
DOI: 10.4018/IJEPR.2020010103

International Journal of E-Planning Research
Volume 9 • Issue 1 • January-March 2020


Copyright©2020,IGIGlobal.CopyingordistributinginprintorelectronicformswithoutwrittenpermissionofIGIGlobalisprohibited.



44

Research on Collective Human Mobility 
in Shanghai Based on Cell Phone Data
Xiyuan Ren, Tongji Universiity, Shanghai, China

De Wang, Tongji Universiity, Shanghai, China

ABSTRACT

Thehigh-frequencymobilityofamassivepopulationhascausedanenormousinfluenceontheurban
internalstructure,whichisunabletobedescribedbytraditionaldatasources.Whilerecentadvances
inlocation-basedtechnologiesprovidesnewopportunitiesforresearcherstounderstanddailyhuman
movementsandthestructureasawhole.Thearticleaimstoexplorehumanspatialmovementsand
theiraggregatedistributioninShanghaiusinglarge-scalecellphonedata.Thetrajectoryofeach
individualisextractedfromcellphonedataafterdatacleansing.Then,anindicatorsystemwhich
includesmobilityintensity,mobilitystability,influentialrange,andtemporalvariationisdeveloped
todescribecollectivehumanmobilityfeaturesincensustractsscale.Finally,spatialelementsare
extractedusingtheindicatorsystemandthestructureofhumanmobilityinShanghaiisdiscussed.
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INTRoDUCTIoN

Withthedevelopmentoftrafficinformationtechnologyandaccelerationoflifeandworkrhythm,
thehigh-frequencymobilityofmassivepopulationhascausedenormous influenceon theurban
internalstructure,whichhasbroughtanewchallengetourbanspatialpolicy.Howtomeasurethe
intensityofhumanmobilityandexplainitsdynamicstructureisofgreatsignificancetounderstand
thelawofintra-urbandynamicstructureandsupportreal-timepopulationmanagement.Traditional
populationsurveyssuchasnationalcensusesareconductedeverytenyears,whichreflectonlylong-
termchanges.Whilehumanactivitiesoftenresultinlarge-scalepopulationmovementswithinashort
period.Suchrapidandirregularchangesinurbanspaceexceedthescopeoftraditionalcensusdata,
andthuschallengepopulationmanagementinrecentyears.Howtodescribe,measureandevaluate
collectivehumanmobilityinurbanspace?Doesthedistributionofhumanbehaviorfitintotheurban
spatialform?Thesetwoproblemsaredifficulttobesolvedwiththetraditionalurbanstructuremodel
andstaticspatialanalysismethod.

Thedevelopingsuccessionoftheurbanspatialstructureisinfluencednotonlybytheexternal
influencesoftheregion’snaturalandhumanisticenvironmentbutalsobyfactorssuchasinternal
divisionof functionsand landuse.Relative researcheshave reachedaconsiderabledepth in the
evolution and morphology of urban spatial structure with a series of empirical research by like
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Zhang(2001),WangandSun(2011),andLee(2007).However,limitedbytheresearchdataand
methods,thereisalwaysacertaindistancebetweenmacroscopicscalestructureandtherealhuman
behavior.Whetheroururbanstructureconformstothereallawofurbanlife,thereisn’taquantitative
explanationthatcanbegenerallyaccepted.

Intheeraofbigdata,anincreasinglybroadarrayofuser-generateddatalikecellphonedata
derived from location-based services and the Global Positioning System (GPS) provides new
possibilitiestoanalyzehumanbehaviorandtheirspatialdistribution.Mobilepositioningbigdata
haveopeneduptheinteractionbetweenhumanbehaviorandurbanspatialstructure,whichnotonly
enablesquantitativeanalysisofurbanstructureundergreaterspatialandtemporalgranularity,but
alsobreaksthelong-termresearchbarrierof“interpretingspacewithspace”,revealingthespatiallaw
behindcomplexformofthecityfromtheperspectiveofcollectivehumanactivity.Relativeresearch
hasprovedthatthecellphonedatacanbeusedtoidentifythesedailyactivities,suchascommuting,
traveling,andthewholespace-timepath(Ahasetal.,2015;Widhalmetal.,2015;Phithakkitnukoon
etal.,2010;Songetal.,2010;Doyleetal.,2014).However,cellphonedatastillhavegreatpotential
thatneedstobeexploitedtoadvancehumanbehaviorstudiesfurther.

Therefore,thepaperaimstoexploreurbanspatialstructurefromtheperspectiveofcollective
humanmobility.Two-weekcell phonedataof 2Gusers inShanghai areused.By revealing the
intensity,stability,spatialinfluenceandtemporalvariationofdailyhumanmobility,weextracted
spatialelementsandconcludedthemintoaspatialstructure.Theremainderofthispaperisorganized
asfollows.“LiteratureReview”givesapanoramaofrelevantresearchontheurbanstructureand
humanbehavior.Inthepartof“Methodology”,adetailedintroductiontohowcellphonedatacanbe
appliedtourbanspatialstructureresearchisdescribed.Section4illustratestheresultsofthecasestudy
performed,whichshowscollectivehumanbehaviorinShanghai.InSection5,thepaperdiscusses
abouttheresultsandpossibilitiesforapplication.Thefinalpartpresentsaconclusionofthisarticle
andprovidesinsightsforfurtherresearch.Theresultscanprovideareferencefortheformulationof
urbanspacepolicyandpopulationmanagementstrategy.

