Figure 2. Current view of existing warning systems
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certainscientificjournalsfromspecificpublishersserveasthe“realMcCoy”ofcomputerscience
scrutinyrelatedtohazardmitigation.Someotherpublicationsarereviewedinthissurvey.However,
asurfeitofpublicationsandarticlesexist in tsunamihazardmitigation; thearticlesselectedand
reviewedforthissurveyconsistofthemosthighlycitedpapersorwerepublishedinthepast5–7
years.Thesepapershighlightthedifferenceintheapproachtosocietalandnaturalwarningsystems
inspecificinagapofmorethan10years.

Itcanbeinferredfromthesurveyedarticlesthatthereisahighbiastowardanalyzinggeophysical
featurestopredicttsunamis.Anotherexampleofanalyzingbathymetrywasreportedby(Chidambaram
etal.,2010).Whileweacknowledgethatatsunamiisahazardresultingfromabnormalchangesin
geologicalandphysicalconditionsofwavesorbathymetry,tsunamisalsoelicit“naturalwarnings”
(Greggetal.,2007).

Consideringthelistedstudies,numerouscasestudiesexistthathavenotedabnormalreactionsin
bothterrestrialandaquaticanimals—beforetheoccurrencesofunderwaterandundergroundseismicity.
Theprevailingcasestudiesfocusprimarilyonanimalresponsestoearthquakes(Chenetal.,2000;
Snarr,2005;Fujimoto,2008;Hanamura,2008);fewarticleshavefocusedonabnormalpre-tsunami
aquaticanimalbehavior.Thisagainreflectsthenecessityforaglobalsystem.Onevalidatedcase
studyby(Grantetal2010)citedinoursurveyreportsamasssuicidebyunderwatertoadspriorto
seismicreactionsalongthecoastlineofItaly(MattWalker2012).

In(Charnkol&Tanaboriboon,2006),(Chatfield&Brajawidagda,2013)and(Suppasrietal.,
2017)thecommunityresponsesofsocietyinresponsetoeitherwarningsortovisiblechangesin
waveheightshavebeenanalyzedeitherontheweborthroughquestionnaires.Littleinvestigation
hasfocusedonhowpeoplespecificallyreacttoorperceiveaquaticanimalbehaviorasadaptiveor
abnormal.IntheFABETPsystemproposedhere,societalresponsestoanomalousanimalbehavior
arenotconsideredbecausenosuchglobalsystemexists;thus,thereisalackofdata.

THE NEED FOR A NEw HOMOGENIZED SySTEM: wHy SEA TURTLES?

Theprevioussectionshavedescribedwhythereisaneedforanewandmorediversesystem.The
well-known fact that tsunamis are still unpredictable has motivated the research and scientific
communitytofindanddemonstratemoretrustworthyfactorstopredicttsunamisinrealtime.Such
systemsshouldbeabletoraisewarningsdaysandmonthsbeforetsunamisratherthanafewhoursor
minutes.Aquaticanimalssensevarioussignalstomaintaintheirorientationandnavigationpatternsin
variableunderwaterconditions.Theseunderwaterconditionsarecharacterizedbyvaryingparameters
suchasinducedelectricfieldsorchangingelectromagneticforcesacrossagivencolumnofwater.
Theseparametersvarywithrespecttooceanicwatermovementsacrossearth’sgeomagneticfield
(Kirschvink,2000).Anyabnormalitiesinthesecuescanaffectaquaticspecies’normalbehavior,for
example,byaffectingtheirdirection-findingcapabilitiesorabilitytofindfood,andinsomecases
canleadtomasssuicidesorbeachstranding.

Pastresearchershavedemonstratedthatmarineanimalswithmagneticandelectricreceptors
showsignificantreactionstoinducedunderwatermagneticandelectricfields(Schaal,1988)Such
reactionscanresultinbehavioralandphysiologicalchanges,lossoforientation,orchangesinmigration
patternsovertime.Inournewsystem,ourproposedOBF_MBtechniqueexploitsthisfacetofanimal
responsebycapturingsuchreactions in theformoffuzzifiedattributesandmanifesting themas
if-then-elsedecisionpropositions.Messagesreceivedbysensorsareprocessedusingtheserulesto
producetsunamiwarningmessages.Themessagestapanimalresponsestoabnormalgeophysical
conditionsthathumanshavealsoobserved(Meenakshi,2013).

