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SUMMARY

Althoughseismicindustryhasbeeninvestigatingdecadeson
solvingthefirstbreakpickingproblemsautomatically,there
arestillenormouschallengesduringtheinvestigation.Even
tilltoday,therearenotsolidsolutionstoavoidhumanlabors
tomanuallypickdatabygeophysicists. Withtheraiseofdeep
learningandpowerfulhardware,manyofthosechallengescan
beovercome.Inthiswork,weproposeadeepsemi-supervised
neuralnetworktoachieveautomaticpickingforthefirstbreak
inseismicdata.Thenetworkisdesignedtoperformwithboth
unlabeleddataandalimitedamountofrealdatawithlabels.
Initialfeaturerepresentationislearninginadiscriminativeun-
supervisedmanneronrealdatasetswithoutlabels.Sinceno
assumptionsaremadewithregardtothedifferenceofunderly-
ingdistributionsbetweenthesyntheticandrealdata,ourmodel
hasmoremarginalgaintocompensateforthedistributiondrift-
ingcomparetothesupervisedlearningmodels.Inaddition,the
networkiscapableofupdatingitselfthroughcontinuouslearn-
ing.Thesystemisabletoidentifylabelinganomaliesonsite
andupdatethemodelthroughactivelearning.Insimulation,
weshowourproposeddeepsemi-supervisedneuralnetwork
canachievehighaccuracyonfirstbreakpicking.Comparing
withthesupervisedneuralnetworks,ourproposednetwork
showstheadvantageonusingbothlabeledandunlabeleddata
settoachievehigheraccuracy.

INTRODUCTION
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Seismicimagingisadifficultinverseproblem,requiringinitial-
izationfrompriorknowledgeandextensivemanualinterven-
tionsbydomainexperts,inaprocessthatcantakemonthsto
complete.Astheseismicindustrymovestowarddensersource
andreceivercoverage,high-densitydatarequiresmoreefficient
computingtools(AlTheyabetal.,2016).Seismicprocessing
technologyhasforthemostpartbeenabletokeepupwith
thesedatavolumeincreaseasthecapacityandthespeedof
thecomputerhardwarearerapidlyimproving.However,there
arestillsomeareasinseismicdataprocessingwhichremain
laborintensiveandhavenotfullyexploitedlatestadvancesin
computertechnology.

Thefirstbreakpickingorso-calledfirst-arrivalpickingisthe
taskofdetermining,givenasetofseismictraces,theonsets
ofthefirstsignalarrivalsthatareassociatedwiththeleading
energypulsereceivedbyareceiverinresponsetoaseismic
shot(Sabbioneetal.,2010).Theaccuratedeterminationofthe
locationofthefirst-arrivalsisthefirststeptowardhighquality
velocitymodelbuildinganddepthimaginginseismicdatapro-
cessing.Althoughcriticalfordetectinganomalies,removing
inconsistencies,andsettinginitialvaluesbasedonprevious
geologicalstudies,manualpickingandpatternidentification
jobsthatdependonvisualinspectionarelaborintensiveand

typicallytakeup20%to50%ofthetotalseismicprocessing
time(McCormacketal.,1993).Seismicdatavolumeshave
grownexponentiallyoverthelastthreedecadesastheseismic
explorationindustryincreasesthecoverageofthesurvey.Var-
iousautomaticpickingapproachesexistwithvaryingdegrees
ofsuccess(Kahrizietal.,2014).Nonetheless,theuncertainty
involvedinthesetoolsisstilltoohightoreplaceheavyhuman
effortsinvisualinspectionandpicking.

Nowadays,deeplearningisapopulartechniqueinmanyfields
wherethedeepneuralnetworksareabletosolvemanycom-
plexproblems.Inshort,deeplearningisanextensionfrom
machinelearningwhichisinspiredbythecombinationofthe
mysteriousoninformationprocessingbetweenhumanbrain
neuronsandtherobustcalculationabilityofthecomputers.
Thisbrilliantideawasproposedby WarrenMcCullochand
WalterPittsin1943.Unfortunately,thisconceptwasnotbeen
wellrecognizedtilllate20thcenturyduetothecomputerhard-
waredevelopingbottleneckwherethehardwarewereunableto
handlethemassivecalculationofthelearningprocess. With
therapiddevelopmentofthecomputerhardwarestartedin
late20thcentury,engineershasdevelopedmulti-coresCPUs
andGPUs.In2016,Googleannouncedthetensorprocessing
unit(TPU)whichisthechipthatspecificallydesignedforthe
Google’sTensorFlowframework.AccordingtoGoogle,TPU
provides71XperformancecomparedwiththeCPUforCNN1
application(Jouppietal.,2017).