LITERATURE REVIEw

Definition of Human Mobility
InChina,humanmobilitytendstobeconfusedwithpopulationmobilitysincetheChinesehousehold
registrationsystemmakesthemovementsofpeoplemorecomplicatedthanothercountries.Definitions
inrelevantresearchescanbedividedintothreetypes.First,“PopulationMigration”,whichisdefined
asmovementthatcrossestheboundariesofcertainjurisdictions,usuallybringschangesinhousehold
registration(Zhao,2005).Then,“PopulationMovement”,whichisreferredtothechangeofresidence
orworkingplacewithinacertainperiod,includesshort-term,long-termandpermanentrelocation
(Zhaoetal,2013).Thirdly,“HumanFlow/Mobility”,whichisdefinedasresidents’locationalchanges
inashortperiod,usuallyoccursinsidethecityandcontinuouslychangesovertime(Wenetal.,2000;
Kwanetal.,2008).Thelastconceptismoreclosedto“humanmobility”inthisresearch.

Human Mobility Researches Based on Traditional Data
Spatialfeaturesofhumanmobilityarealwaysanessentialtopicinthefieldofpopulationgeography
andurbanplanning.Gainingspatial-temporalinformationofresidents’travelbehavioristhebasicstep
oftheseresearches.Tripsurveydataandactivity-daily-recorddataarethetwomaindatasources.For
example,Panetal.(2009)andZhangetal.(2008)usedtripsurveydatatoexploreresidents’travel
patternsinShanghaiandBeijing.Kwan(1998)andShawetal.(2000)usedactivity-daily-record
datatoshowspecificindividualtravelinformationwithinthecitylikecommutingandshopping.

Based on these two types of data, researchers focus on the description of individual travel
patterns,theexplanationsofdecision-makingmechanisms,andthebuildofacomprehensiveactivity
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spacesystem.Forexample,Chenetal.(2011)applied3DvisualizationtechnologybasedonGIS
technologyandgeographiccalculationmethodtominedspatial-temporalbehaviorpatternsofresidents
in Beijing. He then divided the spatial patterns of residents’ daily activities into six categories;
Golledge(2003)analyzedthespatialstructureofbigcitiesintheUnitedStatesfromthreeaspects:
declarative, procedural and configuration information, and found that spatial information affect
residents’perceptionofurbanspace;Chaietal.(2015),analyzedthespatial-temporalbehaviorof
residentsinBeijing,anddrewfourkindsofidealurbanlifecircleincludingbasiclifecircle,commuting
lifecircle,expansionlifecircleandcollaborativelifecircle.Hesuggestedthatthesecirclesshowa
comprehensivehumanmobilitystructure.

Tosumup,humanmobilityresearchesbasedontraditionaldataaremainlybasedonbehavioral
theory,timegeographyandactivityanalysismethod.Relativeresultsanddiscussionsprovideabundant
theoricalandpracticalfoundations,whichpaveswayforfurtherresearches.However,researchgapis
alsoobviousduetothespatialandtemporallimitationoftraditionaldata.First,moststudiesfocuson
residents’specificactivityspace(suchascommuting,shopping,etc.)whilefewofthemcanconclude
acomprehensivehumanactivitystructureexceptforsomeprimaryresearchon“lifecircle”.Second,
limitedbythesamplecoverageofsurveydata,mostresearchesareconductedunderresident-scale.
Whenitcomestohumanmobilityunderurbanscale,fewresearchescancover.

Human Mobility Based on Cell Phone Data
Withtheincreasingavailabilityofbigdata,cellphonedataiswidelyusedinthehumanbehavior
andurbanspatialstudies.Thereliabilityofcellphonedataonhumanmobilityresearchhasalsobeen
verifiedbymanyscholarsfromdifferentaspects.

Intermsofidentifyingbehavioralactivities,Ahasetal.(2010)usedone-yearcellphonedataof
Estoniatoconstructastoppointrecognitionmodelsothattoidentifyindividuals’stoppoints(including
residence,workplace,otherplaces,etc.),afterwhichthepopulationregistrationdatawereutilizedfor
comparisonandverification.Basedoncommunicationdatafrom100,000peopleinPortugal,Csáji
etal.(2013)simplifieddatathroughclusteringandprincipalcomponentanalysis.Heidentifiedtheir
residencesandworkplacesandcomparedthemwithcensusdata.Widhalmetal.(2015)exploredcell
phonedataandcalleddetail(CDR)datainVienna,Austria,andBoston.Consideringlowaccuracy
ofcellphonedata,healsoconstructedMarkovnetworkmodelandproposedamethodforidentifying
thebehaviorpatternsofresidents.Wangetal.(2018)providedareviewofexistingtravelbehavior
studiesthathaveappliedmobilephonedata,presentedtheprogressthathasbeenachievedtodate,
andsummarizedbasicmethodsinstaysandtripsidentification.