Here,weuseexistingstate-of-the-art(Schultzetal.,2010;Tricas,2012;Dodds,2012)reports
thatidentifytheeffectsofabnormalelectro-magneticfieldsonmarineanimals.Theseeffectscan
actasdeterministicprecursorsfordesigningatsunamiwarningsystem.Onaqualitativebasis,the
weightoftheavailableevidencesuggeststhatseaturtlesaremostlikelytobeaffectedbyexposureto
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changesininducedmagneticfields(Lohmann,2008).Thus,theproposedsystemworksbyanalyzing
seaturtlebehavioralpatterns.Inanexperimentconductedby(Lohmann,2008),turtlesexposedto
strongmagneticfieldsfromthenorthareaswamsouth,whereasturtlesexposedtostrongmagnetic
fieldsfromthesouthswamnorth.Theseturtleslostnavigationalandprey-trackingcapabilities;thus,
theyweredelayedinreachingtheirnestingareas.Similarexperimentsconcludedthatbothjuvenile
andadultseaturtlesevacuatedtheirbreedingnestareaandswamtowarddeeperoffshoreareaswhen
exposedtostrongmagneticfields,therebydecreasingthepopulationcountintheupperwatercolumn.

ANATOMy OF THE FABETP SySTEM

In2016,theUnitedNationsOfficeforDisasterRiskReductionproposedtheSendaiframework,
whichisthefirstmajoragreementofthepost-2015developmentagendaforsharingandrecognizing
rolesandresponsibilitiesinimplementingdisasterriskreduction.

Asperthereport,ahazardearly-warningsystemshouldincludethefollowingcomponents:

• Riskinformation;
• Hazarddataandforecasts;
• Communicationanddissemination;
• Preparednessandearlyresponse.

Overridingthisformulatedframework,weinsteadproposeanewsystemcalledFuzzifiedAquatic
BehaviorExtractedTsunamiPredictionmodel,orFABETPwithanatomyshowninFigure4.The
fourcomponentsofournewsystemareexplainedinthefollowingsections.

Risk Analysis
Thiscomponentanalyzestsunami-relatedriskpriortoitsonset.Changesinenvironmentalgeophysical
conditionspriortotsunamishavebeenobservedinthepastbyvariousscientists.Theseconditions
arestronglyrelatedtooceanicflowsandwaveswithshortwavelengthsgeneratedbeforetheonsetof
devastatingtsunamihazards.Suchparameter-basedwarningsystem/methodologieswerecitedabove

Figure 4. Anatomy of FABETP
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inoursurvey.In(Bleieretal.,2005)claimedthatanetworkofpassivesensors(magnetometers)
couldbeusedforearthquakepredictionbymonitoringthetransientchangesinearth’smagneticfield
thatoccurpriortoimminentearthquakes.Similarobservationshavebeencitedfortsunamis;thus,
integrationofthesemagnetometerscanimprovethecurrentwarningsystems.Theabnormalchanges
observedbeforetsunamis(Tatehataetal.,2015,Manoj,2011)typicallyincludeinducedelectricand
magneticfields,oneofthegeophysicalconditionsweaddressinoursystem.Animals(here,turtles)
easilysenseanychangesinadaptiveelectro-magneticfields—wellbeforehumans.Theirconsequent
reactionsincludechangesintheirnesting,breedingandmigrationpatterns.Usingthecitedevidence
(Sugioka,2005;Tyler,2005;Nairetal.,2010)forelectromagneticfieldvalues,alinguisticmapping
of“low”,and“high”labelswasperformedtomaptheexisting.Thecorrespondingvaluemappings
areshowninTable4.