Despitethefactthatartificialintelligentwasintroducedinto
theseismicexplorationindustryintheearly1990s’(Kahrizi
etal.,2014)andvariouspickingsoftwarepackageshavebeen
developedtotackletheseproblems,theindustrystillrelieson
humanexpertsandtreatsthosesoftwareapproachesasassisting
tools.Existingpickingtoolsusedbyseismicdataprocessing
jobsfailtodeliverconsistentresultsonvariousdatasetsand
requirefrequenthumaninterventionandparametertuning.One
ofthereasonsisduetotheshallowlearningstructureusedby
currentapproachesisunabletoabsorbalargeamountofdata
andunderestimatethevarianceofthedistributionofthedata.
Unlikeitsshallowpredecessors,inordertodevelopamachine
visionenabledpickingandidentificationtooltoreplacehuman
visioninspectionforprocessingtheseismicdata,thedeep
learningnetworkrequiresahugeamountoftrainingdatawith
labels. However,datacollectionintheseismicexploration
industryisaquitechallengingtasksincemostofthesourcesare
proprietarydataandprocessingresultsarekeptastopbusiness
secrets.

Inourpaper,weproposeadeepsemi-supervisedneuralnet-
work(DSSNN)modelforautomaticallypickingthefirstbreak
inseismicdatawhichcanreducethehumanlaborfortheseis-
micdataprocessing.Themodelisdesignedtoperformwith
alimitedamountofrealdatawithlabelswhichisperfectlyfit
inthescenariofortheseismicdatalackingoflabels.Thepro-
posednetworkiscapableofupdatingitselfthroughcontinuous
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Semi-supervisednetworkforfirstbreak

Figure1:AnoverviewofDSSNNmodelwhereitisconstructedbytheDUE,theDUD,andtheDDNN.

learningfrombothlabeledandunlabeleddata. Thesystem
isabletoidentifylabelinganomalieson-siteandupdatethe
modelthroughactivelearning.

Therestofthepaperisorganizedasfollows. Wefirstdiscuss
thedetailsofourproposedmethodwhichincludesthepre-
processingprocessofthedataandtwodeepneuralnetworks
withinourmodel.Second,wegiveoursimulationstepsand
theresultsbetweendifferentneuralnetworks.Finally,wewill
beconcludingourwork.

METHOD

Machinelearningcanbreakintothreedifferenttypeslearn-
ing–supervisedlearning,unsupervisedlearning,andsemi-
supervisedlearning.First,supervisedlearningiswherethe
modelisgivenaninputdataxandacorrespondingtargetout-
putY.Intheareaofmachinelearning,weusuallyreferYas
thelabelofx.Themodelwilllearnthroughtheerrorbetween
thepredictlabelY andtargetlabelY.Forthesecondtype,
unsupervisedlearningmodelwilllearnfrominputxwithout
correspondinglabel. Thistypeoflearningmodelisusually
usedtosolveclusteringorassociationproblems.Finally,semi-
supervisedlearningisthecombinationofsupervisedlearning
andunsupervisedlearningwhereonlysomeoftheinputsare
labeled.Themodelhastolearnfrombothlabeleddataandun-
labeleddatausingbothsupervisedlearningandunsupervised
learningtechniques.

Inthissection,wewillfirstdiscusstheoverallpictureofour
DSSNNmodelsincethestructureofthemodelcontainstwo

differentneuralnetworksasmentionedbefore. Second,we
showsthenecessarydatapreprocessingstepsfortheinputdata
beforefeedingintotheDSSNN.Inthethirdpart,westart
todiscussthestructureofunsupervisedneuralnetworkinour
DSSNNandthetrainingprocessforthenetwork.Next,wewill
presenttheDSSNNmodelandthetrainingprocess.Finally,
wereconstructthepredictdatafromtheDSSNNsincewewill
bemodifyingthedataduringthedatapreprocessingprocess.

DeepSemi-supervisedNeuralNetworkOverview
OurDSSNNmodelisbasedontheideaoftheautoencoder
modelwheretheautoencodercanbesplitintoencoderand
decoderpartsandeachpartonlycontainsonelayerofthe
network.Differentfromthetraditionalautoencoder,notonly
ourDSSNNhasmultiplelayerswhichismorerobustthan
thebasicautoencoderonfeatureextractionbutalsohasthe
abilityofdatalabelprediction. TheDSSNNisconstructed
byonedeepunsupervisedautoencoder(DUA)andonedeep
deconvolutionalneuralnetwork(DDNN).Inaddition,DUA
isformedbyonedeepunsupervisedencoder(DUE)andone
deepunsuperviseddecoder(DUD)(seeFigure1). Wewill
firsttraintheDUAforfeatureextractionpurposewherethe
extractedfeaturebytheDUEwillbetheinputoftheDDNN.
Thetrainingdetailwillbediscussedinthelatersections.

