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ABSTRACT

Amethodforminingfrequentpatternsofindividualusertrajectoriesisproposedbasedonlocation
semantics.The semantic trajectory isobtainedby inversegeocodingandpreprocessed toobtain
thetop-kcandidatefrequentlocationitemsets,andthenthespatio-temporalsequenceintersection
and thedivideandconquermergemethodsareused toconvert the frequent iterativecalculation
oflongitemsetsintohierarchicalsets’regularoperations,andthesupersetandsubsetoffrequent
sequencesarefound.Thiskindofsemantictrajectoryfrequentpatternminingcanactivelyidentify
anddiscoverpotentialcarpoolingneedsandprovidehigheraccuracyforlocation-basedintelligent
recommendationssuchascarpoolingandHOVlanetravel(high-occupancyvehiclelane).Carpool
matching and recommendation based on semantic trajectory in this paper is suitable for single
carpoolingandrelay-ridecarpooling.Theresultsofsimulationcarpoolingexperimentsprovethe
applicabilityandefficiencyofthemethod.
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1. INTRoDUCTIoN

Spatio-temporaldataminingusuallyreferstominingorpredictingthehistoricaltrajectoryofmoving
objects(RadmaneshM,2021;MengJJ,2016;HarwoodA,2018).Spatio-temporaltrajectorydata
aremanysamplerecordsfromdifferentsensingdevices.Theunderstandingandmodelingofspatio-
temporaltrajectorydataprovidesanewperspectiveforlearningpeople’smovementpatterns,andit
isalsoanauxiliarytoolforurbanplanningandsmartcitymanagementwithgreatpotential(Zhang
MH,2021;PanXY,2019;YangWL,2021).Thesemanticanalysismodeliswidelyusedtoanalyze
thevarioussemanticrelationshipsthatmayariseinthedocument.Anewsemanticanalysismodelis
proposedtofindpossibletimerelationshipsbetweenposts(ChenLC,2019;GaoQ,etal.,2017).

Asmorehighoccupancytoll(HOT)facilitiesareplannedandunderdevelopment,acomprehensive
understandingofHOToperationsisrequiredforestablishingappropriateHOTpolicies.Toenhancethe
understanding,thefactorsaffectingdrivers’choicesonHOTlaneuseandcarpoolingareinvestigated
intheAtlantaI-85HOTcorridors(GuenslerR.,2020).Acoevolutionaryalgorithmisproposedfor
twosolutionsets,populationandarchive,theobjective-wiselocalsearchandset-basedsimulated
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binaryoperationareused inorder toaddress theMOCSPTW(HuangS.C.,2020).Anantpath-
orientedcarpoolingallocationapproachisproposedtosolvethisprobleminthetimedomain(Huang
S.C.,2019).Agreedyapproachisproposebasedontheiterativematchingandmerging(DuanY.
B.,2020).Anintelligentcarpoolsystemisfirstpresentedbasedontheservice-orientedarchitecture,
afuzzy-controlledgenetic-basedcarpoolalgorithmisproposedbyusingthecombinedapproachof
thegeneticalgorithmandthefuzzycontrolsystem(HuangS.C.,2015),

Trajectorysemanticenhancementreferstotheassociationandrelatedapplicationscenedata
intheoriginalcoordinatetrajectory.Thetrajectorydataisgeneratedbythebehaviorcharacteristics
ofthemovingobject,itiscalledassemantictrajectorydata.Theadditionaldataisalsocalledas
semantictags.Thetaginformationhasthreelevels:thetracklayer,thesub-tracklayer,andthetrack
pointlayer.Theanalysisofthesemantictrackmainlyfocusesonthesub-tracklayer.Inconversion,
thespatio-temporalinformationintheoriginaltrajectoryisfusedwiththetextdata,andatrajectory
withsemanticlabelsisobtained,itiscalledasasemantictrajectory(AlvaresLO,etal.,2007).

SemantictrajectoryanalysiswasproposedbyAlvaresetal.(AlvaresLO,etal.,2007).The
semantictrajectoryisregardedasasequenceofpositionsmarkedwithsemanticlabels.Thelabel
datarepresentsthebehaviorsthathaveappearedonthetrajectory.Thetrajectorydatawiththesame
semanticlabelsequencecanberegardedasthesametrajectorysequence.Thesemantictrajectory
iseasytoreadandunderstand,becausetheoperandisacharacterstring,itsdisadvantageisthatit
isinconvenienttocalculate,compressanddecompress.Acompressionandcalculationmethodwas
proposeedforsemantictrajectories(ZuoKZ,etal.,2018),whichcombinesroadnetworkdataor
POI(PointofInterest)datasetandroadnetworkmatching,trajectorysamplingpointsaremappedto
roadnetwork,asemantictrajectorysequenceisformed.Roadnetworkmatchingplaysanimportant
role in assessing traffic flow, guiding vehicle navigation, predicting vehicle driving routes, and
findingfrequenttravelroutesfromdeparturetodestination.However,matchingcalculationsbetween
multi-layernetworks,multiplecompressionanddecompressionbotharerelativelycumbersomeand
difficulttoimplementinbatches.

In the study of frequent sequence mining of trajectories, classic algorithms include Apriori
(Agrawal R & Srikant R,1994), AprioriAll (Srikant R & Agrawal R,1995), GSP (Srikant R &
AgrawalR,1995),SPADE(ZakiMJ,2001)andPrefixSpan(PeiJ&HanJW,2004).Amongthem,
theAprioriAllalgorithmisafurtherimprovementoftheApriorialgorithm.Thealgorithmconsiders
theorderofelementsinthegenerationofcandidateitemsetsandfrequentsequencepatterns.GSP
isbasedonApriori’shorizontalformattingmethod.SPADEusesaverticalformatbasedonApriori
tomineallfrequentsequencesetsfrommanysequencedatasets.ThePrefixspanalgorithmisan
algorithmthatgeneratesfrequentsequencesbasedontherecursivegrowthofprojection.In2013,
a Time Period-based Most Frequent Path (TPMFP) query was proposed (Luo W, et al., 2013),
frequentpatternwasusedtomining,themostfrequentpathinaspecifictimeperiodisfoundfrom
alargeamountofhistoricaldata.itguidestheshortestpathquery.In2015,afrequentpathsequence
mining algorithm PMWTI (Path Mining With Topology Information) was proposed, logistics
networktopologyinformationisconsideredinPMWTI(YangJY,etal.,2015).Thisalgorithmis
animprovementofApriori,andfurtherpruneswhengeneratingcandidatepathsequences,thesize
ofcandidatepathsequencesisreduced.ExperimentalcomparisonresultsshowthatPMWTIhas
ahigherefficiencyof frequentpathmining. In2014, the fine-grained sequentialpatternmining
ofspatio-temporaltrajectorieswasproposed(ZhangC,etal.,2014).Positionpointsincontinuous
spacearenotsuitableforsequentialpatternmining,anditemscomposedofpositionswiththesame
semanticsaremoresuitableforthissituation.