Seaturtleactivitydatawasobtainedfrom(OBIS-seamap)whichhastrackedloggerheadturtle
navigationandcountsforthementionedyears(ScientificName:CarettaCaretta)asshowninFigure
6forReunionIslandneartheIndianOcean.TheBoxingDaytsunamiin2004(alsoknownasthe
Andaman-Sumatraearthquake)affected11countriesincludingReunionIsland(Ramalanjaona,2011)
(alsoshowninFigure5.Thisinformationissensedbysame-speciescommunitiesofturtlesasshown
bythedifferentcolors.Therawdataincludesthelocationsofdifferentturtlesincommunitiesinthe
formoflatitudeandlongitude.ThedeviationisobtainedbygroupingthecommonspeciesIDsand
thenapplyinghaversineequations(Rosettacode.org,2012).Aspresentedin(Virmani&Jain,2016),
seaturtlesexhibitacompletereversalindirectioncorrespondingtoadeviationinoppositedirection.
Anoverviewoftheturtleactivityisobtainedfromavailableplots

Monitoring and Prediction
ThiscomponentmonitorstheinferredrulesfromourproposedalgorithmOBF_MBusingthe
overlap between activation hyper-boxes of merged yearly datasets obtained from the above
component.Eachyear’sdatasetisattributedwithfurtherpreparedparametricvaluesexplained

Figure 5. Islands affected by the 2004 tsunami
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inthenextsection.Thealgorithmweightstheattributebasedontheoverlapobtainedbetween
theminimumandmaximumvaluesfromtheactivationhyperboxofthetaggedyear.Thismin-
maxto“LOW”,“MED”and“HIGH”classifierisconstructed(Quteishat,2008)toextractFuzzy
if-then-else rules to rate pre-seismic marine behavior. Mining the opinion score from every
ruleproducesapolarizedinformation-gain.Therefore,thiscomponentoftheproposedsystem
FABETPmonitorsandpredictsfuturetsunamibasedonobservablemarineanimalpatternsand
responsestochanginggeophysicalconditionspriortoanyrisk.

Alert Responses
Thiscomponentofoursystemproducesresponsemessagesbasedonthevaluedeviationsof the
monitoredattributes,producingwarningalertswhensufficientdeviationoccurs.

Society Awareness
This is a self-explanatorycomponentwhere initiatives fromDRR(DisasterRiskReduction)
based agencies and organizations must be implemented to monitor the behavior of aquatic
speciesinrealtime.

Figure 6. (a) Dataset plots: Turtle trajectory plotted for the complete dataset; (b) Dataset plots: Overview of the complete dataset
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DATA DESCRIPTION AND PREPARATION

TheproposedOBF_MBtechniqueworksondatapreparedfrommarineturtlebehavioralstatistics
acquiredfromReunionIslandnearthecoastlineoftheIndianOcean.Table3showsthemetadataof
thementionedattributeddataset.

Theparameterswereobtainedandpreparedfromtheattributeddatasetfortheyears2004–2012
describedbelow:

1. Angle of Deviation (between consecutive months) calculated between consecutive months
obtainedforeachyearofthecompletedatasetandlinguisticallymappedasshowninTable4;

2. AngleofDeviation(betweenavailabledays)calculatedbetweenconsecutiveornextdayavailable
obtainedforeveryyearofthecompletedataset;

3. Marineturtlecount(underwaterseaturtlecount);
4. Electromagnetic Field: the induced EMF’s (linguistically mapped as discussed in the

previoussection)duringunderwaterseismicperturbations.Usingacommontimestamp
(wherever applicable), a behavioral turtle activity dataset with respect to changing
Electromagnetic field isprepared.From theaboveprocess,we found that somevalues
wereunknownindifferentyearsandatvarioustimestamps.Theseincludeddayscloseto
theDecembertsunamiof2004.Thisweassumetobeacauseofunavailabilityorinability
ofsensorstotracktheinformationpriortohazardouseventorotherwiseandthusisone
ofthelimitationshere.