DataPreprocessing
Theseismicdataforeachshotisconstructedbythesignals
receivedbyeachreceiverthroughoutthetimesteps.Therefore,
eachshotcanberepresentedbyamatrixSi
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whereeachcolumn
representsthesignalsreceivedbyeachreceiverandtherows
arecorrespondstothetimesteps.Inordertoreducedata
redundancy,wepreformdatanormalizationbymappingeach
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Semi-supervisednetworkforfirstbreak

Figure2:Networksinputandoutputdata.(a)istheinputdataforbothDSNNandDSSNN.(g)istheoutputoftheDUA.The
predictedoutputsoftheDSNN[(b),(c),(d),(e),and(f)]withrespecttothetrainingsamplesizeof100to500wheretheblackarea
representstheearth.Similarly,(h),(i),(j),(k),and(l)aretheoutputsoftheDSSNNwithtrainingsamplesizeof100to500.

elementsinmatrixSiintotherangeof0to255,i.e.,

Si=
255

max−min·(Si+min), ifmax>min,
0, otherwise.

(1)

wheremaxisthemaximumvalueofSi,ministheminimum
valueofSi,andSiisthenormalizedmatrix.Sinceeachshot
maycontainsthousandsofmillionsofsignals,itisnotlikely
toinputSiasonepieceofdataintotheneuralnetworkdueto
thehardwarememorysizelimitationofmoderntechnologies.
Thus,wecropeachSiintosmallmatricess

i
k,i.e.,Si=

{si0,...,s
i
n}wherenisthetotalnumberofcroppedmatricesof

eachshot.

ForsomeSi,thereisacorrespondinggroundtruthbinary
matrixGiwheretheelementsinGiarebeensplitintotwo
groups.InGi,alltheelementsbelowthefirstbreaklinehave
thevalueof0andtherestelementswillhavethevalueof1.
Aswementionedbeforeofthecroppingprocessforthematrix
Si,weperformthesametaskforGiwhereGi={g

i
0,...,g

i
n}.

ItisveryimportanttokeepinmindthatmatrixGihastobe
croppedexactlythesamewayasthecorrespondingshotmatrix
Sisincewewilluseg

i
kasthelabelofs

i
kforourDDNNduring

thesupervisedlearningprocess.

UnsupervisedNeuralNetwork
InourDSSNN,theDUAistrainedonunlabeleddata.Inmore
specific,weusetheinputdataasthelabelofitselftotrain
theDUA.Aswementionedpreviously,DUAisconstructed
byDUEandDUD.TheDUEhasthestructureofthedeep
convolutionalneuralnetworkandtheDUAhasthestructureof
thedeepdeconvolutionalneuralnetwork. Withthelabelbeen
thesameastheinputdata,theDUEisabletodeterminethemost
significantfeaturesoftheinputdataandproduceacompressed
representationofthosefeatures(Q.V.Le,2013).Theideain
backofDUAisthatsincethetargetlabelistheinputdataitself,
theDUEmustextractssomefeaturesthatissignificantenough
fortheDUDtorecognizeinordertoconstructtheoutputthat
isclosedtotheinputdata.

SupervisedNeuralNetwork
Forthesupervisedlearningpart,wedesignedasupervised
DDNNwheretheinputdependsontheoutputoftheDUE
thatwediscussedintheprevioussection.Inotherwords,we
extracttheDUEfromtheDUAwithfixedweightsoftheDUA
aftertraining. TheDUEactsasthedatageneratorforthe
DDNNwheresikisfeedintoDUEandtheDUEwillgenerate

thecompressedfeaturerepresentationrik. Hereiswherethe

groundtruthofthefirstbreakmatrixkickedin.Sincegikis

thelabelofsik,itisalsothelabelofr
i
k. Withthisconcept,the

DDNNwillbelearningfromtheinputrikandtriedtoconstruct

theoutputmatrixyikthatisascloseasthetargetlabelg
i
k.