Thestudyof spatial trajectorysimilarity is themainmethod toquerysimilar trajectories in
thetrajectoryset,thatistoreducethenumberoftrajectories.Sincemanytrajectoriescarryalarge
amountof text information, the studyof spatial trajectory similarity considers thedistance, and
lackstextinformation.Inresponsetothisproblem,theconsiderationoftextsimilarityisaddedon
thebasisofspatialsimilarity(GaoYQ,etal.,2020),andtheentirespaceisgridded,andtherange
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queryisperformedbycalculatingtheupperandlowerlimitsofthespatialtextsimilarity,thefinal
resultisobtained.Afuturelocationpredictionmodelwasproposedforminingsemantictrajectory
information(ZhangJL,etal.,2019),itwascombinedwithtravelmode.Thismodelcanfirstrealize
similaruserminingbasedonsemantictrajectory,andindividualsemantictrajectoryiscombined
withsimilaruserlocationtrajectory,afrequentpatternsetisobtained.Finally,thetargettrajectory
isusedtoobtainthefuturelocationpredictioncandidateset.Theidentificationofthefuturetravel
modecanberealized,thehistoricaltravelmodeandlocationtrajectorydataarecombinedtoestablish
aMarkovmodel,thefuturelocationispredictedtoobtainthecandidateset,andthecandidatesetof
thepreviouspartisfinallycombinedtoobtainthefinalfuturelocationresults.Thismodelcannot
onlycombinesemantictrajectoriestominesimilaruserbehaviors,butalsoexternaldataoftravel
modesareintegratedtoovercomethelimitationsoflocationtrajectories.

The above methods are clustering and mining common stay points from the trajectories of
multiple users, discovering frequent patterns, and analyzing and using these information. These
methods are conducive to extracting public attributes of similar populations. It can be used to
generatelocation-relatedrecommendationsincollaborativerecommendation.However,duetothe
group-basedanalysis,thereisnosemanticmininganalysisofindividualbehaviorpatterns,sothe
semanticbehaviorcharacteristicsofindividualuserscannotbeidentified.Inordertoanalyzethe
frequentpatternsofasingleuser’strajectory,andpeopleisfacilitatedtounderstandthemeaningof
thefrequentpatterns,andtheamountofcalculationisreduced.Inthispaper,asemantictrajectory
compressionandclusteringmethodisdesignedbasedoninversegeocoding.

2. SeMANTIC TRAJeCToRy FReQUeNT PATTeRN MINING MoDeL

2.1 Problem Description
Auser’strajectorydatasetoveraperiodoftimeisgiven,ageographicsemanticlabeldatasetis
generatedbyreversecoding,thecandidatestartingpointsequenceorendpointsequencearemerged
basedonsemantics,andthemostfrequentgeographicsemanticsequenceanditssimilarityaresolved
fortheanterogradeandretrogradedirection.Combiningthetimesliceattributes,itispossibleto
digintotheTop-kgrouppersonalschedulebehaviorpatternoveraperiodoftime.Ifthismethodis
appliedtoamulti-usergroup,theschedulebehaviorpatternsofmultipleuserscanalsobeobtained,
whichcanrealizetheminingofneighborhoodandcolleaguerelationships,anditcanalsoprovide
candidategeographictags,directionsandcandidatetimeperiodsforapplicationssuchascarpooling.

2.2 Formal Definition

Definition 1:Thelocationrecordgatacertaintimecanberepresentedbyatriplet:g = (u,l,t),whereu
representstheuserID,lcontainsthelongitudexandthelatitudey,andtrepresentsthetimestamp.

Definition 2:TrajectoryTu.useruisgiven,itstrajectoryTuisasequenceoftriples,<u1,l1,t1>,...,
<ui,li,ti>,...,<uN,lN,tN>,whereNrepresentsthelengthofthesequence.Thetuplesarearranged
intheorderoftimestamp,andtheuser’spathcanbeobtainedbysortingtimestamp,Tu = g1 
→g2 →… →gi →… → gN.

Definition 3:StayingpointP.Thetimestampofthetrajectorycanbeusedtocalculatethetimeof
theuserstaysatthelocation.Ifthetimetheuserstaysatacertainlocationexceedsthethreshold,
itmeansthatsuchlocationinformationmaygeneratemoreinterestingevents,andmostlocations
withashortstaymaybejustpassingsections.P = <g, ∆t>isthecombinationoflocationrecord
andtimewindow.Eachtimetheuserstaysatacertainlocation,thestaypointinformationwill
beleft.However,duetoaccuracyanderror,similarbutdifferentPmaybedifferentlocations.
Itmayrepresentalocationwiththesamesemanticsintherealworld,suchasastoreoratourist
attraction.
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Definition 4:trajectorysemanticlabelSL,SL = (l,φ),whereφ ={x|x Î A},itrepresentsthesemantic
labelinformationwhichisattachedtothepoint,xincludesstructuredaddress,direction,nearby
POIpoints,etc..Theinversegeocodingaddressbasedonthecoordinatevalueisusedasthe
semanticlabelinthisarticle.

Definition 5:AccordingtoDefinition4, thesemantic trajectoryorsemantic trajectorysequence
TS = [SL1,SL2,…,SLn]isasequence,itiscomposedofaseriesoftrajectorysemantictagsinthe
originalcoordinatesequence,whereSLi = (li,φi)containsthetrajectorypointliattimeiandthe
semanticlabelinformationφiofthepoint.Whenthegeocodingaddressisusedasthesemantic
label,φiisthecharacterstringwhichisdefinedbythegeocodingdatastructure,andthesemantic
trajectoryisachronologicalorderof<location,Addressstring>table.

Definition 6:Frequenttrajectorysequence.AsequenceTScontainingkitemsiscalledanitemsetTS,
andthelengthofTSisk.Tfisanon-emptysetconsistingofoneormoreitems.IfTf Í D,Tf 

1 Æ,
thentheitemsetTfissaidtoappearintransactionD.IftheitemsetTfisfrequent,ifandonlyifTf
appearsinDnotlessthanθ|D|,whereθ(0 <θ £ 1.0)istheminimumsupportwhichisgivenby
theuser,itisexpressedbyminSup,|D|representsthenumberoftransactionswhichisincluded
inthedatasetD,andθ|D|istheminimumsupportcount,whichisrepresentedbyminCount.

Accordingtotheaboveseriesofdefinitions,itcanbeseenthatsemantictrajectoryfrequentpattern
miningisactuallytheprocessoffindingallfrequentsubsequencesTfthatsatisfytheminimumsupport,
whenthesemantictrajectorydatabase{TS1,TS2,...,TSn}andtheminimumsupportminSuparegiven.
Inthisarticle,theuser’sgeographicsemantictrajectorydatasetisusedtominefrequentitemsets
thatmeettheminimumsupport,soastodiscovertheuser’sfrequentpatternsanddisplaythemin
theformofgeographicsemanticsequences.

SequencedatabaseS ={TS1,TS2,...,TSn},αandβarefrequentsubsequencesofS.Theyconform
tooneofthefollowingtwotheorems.

Theorem 1:IfforeveryTSi Î S,thereisaprefixsubsequenceβ = φi, i = (1,2,...,k),andthereisα Í 
φi,andαisbeforetheitemsetβbelongsto.

Theorem 2:IfonlypartofTSi Î Shasaprefixsubsequenceβ,α Í φi,andαisbeforetheitemsetβ
belongst,allotherTSj (j 

1 i)andβdonotconstituteasuffixrelationship.Theninthesequence
databaseS,thesequencepatternsetisprefixedbyαandalsoprefixedbyβ,itisthesameasthe
sequencepatternsetwhichisprefixedbyβinthesequencedatabaseS.

Accordingtotheabovetheorem,theminingoflongfrequentsequencepatternscanbeconverted
intothecontinuousminingoftwoshortsequencepatterns.Whenconstructingtheprojectiondatabase,
bycheckingtheprefixofthesequenceprefixandcuttingouttherepeatedprojectionsofthesame
frequentprefix,thecalculationefficiencycanbeimproved.