Table 3. Metadata of turtle activity dataset

Attribute Description

Tag_ID UniqueIDprovidedbyOwnerofDataset

Lat Latitude(InDecimalDegrees)

Lon Longitude(InDecimalDegrees)

Sp_code SpeciecodeoftheobservedSpecies

Obs_Count NumberofAnimalsSighted

Obs_Date_Time DateandtimeofObservationinUTC

Table 4. Parameter to range variable mapping from OBF_MB

Parameter (Pk) Name Rule Extracted Parameter 
Variable Range of Values Observed

k=1,2 AngleofDeviation(Month) low <=100degrees

AngleofDeviation(day) medium >=100&<=140degrees

high >=140&<160degrees

veryhigh >=160Degrees

k=3
k=4

SeaTurtlecount
ElectromagneticField

low
medium
high
low
high

<=3
>=5&<=7
>=8
<=1nTesla
>=1nTeslatill4nTesla
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FABETP wORKFLOw

Figure7showsaflowchartofFABETP,whichisdesignedtogeneratereal-timeAlertorNoAlert
decisions.Thesensedandpreparedparametersidentifiedaboveformtheinputtothesystem.The
followingstepsdescribethestagesoftheproposedsystem.

OBF_MB Approach: Stage 1
Asdiscussed in theprevious section, thedataset is segregated in ayear-wise fashionasper the
algorithm OBF_MB (described in the previous section). The preliminaries associated with the
proposedalgorithmareasfollows.

LetTibethetupleinputdatafromthepreparedmarineturtledatasetinagivenyeari=2004
denotedas:

T
P for k

otherwisei
k=

≤ ≤






  

       

1 4

φ
 (1)

Figure 7. FABETP workflow
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In accordancewithhistorical statistics,December2004 ismarked as aTsunami event.The
proposedtechniqueanalyzesthedifferencesinbehavioralattributesbetweentheyear2004andother
preparedyearsfromthedataset.Thesedifferencesrevealtheabnormalmarinebehaviorthatoccurred
in2004.Asshowninlines18–20ofAlgorithm1,theinputtupledatafromthesourcedatasetinclude
everyparameterPkinagivenyeariasdefinedabove.Theregionisdefinedasfollows:

R or R
T for k Max

otherwiseik jk
ik ik ik  
  

       
=

≤ ≤






min 1

φ
 (2)

whereRikis theactivationhyperboxthat includes theminimumandmaximumofparameterk in
theyearitupledata.Usingtheproposedalgorithm(OBF_MB),theparameterPk(k=1,2,3and
4)valuesaremappedtorangecommonlyreferredaslinguisticterms:‘low’,‘medium,‘high’and
‘veryhigh’.Thenumberoftermsobtainedforeveryparameterdependsonthediversityofvalues
present.Table3showstheparametertorangemappingderivedusingOBF_MB.Asmentionedinthe
previoussection,angleofdeviation(monthandday)i.ek=1andk=2respectivelyisobtainedby
applicationofhaversineformulatoturtlemarkedlatitudeandlongitudevalues.Figure8andFigure
9showsboxplotrepresentingmedianlatitudeandlongitudeforallyears.Thementionedfigures
depictthedeviationinpositionacrosstheconsideredyears.

The Overlap Function: Stage 2
Thisfunctionisusedtobuildamin-maxrule-basedclassifiertoidentifytheparametricdatapoints
furtherusedforfuzzification.Thefunctionspecificallyoverridestheclassicfuzzyclassifierregion
overlapfunction;here,itextractsafeaturerepresentingtheintersectingvaluesineveryyeardata
valuesasaninputtotheproposedalgorithm.

Consideringtheyearwindowsasgeneratedunderlines1–4ofthealgorithm,activationhyperbox
regionsarecreatedbasedon[min,max]flagsforeveryparameterkinthegivenyearsiandj.To
obtaintheoverlapstates,thefollowingcaseswereidentifiedforfuzzyruleextractionusedinseismic
prediction.Thereasonforcategorizingthesewindowedvaluesfortheitojyearsistostudytheir
overlapordifferenceswiththeknownhistoricalvaluesforthedaysormonthsprioror2004tsunami:

Case 1:Forgivenyearsiandjsuchthat|i-j|>3.
Case 2:Forgivenyearsiandjsuchthat|i-j|<3and>1.
Case 3:Forgivenyearsiandjsuchthat|i-j|=0(i.e.,withintheyear2004datarange).

Equation3showstheoverlapfunctionusedbyOBF_MB:

Ovl
min Max min Max

minimum of min Max min Maij

i i j j

i i j

=
∩( , , )

( , ),( ,  xx
j
)

 (3)

Predictive Fuzzy Rule Extraction: Stage 3
Fromthedividedcasespresentedintheprevioussections,thedatasetforeverycase-basedscenario
isexplored.FromEquation3,thefollowingrulesetisobtained.