DataReassemble
Inthedatapre-processingsection,wecroppedSintosmall
pieces. Thus,wewillneedtoreassembletheoutputsfrom
theDSSNNbacktoitsoriginalsize.Beforereassembleallthe
predictedmatricesyikbacktoitsassociatearea,wewillfirstfind
thefirstbreaklineineachofthematrices.Todoso,foreach
matrixyik,weperformthecolumnwiseoutlierremovalprocess.
Theelementsinthecolumncthatarepredictedasearthwillbe
placedinanarraywiththevalueofitsrowindexinthecolumn
c.Wethenremovetheelementsthataretwostandarddeviations
awayfromthemeanaccordingtoGaussiandistribution.Once
theoutliersareremoved,wegettheminimumvalueofthe
arrayastherowindexofcolumnc. Wereplacevalueofthis
rowincolumncto1andtherestoftherowsincolumncwill
beset0.Inthespecialcasewheretheentirecolumnhasthe
samevalue,wewillreplacetheentirecolumntozeros.Once
theaboveprocessiscompletedforallyik,wethenconstructa
matrixYiwiththesizeoforiginalshotmatrixSifilledwith
zeros. Thewaywereassemblethepredictedmatricesyikis
performtheelementswiseadditionaccordingthecroppedarea
oftheinputmatrixsikonYi.Onceadditionprocessisdone,
wethenperformcolumnwisefilteringonYi
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wherewefindthe
elementofthemaximumvalueofthecolumnwiththesmallest
rowindexnumberandreplaceitby1.Therestoftheelements
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Semi-supervisednetworkforfirstbreak

inthatcolumnwillbepaddedto0.Attheend,matrixYiwill
haveatmostonevalueineachcolumnwhichisthefirstbreak
ofthecorrespondingreceiver.

EXAMPLES

Inoursimulation,asyntheticseismicdatasetisadoptedto
illustratetheperformancesoftheneuralnetworks. Wewillbe
comparingtheresultforeachneuralnetworkswhichincludes
theproposedDSSNNsandthedeepsupervisedneuralnetwork
(DSNN).Forbothofthenetworks,weadjustthesizeofthe
trainingdatasetfrom100samplesto500sampleswithstep
sizeof100samples.TheDSNNhasthesamestructureasthe
DUAintheDSSNNandsinceitisasupervisedlearningmodel,
thetrainingdatasetwillhaveacorrespondinglabelset.Inthe
simulation,wewillbeusingtheGPUtoacceleratethetraining
speed. DuetothehardwarememorylimitationontheGPU,
wewillinputabatchsizeof20samplesatoncefortrainingthe
neuralnetworks.Eachbatchwillrun50epochsbeforeinput
anothersetofsamples.

Inoursimulation,thecroppedinputdata(Figure2(a))will
gothroughtheDUAandtheoutput(Figure2(g))isthecom-
pressedfeaturerepresentationoutputfromtheDUE.Asthe
result,Figure2(h),(i),(j),(k),and(l)showthepredictions
fromtheDSSNNwithtrainingsamplesizeof100,200,300,
400,and500,respectively. TheresultsfromtheDSNNare
showninFigure2(b),(c),(d),(e),and(f)aswell. Wecan
clearlyseethattheresultsoftheDSSNNisbetterthanresults
oftheDSNN.FromFigure3,wecanseethattheDSSNNhas
higheraccuracyforeachtestondifferentnumberoftraining
sample.Thisshowsthatbyusingthesemi-supervisedlearning,
weareabletoovercomethechallengeofthelimitationonthe
numberofthelabeleddata.KeepinmindthatFigure2only
showsthepreprocessedinputdatabutnottheentirefinalshot
prediction.Finally,wereassembledthepredictedoutputsfrom
theDSSNNandtheDSNNandshowsthefinaloutputsinFig-
ure4wheretheredlinerepresentsthegroundtruthofthefirst
breaklineandthelightbluecirclesrepresentsthepredictionof
thefirstbreakline.Aswecansee,thereisahugegapbetween
thepredictionandthegroundtruthfortheDSNN(Figur4(a))
intheleftofthefigure.Ontheotherhand,thepredictionfrom
theDSSNN(Figure4(b))isalmostidenticaltotheground
truth.

CONCLUSION

Inthispaper,wehaveproposedtheDSSNNmodeltosolve
thelabeleddatalimitationprobleminthefirstbreakpicking
process. Withthelimitedlabeledseismicdataandthehuge
amountofunlabeleddata,weareabletousetheunlabeleddata
tocompressthesignificantfeaturesintoanotherrepresentation.
Bytrainingthemodelwiththesmallamountoflabeleddata
fortrainingtheneuralnetwork,theDSSNNmodelisableto
determinethefirstbreakfromtheinputdata.Simulationresults
haveshownthatourproposedDSSNNmodelhasassignificant
highereffectivenessthanotherapproachesinliterature.

Figure3: AccuraciesofDSNNandDSSNNwithtraining
samplesizeof100to500.

Figure4:FirstbreakpickingresultsoftheDSNN(a)andthe
DSSNN(b)wheretheredlineindicatesthegroundtruthofthe
firstbreakandthelightbluecirclesindicatesthepredictedfirst
break.
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