Whenitcomestothedescriptionofhumanbehavior,Phithakkitnukoonetal.(2010)visualized
andanalyzednearlyonemillioncellphonedataofusersinBostoncentralregion.Hefoundthat
peoplefromthesameworkplacehavestrongcorrelationsintheirdailyactivities.Ahasetal.(2015)
definedfourindicators:“midnight”,“morningstart-time”,“noon”and“daylength”basedonthecall
details(CDR)dataofthreecities--Harbin,Paris,andTallinn.Bycomparingthoseindicatorswithin
andamongcities,herevealedthedifferencesinthespatialandtemporalbehaviorsofresidentsin
differentcitiesandthecentralandsuburbanareaswithincities.Yuanetal.(2012)usedcellphonedata
ofHarbintostudythecorrelationsamongmobilephoneusageandradius,eccentricityandentropy.
Theresultsprovedthatcharacteristicssuchasage,gender,socialtimeandbuilt-upenvironmenthad
impactsontheusageofmobilephoneandresidents’activities.Ran(2013)identifieduser’stravel
trajectorythroughcalldetail(CDR)dataandanalyzedthedistributionofresidentpopulationand
employmentpopulation,commutingpattern,ODmatrix,thecommutingpatterninspecificregional
andcommutingcharacteristicsoffloatingpopulation.Zhongetal.(2017)usedcellphonedatato
build a dynamic “population-time-behavior” analysis framework and then explored thedynamic
spatialstructureofpopulationandactivitiesinShanghai.

At the same time, some research topics have gradually shifted from the identification and
descriptionofbehaviortothesimulationofhumanmobility.Songetal.(2010)exploredthepossibility
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andlimitationsofcellphonedataforpredictinghumanmobility.Itisconsideredthatirregularhuman
mobility(exceptforcommutingandleisuretravel)isinherentlyunpredictable.Inthesameyear,Song
etal.(2010)usedcellphonedatatoconstructarandomwalk(CTRW)modelsothattostimulate
humanmobilityquantitatively.Doyleetal.(2014)visualizedpopulationmovementsacrossIreland
withcalldetails(CDR)data,byusingMarkovchainmodeltorankpopulationhotspots,hefound
thattheresultsarestronglycorrelatedwithcensusdata.

Existingresearcheshaveprovedthefeasibilitythatcellphonedatacanbeusedtoidentifydaily
activities,suchascommuting/leisuretravel,temporalandspatialpatterns,etc.Somestudieshave
furtherexploredthepossibilityofsimulatinghumanmobilitywithcellphonedata.Mainindicators
inthesekindsofresearchescontainsactivityintensity,activityrange,activitystabilityandthechange
accordingtotimeperiod.Basedonexistingexplorations,acomprehensiveindicatorsystemcanbe
concludedwhichshowscollectivehumanmobilityfeaturesfrommobilityintensity,mobilitystability,
influentialrange,andtemporalvariation.

METHoDoLoGy

Data Introduction
Inthepaperweusecellphonedatageneratedby2GsubscribersofShanghaiMobilefromMarch15
toMarch28,2014.Thedatarecord16-18milliondifferentmobilephoneusers(about70%ofthe
24.15millionpopulationinShanghai),andthetotalnumberofdailyrecordsisabout600-800million.
Thedataisrecordedbythelaccelltowers,whichmainlycontainfivefields.TheyareuserMSID
(uniqueidentificationcodeforeachmobileuser),TStamp(timestamp),LAC(generallocationarea
number)andCellID(detaillocationareanumber),andEventID(typeoftherecord).Table1shows
anexampleoftheoriginalcellphonedata.

ThetotalnumberoflaccelltowersinShanghaiisabout37,000,with17,000inthemaincity,
accountingfor47.5%ofthetotal.ThedistributionofthesetowersisshowninFigure1,whichshows
obviousregularityinspace.Theaveragedistancebetweentwolaccelltowersisabout100-300m
inthemaincity,whileinoutskirtareasthevalueincreasesto1000-3000m.InShanghai,morethan
70%ofthelaccelltowersarewithin500mfromtheirnearestneighbors,sothespatialaccuracyof
theselaccelltowerscansupportthestudyofcollectivehumanmobilitywell.

Data Process: Identification of Individual Travel Chain
ThewholeprocessesareshowedinFigure2,wherethreestepsarenecessarytoconvertrawdatainto
individualtravelchaindatainordertosupportindicatorcalculation.