3. SeMANTIC TRAJeCToRy PRePRoCeSSING 
BASeD oN INVeRSe GeoCoDING

3.1 Candidate Start and end Are Generated According To 
Segment Cropping And Sliding Filtering of The Stay Time
ThetimestampTiinthehistoricalcoordinatetrajectoryTudataofasingleuserisconvertedtoa
continuoustimevalueformat.IfTi + 1-Ti <Tthresh,itmeansthatTi + 1andTibelongtothesamesub-
trajectory,otherwisetheybelongtotwodifferentsub-trajectories.Trajectory,Tthreshrepresentsthetime
intervalthreshold,whichcanbesimilartotheusualparkingtimeforworkorresidence.According
tothismethod,eachuser’shistoricaltrajectorydatacanbedividedintomultiplecontinuoussub-
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trajectoriesT1
V, T

2
V,...,T

m
V.Thestartingpointandendingpointofeachsub-trajectoryarekeypoints,

whichdefinethegeographicalboundariesofamovementbehavior.
Then, thesub-trajectoriesTi

V, i = 1,2,...,marefiltered.Dueto the influenceofobstructions,
weather,andelectromagnetic interference, theremaybeburstnoise in thetrajectorydata,which
requiresfiltering.Themedianfilterprocessisbasedontherankingoftheimagescontainedinthe
imageareaprotectedbythefilter,andthenthevaluedeterminedbythestatisticalrankingresultis
usedtoreplacethevalueofthecentralarea.Theimpulsenoise(suchasthesaltandpeppernoise)
canbefilteredverywellinthemedianfilter.Inthispaper,themedianmethodisusedtosmooththe
burstnoiseinthetrackpoints.Itshouldbenotedthatthesub-trajectoriesshouldbedividedbefore
filtering,otherwisethetwopointsbeforeandaftertheintervalexceedsthethresholdmayseriously
reducethefilteringperformance.

3.2 Semantic Track Conversion and Compression
Since trajectory coordinates are often accurated to 13 digits after the decimal point, the same
geographiclocationmaybecorrespondtomultipledifferentcoordinates,itwouldcauseredundancy,
andtrajectoryanalysisbasedonpurecoordinatevaluesisdifficulttogivetheactualphysicalmeaning
orexplanation.Thecoordinatesequenceisconvertedintoapositionlabelsequencecontainingactual
semantics,andthenvariousanalysesareeasiertounderstandandapply.Limitedtothetechnical
conditionsatthetime,thereversegeocodingconversionfromcoordinatevaluestosemantictags
wascarriedoutthroughtheyellowpages(Cao X, et al.,2010),whichgreatlylimitedtheconversion
efficiencyandpreventeditfrombeingpopularizedandapplied.Withthedevelopmentofgeographic
location service platform technology in recent years, cloud platform-based API services have
becomequitemature.Forexample,AutoNavi’sWebAPIinterfacecloudservicecanprovidebatch
reversegeocodingconversionservices,analyzetheadministrativedivisionofcoordinates,andrecall
surroundingareas.POIdatawithhigherweightisusedforlocationdescription,andthedailyfree
limitforasinglekeyIDis6thousand.InversegeocodingreturnstheaddressstructureinJSONor
XMLform.Thehierarchyrulesare:province+city+districtsandcounties+developmentzone+
town+village+street(commercialdistrictorpointofinterest)+housenumber.

Afterthetrajectoryisconvertedtoageotag,thecoordinatevaluedataisreplacedbyanaddress.
Someconsecutivecoordinatepointsareusuallythesamestreetorthesameplacename,andthey
maybeinverselyencodedbyGIStothesameaddress,whichprovidesthepossibilityoftrajectory
compression.Asimplecleaningandcompressionstrategyistomergecompression,iftheaddressof
thepreviousitemisthesameastheaddressofthenextitem,onlythepreviousitemisretained,the
latteritemisdeleted,andthenthenextitemistraversed.Thisstrategycancompressandretainkey
informationsuchastracknamesanddirections,anditiseasytocalculate.Forexample,inthetest
dataset,thereareatotalof7095setsofdatawithusercoordinatevalues.Afterinversegeocoding
conversion,atotalof2026itemsofaddressdataarecompressedaccordingtothisstrategy,andthe
compressionratioisabout(7095-2026)/7095=71.81%..

Butevenforthebigdataanalysisplatform,theresultofthecombinedcompressionisstillbeyond
thecomputingpower.Forexample,whenthetestusersequenceiscalculatedonthetestmachine,
thetotallengthoftheitemsetsconstitutingeachsequenceis2026items,thesparkMllibprefixspan
algorithmisusedtosearchforfrequentpatterns.Iftheoutputisrestrictedtoonlyfrequent2item
sets,ittakes13s,andtheoutputisrestrictedto6items.Thecollectiontimetakes33min,andthe
outputtimeof7-itemcollectionexceeds5h.Longerfrequentsequencesmeandeepersearchdepth
andcomputationalcomplexity.Itcannotbecompleteduntilthecalculationoverflows.Theoretically,
thetotalnumberofsequencecombinationstobesearchedandalignedis2026!−1=2.65×e5821,sothe
itemsetmustbefurthercompressedorthisproblemmustbeavoided.
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3.3 Pattern Mining Algorithm of Reverse Geocoding Sequence
Inthesemantictrajectory,afrequentaddresssequenceexceeding10differentaddressesisahigh
probabilityevent,andthedirectsolutionofaverylongsequenceoftenexceedsthecomputingpower.
For this reason,a sequencepatternminingalgorithm isproposed in thispaperbasedon reverse
geocodingRGA(ReverseGeocode-basedApriorimining),frequentpatternminingofsingle-user
multi-semantic trajectories isachieved: theApriorialgorithm is firstused tomine thecandidate
Top-kmostfrequent1-itemsetand2-itemsetsequences,andthenthecontinuitycharacteristicsofthe
trajectoryandfrequentfeaturesareusedtoreasonablelarge-scalebranchingandpruning,andthen
thefrequentsequenceminingisdisassembledintohierarchicalfrequentsubsettobecalculationed,
andregularoperationsareset.Theefficiencyofthismethodforfrequentpatternminingofsemantic
trajectorysequencedataishigherthanthatofthetraditionalApriori,FPGrowth,andPrefixSpan
algorithms.Theessence is touse thefrequentnatureof trajectories todecomposeadeepsearch
calculationintooperationandmergeofmulti-layersubsets.TheRGAalgorithmperformsmining
accordingtothefollowingsteps:

Step 1:Afrequent1-itemsetoflength1isobtained.ScanTSonce,allfrequentitemsarefound
accordingtothesupportdegreeoffrequentitems,eachfrequentitemisasequencepatternof
length1,thefrequentitemsaresortedaccordingtotheirsupportdegreefromlargesttosmallest,
andTop-kofthemostfrequentitemsetsarekeptascandidateitemsets,andkcanbesetto2~5
inthispaper.Butatthistime,duetothedifferencesinthelinkfieldsintheaddressstructure,
frequent1 itemsetsmaybe repeated, suchas [wuchangdistrict027community] [wuchang
districtxiongchuavenue28,027community][wuchangdistrictyitongpreschooleducation027
community].Thesethreeaddressitemsactuallypointtothesamecell,whichbelongstothe
continuoustrackatthestartingpoint.Inordertoreducetherepetitiveitemset,thedifference
ofeachaddressstructurefieldofthefrequent1itemsetcanbedistinguished.Iftheaddress
abovethevillageandthehouseaddressintheaddressstructurearethesame,butonlythestreet
orbusinessdistrictaddressisdifferent,itcanbemergedintoafrequent1itemsettoobtaina
reducedTop-kcandidateitemset.Themergejudgmentprocesscanalsobeperformedbefore
scanninggeton.Throughthisstep,thecandidatestartingpointandcandidateendingpointofthe
mostfrequentpatterncanbefound,andalltrajectorysequencesT1

si (iÎ[1~k])containingTop-k
candidateitemsetscanberetainedandothertrajectorysequencescanbeclipped.