Case 1
Becausethegapbetweenyearsishigh,theinputvaluesdonotoverlapforalltheconsideredparameters.
Figure10showstheoverlapscoresobtainedforallfourparameters.Asthemajorityvaluescoincide
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Algorithm 1. OBF_MB: Overlap based fuzzification for rated marine behaviours
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with0henceEquation4givesoverlapvalueforthiscase.Thecalculatedobservationscoincidewith
theassumptionthatnooverlapoccursinanyattributevaluebetweenno-alertandtsunami-alertyears.
Thedatasetincludesthevaluesofthedifferentattributes(discussedlater)asEMF=low,AOD(M)
=low,AOD(D)=lowandCnt=High..Tovalidateandproposethisrule,here,outofeverypossible
rulepermutationcertainpermutationsarelistedinformofrule1A,1B,1C.Theprogressfrom1ATO
1BTO1Cismarkedbycloserobservationsofthedatasetinwhichthemultiplevaluesarereduced
tofixedvalues:

Figure 10. Overlap score values (Ovlij) for case 1 identified above

Figure 8. Box plot representing median Latitude for all years

Figure 9. Box plot representing median longitude for all years
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Overlap
ij
= 0  (4)

Therulesfortheconsideredcasearedescribedbelow.

Rule 1A:Statement:IFElectromagneticfield€[low;high]∩Count€[high]∩angleofdeviation(day)
€[low;med;high;veryhigh]∩angleofdeviation(month)€[low;med;high;veryhigh]THEN
Output=Y.

Explanation:Theformulatedrulestartswithallpossiblepermutedvaluesofeveryattributeconsidered
hereexceptthecount.Thedatavaluesforthecountattributewereobservedtobeclosetoconstant
overthemajorityofthesegmenteddata,demonstratingthattheseaturtlepopulationfacedno
abnormalitiesoveraconsiderableperiodofyearsbeforethetsunamiyearof2004.Thesmall
countvariationsareassumedtobeduetotheturtles’reproductioncycle;thus,thecountincreases
ataslowpace,whichisreflectedhereinweekstomonths.

Rule 1B: Statement: IF Electromagnetic field € [low] ∩ Count € [low; med; high] ∩ angle of
deviation(day)€[low;med;high;veryhigh]∩angleofdeviation(month)€[low;med;high;
veryhigh]THENOutput=Y.

Explanation: The progression to this rule is based on observation of the next attribute value:
Electromagneticfield,afterfixingtheCountattributevaluetohighinthepreviousrule.Inthis
rule,everyattributeexceptEMF(Electromagneticfield)ispermutedundereverypossiblevalue.

Rule 1C:Statement:IFElectromagneticfield€[low]∩Count€[high]∩angleofdeviation(day)€
[low]∩angleofdeviation(Month)€[low;med;high;veryhigh]THENOutput=Y.

Explanation:Aspertheobservationofprevioustworules,thevaluesoftwoattributes,EMF
and Count, are held to low and high respectively under the previously cited observed
reasons.Thenextattribute,angleofdeviation(day)iskeptlowduetosimilarobservations
overthecompletedataset.Thelastattributehere,angleofdeviation(month)ispermuted
foreveryvalue.

Case 2
FromEquation3,thefollowingfunctionisobtained:

Overlap score Ops
Ovl

_ ( )
.

=
< ≤ ≤

 0 551 1 4

0

 for 

       otherwise





 (5)

Figure11showstheoverlapscoresobtainedforallfourparameters.Asthemajorityvaluesfall
below0.55henceequation5givesoverlapvalueforthiscase.

UsingtheOBF_MBapproach,therulesextractedfromtheabovecasearedescribedbelow:

Rule 2A:Statement:IFElectromagneticfield€[high]∩Count€[medium]∩angleofdeviation(day)
€[veryhigh]∩angleofdeviation(month)€[medium]THENOutput=Y.