First,rawcellphonedatahaveintrinsicproblemssuchasnoiseandpositioninguncertainty,and
thusneedtobecleaned(Calabreseetal.,2015).Signaldriftsmainlycausenoiseinrawcellphone
data,whichreferstoamovementfromoneplacetoanotherthatisalmostimpossibletoreachinthat
timeintervalformobilephoneusers.Accordingly,theresearcheliminatesthepieceofdataifitshows
thespeedofauserisfasterthan100m/s.Positioninguncertaintyusuallyoccurswhentheposition
ofauserisrecordedbyseverallaccelltowersatthesametime.So,ifseverallaccelltowersclosed
toeachotherrecordasameuserinashorttime,theresearchmergethesepointsanduseposition
withthelatesttimestamp.

Table 1. An example of cell phone data

MSID Timestamp LAC CellID EventID Flag

6F7ABDD2ECF3C941FAC1EFC884692112 20140303000001 6216 58547 061 0
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Figure 1. Distribution of lac cell towers in Shanghai

Figure 2. A flowchart of data process
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Secondly,thedistanceandtimethresholdsaresettoidentifythestaypointsofmobilephone
users(Chenetal.,2014;Alexanderetal.,2015).Ifusersspendaperiodlongerthantimethreshold
inarangewhoseradiusisshorterthandistancethreshold,theywillbeidentifiedstaysinthebasic
laccelltowers.Timethresholdvariesfrom600sto2700saccordingtothedefinitionof“stay”(Shen
etal.,2014;Fengetal.,2014).Since1200sisatimethresholdcommonlyused,thepapersettime
thresholdto20minutes(durationoftwonearesttimestampsshouldbelongerthan20min).Whenit
comestodistancethreshold,consideringtheaveragedistancebetweenlaccelltowersincreasesform
themaincitytosuburbanareasinShanghai,thepaperusesadynamicdistancethresholdwhichchanges
accordingtothedensityoflaccelltowersincertainareas.Figure3showsthecalculationofdistance
threshold:1)dividesixsectorswiththebasiclaccelltowerasthecenter,everysectoris60degrees;
2)calculationlineardistancefromthenearestlaccelltowerineachsector,andgetsixdistances;3)
choosethemaximumvalueinthesesixdistancesasdistancethreshold.Theadvantageofdynamic
distancethresholdisthatitcanweakentheerrorbroughtbydisequilibriumoflaccelltowerdensity
betweencitycenterandoutersuburbs,andthusimprovetheaccuracyofstaypointidentification.

Finally,stoppointsofthesameusersaremergedaccordingtothetimeorder,andtheinterval
betweentwostoppointsareidentifiedasonetrip.Individualtravelchaindataincludesixfields:msid
(user’sidentificationnumber),olaccell(originallocation),dlaccell(destinationlocation),otime(start
timestamp),dtime(endtimestamp)andtype(0representsastay,1representsatrip).Table2shows

Figure 3. Calculation of dynamic distance threshold

Table 2. An example of individual travel chain data

msid olaccell dlaccell otime dtime Type

4B6…8C54 614613090 615825235 20140318064516 20140318072616 1

4B6…8C54 615825235 615825235 20140318072616 20140318091907 0

4B6…8C54 615825235 615824947 20140318091907 20140318092401 1
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anexampleofindividualtravelchaindata.Ifweaccumulateindividualtripsintocensustractsscale
(Figure4),wecanfindthemostactiveperiodareduring8:00-10:00inthemorningand18:00-20:00
intheevening,whichmeanscommutingcomposemostofhumanmobility.Duringotherperiods,
humanmobilityinthemaincityandthecentersofseveralnewtownsaremorevigorous.

Indicator System of Collective Human Mobility
InShanghai,whichplacehasthehighesthumanactivityvigor?Arepeoplecometheseplacesrandomly,
regularlyorevendaily?Howlargeistheinfluentialrangeofhumanactivity?What’sthedifference
ofactivityvigorbetweendayandnight,workdaysandweekends?Thesequestionsshowthebasic
concernoncollectivehumanmobility.Thus,thisresearchdescribescollectivehumanmobilityfrom
four dimensions: mobility intensity, mobility stability, influential range, and temporal variation.
Figure5showstheindicatorsystemofcollectivehumanmobility.

Mobilityintensityshowsthevigorofhumanactivitiesinacertainarea,includingcrowdflux
volume and crowd flux rate. We aggregate users’ destination points into 5432 census units and
calculatetheirdensity,socrowdfluxvolumereflectshowmanypeoplepersquarekilometerchoose
acertaincensusunitasadestinationeveryday.Sincecrowdfluxvolumeisstronglyinfluencedby
populationdensity,wedivideitwiththebasicpopulationofeachcensusunit(staymorethan3hours
herefrom0:00to6:00)andgetcrowdfluxratewhichreflectshowmanytimesisevery-dayvisiting
populationlargerthanbasicpopulationhere.