Step 2:Thetrajectorydirectionisfoundbasedonthestartingpoint.Forthemostfrequentitemsin
theTop-kcandidateitemset,scanTk-1

si,thecorrespondingprojectiondatabaseisbuilt,andthe
frequent2itemsetscontainingthemostfrequentitemsareoutput.Ifthemostfrequentitemis
aprefix,itmeansforward,andifitisasuffix,itmeansbackward.Accordingtothedirection,
acandidatetrajectorysequenceTk-2

sFiorTk-2
sBj (i,j Î[1,k])containingfrequent2itemsetscanbe

constructed.ContinuetotraversethenextitemintheTop-kcandidateitemsetuntilallmining
iscompleted.

Step 3:ThesetintersectionoperationisperformedonTk-2
sFiorTk-2

sBjrespectively.Thecomparison
andintersectionoftheaddresssequencecanbesolvedbyahashtable,thatis,thesequenceAis
storedinthehashtable,andthenthesequenceBisstoredinthehashtable.Ifahashcollision
occurs,add1tothestatisticstoindicatetheintersection.Finally,theintersectionofthesequence
canbeobtained.Assumingthatthelengthofthehashtableisn,thetimecomplexityofthis
calculationisO(n).Throughtheintersectionoperation,themostfrequentsequencesetsinthe
forwardandretrogradedirectionscanbeobtainedrespectively.Ifyouneedtosolveinmultiple
directions,continuetoscanandoutputfrequent3-itemsets,andrepeatthestepsfromsteps2to3.

TheaboveminingframeworkisshowninFigure1.Throughthismining,users’mostfrequent
locationsandtheiraddresssequences,sub-frequent locationsandtheiraddresssequencescanbe
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obtained,fromwhichpotentialcarpoolingneedscanbediscovered,andintelligentrecommendations
canbegenerated:

(1) Foruserswithfrequentaddressesthatoverlap,theycandirectlyrecommendcarpoolingwith
eachother,travelcostsarereduced;

(2) Whenauserwhodoesnothaveahistoricaladdresstaginsertsacarpoolingrequest,aslongas
thesefrequentaddressesareinquired,theclosestcarpoolrecommendationcanbegiven;

(3) Itcaneffectivelyorganizemultiplecarpoolingdemandsalongfrequentroutes.

3.4 Inverse Geocoding and Frequent Sequence Mining experiment
Inthisexperiment,GPSdatafrommultipleprivatecarsarecollectedinWuhanforthreemonths.
ThebasicdatatypesintheoriginaldataincludevehicleterminalIDidentificationnumber,latitude
and longitude, time stamp, etc. The data format after privacy clearing is ABOXPhoneNum is
354071018570591,Latitudeis30.62255904,Longitudeis114.3160127,CreatTimeisin2019/11/13
-07:45:05.

Thefollowingonlyselectsuserdatawith theterminalIDof354071018570591toshowthe
frequenttrajectoryextractionmethod.Thetotalamountofdataisgeneratedbythissingleuserduring
theinterceptionperiod,itis7100.

BecausesomeconsecutivecoordinatepointsareinverselycodedintothesameaddressbyGIS,
resultingindataredundancy,thedataissimplycleanedandcompressed.Theaddresscompression
algorithmusedhereisdescribedasfollows:

Intheabovealgorithm,Geoseqs(gecode,time)representssetofalllocationinformation,and
eachpieceofinformationcontainsaninverselyencodedaddressandatimestamp.λtimerepresents
thethresholdtime,k1andk2representthemaximumlengthofthesequencetobesought,minsup1,

Figure 1. Semantic frequent trajectory extraction framework
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minsup2representtheminimumsupportforscreeningsequencesoflengthk1andk2,respectively.
Thenthepositioninformationsetseqsetistraversed,scanT1

s,andthefrequentitemsareprojectedin
turnaccordingtothesupportoffrequentitems,and2itemsetisoutput,itcontainsTop-kcandidate
item sets. According to the support of frequent items, the corresponding projection database is
constructed,andeachitemisminedrecursively.Afterfurtherpatternmining,thefrequentcandidate
addresssequenceoftheuserisobtainedduringtheinterceptionperiod.Thesupportk = 0.3,the
maximumfrequentsequencelengthis10,thelongestfrequentsequenceisobtainedbytraining,itis
displayedasadarkpathafterdatavisualizationonthemap,andthelightcoloristhesecondfrequent
sequencepath.

4 SeMANTIC TRACK FReQUeNT PATTeRN CARPooLING

4.1 Description and Formalization of Carpool Problems
Carpoolingdemandcanbedividedintotwotypes,singlecarpoolingandrelay-basedcarpooling.
Carpoolingdemandcancomefromtheactiverequestofpassengersortheactivediscoverybased
on trajectory. Based on the frequent paths of users obtained by mining, demand matching and
recommendationcanbeperformedbasedonfrequentitemsets.

Algorithm: PatternGeneration //Algorithm name

Parameter:Geoseqs(geocode,time),λtime, k1, k2, minsup1, minsup2//parameter

1.newseqset=geoseqi//Seqsetisusedtostoretheresultofcleaningandcompression

2.foreachgeoseqiinGeoseqsdo

3.if(geoseqi+1.time-geoseqi.time>λtime)then//selectpointsofinterest

4.newseqi+1=geoseqi+1

5.appendseqi+1toseqset//storeintheresultset

6.elseif(geoseqi+1.addr==geoseqi.addr)then//Compareconsecutiveaddresses

7.deletegeoseqi+1//Iftheaddressisthesame,onlykeeponeitem

8.elseAppendgeoseqi+1toseqi//mergeitems

9.foreachseqiinseqsetdo//Savefrequentitems

10.sub1_prefixs=generate_1_size_freqitem(seqset,minsup1)//generate1itemset

11.new_projs=generate_proj(seqset,sub1_prefixs)

12.if(sizeof(sub1_prefixs)>k1)thenbreak;

13.foreachseqiinsub1_prefixsdo//Traverseaset

14.if(seqi.geoseqi+1.subaddr==seqi.geoseqi.subaddr)

15.thendeleteseqi.geoseqi//Mergeduplicatesets

16.foreachsub1_prefixs[i]inseqsetdo

17.sub2_prefixs=generate_2_size_freqitem(seqset, minsup2)//generate2itemset

18.final_projs=generate_proj(new_projs,sub2_prefixs)

19.if(sizeof(sub2_prefixs)>k2)thenbreak;