Explanation:Asthedatasetwindowbecomescloser tothealertyearof2004, thevaluesof the
parameterattributesconsideredherearereducedtofixedvalueshighlightedintheruleitself.
ThereisaconsiderablechangeintheEMFandCountvaluesaswellastheturtles’navigation
directionsintermsofangleofdeviation.OBF_MBshowstheconditions(lines29and36of
OBF_MB)fromwhichthisruleisobtained.

Rule 2B:Statement:IFElectromagneticfield€[high]∩Count€[low]∩angleofdeviation(day)€
[high]∩angleofdeviation(month)€[high]THENOutput=Y.
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Explanation:Inthelatterpartofthedataset,theattributevaluesdepictachangethatiscaptured
byOBF_MB.

Case 3
UsingEquation3andtheproposedAlgorithm1,thefollowingfunctionisobtained:

Overlap score Ops
Ovl

_ ( )
.

=
> ≤ ≤

 0 551 1 4

0

 for 

       otherwise





 (6)

Figure12showstheoverlapscoresobtainedforallfourparameters.Asthemajorityvaluesfall
above0.55henceequation6givesoverlapvalueforthiscase3.

Ahighoverlapindicatesachangeinthemarinebehaviorthatexistedjustbeforetheonsetof
thetsunamiattheendof2004.Thisobservationcanalsobejustifiedbythefactofthattheextracted
rulesstemfromdatawithlessinformationcollectedonthedaysclosertothetsunamiof2004.This
thereforeindicatesthatseaturtlebehaviorbecameabnormaldaysbeforetheonsetofthetsunami.

Rule 3:Statement:IFElectromagneticfield€[high]∩Count€[low]∩angleofdeviation(day)€
[veryhigh]∩angleofdeviation(month)€[veryhigh]THENOutput=Y.

Figure 11. Overlap score values (Ovlij) for case 2 identified above

Figure 12. Overlap score values (Ovlij) for case 3
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Explanation:Consideringthedatasetwindow,whichhasnarroweddowninthiscase,OBF_MB
capturesastrictvalue-orientedfuzzyrulewithyet-to-be-validatedoutput.Thisruleexpresses
theconditionsofthemarineaswellthegeophysicalbehaviorclosesttothetsunamidayof2004
neartheIndianOcean.

RESULTS AND DISCUSSION

Opinion Score
To evaluate the inferences obtained from the fuzzified rules obtained using the calculated
overlapscore(seeEquation3),theinformationgain(ΔIfGain)isevaluatedusingEquation7
foreverycasecorrespondingtoarule.Theopinionscoreminestheinformationintermsof
thepolarizedoutputY.Equation7coinsanoverriddenscoreformulationfollowing(Afzaal
M.etal2016) tomineascore-basedopinionregarding thealertsituationfromeachfuzzy
rule.ThescorethusproducesadeviationfromthedefaultruleobtainedinCase3.Case3isa
typicalrepresentationofyear2004tupledata.Theinformationgain,denotedasDeltaΔIfGain,
formalizes theopinionscoring toextract thepolarizedoutputY in theformofadeviation
fromyear2004usingEquation8.

Thepolarizeddataformsthebasisforobtainingthealert,pre-alertorno-alertternary
classification. This classification based on marine behavior can then be used with other
senseddata,comparingthecollectedpatternswithexistingscorestoextractternaryclassified
information.Equation7,usedtoacquiretheinformationgain-basedopinionscoreisshown
below, in which NL

’ and NH
’ represent the number of LOW and HIGH valued instances

participatingintherule,respectively.Similarly,NLandNHrespectivelyrepresentthenumber
ofLOWandHIGHvaluedinstancesparticipatinginthedefaultrule.Thedefaultrulehere
correspondstothecase3:

OpNScore N
N

N N

N

N Nij L
L

L H

L

L H

= ′
′

′ + ′












−

+
* log log

2 2
 (7)

Using Equations 7 and 8, Table 5 shows an analysis for every case-based rule. A
defaultopinionfortheyear2004(theknowntsunamiyear)isshowninTable5as+2.
Figure 13 and Figure 14 present the opinion score vs. the mean overlap score for all
casesandthecorrespondinginformationgain,respectively.Theternaryclassificationis
well-ref lectedinbothfigures.Calculatingopinionscoreoverdefaultruleisidentified
as change in score from the already known year of 2004 data values. The change in
polaritycharacterizestheshiftsinopinionandinformationoverthepreviousyeardata
marinebehaviorvalues.