Mobilitystabilityshowsthestabilityofhumanmobilitybyclassifyingresidentsvisitedhere.We
dividevisitingpopulationofeachcensusunitintothreepartsaccordingtotheirvisitingfrequency.If
auservisitsacensusunitonlyonceintwoweeks,he/shewillbeidentifiedastherandompopulation
sincethefrequencyhe/shecomehereisrelativelylow.Ifauserchoosesacensusunitashis/her
destinationbetweentwiceandfivetimesintwoweeks,he/shewillbeidentifiedasthestablepopulation
sincehe/shecomehereregularly.Ifauserchoosesacensusunitashis/herdestinationmorethansix
timesintwoweeks,he/shewillbeidentifiedasthedailypopulationsincehe/shealmostcomehere
everydayandhasastrongrelationshipwiththisplace.

Figure 4. Spatial visualization of individual trips
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Influentialrangeshowshowlargetheinfluentialrangeofacertainareais.Wecalculatethe
averagetraveldistanceofpeoplevisitingeachcensusunit.Thelongertraveldistancemeansthecensus
unitcanattractvisitorsfromalargerrangeofarea.Wedividethenumberofcensusunitsthathave
strongrelationshipwithacertaincensus(morethan50ODlinkseveryday)withthetotalnumberof
censusunitsinShanghaitocalculatecoveragerate.Theindicatorshowstheimportanceofacertain
censusinShanghaifromhumanmobilityview.Thehighercoverageratemeansthecensusunitis
connectedwithmoreothercensusunitsandthushasalargerinfluentialarea.

Temporal variation shows the change in human mobility vigor according to the time. We
calculateaveragecrowdfluxvolumeperhourfrom8:00to17:00asdayvolumeandfrom18:00to
22:00asnightvolume,thusday/nightratioequalsdayvolumedividedbynightvolume.Aday/night
ratiolargerthan1.0meanshumanmobilityduringthedayismorevigorousthanatnight.Also,we
calculatetheaveragecrowdfluxvolumeinworkdaysandweekends,thusworkday/weekendratio
equalsworkdaysvolumedividedbyweekendsvolume.Aworkday/weekendratiolarger than1.0
meanshumanmobilityinworkdaysismorevigorousthaninweekends.

RESULTS

Mobility Intensity and Mobility Stability
Figure6showsthedistributionofcrowdfluxvalueinShanghai.Themaincityalongwithseveral
new towns like JiaDing,QingPu,Song Jiang, etc., haveanobviouslyhigher crowd fluxvalue
thanotherareas,whichreflectsthatcentralconcentrationofhumanmobilityisthebasicfeaturein
Shanghai,especiallytothecitycentersandsomeimportantnodes.Censusunitscanbedividedinto
fivegradesaccordingtocrowdfluxvalueusingNaturalDiscontinuityPointmethod(Jenks).The
firstgradeenjoysavisitingpopulationlargerthan80thousandpeoplepersquarekilometersuchas
thePeople’sSquare,JingAnTemple.Thesecondgradehasavisitingpopulationbetween45to80
thousandpersquarekilometersuchassubcenterslikeDaNing,WuJiaoChang.Thethirdgradehas
avisitingpopulationof25to45thousandpersquarekilometersuchassomecommunitycentersand
severalnewtowncenterslikeSongJiang,JiaDing,etc.Thefourthandfifthgradehavearelatively
lowerhumanmobilityvigor,whichisbelow25thousandpersquarekilometer.

Figure7showsthedistributionofcrowdfluxrateinShanghai,whichshowsadifferentfeature
comparedwithcrowdfluxvolume.CensusunitsinthemaincityarenolongerhighvalueinShanghai,

Figure 5. Indicator system of collective human mobility
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someareashavelowcrowdfluxvolumewhilehighcrowdfluxrate,whichmeanshumanmobility
alsoinfluencetheseareasalot.Areasalongmetroline2(includingHongQiaoTransportationHub,
People’sSquare,ZhangJiang,PuDongAirportetc.)enjoyshighercrowdfluxratethanothers.We
alsodividecensusunitsintofivegradesaccordingtocrowdfluxrateusingNaturalDiscontinuity
Pointmethod(Jenks).EmploymentcenterslikeLuJiaZuihavethelargestcrowdfluxratioofnearly
10.0, indicating that thenumberofvisitingpeople in theseplacesare10 times thatof thebasic
population.ThesecondgradearePuDongAirport,HongQiaoTransportationHunandareasalong
line2insidetheinnerringroad,withavaluehigherthan3.4.ChongMingandthesoutheastpartof

Figure 6. Crowd flux volume in Shanghai

Figure 7. Crowd flux rate in Shanghai
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Shanghaihavearelativelylowervalue,whichmeansthatcrowdfluxherearemainlycomposedby
localpeople,fewpeoplevisitherefromotherareas.

Combinecrowdfluxvolumeandratiowecangetcomprehensivemobilitystrengthofthesecensus
unitsinShanghai(Figure8).Wecanconcludethattheareaswiththehighestmobilityintensityin
Shanghaiareinturn:citycenter>subcenter(highvolume)andtransportationhub(highratio)>
regionalcenter>newtown.SongJianghashighermobilitythanothernewtowns,followedbyJia
Ding,BaoShan,andJinShan,whileNanHuinewtownhaslowmobilityintensity.