20.foreachprojectioniinfinal_projsdo

21.patterni=projectioni.seqi+1Çprojectioni.seqi//Frequentsequenceintersection
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TRi =(L1,L2,…,Lk) representsafrequentsequenceofaddressesofvehicleCiwith lengthk in
acertainperiodof time. If therearemultiplecarpoolingdemands in the samearea in the same
periodoftime,Nj ={sj,dj,tj},jrepresentsthedemandnumber,tjistheagreedtimeofboarding,sj,dj
representthesourceanddestinationpointsoftheboardingrespectively.Thelongestwaitingtime
Tforcarpoolerscanbesetto5min.Tsim(vs,TRi)representsthewaitingtimeforcarpoolerstoboard
thecar.IfthewaitingtimeforcarpoolersisshorterthanT,andthecarpoolingsourceisawayfrom
theboardingpoint,IfitislessthanS,itisconsideredthatthecarpoolerandthevehicleareinthe
sametemporalandspatialneighborhood.Fromasystemperspective,thecarpoolingproblemcan
betransformedintocarpoolingparties,theydonotchangethedrivingtrajectoryoftheprivatecar
asmuchaspossibleanddonotlimitthecarpoolingmode,thecarpoolsuccessrateandtimeand
economicbenefitsareoptimized.Sincethereisapositivecorrelationbetweenthecarpoolingsuccess
rateandthepathmatchingdegree,thesolutionofthisproblemcanbetransformedintothefollowing
twoobjectivefunctions:

max
i C x y V

x y
iX

∈ ∈
∑∑

,
,

 (1)

min ± ²×∑ + ×∑ +( )T M
cost cost

 (2)

The meaning of formula (1) is to select the carpool route with the largest matching rate
correspondingtoacertaincarpooldemand.Xi

x,yrepresentstheprobabilityofthevehiclefrompoint
xtopointy,Xi

x,y = 1meansthatvehicleicantravelfrompointxtopointy,otherwiseXi
x,y =0.V

represents the set of ridepoints for carpooling requirementsduring thevehicledrivingprocess,
andCisthecollectionofallvehiclesthatcompletethecarpoolingrequirements.Themeaningof
formula(2)istheoptimizationoftimecostandeconomiccostofpassengercarpooling.αandβare
thecoefficientsoftimecostandeconomiccost.Thelargerαindicatesthatthedemandhasstrict
timerequirements,andthelargerβindicatesthedemandhopekeepfaresaslowaspossible.The
coefficientcanbeadjustedaccordingtotheactualsituation.Multi-objectiveproblemscantakethe
formofequation(2)withleverageweightedoptimization.

4.2 Carpool Recommendation Algorithm Based on 
Frequent Sequences of Semantic Trajectories
Carpooling demand is often matched with the help of complex calculations, and the Hausdorff
distancealgorithmisimprovedtomatchthecarpoolingdemand(CaoYY,etal.,2012;LiuC,etal.,
2017;ZhangCD&BieZN,2019).Thedistanceiscalculatedbetweenlocationpoints,itisusedas
thebasisfordemandmatching(GuoH&WangLX,2017).Theabovemethodsareallcomplicated
intermsofcalculationdegree.Basedonthis,inthispaper,acarpooldemandmatchingalgorithmis
proposedbasedonfrequentsequencesofsemantictrajectories.

TheLevenshteindistanceisoftenusedtocalculatethedifferencebetweentwosetsofdata,and
itisusedforthesimilaritybetweenstringsequences(JiangH,etal.,2014).TheLevenshteindistance
wasproposed in1965by theRussianmathematicianVladimirLevenshtein.Assuming thereare
sequencesaandb,theLewinsteindistancecalculationisformula:
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Accordingtotheformuladefinition,thegreatertheLevinsteindistance,thelowerthematching
degree,thatis,thetwoshowaninverserelationship.Multiplegroupsofuserrawdataisselected
for frequent pattern extraction, amulti-user trajectory frequent sequence setTRset is established,
TRset ={TR1,TR2,…,TRi} (0 £ i £ K),supposethereareKfrequentsequencesinTRset,eachfrequent
sequenceismarkedasTRi = <l1,l2,...,ln>,wherelrepresentsthefrequentitemofthesemantictrack
inthefrequentsequence.

Levenshteindistancecalculationprocess

Inthesametimeperiod,thereareJcarpoolingdemands,Nj = (sj,dj)(0 £ j £ J),sj, djarerespectively
representedascarpoolingsourcepointandcarpoolingdestinationcorrespondingtocarpoolingdemand
Nj.Accordingtothedefinitionofroutematchingdegree,thematchingdegreerange[0,1]isdefined,
andtheimprovedroutematchingdegreecalculationmethodisformula(4):

Function: Get the distance of the two given strings

StepDescription

1Setntobethelengthofs.

Setmtobethelengthoft.

Ifn=0,returnmandexit.

Ifm=0,returnnandexit.

Constructamatrixcontaining0..mrowsand0..ncolumns.

2Initializethefirstrowto0..n.

Initializethefirstcolumnto0..m.

3Examineeachcharacterofs(ifrom1ton).

4Examineeachcharacteroft(jfrom1tom).

5Ifs[i]equalst[j],thecostis0.

Ifs[i]doesn’tequalt[j],thecostis1.

6Setcelld[i,j]ofthematrixequaltotheminimumof:

a.Thecellimmediatelyaboveplus1:d[i-1,j]+1.

b.Thecellimmediatelytotheleftplus1:d[i,j-1]+1.

c.Thecelldiagonallyaboveandtotheleftplusthecost:d[i-1,j-1]+cost.

7Aftertheiterationsteps(3,4,5,6)arecomplete,thedistanceisfoundincelld[n,m].
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M(Nj,TR) is calculated according to Levinstein distance, it is suitable for single carpool
recommendation,becauseasinglecarpoolmeansthatuserA’sfrequentsequencesetincludesoris
includedinuserB’sfrequentsequenceset.Ifthegeocodingofthestartpointandtheendpointofthe
twoarethesame,thematchingdegreebetweenthetwoisconsideredtobe1.IfthefrequentsetTm

sA 
É Tn

sB,itindicatesthatthetrajectoryofuserBfallsontheintervalofuserA,thematchingdegreeis
calculatedaccordingtothesequencesimilarity.Forrelaycarpooling,theimprovedalgorithmbased
onLevinsteindistanceisapplicable.Supposethatthecarpoolingsourcepointsfallsonthefrequent
sequenceTRi,thatis,sÎ TRi,andthecarpoolingdestinationpointfallsonthefrequentsequenceTRi+k,
thatis,dÎTRi + k,andTRi Ç TRi + 1 Ç… ÇTRi + k 

1 Æ.Then,themultiplesequencesaresplicedintoa
newfrequentsequenceTRwiththeintersectionpointastheconnectionpoint,andtheLevinstein
distanceisreappliedtoobtainthesimilaritybetweenthedemandandthefrequentsequence.Finally,
formula(4)isusedtocalculatetheroutematchingdegree.