Information Gain
Thewithin-year2004analysisdiscussedinCase3generatesahighpositiveopinion(alsoknownas
thedefaultopinion(DefaultOp)),whiletheother,subsequentyears(anyyeari)produceverylow
opinions,whichresultsinahighdeviationintermsofinformationgain.

∆ =
−

IfGain O NScore Opinion

O NScore Defaul
p ij i

p ij

[ ]

[            ttO
p
]
 (8)
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CONCLUSION

Thisarticlefocusedontheneedforanautomatedsystemtocreatetsunamialertsbasedonmarine
behavior.Thesystemisproposedhere,FABETP,providesapolarizedinformation-basedclassification
intermsofopinionandinformationgain.Thissystemextractsinformationfromtheattributesofa
seaturtleactivitydatasetthatincludesthedatavaluesfor2004.Variousmarineandterrestrialspecies

Figure 13. Overlap score values (Ovlij) for case 3 identified above

Table 5. Extracted Fuzzy rules with opinion and ΔIfGain values along with predicted output Y

Case 
Number Fuzzy Rule OpNScore ΔIfGain Output 

= Y

Rule1A

IFElectromagneticfield€[low;high]∩Count€[high]∩angle
ofdeviation(day)€[low;med;high;veryhigh]∩angleof
deviation(month)€[low;med;high;veryhigh]THEN
Output=Y

-2.64 -4.64 Y=No
Alert

Rule1B
IFElectromagneticfield€[low]∩Count€[low;med;high]∩
angleofdeviation(day)€[low;med;high;veryhigh]∩angleof
deviation(month)€[low;med;high;veryhigh]THENOutput=Y

-2.74 -4.74 Y=No
Alert

Rule1C
IFElectromagneticfield€[low]∩Count€[high]∩angleof
deviation(day)€[low]∩angleofdeviation(Month)€[low;med;high;
veryhigh]THENOutput=Y

-1 -3 Y=No
Alert

Rule2A
IFElectromagneticfield€[high]∩Count€[medium]∩angleof
deviation(day)€[veryhigh]∩angleofdeviation(month)€[medium]
THENOutput=Y

+0.42 1.58
Y=
Pre
Alert

Rule2B
IFElectromagneticfield€[high]∩Count€[low]∩angleof
deviation(day)€[high]∩angleofdeviation(month)€[high]THEN
Output=Y

+2 0 Y=
Alert

Rule3
IFElectromagneticfield€[high]∩Count€[low]∩angleof
deviation(day)€[veryhigh]∩angleofdeviation(month)€[veryhigh]
THENOutput=Y

+2 0 Y=
Alert
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havebeenreportedtorespondtoseismicperturbationsinthepast.Thispaperaddsandvalidatessea
turtlesasanotherpassivemessengerwhosebehavioralactivitiescanbesensedtopredicttsunamis.
Theproducedclassificationisbasedonfuzzifiedconstraintscommonlycalledrulesproducedby
theproposedOBF_MBtechnique,whichutilizestheoverlapfunctionevaluationtoextractfuzzy
if-thenrules.Aclearchangeinopinionandcorrespondinginformationgaincanbeobservedwhen
aninducedphysicalattributeandtheconsequentmarinebehavioralattributesfortheyear2004are
comparedwiththemselvesandwithothernoalert-tsunamitears.TheOpNScorerangesfrom+2to
-2.64andtheDeltaIfGainrangesfrom0to-4.64.Astrikingcoincidingopinionof+2isobserved
in thedaysclose to2004,depicting thepre-tsunamieffectsofwaves that initiallyaffectmarine
behavior.Thisscorecanbeaccountedasadefaultorbaselineforanyfutureprediction.Tothebest
ofourknowledge,thisisthefirstsystemthatminesopinionfromextractedfuzzyrulesbasedonsea
turtlebehaviortopredicttsunamis.Theproposedopinion-basedfuzzificationrulesandinformation
gaincanbeusedtodesignamarine-basedtsunami-metertogeneraterealtimealerts.

Figure 14. Overlap score values (Ovlij) for case 3 identified above
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