Intermsofmobilitystability,Figure9showsthedistributionofthreekindsofvisitingpopulation.
Wecanfind thatmostof therandompopulation locate in thecitycenters, thestablepopulation
distributedaroundthemaincity,andthedistributionofdailypopulationismorehomogenous.

Furtherly,wecompareRandom,stable,anddailypopulationproportionofdifferentcensusunits
inShanghai(Figure10).Theresultindicatesthatwest-eastaxisconnectedbymetroline2andsouth-
northaxisconnectedbymetroline1haveaextremelyhighrandompopulation.Amongtheseareas,
People’sSquareandHongQiaoTransportationHubhavethehighestrandomproportion,morethan

Figure 8 Comprehensive mobility intensity

Figure 9. Distribution of different population
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60%ofthevisitingpopulationherearerandompopulation.ThenorthernpartofShanghai(Yang
PuandBaoShandistrict),andthesouthernpartofShanghai(JinShan,PingQu,SongJiang,new
towns)havethehigheststablepopulation.Residentialareasandoutersuburbswithsmallvisiting
populationhaverelativelyhighdailyproportion.Forexample,NanHuinewtownhasanextremely
highdailyproportionof60%.Accordingtotheproportionofthethreegroupsofpeople,5432census
unitscanbedividedintorandomorientedtype,stableorientedanddailyorientedthreetypes,the
classificationwillbeusedintheabstractionofcollectivehumanmobilitystructure.

Influential Range and Temporal Variation
Formthedistributionofaveragetraveldistancewecanfoundthatthevalueincreasesgraduallyfrom
thenorthernpartofthemaincitytooutskirts(Figure11).Thelowestaveragedistanceisabout3
kilometerswhilethehighestisabout26kilometers.SeveralnewtownslikeJiaDing,PingPuetc.
haveloweraveragedistancecomparedwithcensusunitsaround,whichshowsthatthesenewtowns
areself-sufficienttocertainextent.Dividecensusunitsintofivegrades,wefoundthattheaverage
traveldistanceofthetransportationhubislonger,withPudongairportreaching18.8km.Areasinside

Figure 10. Random, stable, and daily proportion in Shanghai

Figure 11. Average travel distance in Shanghai
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theinnerringroadhaverelativelyshorttraveldistance,whiletherearesomeexceptionssuchasthe
People’ssquare,TianTongRoad,LuJiaZui,andXuJiaHui.Theseareascanattractvisitorsfrom
anaveragedistanceof5.5-6.5kilometers.Inaddition,parksaroundtheouterringroadlikeGuCun
ParkandBinJiangParkhavealongaveragedistanceforabout8kilometers.

Whenitcomestothecoveragerate(Figure12),west-east“horizontalaxis”connectedbymetro
line2andthesouth-north“verticalaxis”connectedbymetroline1forma“crosshigh-valuearea”,
whosecoverageratearemorethan8%,reflectingtheircentralpositioninShanghai.Amongthem,
LuJiaBangRoadhasthehighestcoverageratereaching25.7%,whichmeansitconnectsaquarter
ofthecensusunitsinShanghai.SeveralimportantnodeslikePeople’sSquare,XuJiaHui,Shanghai
RailwayStationetc.alsohavehighvalues,excessing15%.ChongMingIslandandmostoftheoutskirts
inShanghaihavealowcoveragerateforlowerthan3%,indicatingthatthecrowdfluxvolumehere
isloworhasacleardirection.

Combineaveragetraveldistanceandcoverageratewecandefinewhethertheinfluentialrangeof
acertaincensusunitislargeorsmall.WecanseefromFigure13thatinfluentialrangeofsuburban

Figure 12. Coverage rate in Shanghai

Figure 13. Comprehensive influential range



International Journal of E-Planning Research
Volume 9 • Issue 1 • January-March 2020

56

areasisthemostextensive.People’sSquare,LuJiaZui,XuJiaHui,ShanghaiRailwaystationinside
theinnerringroadhavelargeinfluentialranges.Thehigh-valuezoneisbandedandhasastrong
couplingwithmetrolines,indicatingthatthemetrostationcanindeedexpandtheinfluentialrange
ofareasnearby.Moreover,transportationhubandemploymentzoneshaverelativelylargerranges,
whiletheresidentialareasandcommunitycentershavesmallerones.

Day/nightratioshowsthecomparationofcrowdfluxvolumeduringthedayandatnight.A
valuehigherthan1.0meansthevigorofhumanmobilityduringthedayishigherthanatnight,vice
versa.Figure14isthedistributionofday/nightratioinShanghai,whichshowsa“high-low-high”
patternfromthecentralcitytooutersuburbs.Dividecensusunitsintofivegradesaccordingtotheir
day/nightratio,wefindthatemploymentcenterslikeLuJiaZui,JinQiao,WaiGaoQiao,CaoHe
Jing,HongQiao,andCenturyAvenuehavethehighestday/nightratio,withanhourlycrowdflux
ofmorethan1.5timesthatatnight.Someresidentialareasinthenorthernpartofthecentralcity
andinPudongarelow,withanhourlycrowdfluxof0.6timesthatatnight.Inaddition,theday/
nightratioofGuCunParkisrelativelyhigh,whichisrelatedtotheopeningperiodoftouristspots.