Alltheresultsareclustered,anappropriatethresholdisselected,andcarpoolingrecommendations
arefilteredwithhighmatchingdegrees.Afterthecarpooldemandmatchingalgorithmoffrequent
sequencesofsemantictrajectories,carpooldemandisallocatedtodifferentvehicles.Whenprivate
cars face multiple carpooling demands, in order to make the vehicles better provide carpooling
services,itisalsonecessarytocompareandrankthecarpoolingservicedemandswhichareprovided
bythevehicles,andthemostsuitabledemandisselectedfromthemtoprovidethecorresponding
vehicles.Whetherthecarpooldemandcanbemetismainlyaffectedbytimeandroutefactors.The
routematchingdegreehasbeendefinedabove,sothetimematchingdegreedefinitionisadded,and
thetwojointlyrestrictthedemandmatching.Thetimematchisasfollows:

Timematchingdegree:thetimedifferencebetweentheagreedridetimeTvsofthecarpoolerand
theactualcarpoolingtimeTRjofthepassengerisrecordedas∆t,∆t = |TRj-Tvs |,thelongerthe∆t,the
longerthecarpoolerorprivatecar’swaitingtime,thelowerthetimematchingdegree,thatis,the
timematchingdegreeisinverselyproportionalto∆t,soM(t) = α*1/∆tistaken,0 £ ∆t £ 5,andαis
thecoefficient.Insummary,thecomprehensivematchingdegreeM(Pj,Ci)isasformula(5):

M P C
M t M N TR N TR t

otherj i
j j( , )

( ) ( , ) ,
=

+ ⊆ ≤






α β ∆ 5

0
 (5)

M(Pj,Ci)isacomprehensivemeasureoftimematchingdegreeandroutematchingdegree.The
shorter the time difference between the agreed boarding time and the actual boarding time, the
higherthetimematchingdegree.Amongthefrequentcandidateaddressesofvehicles,theshorter
theintervalbetweenthestartingpointandtheendingpointofthevehicle,thehigherthedegreeof
routematching,andthegreatertheprobabilityofsuccessfulmatching.Inthecarpoolingmethodof
relaytransfer,TRrepresentssetoffrequentcandidateaddressesformultipleprivatecarroutes,and
thereisanintersectionbetweenfrequentaddressesofprivatecars,andPj Í TRrepresentsthatthe
carpooldemandissplitintomultipleprivatecarpoolers.Theseprivatecarrelaycarpoolingcanmeet
thecarpoolingdemand.Inaddition,thefewerfrequentaddressitems,thehigherthematchingdegree,
whichalsomeetstheneedsofcustomerstocompletecarpoolingwithasfewtransfersaspossible.
Insummary,thiscomprehensivemeasurementindicatorisapplicabletobothsingle-tripcarpooling
andrelay-ridecarpooling.
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4.3 experimental Design
10 sets of user data are selected to respectively perform inverse geocoding semantic trajectory
preprocessingandfrequentpatternextraction,theminimumsupportk = 0.3andthemaximumlength
offrequentsequencesMaxlen = 10 aretakenbythetest,frequentcandidateaddresssequencesare
obtainedduringtheinterceptionperiod.Integratingallfrequentcandidateaddresssequencescan
drawamulti-userfrequentroutemap,itisshowninFigure2.

Thefrequentsequenceaddressesareobtainedfromthe10groupsofuserdata, theycontain
multiplefrequentitems.Foreaseofunderstanding,thesequenceelementsofeachgroupoffrequent
addressesarenumberedinturn.Forexample,(1XiongchuAvenueViaduct,7:35)meansthatthe
addressitemnumberis1,theaddressisXiongchuAvenueViaduct,andthetimestampis7:35.After
numbering,Matlabisusedtorandomlygeneratethestartandendpositionnumbersandtimearrays
fromthefrequentaddressitemnumbers.Thetwoarecombinedintoacarpooldemandlist,thelist
isshowninTable1.Toensuresufficientexperimentaldata,ifthegenerateddemandcompletely
overlaps,itwillbemergedintoone.Thefrequentaddresssequenceisbuiltintothedatabase,the
frequentitemofcandidateaddressisusedasthekeybytheHashalgorithm,andtheroutemarkID
wherethefrequentitemislocatedisusedasthevalue.TheapplicationoftheHashalgorithminthe
latermatchingwillgreatlyimprovetheefficiencyofsearchandcomparison.

Whenthedemandismatchedtothevehicle,theroutematchingconstraintandthetimeconstraint
needtobeconsideredatthesametime.Thedataformatintheaddresscompressionalgorithmis(s, 
d, t),whichrespectivelyrepresentthestartingpoint,endpointofthecarpooldemandandtheagreed-
upontime.Foruserswhosestartingpointandendingpointareexactlythesameorwhosefrequent
setsare included,priority recommendationscanbegenerated.According to thecarpooldemand
matchingalgorithmofthefrequentsequenceofsemantictrajectories,thestartingpointandendpoint

Figure 2. Multi-user frequent roadmap
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ofcarpooldemandarefirstsearchedinthefrequentsequencedatabase,theLevinsteindistanceis
calculated,andthentheroutematchingdegreeisobtained.

Carpoolrecommendationsareselectedwithamatchingdegreehigherthan0.75.Theresultsof
thefirstdemandallocationareshowninTable2.The“Single”columncontainsalltherequirements
thatcanbedirectlymatchedbasedonthefrequentsequencelibrary.The“Transfer”columnlists
therequirementsthatpassengerscanmeetbymultipleprivatecarsundertheconditionofaccepting
therelay-basedride-sharing.ThedatacolumninTable3showsthematchingprocessbetweenthe

simulateddemandandthevehicle.Forexample,(2818¯)meansgettingonthecarataddressnumber
28andgettingoffataddressnumber18.

It can be seen from the first matching table that carpooling needs are divided into several
categories: carpooling requirements are not met, single carpooling is completed, transfer-type
carpoolingiscompleted,andeithersingleortransfer-typecarpoolingiscompleted.Certainvehicles

Table 1. Carpool demand list

Number Carpool demand list Number Carpool demand list

1 (12,7)7:51 11 (32,39)7:14

2 (27,18)7:31 12 (17,5)7:56

3 (30,28)7;38 13 (13,10)7:49

4 (4,28)7:16 14 (30,9)7:39

5 (3,5)7:49 15 (32,18)7:11

6 (29,34)7:30 16 (35,36)7:30

7 (15,5)7:01 17 (32,24)7:19

8 (2,31)7:39 18 (34,39)7:28

9 (32,25)7:14 19 (37,14)7:23

10 (16,17)7:22 20 (20,23)8:00

Table 2. First demand matching

Vehicle Demand ID (pick-up point, drop-off point) Single Transfer

One 5(35¯),8(23¯),8(25¯), 5 8,13,

Two 13(910¯),13(610¯), 14,16

Three 14(69¯),16(15¯) 10 14

Four 13(139¯),13(136¯) 20 2,4

Fives 14(139¯),14(136¯) 2,4

Six 2(1718¯),4(417¯), 3 2,14

Seven 10(1617¯) 15 2,9,11

Eight 20(2023¯) 5,16 8,16

Nine 2(2717¯),4(1728¯) 17

Ten 3(3028¯),14(3013¯) 18 9,11



International Journal on Semantic Web and Information Systems
Volume 18 • Issue 1

14

canmatchmultiplecarpoolingneeds.Intheoptimalroutemininginthisarticle,itisstipulatedthat
thesinglecompletionofthesamerequirementhaspriorityoverthecompletionbasedonrelaytransfer,
thatis,therequirementsthatcanbecompletedinasinglecarpoolcanbematchedtothevehiclefirst,
andforcarpoolswithmultiplecompletionmethods,thedemandneedstocalculatethecomprehensive
matchingdegreetoachievetheoptimaldemanddistribution.Carpooldemand5,8,13,14stillhave
multipleroutematchingproblems,sothecomprehensivematchingdegreeisfurthercalculated.

According to the comprehensive matching degree, the comprehensive matching degree of
requirements5,8,13,and14isobtained,theyareshowninTable3.Fortheallocationofeachdemand,
theoptionwithhighmatchingdegreeisselected,sorequirements5,8,13,and14areselectedto
matchforhigh-degreecarpoolroutes,Table4isthefinalresultmatchingtable.

4.4 Result Analysis
Theexperimentalresultsverifythatthecarpoolingmethodcanbasicallymeetpeople’srequirementsfor
carpooling.Basedonthefrequentsequenceofsemantictrajectories,thecarpoolingdemandmatching
algorithmfirstallocatesthecarpoolingdemandintheareatoeachvehicle.Thenforprivatecars
thatmaybeallocatedmultipleneeds,theoptimaldemandmatchingisbasedonthecomprehensive
matchingdegree.Becausethestricttimeconstraintsareadoptedbythiscarpoolingmethod(inthis
experiment,theagreedwaitingtimedifferenceandthetransferwaitingtimedifferencearenotmore
than5min),resultinginunsuccessfulmatchingofsomerequirements.Inactualapplications,itcan
beadjustedappropriatelyaccordingtothesituation,whichwillgreatlyimprovematchrateofoverall
demanddata.Inaddition,timematchingandroutematchingcoefficientscanbeflexiblyadjusted
accordingtopeople’stravelconditions,overallcarpoolingefficiencyisimproved.

Intermsofalgorithmcomplexity, theworst-casecalculationcomplexityof thisalgorithmis
O(mn + k),andthecalculationcomplexitybasedontheimprovedHausdorffalgorithmisO(kmn)

Table 3. Partial demand comprehensive matching

Demand ID Carpool Route 1 Carpool Route 2 Comprehensive matching 
degree

Match result

5 Eight One 11/25,7/15 Route2

8 One,Eight One,Eight 17/105,31/210 Route1

13 Two,One Two,Seven 1/6,31/210 Route1

14 Six,Two Six,Two,One 1/6,13/110 Route1

Table 4. Match result

Vehicle Demand ID Vehicle Demand ID

One 5,8,13,16 Six 3,14

Two 13,14 Seven 15,2,9,11

Three 10,4 Eight 16,8

Four 20 Nine 17

Fives 4 Ten 18,9,11
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(carpooling demand length is m, frequent sequence length is n, there is frequent sequence of k
trajectories).Therefore,ithasagoodeffectinreducingthecomputationalcomplexity.Basedonthe
Apriorialgorithminassociationrulemining,undercertainconditions,localimprovementsaremade
toimprovethetimeefficiencyofmining.Thisimprovementitselfdoesnotrequiremuchsystem
overhead,butitcanmakethealgorithmrunfasterinsomecasessome.FP-Growthalgorithmisused
inthispaper.TheApriorialgorithmistheleastefficient,becauseitneedstoscanthedatabasemany
times;secondly,theFP-Growthalgorithmperformspoorlyonlongtransactiondata,becausewhen
thetransactionisverylong,thedepthofthetreeisalsoverylarge,andthesub-problemsthatneed
tobesolvedchangeBecausetheEclatalgorithmhasthehighestefficiency,butbecausewehave
usedtherecursiveideainadvance,whentheamountofdataislarge,itwillbringahugeburdento
thesystem,soitisnotsuitableforlargeamountsofdata.Situation;ofcoursethereisatechnique
calleddiffsetthatcansolvetheshortcomingsoftheEclatalgorithm.Fordatasetswithdensepatterns,
theefficiencyof the threealgorithms is reduceddue to thegenerationofparticularlymanyand
relativelylongpatterns.Amongthem,theFPtreelevelintheFP-Growthalgorithmisdeeper,which
willgeneratemoresub-problems.TheEclatalgorithmrequiresalotofintersectionoperationsand
consumesalotofstoragespace,whiletheApriorialgorithmrequiresmorescansofthedatabase,so
theefficiencyisthelowest.

4.5 Contrast Test With Minimum Completion Time (MCT) Algorithm
670drivingroutesarerandomlyselectedinMinzuAvenue,GuanshanAvenue,NanhuAvenue,and
XiongchuAvenueintheroadmapofWuhan,HubeiProvince,China,andtheride-sharingdemandof
passengersissimulatedinacertainperiodoftime.Throughtrajectoryprocessing,thebestexcellent
carpoolingprogramisobtainedthepathsimilaritymatching.

ThecityroadmapofWuhaniscrawledfromGoogleMaps,andmorethan7,000roadsamong
themareinitiallyscreened.Thedrivingdistanceofurbantaxisisgenerally2kmto30km,theroute
between2kmand30kmisextracted.Asaresultofpreliminaryscreening,atotalofmorethan1,000
routesmeettherequirements.Next,theturningpointisextracted.Forsequenceswithmorethan10
turningpoints,theyarediscarded.Afterfinalprocessing,morethan670turningpointsequences
with2to10pointsareobtained,ofwhich60arecarpoolroutesforuserswhohaveboardedthecar,
and610arecarpoolroutesforuserswhoarewaitingtogetonthecar,theyareastheoutputresultof
trajectorypreprocessing.Inordertoverifytherationalityandnecessityoftheturningpointselection,
thepathdistancebeforeandaftertheturningpointextractioniscompared,asshowninFigure3.

Figure 3. Original path distance and processed path distance box plot
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Aftertheroutecomposedofpointsetsisprocessedasaturningpointsequence,theaverage
distanceofeachpathisshortenedby0.348km,andthestandarddeviationoftheaveragedistance
differencebetweenthetwois0.641km.Thisshowsthataftertherouteisprocessedasaturningpoint
sequence,Thereductionindistanceshouldnotbetoodrastic.Aftertheturningpointisextracted,
althoughthecalculationaccuracyisreduced,theoverallrunningtimeisgreatlyshortened,which
ensurestheon-demandmatchingofcarpoolrequestsandreducestheoverheadandburdenofserver
computing.

Afterpreliminaryscreeningof trajectorymatching, trajectorymatching isperformedon the
carpoolroute.Theturningpointsequenceofthetrajectoryofthepassengersthatneedcarpoolingis
setB,andtheturningpointsequenceofthetrajectoryofthepassengerswhohaveboardedthecar
issetA.MatcheachrouteinBwitheachrouteinA.Thedetailedexperimentalresultsareshownin
Table5.TheLevenshteindistancealgorithmandtheMCTcarpoolalgorithmarecomparedindetail
intermsoftheaverageuserwaitingtimeandthematchingsuccessrate.Theaveragewaitingtime
ofride-sharingusersisTotal_ prT(unith),andtheaveragewaitingtimecanbecalculatedbythe
formulaTotal_ prT =sum(timeDifference)/sum(Direction_sequence).

Wherein, timeDifference is the time that each carpool user needs to wait; sum(Direction_
sequence)isthetotalnumberofcarpoolusers.Success_rateisthematchingsuccessrate,thatis,
theratioof thenumberofcarpoolroutes thatmeet thecritical thresholdof thedetoursimilarity
measurementtothetotalnumberofroutes,whichcanbecalculatedbytheformulaSuccess_rate 
=sum(number)/(sum(Direction_sequenceB)×sum(Direction_sequenceA)),Sum(number)isthenumber
ofcarpoolroutesthatmeetthecriticalthresholdofthedetoursimilaritymeasure,sum(Direction_
sequeceB)×sum(Direction_sequeceA)isthetotalnumberofroutes.