Workday/weekend ratio shows the comparation of crowd flux volume in workdays and in
weekends.Avaluehigherthan1.0meansthevigorofhumanmobilityinworkdaysishigherthan
inweekends,viceversa.Fromthedistributionofworkday/weekendratioinShanghaiwecanfind
thatemploymentareasandcitycentersenjoyarelativelyhighvalue,indicatingthathumanflows
mainlyhappeninworkdays(Figure15).Also,wedividecensusunitsintofivegrades.Itcanbeseen
thatthehighvalueareasarealmostallemploymentcenters,includingLuJiaZui,ZhangJiang,Cao
HeJing,WaiGaoQiao,etc.Onweekdays,thenumberofvisitingpeopleis1.6-2.0timesthatofthe
weekend.Mostareasinthemaincityhavevaluesmorethan1.0,butshoppingcenterssuchasEast
NanjingRoadandYuGardenaresignificantlyloweronweekdays.ResidentialareaslikeXinJiang
Wan,ChengShanRoad,ZhongTanRoadandChangZhongRoadhaveaworkday/weekendratio
generallybetween0.7and1.0.

Combineday/night ratio andworkday/weekend ratiowecandefinewhether the crowd flux
volumeofacertaincensusvariesobviouslyaccordingtodifferentperiods.Theoverall temporal
variationofthecentralcityandoutersuburbsisrelativelyhigh,thatis,whichmeansthemobility
intensityoftheseregionsvariesgreatlywithtime(Figure16).Astodifferentfunctionalareas,human

Figure 14. Day/night ratio in Shanghai
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mobilityvigorinemploymentcentersandlocalcentersvariesobviouslyaccordingtotime,whilein
residentialareasandnewtowns,humanmobilityvigorchangesslightlybetweendifferentperiods.

Spatial Structure Under View of Human Mobility
Figure17showshowweextractspatialfeaturesfromourfour-dimensionalindicatorsystem.Four
kinds of spatial elements can be abstracted from collective human mobility features. Dynamic
surface,fromthecitycentertosubarea,showstheintensitylevelofdailyhumanmobility,including
corearea,denseareaandshadowarea.Dynamiccenter,includingfivecentersandelevensubcenter,
becomesthemostinfluentialareasintheflowingnetworkbesidesthecorearea.Dynamicclustercan
bedividedintosixgroupsaccordingtomobilitystability,influentialrange,andtemporalvariation,
includingdistributingzone(highrandomproportion),dailyone(highstableanddailyproportion),
wide-spreadingzone(large influential range), isolatedzone(small influential range), fluctuating

Figure 15. Workday/weekend ratio in Shanghai

Figure 16. Comprehensive temporal variation
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zone(obvious temporalvariation),andstablezone(slight temporalvariation).Dynamiccorridor,
bandedareasofhighorlowvaluespresentedbydifferentindicators,stronglyrelatedtometrolines.

Figure18showsthefinalstructureofcollectivehumanmobilityinShanghai,whichisdifferent
fromthelayer-forminthetraditionalurbanspatialform.Itcanbeseenthatthecoreareamainly
locatesinsidetheinnerringroad,thecentersofnewtownslikeJiaDing,SongJiang,andQingPu
aremainmobilitycenters,andotherlocalcommunitycentersinthesuburbscomposesubmobility
centers.Sixkindsofdynamicclustersscatteredinsuburbs,whichcontainsmostofbigresidential
areasandindustrialparkinShanghai,indicatingthatalthoughthefunctionsoftheseareasaresimply
residenceorworking,theircollectivehumanmobilityfeaturesvarieslargelyfromonetoanother.The
spatialdistributionofdynamiccorridorhasastrongrelationshipwithmetrolines,whichisshown
bythinblacklines.Especially,metroline2andline2alongwithline8,9havegreatinfluenceonthe
collectivehumanmobilityform.

Figure 17. Spatial elements identification

Figure 18. Structure of collective human mobility in Shanghai
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DISCUSSIoN

Theurbanspatialstructurehasbeenwidelydiscussedfromtheviewoflandusefunction,industry,
andbuiltenvironments.Whilethereisanincreasingimportanceforscholarstoexplorehowtheurban
structurelooklikefromhumanmobilityview.Althoughtheactivitiesofpeopleinthecitycan’tfully
representthecharacteristicsofurbanstructure,thefunctionaltraveloflargenumbersofpeoplecan
beseenasthemostintuitiverepresentationofurbanstructure(Figure18).