AsshowninTable1,Misthecriticalthresholdofmatchingdegree,whichisusedtomeasure
thequalityofthematchingroute.ThelargertheM,thebetterthematchingdegreeofthematched
route,andtheshorterthewaitingtimeoftheuser.UnderdifferentM,theprosandconsofdifferent
algorithmscanbecompared.UndertheconditionthatthecriticalthresholdofmatchingdegreeM 
= 0.9andBandAhavebeensuccessfullymatched,theaveragewaitingtimeofusersinthecarpool
schemeisreducedby66.67%comparedwithMCT.AsthecriticalthresholdofmatchingdegreeM
becomessmaller,thematchingsuccessrateofOursmethodisgettinghigherandhigher.WhenM 
= 0.3,theoverallsuccessratereaches84.06%;althoughthecriticalthresholdofmatchingdegree
isreduced,theaveragewaitingtimeincreases.Butitisstill71.43%oftheMCTwaitingtime.This
showsthattheaveragewaitingtimeofOurscarpoolusershasbeengreatlyreduced,andthematching

Table 5. Comparison of algorithm performance under different matching degree M values

Matching degree Evaluation 
index Ours MCT Matching 

degree
Evaluation 

index Ours MCT

M=0.9
Total_prT/h 0.04 0.12

M=0.5
Total_prT/h 0.07 0.13

Success_rate/% 24.54 21.22 Success_rate/% 63.17 62.89

M=0.8
Total_prT/h 0.05 0.12

M=0.4
Total_prT/h 0.08 0.14

Success_rate/% 36.55 30.24 Success_rate/% 69.00 69.35

M=0.7
Total_prT/h 0.06 0.13

M=0.3
Total_prT/h 0.10 0.14

Success_rate/% 47.28 42.34 Success_rate/% 84.06 69.77

M=0.6
Total_prT/h 0.07 0.13

Success_rate/% 56.39 54.43
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successrateisstillmaintainedatahighlevel.Atthesametime,whenM=0.3,thesuccessrateofOurs
carpoolmatchingalgorithmisincreasedby14.29%comparedwithMCT,andthetimeisshortened
by0.04h,whichisbetterthanMCTcarpoolingalgorithm.

Whenevaluatingtheperformanceofcarpoolingalgorithms,theaveragewaitingtimecostof
passengersandthesuccessrateofroutematchingaretwoimportantindicators.Comparedwiththe
MCTalgorithmandthecarpoolingalgorithmwithouttimeconstraints,thenewlyproposedcarpooling
algorithmsavesmoretime.ThematchingsuccessrateoftheMCTalgorithmissignificantlylower
thantheproposedcarpoolalgorithm.Thealgorithmcomplexityisnotmuchdifferent,andtheMCT
carpoolalgorithmrequiresmorewaitingtime,sotheeffectivenessofthenewlyproposedalgorithm
isbetter.

5. CoNCLUSIoN

Carpoolingisameansofvehiclesharingbywhichdriverssharetheircarswithoneormoreriders
whosetravelitinerariesaresimilartotheirown.Assuch,carpoolingcanbeaneffectivewaytoease
trafficcongestion.WiththerapiddevelopmentofthemobileInternetandthewidespreadpopularity
ofsmartmobiledevices,theamountoftrajectorydatacarryingtextinformationhasgreatlyincreased,
andthesubsequenttrajectorysimilarityqueryresearchisalsoinfullswing.Theexistingresearch
onlocationpredictionmethodsmostlyfocusesontheminingandanalysisoftrajectorydata,but
theresearchonhowtoimprovetheaccuracyoflocationpredictionthroughtheinformationcontent
containedintrajectorydataandexternaldataisnotin-depth,andthereisalotofresearch.

Associationruleminingisaveryimportantresearchdirectionindatamining,anditisalsoa
long-standingtopic.Itsmaintaskistofindtheinnerconnectionbetweenthings.Frequentpattern
mining,correlationmining,associationrulelearning,Apriorialgorithm,etc.Theseseeminglydifferent
butessentiallythesameconceptshavebeenusedtodescribetherelevantcontentofdatamining.The
so-calleddataminingreferstotheuseofstatisticalmethodstodiscovervaluableandunknownlaws
fromacertaindataset.Classificationorclusteringmethodsareused,justtoexploretherelationship
betweenthevarioussubsetsinthedataset,tofindwhichthingsoftenappearatthesametime,which
thingsaredependentoneachother,andwhichthingshaveconnections.Inthispaper,basedoninverse
geocoding,thefrequentpatternsofthesemantictrajectorysequenceofasingleuseraremined,and
theobtainedfrequentpatternsareappliedtocarpoolingscenes.Experimentsfoundthatthissemantic
trajectory-basedcarpoolmatchingandrecommendationissuitableforsinglecarpooling.Itisalso
suitableforrelaytransferandcarpooling.Itscomputationalcomplexityislow,sothatuserscangeta
highmatchingcarpoolrecommendationwithoutchangingtheirdrivingtrajectoryasmuchaspossible.
Itcanbeusedforlocation-basedsmartrecommendationssuchascarpooling,HOVlanetravel,etc.
Theserviceproactivelyexploresneedsandprovideshigheraccuracyandtimelinessguarantees.HOV
lanes(High-OccupancyVehicleLane),alsoknownassharedlanesormulti-occupantlanes,arelanes
thatcanonlybeusedbyvehicleswithatleastacertainnumberofpassengersashigh-capacitylanes
intrafficmanagement.Vehiclesinthelaneincludebuses,carsortruckswithmorethan2people.It
isatrafficmanagementmeasureadoptedbytheUnitedStates,Canadaandothercountriestoimprove
theefficiencyofroaduse,alleviatetrafficcongestion,andpromotetransportationenergyconservation
andemissionreduction.Thetrackrecordstheuser’sactivitiesintherealworld,andtheseactivities
reflectpersonalintentions,preferencesandbehaviorpatternstoacertainextent.Theknowledgecan
beminedfromthetrajectoryinthismethod:(1)userbehavior,intention,experienceandlifestyleare
minedfrompersonaldata;(2)multi-persondataaregatheredtodiscoverhotspotsandclassicroutes;
(3)understandpeoplerelevancebetweenpeople,andthemodeofactivitybetweenpeopleandregions.

According to the trajectory dimension characteristics, the mining algorithm is divided into
location-basedtrajectoryfrequentpatternmining,activitycycle-basedtrajectoryfrequentpattern
miningandsemantic-basedtrajectoryfrequentpatternmining.Location-basedtrajectoryfrequent
patternminingusesdifferentsearchstrategies tomine frequently repeated locationsequences in
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spatiotemporaldatabases.Thealgorithmfeaturesaregeneralizedfirstsearch,depthfirstsearchand
graphmining.Itdoesnotconsiderobjectiveinformationofobjectssuchassemanticsandhabits.
Activitycycle-basedtrajectoryfrequentpatternminingistoconverttheusertrajectorysequenceinto
acollectionofpointsofinterest,andperformperiodicminingforthepointsofinterest.Thealgorithm
supportsfinetimegranularity,thealgorithmiscomplex,multipleintersections,anditsdataissparse
andincomplete.Thealgorithmisconducivetodatacompression,andduetothelimitationofdata
sparseness,thereisobviousuncertaintyinmininginformation.Semantic-basedtrajectoryfrequent
patternminingistogivesemanticinformationtospatialtrajectories,andtominefrequentsemantic
behaviorsfromthesetofsemantictrajectories.Algorithmfeaturesarethesimilaritymeasurement
ofsemantictrajectory,dwelltime,andsemanticbehavior.Itcombinessemanticinformationinto
frequenttrajectorymining,whichcanextractmotionlawsmoreefficiently.Thecharactersequence
alonecannotfullyexpressthesemantictrajectoryinformation.Semantic-basedtrajectoryfrequent
patternmininghasgraduallybecomethemainstream,anditwillpromoteintelligentandpersonalized
informationservices.
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