The most innovative point of this study is to propose a technical method to observe the
spatialaggregationcharacteristicsofhumanactivitiesthroughmobilephonedata.Referringtothe
correspondingindicatorsintheindicatorsystem(Figure5),wecanquicklygraspthecharacteristics
ofcollectivehumanmobilitycausedbyfrequenthumanactivitieswithinthecity.

Mobilityintensityfeatureisthemostimportantamongthefourdimensions.Itexplainsunder
theviewofhumanmobility;howmanypeoplearedailyassociatedwithacertainspaceunit.These
peoplecanbecalled“visitingpopulation”or“actualpopulation”, theirvolume inhighmobility
areasmaybeseveraltimesofresidentpopulationcountedbythepopulationcensus(Figure7).The
distributionofcrowdfluxvolume(Figure6)showshumanactivitieshaveastrongpreferencetothe
maincity,whichmeansnumbersofresident’slivesoutsidethemaincitytendstogethereforjob
andentertainmentatdaytime.So,thepopulationscaleisunderestimatedinthemaincityaccording
totraditionpopulationconcept.

Meanwhile,mobilitystabilityshowshowstrongtherelationshipsarebetweenurbanspaceand
theirvisitors.Areaswithhighmobilitystabilitymeansvisitingpopulationeverydayarethesame,
largely related to local residents. So relative planning strategies should mainly focus their daily
life.Ontheotherhand,ifacertainareahasahighrandomproportion(Figure10),itsdailyvisiting
populationaremainlytouristsorbusinesspopulation.Correspondently, theplanningshouldtake
theirdemandintoconsideration.

In addition, influential range and temporal variation shows more detailed information that
howfarawayarevisitingpopulationcomefromandwhentheycome.Thisinformationishelpful
totransportationplanning.Forexample,someareashavearelativelylongaveragetraveldistance
(Figure11),whichmeansahighvolumeoftrafficdemands.Someareashaveobviouslyhighertraffic
volumeincertainperiods(Figure14,Figure15),planningshouldgetpreparedfortheir“rushhours”.

CoNCLUSIoN

Thestudysummarizesrelativeresearchonhumanmobilityusingcellphonedataandconstructsa
four-dimensionalindicatorsystemtodescribethecollectivehumanmobilityfeaturesinShanghai.
Byabstractingthespatialstructurefromourindicatorsystem,anexplorationisconductedtomake
uppresentresearchgapandevaluateShanghai’surbanspacefromadifferentview.Findingsofthis
studysuggestthat:

1. Thevisitingpopulationassociatedwithacensusunitincitycenter,transportationhubandother
placeswithhighhumanactivityvigorcanbemanytimesthatofthelocalresidentpopulation.
Thecharacteristicofcollectivehumanmobilitycanberevealedfrommobilityintensity,mobility
stability,influentialrange,andtemporalvariation;

2. ThespatialdistributionofmobilityintensityinShanghailookslike“centralhardcore+suburb
mobilitycenters”.Radomandstablepopulationlargerthanthedailypopulationinhighmobility
areas,soforthesehighmobilityregionsvisitingpopulationshouldbetakenintoconsideration
aswellasresidentpopulation;

3. Theinfluentialrangeofsuburbareasisthemostextensive,andrelationshipwithmetrolinesis
strong.Thedistributionofday/nightratioinShanghaipresents“high-low-high”tendencyfrom
thecentralcitytooutersuburbs.Humanmobilityvigorinemploymentcentersandlocalcenters
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variesobviouslyaccordingtotime,whileinresidentialareasandnewtowns,humanmobility
vigorchangesslightlybetweendifferentperiods;

4. Spatialstructurecanbeextractedfromourindicatorsystem,whichisconsistoffourkindsof
spatialelements:dynamicsurface,dynamiccenter,dynamiccluster,anddynamiccorridor.The
resultscanbefurtherdrawnintoaspatialstructureundermobilityviewshowingadifferentform
comparedwiththetraditionalurbanspatialstructure.

However,therearestillsomelimitationsexistandcouldbediscussedinfuturework.First,the
predefinedruleusedtoidentifyindividualtravelchainneedfurtherproved.Althoughthestudyhas
triedtoensurethesethresholdscommonlyusedandreasonable,testofdifferenttimeanddistance
thresholdarenecessarytoseewhetherdifferentthresholdinfluencetheresultsalot.Secondly,the
marketshareofShanghaiMobileCompanyisnot100percent(actuallyisabout70percent),that
meansthevolumecalculatedintheresearchisa“relativevolume”insteadof“accuratevolume”.
Sinceexisting“sampleenlargement”methodsarestillanexploration,suchquestionisunabletobe
solvedinashorttime.Finally,thestudyusescellphonedatacollectedfiveyearsago(2014),the
latestchangesinShanghaican’tbecaptured.Actually,furtherstudiesareinprogress,inwhichdata
fromdifferentyearsinthesamecityanddatafromdifferentcitiesinthesameyeararecomparedto
getmorefindings.
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